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Abstract

This paper reviews the novel concept of “mechanistic whole-cell”, materialized in a novel math (kinetic) modelling framework “WCVV” of the cell metabolic processes, 
referring to the “whole-cell” (WC), variable-volume (VV), of isotonic growing cells. The “mechanistic cell” hypotheses of the “WCVV” refer to a novel kinetic modelling 
framework of the cell metabolic processes - that maintain intracellular homeostasis while growing auto-catalytically on environmental nutrients present in variable 
amounts. This WCVV novel modelling framework was introduced by Maria [2002], and by [Maria et al. 2002], while the study of the WCVV properties, features, and 
advantages was given by Maria over the interval [2005-2023] in papers/booklets published with an almost annual frequency, that is Maria [2002, 2003, 2005, 2006, 2007, 
2009, 2014b, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c].

This work points-out and proves the advantages of WCVV dynamic models when building-up modular model structures of simplifi ed form that can reproduce complex 
protein synthesis regulation inside cells. The more realistic WCVV approach is reviewed when developing modular kinetic representations of the homeostatic gene 
expression regulatory modules (GERM) that control the protein synthesis, and the homeostasis of metabolic processes. This work reviews the general concepts and 
hypotheses of the WCVV modelling framework, while the cited literature includes past and current experience with modelling and simulation of the GERM regulatory 
properties targeted to maintain the intracellular homeostasis while growing auto-catalytically on environmental nutrients present in variable amounts.

This work also reviews the linking rules to be used to obtain optimized globally effective kinetic models for the genetic regulatory circuits (GRC) that can reproduce 
the experimental observations of cell homeostatic stability, and its adaptation to environmental changes (e.g. genetic switches). Based on the novel defi ned quantitative 
regulatory indices evaluated vs. simulated dynamic and stationary environmental perturbations, this work exemplifi es with some GERM-s from E. coli, at a generic level, 
how this methodology can be extended to other cells.

These contributions, and the novel WCVV modelling framework lead to a paradigm shift when simulating the dynamics of cell metabolic processes from the central 
carbon metabolism (CCM), and especially the self-regulatory properties of GERMs, or of GRCs. The work proves, by using a solved example, how the novel “mechanistic 
silicon cell”, and the WCVV modelling concepts/framework, can be used to build-up complex structured, modular, deterministic, hybrid kinetic models (SMDHKM). Such 
dynamic hybrid models can be used for various in-silico analyses, such as: 

I. in-silico design of genetically modifi ed micro-organisms (GMO); 

II. to characterize the GERM regulatory effi  ciency, and various local or global (cell level) regulatory properties, such as:

a. The role of the high cell-“ballast” in “smoothing” the effect of internal/external dynamic/stationary perturbations of the cell system  homeostasis; 

b. The secondary perturbations are transmitted inside the whole cell via the cell volume;

c. The system isotonicity constraint reveals that every inner primary perturbation in a key-species level (following a perturbation from the environment) is followed 
by a secondary one transmitted to the whole-cell via cell volume;

d. Allows comparing the regulatory effi  ciency of various types of GERM-s; 

e. Allows a more realistic evaluation of GERM regulatory performance indices;

f. allows studying the recovering/transient intervals between steady-states (homeostasis) after stationary perturbations;

g. allows studying the species connectivity;

h. allows studying the conditions when the system’s homeostasis is lost; 

i. allows studying the cell / GERM-s self-regulatory properties after a dynamic/stationary perturbation, etc., 

j. Allows studying the plasmid-level effects in cloned cells. 

k. Allows simulation of the cell homeostasis (balanced growth), which maintains the intracellular homeostasis while growing auto-catalytically on environmental 
nutrients present in variable amounts.

III. to build-up modular regulatory chains (GRC-s) of various complexity. An example is provided;

IV. to prove feasibility of the cooperative vs. concurrent construction of GRCs that ensures an effi  cient gene expression, system homeostasis, proteic functions, and 
a balanced cell growth during the cell cycle;

V. to prove that the classic (“default”) kinetic modelling approach (WCCV, “constant-cell-volume, non-isotonic system”) is erroneous compared to the novel WCVV, by 
leading to distorted and wrong simulation results and conclusions [Maria et al., 2018d]. In such a way, the novel WCVV cell kinetic modelling approach replaces 
the wrong classical (default) WCCV modelling methodology, thus correcting the distorted and false/wrong predictions of WCCV cell kinetic models largely used 
in the literature;

VI. Experimental validation of the GERM / GRC modular lumped WCVV kinetic models was done by using the state-variables recorded dynamics in batch or fed-
batch bioreactors [example of Maria and Luta, 2013], or from using the literature data [e.g. Yang et al., 2003], or bio-omics databanks [like KEGG, Ecocyc]. The 
rate constants of the GERM / GRC modular kinetic models were estimated from solving the steady-state (QSS) model equations with using the stationary 
(homeostatic) concentrations of the key-species [from bio-omics databanks], and by imposing some holistic regulatory properties [Maria and Scoban, 2017,2018].

VII. The use of the novel WCVV math modelling framework to obtain modular, deterministic, structured, hibrid SMDHKM dynamic models, linking the macroscopic 
state-variables of the bioreactor to the cell (nano-scopic) state-variables belonging to the central carbon metabolism (CCM), thus offering a more precise and a 
more detailed (no. of state variables) predictions of the bioreactor/biomass dynamics. Such complex kinetic models are used for in-silico engineering evaluations 
for various purposes, such as:
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A. To simulate the essential parts of the central carbon metabolism (CCM), such as: glycolysis, TCA cycle, ATP recovery system, under stationary, or oscillating conditions 
Maria, 2014a, 2021];

B. To simulate the dynamics of various cell systems, and to generate the cell metabolic fl ux analysis aiming to in-silico design of GMOs; examples include: the mercury 
operon expression Maria and Luta,2013]; the tryptophan operon expression [Maria and Renea, 2021; the succinate synthesis [Maria et al.,2011], etc.;

C. To simulate and/or design various genetic regulatory circuits (GRCs). Examples include: genetic switches (biosensors, [Maria, 2014b]), genetic amplifi ers (ex. Mercury-
operon quick expression in E. coli, [Maria and Luta,2013; Maria,2023), etc.

D. To in-silico, off-line derive optimal operating policies of bioreactors, with a higher precision and level of detail [Maria and Luta,2013; Maria and Renea, 2021].

Foreword

As discussed in section 1.3.3, with the accumulation of experimental information, and its storage in bio-omics databanks, the 
mathematical models and algorithms dedicated to cell process simulation, in the area of “Systems Biology” reported a sharply 
exponentially-like increase after 1990 (see the Scopus citations in this area).

I. Beside its quick development, and the novel concepts introduced in this topics, the defi nitions of Systems Biology existing in 
the literature have evolved accordingly, trying to better specify its importance in the in silico study of the cell metabolism 
[Banga, 2008] (Figure 1-23), as followings:”The science of discovering, modelling, understanding and ultimately engineering 
at the molecular level the dynamic relationships between the biological molecules that defi ne living organisms” [Leroy, 2017].

II. “System Biology is a comprehensive quantitative analysis of the manner in which all the components of a biological system 
interact functionally over time” [Zak and Aderem, 2009].

III. “Perhaps surprisingly, a concise defi nition of Systems Biology that most of us can agree upon has yet to emerge” [Ruedi 
Aebersold, Inst. Systems Biology, Seattle; http://www.systemsbiology.org).

“Systems biology, as defi ned by Ruedi Aebersold, is a holistic, quantitative approach to understanding biological systems by 
analyzing the interactions of all their components over time. It emphasizes the interconnectedness of biological components and 
aims to understand how these interactions lead to emergent properties of the system, which cannot be predicted from studying 
individual parts alone.”

Following the tremendous progresses made in the Bioinformatics (Figure 1-7), Systems biology [Kitano, 2002b], Computational 
biology [Kitano, 2002], and eventually Synthetic biology [Benner and Sismour, 2005], the in-silico analysis (based on mathematical 
models) of cell processes is experiencing an impetuous development. The used math models are of various types (section 1.3.4): 
topological, or structured (deterministic with continuous "variables"); Boolean (with discrete variables; stochastic variables; mixed 
variables.

Figure 1-23: Math models used in Systems Biology requires massive computational efforts and facilities [Maria, 2017b, 2018].
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Extended simulation platforms have been reported, able to simulate the cell processes, such as

• E-Cell (compartments, compounds, genes, reactions), able to simulate the whole or parts of the cell metabolism) [Tomita et 
al., 1999; Tomita, 2001; Kinoshita et al., 2001] (Figure 1-36)

• V-Cell (model, geometry, applications, biological interface) [Schaff et al., 2001].

• M-Cell (stochastic simulator of some cell sub-systems) [Bartol and Stiles, 2002] (Figure 1-37).

• A-Cell (“electrical circuit” like models) [Ichikawa, 2001] (Figure 1-37).

• Silicon-Cell (computer simulation of cell processes) [Westerhoff, 2001, 2006; Westerhoff and Palsson, 2004] (Figure 1-35, 
and Figure 1-36)

Following important progresses made in the computing rules, numerical algorithms, and computational speed, a large number of 
insilico studies (based on mathematical models) about cell processes have been reported. As Palsson [2000] noted, such models of the 
cell metabolic functions / processes are constrained by a lot of physicochemical factors. One of them concerns the osmotic pressure. 
This iso-tonicity (constant osmotic pressure) is the basis of the novel WCVV modelling framework proposed by Maria [2002], and by 
[Maria et al., 2002], while the study of the WCVV properties, features, and advantages was given by Maria [2002, 2003, 2005, 2006, 
2007, 2009, 2014b, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c]. By using the classical modelling approach WCCV (section 
2.1), a large number of rather deterministic math models have been developed to simulate the central carbon metabolism (CCM), 
that is the so-called “Genome-Scale Reconstruction”, such those of Forster et al. [2003] for Saccharomyces cerevisiae; Edwards and 
Palsson [2000]; [Edwards et al., 2001] for Escherichia coli; Heinemann et al. [2005] for Staphylococcus aureus; RodriguezPrados et al. 
[2009] for threonine synthesis in E. coli.

Also, dedicated software / rules to perform such a genetic network reconstruction, or of the metabolic networks have been 
reported by [Rocha et al., 2010; Le Phillip et al., 2004; Nemenman et al, 2007].

Consequently, the several review studies have set the milestones [Palsson, 2000; Camacho et al., 2007] for the development of this new 
research topics (at the interface between several classical fi elds (biology, control theory of nonlinear systems, numerical computation, 
(bio)chemical engineering, bioinformatics), that is “the Silicon cell” of Westerhoff [ 2006], or the “mechanistic silicon whole cell” of 
Maria [2002, 2003, 2005, 2006, 2007, 2009, 2014b, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c]. It is worth mentioning that 

Figure 1-17: Central carbon metabolism in Haematococcus pluvialis cell., by using an “electronic circuit-like” model.
This model was included in the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis of H. pluvialis transcripts. Isotigs and contigs of expected values 
(E-values) below the threshold of 10 –6 were analysed. H. pluvialis expressed transcripts for enzymes functioning in most of the major metabolic pathways, including N 
- or O -glycan, lipid, carbohydrate, energy, amino acid, nucleotide, cofactor and vitamin, and isoprenoid metabolism. (Source= https://www.researchgate.net/fi gure/Kyoto-
Encyclopedia-of-Genes-and-Genomes- KEGG-pathway-analysis-of-H-pluvialis_262267927 )
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in all in-silico alternatives to build-up a cell model, this is an iterative process requiring (Figure 2-48) experimental validation of the 
essential model parts. According to Westerhoff [2001, 2006], the in-silico approach of most of math models follows the chemical and
biochemical process engineering concepts, rules, and numerical algorithms (section 1.3.4). Below is reproduced in full his keynote.

“Process Engineering has been quite successful for the optimization of production in inanimate systems. Where biology enters 
the arena other than as the usual source of the material (oil, sewage), the success rate of process engineering tends to drop. Biological 
systems appear to be more resistant to control by the engineer; they are more stubborn. In this presentation we shall attempt to 
relate this phenomenon to a feature that emerges from an entirely different fi eld, i.e. functional genomics. In the latter fi eld, one 
regularly observes the phenomena of redundancy and robustness. Where the former used to be explained on the basis of parallel 
pathways, both may be more related to the processes of adaptation that are so characteristic of live and certainly Life systems. 

Figure 1-36: Some simulators of the CCM. [Left]. The E-cell of [Tomita et al., 1999]. [Right] The Silicon-cell of [Westerhoff, 2001, 2006; Westerhoff and Palsson, 2004; 
Chassagnole et al., 2002; Schmid et al.,2004; Visser et al., 2004].

Figure 1-37: Some cell simulators of stochastic type. [Lleft]. The M-cell of [Bartol and Stiles, 2002]. [Right] The “electric-circuit” like A-cell model of [Ichikawa, 2001].
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Although metabolic engineering did interface with genomics, it rarely incorporated the aspect of adaptation, i.e. of the changing of 
the structure of the network with conditions. Flux balance analysis does not do so either; its pathways are given and assumed to be 
always expressed.

I will show that although metabolic control analysis deals with the engineering of Life processes in much the same way, it already 
explains part of the resistance of biological systems to process engineering. I shall then venture on to Hierarchical Control Analysis 
and Hierarchical Regulation Analysis, both of which allow for adaptation. Perhaps unexpectedly, I shall show how the concepts and 
principles developed for Life processes also apply to inanimate processes, yielding new principles for process engineering in general.

The presentation will make ample use of a new tool in bioprocess engineering, i.e. the silicon cell (cf. www.siliconcell.net ). The 
silicon cell is a collection of computer replica of processes in living organisms, which should be linked up to produce models of larger networks. 
They can be also used to play with and engineer biological processes on line, in silico. For the particular case of the engineering of the 
production of baker’s yeast I shall discuss some of the implications of these new approaches.” [Westerhoff, 2006].

According to Kiparissides et al. [2011], “the mathematical models of biological systems evolve toward a holistic ‘closed loop’ 
approach that will facilitate the control of the in vitro [biological process] through the in silico.” (That is a math model-based full 
control of the bioreactor).

Recent advances in developing the so-called “micro-array data technique” [Le Phillip et al., 2004], make now possible to record 
the dynamics of hundreds of cell species, thus generating kinetics trajectories required by the development of cell CCM / GRC 
dynamic models on a structured basis, and using structured and conventional type of data [Maria, 2023].

As discussed by Kiparissides et al. [2011], math models of biological systems developed over the last decades incorporate various 
degrees of cell structure and mathematical complexity. “Models of single cells, cell populations and microbial cultures have been 
central in the understanding and improvement of biological systems, as well as in the optimization and control of bioprocesses 
[Thilakavathi et al. 2007]. The large-scale generation of biological data obtained with the development of a variety of high-
throughput experimental technologies demand for mathematical model building to become a centre of importance in biology [Covert 
et al., 2001]. Bailey [1998] argued the development of mathematically and computationally orientated research has failed to catch 
up with the recent developments in biology. Furthermore, he concluded that the little attention that mathematical modelling of 
biological systems receives from experimentalists could be partly attributed to the lack of effective communication of the benefi ts of 
formulating and using a mathematical model.

Even relatively simple micro-organsisms, which have been extensively studied, are hosts to a complex network of interconnected 
processes occurring on diverse time scales within a confi ned volume. The multi-level nature of the regulatory network of cells and 
the interactions occurring at the intracellular level further augment this complexity [Yokobayashi et al., 2003]. Therefore, attempts 
to wholly model the function of even a single cell are currently non-trivial, if not impossible. The amount of delicate intracellular 

Figure 1-35: Some examples of structured cell simulators. See the review of Maria, 2005, 2006].
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measurements required to validate such a model is exhaustive both in terms of labour as well as cost. Uncertainties introduced on 
the parameter identifi ability level [Sidoli et al., 2004] and on the mechanistic level further complicate this task.

Borrowing research principles from the Process Systems Engineering paradigm, mathematical modelling of biological systems 
can provide a systematic means to quantitatively study the characteristics of the multilevel interactions that occur in cell bio-
processing. The literature around mathematical modelling of biological systems, be they prokaryotic or eukaryotic, is arguably too 
vast to summarize within the limited space of this work. Indicatively, mathematical models have been successfully used to design 
optimal media [Xie and Wang, 1994], to identify previously ignored growth limiting factors [de Zengotita et al., 2000), to optimize 
culture growth and productivity [De Tremblay et al., 1992, Dhir et al., 1999, San and Stephanopoulos, 1989], and to apply the process 
control principles to operate the bioreactors [Frahm et al., 2002].

Pörtner and Schäfer [1996] compared a selection of models that existed in the literature at that time and carried out an analytic 
error and range of validity analysis. They found signifi cant variations in the values of maximum growth rate, yields and nutrient 
Monod constants used by researchers. They came to the conclusion that the models’ predictions involved signifi cant errors, 
particularly due to the lack of understanding of cellular metabolism and the limited data ranges within which the model was valid. 
They further pointed out that the majority of studies presented either utilized literature data to validate the models or generate 
their own experimental data without any form of systematic design of experiments. In order to maximize the gains from the 
ever increasing infl ux of biological information, the approach to modelling needs to shift towards a systematic framework from 
conception to optimization. Herein we attempt to formalize a structure upon which experimental and mathematical biology can 
interact seamlessly. The use of model-based techniques can facilitate the reduction of unnecessary experimentation hence reducing 
operating labour and cost by indicating the most informative experiments and providing strategies to optimize and automate the 
process at hand.” Kiparissides et al. [2011]

Despite the above diffi culties, accumulation of cell data (stored in bio-omics databanks), and recent advances in the computational 
methodology, make it possible to achieve substantial progresses in the detailed structured modelling of cellular processes, especially 
those related to the central carbon metabolism (CCM) [Maria, 2021; Maria and Renea, 2021], and to complex genetic regulatory 
circuits GRC-s [Maria, 2010; Maria and Luta, 2013].

In this context, the current work (ebook) is aiming to present a novel WCVV (“whole-cell-variable-volume”) kinetic modelling 
framework, proposed by Maria [2002], and by [Maria et al., 2002], and studied by Maria [2002, 2003, 2005, 2006, 2007, 2009, 
2014b, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c]; [Maria and Scoban, 2017, 2018; Maria and Luta, 2013], proven to be 
very effective for accurately model the individual gene expression regulatory modules (GERM-s), but also the complex GRC-s. These 
WCVV kinetic models can include the “Hierarchical Regulation Analysis”, by linking GERM-s in complex GRC-s, under the novel 
WCVV modelling approach. Thus, the WCVV approach allows modelling the adaptable living cells, by also including genetic switches 
models able to re-direct the cell metabolism [Maria, 2007, 2009, 2014b, 2018].

 1. Generalities

The concepts/rules/algorithms of the Chemical and biochemical process engineering (ChBPE), and those of the nonlinear systems 
theory has been proved to be quite successful for the optimization of production in inanimate systems [Maria, 2018,2018f]. Where 
biology enters the arena other than as the usual source of the raw-materials (oil, coal, natural gas) [Maria et al., 2020; Yang, 2007], 
the success rate of process engineering tends to drop. “Biological systems appear to be more resistant to control by the engineer; 
they are more ‘stubborn’. In this presentation we shall attempt to relate this phenomenon to a feature that emerges from an entirely 
different fi eld, i.e. functional genomics. In the latter fi eld, one regularly observes the phenomena of redundancy and robustness. 
Where the former used to be explained on the basis of parallel pathways, both may be more related to the processes of adaptation 
that are so characteristic of live and certainly Life systems [Maria, 2017A, 2017B, 2018, 2023]. Although metabolic engineering did 
interface with genomics, it rarely incorporated the aspect of adaptation, i.e. of the changing of the structure of the network with 
conditions [Maria, 2017A, 2017B, 2018, 2023]; [Maria, 2023a, 2024, 2024b, 2024c]. Flux balance analysis does not do so either; its 
pathways are given and assumed to be always expressed.” [Westerhoff, 2001; Westerhoff and Palsson, 2004; Zadran and Levine, 
2013].

Here it is worth notice that living cells are extraordinarily complex machines, with an astronomical complex organization (Figure 
1-2), that exhibit remarkable behaviors including, most predominately, their self-replication. Although much progress has been 
made in understanding the mechanism(s) underlying this behavior, further efforts on both experimental and theoretical fronts will 
be required to deepen our understanding of it. Towards this end are efforts to simulate global cellular behavior starting from the 
molecular level of detail [Palsson, 2000; Tomita, 2001; Kitano, 2002,2002b; Mori, 2004; You, 2004].

“Ideally, such whole-cell models would integrate massive amounts of biological information into compact, unambiguous and 
testable hypotheses which could be used to explore the entire panoply of cellular relationships in both healthy and diseased states 
[Ideker et al., 2001; Jansen, 2003; Lindon et al., 2004; Rao et al.,2005].” [Surovstev et al.,2007]”
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“Much remains before useful comprehensive mathematical models of cellular behaviour with predictive power can be realized. 
Obviously, the vast number of unknown kinetic parameters (rate coeffi cients and concentrations) and ambiguities in chemical 
mechanisms occurring within a cell hinder progress, but there is also no consensus as to what modelling framework will ultimately 
prove most effective. By framework, we mean a group of general assumptions and procedures that can transform a physicochemical 
model of a cell into a set of mathematical expressions. Such a framework would be applicable to all such models, regardless of the 
particular set of chemical reactions and components assumed.” [Surovstev et al.,2007]

In this work, the novel WCVV (“mechanistic silicon Whole-cell variable volume”) modelling framework will then be introduced.

This WCVV novel modelling framework was proposed by Maria [2002], and by [Maria et al., 2002], while the study of the WCVV 
properties, features, and advantages was given by Maria over the interval [2005-2023], that is Maria [2002, 2003, 2005, 2006, 2007, 
2009, 2014b, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c].

In this novel WCVV approach, the cell volume change arises naturally from the chemical dynamics associated to an assumed 
mechanism of the cell biochemical reactions (related to the CCM and GRCs). This WCVV novel modelling framework was introduced 
by Maria [2002], and by [Maria et al., 2002], while the study of the WCVV properties are given by Maria [2002, 2003, 2005, 2006, 
2007, 2009, 2014b, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c].

As we will prove here, when appropriate rate constants of the constructed cell kinetic model are obtained from the known 
stationary (homeostatic) concentrations of the all species of the model (taken individually or lumped), the self-replicating dynamic 
behavior of cells can be modeled. Beside, we illustrate the large number of applications and features, of such a novel WCVV cell 
kinetics modelling framework. Exemplifi cations will be made by using simplifi ed kinetic models with omics data of E. coli (from 
Ecocyc, and KEGG).

In short, the work reviews the novel concept of “mechanistic silicon cell”, materialized in a novel math (kinetic) modelling 
framework “WCVV” of the cell metabolic processes, referring to the “wholecell” (WC), variable-volume (VV), of isotonic growing 
cells. The “mechanistic silicon cell” novel hypotheses of “WCVV” refer to the wholecell, variable-volume, of isotonic growing cells. 
The paper points-out and proves the advantages of WCVV dynamic models when buildingup modular model structures of simplifi ed 
form that can reproduce complex protein synthesis regulation inside cells.

Such novel modelling concept of “WCVV - mechanistic silicon cell”, proves to be a valuable simulation tool that can overcome 
many of the simulation diffi culties of the dynamics of the evolutionary cellular metabolism mentioned above.

In this work, the more realistic WCVV approach is reviewed, by exemplifying and by pointing-out its advantages when developing 
modular kinetic representations of the homeostatic gene expression regulatory modules (GERM) that control the protein synthesis, 

Figure 1-2: The hierarchical organization of living cells [Maria, 2017b].



ISBN:

DOI: https://dx.doi.org/10.17352/ebook10124Gheorghe MARIA 013

and the homeostasis of metabolic processes. The paper briefl y reviews the general concepts and hypotheses of the WCVV modelling 
framework, while the cited literature includes past and current experience with GERM regulatory properties, and with the linking 
rules to be used to obtain optimized globally effi cient kinetic models for the genetic regulatory circuits (GRC) that can reproduce 
the experimental observations. Based on the novel defi ned quantitative regulatory indices evaluated vs. simulated dynamic and 
stationary environmental perturbations, the paper exemplifi es with using simple kinetic models of GERM-s from E. coli (by emploing 
the required -omics data from the Ecocyc, and KEGG databanks). Simple kinetic models at a generic level, were also used to exemplify 
how this methodology can be extended to reach the following objectives.

The novel “WCVV - mechanistic silicon cell” concept and math modelling framework and rules lead to a paradigm shift when 
simulating the dynamics of cell metabolic processes from the central carbon metabolism (CCM), and especially the self-regulatory 
properties of GERMs, or of GRCs. As proved in the literature, this WCVV framework is very suitable to model the GRCs [Maria, 2017a,
2017b,2018,2005,2006,2007,2009,2014], but also the modular CCM included in hybrid kinetic models (SMDHKM) [Maria, 2014a, 
2021; Maria et al., 2011; Maria and Renea, 2021]. These references proved that the modular modelling approach of CCM is very 
advantageous, by simplifying the numerical simulation. In fact, as revealed by the (Figure 1-30-32), the main modules of the CCM 
are: the glycolysis; the phosphotransferase (PTS) system, or an equivalent one for GLC-uptake; the pentose-phosphate pathway 
(PPP); tricarboxylic acid cycle (TCA), the ATP recovery system [Maria et al., 2011; Maria, 2014a, Maria, 2021; Maria and Renea, 2021].

Concerning the cell adaptation to the environmental conditions, i.e. the changing of the network structure / behaviour according 
to the environmental changes, the novel “WCVV - mechanistic silicon cell” math modelling framework, concept, and rules was 
proved to be very adequate to simulate the metabolism changes (dynamics after perturbations, biomass evolution), caused by the 
environmental changes, such as:

1)  Changes of metabolic pathways determined by the genetic switches (GS) action, induced by the environmental changes 
[Maria, 2007,2009,2014b, 2018];

2) Oscillatory syntheses induced by the environmental changes [Maria et al., 2018a, 2018b, 2018e; Maria, 2014a, 2020c; Maria et 
al., 2018c; Atkinson et al., 2003; Guantes and Poyatos, 2006; Elowitz and Leibler, 2000; Gonze, 2010; Bier et al., 1996; Silva 
and Yunes, 2006; Heinzle et al., 1982; Tyson, 2002; Franck, 1980];

3) GMO design based on the target GRC regulatory adaptive effi ciency (see an example for the mercury uptake by E. coli given by 
[Maria,2010; Maria and Luta, 2013; Maria,2023]);

4) Better simulation of the cell regulatory GRC response to stationary perturbations, leading to the transition from one steady-
state (stable balanced homeostasis) to another cell homeostasis. The process being better characterized by using the 
quantitative regulatory performance indices (P.I.-s) of GERM-s, simulated under WCVV modelling framework by [Maria, 
2017a, 2018,2023; Maria and Scoban, 2017,2018];

Figure 1-30: Example of the modular organization of the CCM considered in the WCVV hybrid kinetic models (SMDHKM) by [Maria, 2014a; Maria, 2021; Maria et al., 2011; 
Maria and Renea,2021] [source: https://www.creative-proteomics.com/services/central-carbon-metabolism-analysisservice.htm ].
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5) Better simulation of the (P.I.-s) of GERM-s, defi ned under WCVV modelling framework by [Maria, 2017A,2017B,2018,2023; 
Maria, 2023a, 2024, 2024b, 2024c]. As a consequence, the novel “WCVV mechanistic silicon cell” math modelling framework 
was also proved to be very effective in design effective GMOs with industrial applications [Maria and Luta, 2013; Maria,2021; 
Maria and Renea,2021].

6) Simulation of a hypothetical “Mechanistic silicon Cell” which is able to maintain the intracellular homeostasis (balanced 
growth), while growing auto-catalytically on environmental nutrients present in variable amounts [Maria,2002; Maria et al., 
2002], and Maria [2017A,2017B,2018,2023, 2023a, 2024, 2024b, 2024c].

1 .1. «Mechanistic silicon cell» novel concept and the novel WCVV math modelling framework - Generalities

The “WCVV - mechanistic silicon cell” novel math modelling framework is an outstanding and essential/fundamental contribution 
of Maria [2002], and [Maria et al., 2002], while further developments/ studies of the WCVV properties were given by Maria over the 
interval [2005-2023], that is Maria [2002,2003,2005,2006,2007,2009,2014b, 2017A, 2017B, 2018, 2023, 2023 a, 2024, 2024b, 2024c].

The cell kinetic modeling framework “mechanistic silicon whole cell”, materialized in the novel “WCVV” modelling framework 
of cell processes, implicitly is accounting for the isotonic growing cell (of variable-volume). Such WCVV cell models implicitly 
maintain the intracellular homeostasis while growing auto-catalytically on environmental nutrients present in variable amounts. In 
this novel approach, the cell volume change arises naturally from the chemical dynamics associated to an assumed mechanism of 
the cell biochemical reactions (related to the CCM and GRCs).

The main contributions / fi ndings of Maria [2002], and [Maria et al. 2002], derived from the study of the WCVV properties are 

Figure 1-31: Summary diagram of some modules of the CCM (PTS, glycolysis, and TCA cycle) in the “wild” E. coli according to the simplifi ed model of [Jahan et al., 2016]. 
The ATP regeneration system is shown in Fig. 1-32. The dotted lines indicate the repressor feedback circuits.
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given by Maria over the interval [2005-2023] (see the above reference list). The main conclusions when modelling metabolic cell 
processes, and especially the regulatory circuits GERMs/GRCs, when using the WCVV framework can be briefl y reviewed as following.

•  Fundamental theoretical contributions for the In-silico (math model based) dynamic simulation of cell metabolic processes. 
In particular, dr. Maria introduced and validated the novel “mechanistic silicon cell concept”, materialized in a novel math 
(kinetic) modelling framework WCVV of the cell metabolic processes (referring to the “whole-cell, variable-volume”, of 
isotonic growing cells) (see their hypotheses in Table 2-1 of section 2.1).

• The WCVV is particularly suitable to characterize the regulatory properties of selfregulated individual gene expression 
(GERM), and of genetic regulatory circuits (GRC) (e.g. genetic switches, genetic amplifi ers, operon expression, etc.) Dr. Maria 
also proved that the novel WCVV kinetic modelling framework of cell processes is superior compared to the classical (default) 
WCCV (“whole-cell, constant-volume” like) kinetic modelling framework, the latter offering distorted, and wrong simulation 
results. [Maria et al., 2018d; Maria and Scoban,2017, 2018].

• Use of instant cell dilution “Di” in the cell species mass balances of WCVV models instead of the “default” average dilution 
Dm = Ln(2)/(tc), with tc = cell cycle, or even its omission in the classical WCCV models {see below equations and the Figure 
1-3 , the below discussion, and the details of [Maria et al., 2018d; Maria and Scoban,2017,2018], and the books [Maria, 2017a, 
2017b, 2018, 2023].

• Applications of hybrid structured modular, deterministic kinetic models (SMDHKM) to in-silico design of GMOs, and for a 
more accurate optimization of industrial bioreactors operation, with a higher degree of detail (no. of cell/bioreactor state 
variables).

• Being very suitable to simulate GERM/GRC, the WCVV was used for the development of a math “LIBRARY” including “template” 
kinetic models of the main GERM types (Figure 1-4-down). This library is useful to build-up dynamic models of GRC (genetic 
regulatory circuits), useful for in-silico design of GMOs. The use of the novel WCVV math modelling framework to defi ne 

Figure 1-32: Simplifi ed reaction pathway of modular CCM in E. coli considered in the kinetic model of [Maria et al., 2011; Maria et al., 2018A]. This simplifi ed model of 
Edwards and Palsson [2000] refers to the “wild” strain that includes the glucose (GLC) import PTS system, respectively the sequence of successive reactions GLC  F6P. 
The fl uxes characterizing the membrane transport [Metabolite(environ.)  Metabolite(cyt.)], and the exchange with the environment have been omitted. See [Maria et al., 
2011; Maria, 2014A] for details and explanations regarding the numbering of the 95 reactions in which the 72 key metabolites considered in the kinetic model are involved. 
Notations: [e]= external environment of the cell; [c]= cytosol. Adapted from [Maria et al., 2011] by the courtesy of CABEQ Jl. The pink rectangle indicates the “chemical 
node” that generates glycolytic oscillations [Maria, 2021; Maria et al., 2018E]. The (+) and (-) notations designate the positive and negative feedback/feedback loops. GLC 
= glucose; F6P = fructose-6-phosphate; FDP = fructose-1,6-diphosphate. See the abbreviation list of [Maria et al., 2011]. V1-V6 = grouped reaction rates are discussed by 
[Maria, 2021]. Species notations are explained in the abbreviation list of [Maria, 2021].
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novel quantitative performance indices (P.I.-S)(section 2.3) to better characterize the regulation effi ciency of individual 
GERM-s , or of GRC-s related to external perturbations [dynamic (“pulse-like”), or stationary(“step-like”)]. The use of the 
GERM library and their P.I.-S to propose a “buiding-blocks” strategy and rules to connect GERM-s to build-up GRC when 
designing desirable GMO-s (section 2.3). The use of the GERM -library to study various properties of cell self-regulation 
effects, impossible to be highlighted by using classical cell WCCV models (section 2.4).

• In other words, this work presents a holistic “closed loop” approach that facilitate the control of the in vitro through the 

Notations:
Cj = cell species “j” concentration;
Di = cell content instant dilution rate = cell volume logarithmic instant growing rate,  Eq.(2,10);
Dm = cell content average (apparent) dilution rate = cell volume logarithmic average growing rate Eq.(2);
nr = number of reactions considered in the WCVV kinetic model (individual or lumped);
ns = number of species considered in the WCVV kinetic model (individually, or lumped);
k = rate constants vector;
Nj = the species “ j” number of moles (copynumbers);
R= universal gas constant;
rj = the j -th reaction rate;
T= temperature;
t= time;
tc = cell cycle;
V= cell (cytosol) volume (including the membrane);
\pi = osmotic pressure of the cell content;
vij = the stoichiometric coeffi  cient of the species “ j” in the reaction “i”;
“s” index = quasi-steady-state (cell homeostasis; balanced growth)

Table 2-1: The basic hypotheses of the “mechanistic silicon cell concept” materialized in the novel WCVV dynamic modelling framework in living cells of isotonic variable 
volume. Adapted from [Maria,2005], with the details given by [Maria,2006, 2007, 2014b]; [Maria and Scoban, 2017,2018] ; Maria et al. [2018d, 2018g].
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in silico development of dynamic models for living cell systems, by deriving hybrid, structured, modular, deterministic cell 
kinetic models (SMDHKM) ,with continuous variables, linking the cell state-variables to the bioreactor ones.

• In a concrete way, the reported major and essential contribution of Dr. Maria in the theoretical / math modelling of the 
metabolism in the living cells (single cell analysis) is the following. He introduced and validated the novel “mechanistic 
silicon cell concept”, materialized in a novel math (kinetic) modelling framework WCVV of cell metabolic processes (referring 
to the “whole-cell, variable-volume”, of isotonic growing cells) (see their hypotheses in the Table 2-1 and in section 2). The 
WCVV is particularly suitable to characterize the regulatory properties of self-regulated gene (GERM) / operon expression, 
and of genetic regulatory circuits (GRC), but also the CCM, metabolic processes, in a holistic approach.

• This novel WCVV kinetic modelling approach implicitly ensures the cell natural tendency to reach its homeostasis, and 
accurately simulate the individual / holistic GRC regulatory properties, by including in a natural way constraints related to the 
cell system isotonicity, and the variable-volume in relationship to the all species reaction rates [Maria,2017,2017a,2017b,2018; 
Maria and Scoban,2017,2018] (section 2). Such an isotonicity constraint is required to ensure the cell membrane integrity, 
but also to preserve the homeostatic properties of the cell system (see their hypotheses in Table 2-1, and section 2), not by 
imposing “the total enzyme activity” or the “total enzyme concentration” constraints suggested in the literature. [Heinrich 
and Schuster, 1996]

• By contrast to the novel WCVV, the classical (“default”) modelling tools of metabolic cell processes are based on the ‘Constant 
Volume Whole-Cell’ (WCCV) continuous variable ODE dynamic models which, do not explicitly consider the cell volume 
exponential increase during the cell growth, and ignore the cell content dilution, or consider an average (apparent) dilution 
“Dm = In (2)/(tc)”, where tc = cell cycle. As proved by Maria [2018d], such an approach may lead to biased, distorted, and 
wrong conclusions on the GERM/GRC’s regulatory performances, thus making diffi cult the modular constructions of GRC-s 
by linking individual GERM-s.

• By contrast to the classical WCCV approach, the holistic ‘whole-cell of variable volume’ (WCVV) modelling framework of dr. 
Maria [Maria,2017,2017a,2017b,2018; Maria,2005,2006,2007,2009,2014] has been proved to be more realistic and robust, by 
explicitly including in the model relationships the cell-volume growth, with preserving the cell-osmotic pressure (that is 
the cell membrane integrity). The added isotonicity constraint by Dr. Maria was proved to be essential for predicting more 
adequate performance regulatory indices of GERM-s or GRC-s. The essential part of the WCVV approach is to explicitly include 
in the metabolic process kinetic model, the isotonic constraint for variable volume cells, that is [Maria,2017,2017a,2017b,2018; 
Maria,2005,2006,2007,2009,2014].

1
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The osmotic pressure remains constant, because of the mass conservation.

At quasi-steady-state conditions (QSS-homeostasis, index “s”), the WCVV model becomes:
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with species reaction rates of  1 , , J 1,j
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By contrast, the use of Dm = In (2)/(tc) = average (apparent) cell dilution rate can lead to biased results.
The QSS model form is used to estimate their rate constants for known Cs, and also to derive the species 
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[Maria,2005,2006,2007,2017a,2017b,2018; Maria and Scoban, 2017,2018], to be used to evaluate the cell (GERM-s) regulatory 
performance indices ( P.I.-s).

At quasi-steady-state conditions (QSS-homeostasis, index “s”), the WCVV model becomes:
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By contrast, the use of Dm = In (2)/(tc) = average (apparent) cell dilution rate can lead to biased results.

Notations: Cj = species “j” concentration; nj = species “ j “ number of moles; V = cell (cytosol) volume; R = universal gas constant; 
T = absolute temperature; π = osmotic pressure; t = time;  Di = instant cell dilution rate; Dm = Ds = average (apparent) cell dilution 
rate; “s” index = at stationary QSS (homeostasis) conditions; ns= number of considered cell species (individually, or lumped); Nut = 
nutrient or another environmental species infl uencing the cell metabolism; “o” index = initial value.

• The hypotheses of the “mechanistic silicon cell concept” materialized in the novel WCVV kinetic 
modelling framework in living cells of isotonic variable volume are presented in the Table 2-1 (section 2).
The basic relationships of the WCVV theory concern the species mass balances over isotonic constraints (see section 2). Such a 
constraint allows determining the “instant” cell dilution (“Di”) at any moment, to be used during model solving (see section 
2, and Figure 1-3). By contrast, the classical (default) WCCV kinetic models use the overall average (“Dm= Ln(2) (cell cycle)”) 
in the species mass balance, or even omit this term.

• The “mechanistic cell concept”, and WCVV math modelling of cell processes have a huge impact on the cell kinetic models 
predictions accuracy, and degree of detail, as proved by Maria [2017a,2017b, 2018; Maria et al., 2018d; Maria and Scoban, 
2017,2018]. 

Extensive details about this novel WCVV approach are given by: i) [Maria, 2017a,2017b, 2018]; [Maria et al., 
2018d]; [Maria and Scoban, 2017,2018]; ii) the proofs of WCVV superiority vs. WCCV given in section 2.3.1.
By using this novel WCVV modelling framework, a lot of cell metabolic effects can accurately be simulated (section 2.4), such as: 
a) the relationships between the external conditions, species net synthesis reactions, osmotic pressure; b) cell content (ballast) 
infl uence on smoothing the continuous perturbations in external nutrient concentrations, etc. [Maria,2017a,2017b,2018]; 
[Maria and Scoban,2017,2018].

• The past and current (default) cell dynamic models, are formulated for a constant cell volume system (WCCV), by ensuring 
some holistic cell properties (such as homeostasis, self-regulation of syntheses, and of gene expression, perturbation 
treatment, etc.), by imposing lot of constraints, such as “the total enzyme activity” and “total enzyme concentration”, etc. 
[Heinrich and Schuster, 1996]. By contrast, in the “mechanistic silicon cell concept”, and WCVV math modelling framework, 
the thermodynamic isotonicity relationships/constraints are included in the cell kinetic model formulation. Thus, dr. Maria 
proved step-by-step in a MATHEMATICAL way how such constraints ensures cellular intrinsic properties in a natural way 
that is not derived from artifi cial hypotheses (as those above mentioned). Such concepts, and rules translated from (bio)
chemical engineering principles and nonlinear systems theory are explained, proved, and exemplifi ed in the section 1.2, and by 
[Maria,2017a,2017b,2018], and by [Maria, 2005,2006,2007,2009]. The WCVV kinetic models of modular GRC-s are successfully 
used to design GMOs of desirable characteristics. Some examples are mentioned by Maria [2017A,2017B,2018,2023], and by 
Maria [2023a, 2024, 2024b, 2024c].
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• Dr Maria proved that the classical “default” WCCV formulation currently used in the literature for the cell processes kinetic 
models leads to wrong, distorted and false predictions concerning the cell (GRC) regulatory performances, i.e. their response 
to external/internal perturbations [Maria et al., 2017, 2018d]. See the proof in section 2.3.1.

The novel “mechanistic cell concept and WCVV cell modelling framework” proposed by Maria [2002,2003,2005,2006,2007,200
9,2014b,2017], and by Maria et al. [2002] present several properties, as quantitatively defi ned and proved by Maria [2017A, 2017B, 
2018, 2023, 2023a, 2024, 2024b, 2024c], and by Maria et al. [2017]; Maria and Scoban [2017, 2018]. Among them, are to be mentioned 
the followings:

1) A novel math (kinetic) modelling concept and framework. That is, the novel “mechanistic cell concept” (Table 2-1 
of section 2), materialized in a novel math (kinetic) modelling framework of cell processes, that is the so-called WCVV 
(“whole-cell, holistic approach of isotonic, variable volume, growing cell systems”], well described in section 2.2. The 
WCVV modelling framework allows simulation of the CCM and GERM regulatory properties targeted to maintain the 
intracellular homeostasis while growing auto-catalytically on environmental nutrients present in variable amounts. 
This novel WCVV modelling framework was proposed by Maria [2002,2003,2005,2006,2007,2009, 2014b], and by Maria 
et al.[2002], with the further developments/ studies of Maria [2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c], 
The WCVV is particularly very appropriate to simulate the dynamics of the self-regulation of individual gene expression 
modules (GERM), and of the genetic regulatory circuits / networks (GRC) (e.g. genetic switches, operon expression, 
genetic amplifi ers, etc.), but also the dynamics of metabolic processes belonging to the central carbon metabolism 
(CCM) (section 2.4). This novel concept implicitely promotes a modular kinetic modelling approach, as proved by Maria
[2002,2003,2005,2006,2007,2009,2014b], and by Maria et al.[2002], with the further developments/ studies of Maria 
[2017A,2017B,2018,2023, 2023a, 2024, 2024b, 2024c].

2) Dr Maria proved that the classic (“default") math modelling approach (WCCV, “constant-cell-volume, non-isotonic cell 
system”) is erroneous compared to the novel WCVV, by leading to distorted and wrong simulation results and conclusions 
[Maria et al., 2018d]. In such a way, the novel WCVV kinetic modelling approach of cell metabolism replaces the CLASSICAL 
(default) “constant cell-volume whole-cell” (WCCV) modelling approach, thus correcting the distorted and false/wrong 
predictions of WCCV cell kinetic models largely used in the literature (chap.2.2) [Maria et al., 2018d].

3) One of the strong aspect of this novel modelling approach is the use of the “instant cell dilution rate Di” (section 2) in the 
species mass balances of the WCVV models instead of the classical/”default” average dilution Dm=Ln(2)/(tc), where tc = cell 
cycle [Maria et al., 2018d; Maria and Scoban, 2017,2018]. By contrast, the use of the average “Dm”, or even the omission of 
the cell dilution rate in the species mass balance of the classical (default) WCCV kinetic models lead to inaccurate predictions 
of the cell metabolism dynamics.

Figure 1-3: Some essential elements of the WCVV modelling framework. Notations:
Cj = species “j” concentration; nj = species “j” number of moles; V= cell (cytosol) volume; R = universal gas constant; T = absolute temperature;  = osmotic pressure; t = time; 
Di = instant cell dilution rate; Dm = average cell dilution rate (usually Dm = Ds = cell dilution rate under quasi steady-state (homeostatic) conditions).
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4) Development of a math “LIBRARY” including “template” kinetic models of the main GERM types (self-regulated individual 
gene expressions)(Figure 1-4-down). This library is useful to build-up dynamic models of GRCs (genetic regulatory circuits, 
useful for in-silico design of GMOs) [Maria, 2017A,2017B,2018,2023; 2023a, 2024, 2024b, 2024c].

Dr. Maria used of the novel WCVV kinetic modelling framework and the generic simple GERM kinetic models to quantitativelly 
defi ne the regulatory performance indices ( P.I.-S) of GERMs. Based on these (P.I.-s) and on the mentioned GERM “LIBRARY” 
Maria [2005,2006,2007,2009,2014b, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c] proposed a “buiding-blocks” 
strategy and rules to connect GERMs in chains to build-up genetic regulatory circuits (GRC) when designing GMOs of 
desirable characteristics. Some of these structures were experimentally validated by [Yang et al.,2003; Sewell et al., 2002; 
Maria, 2018, 2023].

Figure 1-4: [TOP] The simplest reduced schemes of a generic gene expression regulatory module GERM in the holistic approach of Maria [2017a,2017b,2018, 2023, 2023a, 
2024, 2024b, 2024c]. [DOWN] The LIBRARY of lumped gene expression regulatory modules GERM–s was developed by Maria [2003,2005,2006,2007,2008,2009,2017a,201
7b,2018, 2023, 2023a, 2024, 2024b, 2024c] in the form of template math (kinetic) models), to be further used to construct genetic regulatory circuits (GRC) in various cells. 
Notations: G = generic gene (DNA); P = generic protein; M = mRNA; GP, GPP, GPPPP = inactive forms of G; MP, MPP = inactive forms of M.
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5) Experimental validation of these GERM / GRC modular lumped pathway structures was done by using the dynamics of state-
variables recorded in batch ( BR) or fed-batch (FBR) bioreactors [Maria and Luta,2013; Maria et al.,2018a,2018c], or from 
using the literature data [e.g. Yang et al., 2003, or bio-omics databanks KEGG, Ecocyc]. The rate constants of the GERM / 
GRC modular kinetic models were estimated from solving the steady-state (QSS) model equations with using the stationary 
(homeostatic) concentrations of the key-species [from bio-omics databanks], and by imposing some holistic regulatory 
properties, see [Maria, 2017A, 2017B, 2018, 2023; 2023a, 2024, 2024b, 2024c], and [Maria and Scoban, 2017,2018; Maria et al., 
2018d].

6) Introduction of novel quantitative performance indices (P.I.) to characterize the regulation effi ciency of individual GERMs 
related to external perturbations (dynamic, or stationary) [Maria, 2017A,2017B,2018,2023; 2023a, 2024, 2024b, 2024c; Maria 
and Scoban, 2017,2018], and [Maria et al., 2018d; Maria,2003,2005,2006,2007]. The P.I.-s of the developed applicative 
GERM-s, or of GRC-s in the above cited references were studied by using the novel WCVV modelling framework (section 2.3).

7) Develop and use of a GERM -LIBRARY to study and to prove various properties of cell GRC self-regulation effects, such as 
(section 2.4) [Maria,2003,2005,2006,2007,2009,2014b,2017; Maria and Scoban, 2017,2018; Maria et al., 2017,2018d, 2019; 
Maria,2020c; Maria and Luta,2013]

- the role of the high cell-”ballast” in “smoothing” the effect of internal/external dynamic/stationary perturbations of the cell 
system homeostasis;

- the secondary perturbations transmitted inside the whole cell via the cell volume;

- the system isotonicity constraint reveals that every inner primary perturbation in a keyspecies level (following a perturbation 
from the environment) is followed by a secondary one transmitted to the whole-cell via cell volume;

- allows comparing the regulatory effi ciency of various types of GERM-s;

- allows a more realistic evaluation of GERM regulatory performance indices;

- allows studying the recovering/transient intervals between steady-states (homeostasis) after stationary perturbations;

- allows studying the species connectivity;

- allows studying the conditions when the system homeostasis intrinsic stability is lost;

- allows studying the cell / GERM-s self-regulatory properties after a dynamic/stationary perturbation, etc.

- allows studying the plasmid-level effects in cloned cells.

8) The use of the novel WCVV math modelling framework to obtain structured, modular, deterministic, hybrid kinetic models 
(SMDHKM), linking the macroscopic state-variables of the bioreactor to the cell (nano-scopic) state-variables belonging to 
the CCM, thus offering more precise and more detailed (no. of state variables) predictions of the bioreactor/biomass dynamics. 
Such complex kinetic models are used in engineering rvaluations for various purposes: 1) to simulate the essential parts of the 
central carbon metabolism ( CCM), such as: glycolysis, TCA cycle, ATP recovery system, or various other cell systems, such as: 
the mercury operon expression; Tryptophan operon expression; succinate synthesis, etc., aiming to in-silico design of GMO-s; 
2) to simulate and/or design various genetic regulatory circuits (GRC); examples include: genetic switches (GS - biosensors), 
genetic amplifi ers, operons expression. (e.g. GS of [Maria,2007,2009,2014,2018,2023]). 3) to in-silico, off-line derive optimal 
operating policies of bioreactors, with a higher precision and degree of detail. [Maria, 2017A, 2017B, 2018, 2023; 2023a, 2024, 
2024b, 2024c].

9) Applications of concepts, principles, and numerical rules of the chemical and biochemical engineering (ChBPE, section 1.3), 
and of the nonlinear systems theory for solving Bioinformatics and Systems Biology problems (that is CCM, GRC model based 
design of GMOs). It is worth noting that the above essential contributions of dr. Maria in developing and promoting the 
novel “mechanistic silicon cell concept” (see section 2), materialized in developing of a the novel math (kinetic) modelling 
framework of cell processes, that is the WCVV , proposed by Maria [2002,2003,2005,2006,2007], and by Maria et al.[2002], 
with the further developments of Maria [2017A,2017B,2018,2023; 2023a, 2024, 2024b, 2024c], [Maria, 2017A,2017B,2018,2023; 
2023a, 2024, 2024b, 2024c; Maria and Scoban,2017,2018]. The novel WCVV of Maria [2002,2003,2005,2006,2007], with the 
further developments of Maria [2017A,2017B,2018,2023; 2023a, 2024, 2024b, 2024c; Maria and Scoban,2017,2018](section 2, 
see the overview Table 2-1) is based on the application of ChBPE principles, concepts, and numerical rules (section 1.3)(see 
the overviews Figure 1-5, and Figure 1-6,7), of the math models’ lumping rules [Maria,2005,2006,2005b,2019], very well 
connected to those of the “nonlinear systems theory”, and to the “Systems biology”, and “Bioinformatics” (Figure 1.-7) (see 
the books of Maria [2017A,2017B,2018,2023]).
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1. 2. GMO importance in the biosynthesis industry

Over the last decades GMOs of superior characteristics reported increasingly important uses in a broad range of areas, such 
as: a) biosynthesis industry (optimized bio-syntheses, or bioprocesses using GMOs; or b) modifi ed enzymes of superior features 
(high activity, selectivity, stability) produced by GMOs; c) production of vaccines (monoclonal antibodies - mAbs) in bioreactors by 
using modifi ed hybridoma cell cultures [Maria,2020a](Figure 1-1), d) environmental engineering (improved biological treatment 
of wastewaters by using GMOs of an adapted sludge), e) medicine (therapy of diseases), f) design of new devices based on cell-
cell communicators, g ) design of biosensors using GMOs including design genetic switches [Maria,2018], h) novel and effective 
biocatalysts including GMO biomass, or enzymes from GMOs, immobilized on stable supports, etc.

Due to the modular organization of the cell [functions, regulatory networks, synthesis networks, gene expression regulatory 
modules (GERM) and of genetic regulation circuits (GRC), Figure 1-2], the in-silico (math model based) design of GMOs uses the 

Figure 1-5: The chemical engineering main math modelling rules, and its essential tools [Maria, 2017, 2017a, 2017b, 2018, 2023].

Figure 1-6: The biochemical engineering main math modelling rules, and its essential tools [Maria, 2017, 2017a, 2017b, 2018, 2023].
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same modular approach. Sauro and Kholodenko [2004] provided examples of biological systems that have evolved in a modular 
fashion and, in different contexts, perform the same basic functions. Each module, grouping several cell components and reactions, 
generates an identifi able function (e.g. regulation of a certain reaction, gene expression, etc.). More complex functions, such as 
regulatory networks, synthesis networks, or metabolic cycles can be builtup using the building blocks rules of the emergent Synthetic 
Biology are described by Heinemann and Panke [2006]; Qian et al. [2017]; Maria [2018,2023]. Among other advantages, the novel 
“mechanistic silicon cell WCVV” math modelling framework is particularly very suitable to simulate the regulatory circuits, like 
GERMs, GRCs, and to construct GRC-s from linking GERM-s in chains, as exemplifi ed in this work.

The emergent Synthetic Biology [Benner and Sismour, 2005], “interpreted as the engineering-driven building of increasingly 
complex biological entities” [Heinemann and Panke, 2006; Qian et al.,2017], aims at applying engineering principles of systems 
design to biology with the idea to produce predictable and robust systems with novel functions in a broad area of applications [Voit, 
2005; Heinemann and Panke, 2006; Qian et al.,2017] such as therapy of diseases (gene therapy), design of new biotechnological 
processes, new devices based on cell-cell communicators, biosensors, etc. By assembling functional parts of an existing cell, such as 
promoters, ribosome binding sites, coding sequences and terminators, protein domains, or by designing new GRC-s on a modular 
basis, it is possible to reconstitute an existing cell or to produce novel biological entities with new properties.

One exciting application of GMOs, due to its very high economic impact is those of improvement of industrial 
biosyntheses. Over the last decades, the general tendency is to replace the classical chemical synthesis (energy-intensive, 
and producing large quantities of hazardous waste), with enzymatic reactions [Liese et al., 2006]. Recent improvements 
in the synthetic biotechnology and production of modifi ed enzymes using GMOs, exhibiting desired functions, allowed a
considerable progress in industrial enzyme technologies and various other applications [Gavrilescu and Chisti, 2005]. Enzymatic 
reactions using modifi ed (improved) enzymes, displaying a high selectivity and specifi city, are attractive bioengineering routes 
to obtain a wide range of products in food, pharmaceutical, detergent, and textile industry, biochemical synthesis, or presenting 
challenging applications in medical tests, bio-sensor production, or emerging bio-renewable energy industries [Wang, 2009; Liese 
et al., 2006]. Isolated (free, suspended), or immobilized enzymes (on a suitable porous support) have been used in large-scale 
industrial reactors for more than sixty years, competing in terms of effi ciency with the classical chemical synthesis pathways. 
Biocatalytic processes produce less by-products, consume less energy, and generate less environmental pollution, with using smaller 
catalyst concentrations and much moderate reaction conditions (Figure 1-8) [Moulijn et al., 2001]. New efforts are invested in the 
protein engineering (molecules/enzymes design), also implying various chemical and physical manipulations, coupled with bioactive 
nano-structure fabrication aiming at optimizing the carrier materials’ structure to improve the enzyme/biomass stability and its 
catalytic effi ciency. Such efforts are trying to overcome most of diffi culties related to the industrial use of biocatalysts concerning 
the high costs of producing enough stable and long lifetime enzymes/biomass (cell culture), their high sensitivity to operating 
conditions and impurities, too high substrate specifi city, and diffi cult process controllability due to their variable characteristics. 
Here it is worth noting that the product cost is also closely related to the production capacity, and market requirements (Figure 1-12).

Figure 1-7: The strong connection and equivalence between “Systems biology”, and “Bioinformatics” [Hempel, 2006].
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Because the isolated/immobilized enzyme/biomass is usually the most expensive raw-material of the biochemical/biological 
process (Figure 1-8), especially when the biocatalyst is obtained from GMO organisms, the right choice and optimization of industrial 
enzymatic reactors (Figure 1-9) is a classical but a subject of still high interest. As enzymatic/biological processes are usually much 
slower than the chemical catalytic ones (Figure 1-8), the reactor suitable choice (continuous mixing vs. plug-fl ow), the enzyme 
utilization (free-enzyme vs. immobilized enzyme in gel/solid beads), and the operation mode (batch/semi-batch vs. continuous 
reactors) are the main problems to be solved by the engineers (Figure 1-9). Structured information on the enzyme/biomass culture 
characteristics (stability, activity, sensitivity to operating conditions and to products), on the immobilization possibilities, and on 
the process kinetics is essential when deciding on the process optimal scaling-up alternative. When a process model is available, 
application of the engineering computation rules, extensively described in section 1.3 and by Maria [2012] are usually used to evaluate 
the reactor effi ciency and suggest its operation optimization alternatives.

To optimize the design and operation of enzymatic/biological reactors, Maria [2012] developed a modular simulation platform to 
simulate and compare the performances of various enzymatic/biological reactors, aiming at determining the optimal constructive 
and operation mode for a given enzymatic/biological process of known kinetic characteristics, and known kinetic model (Figure 1-10, 
Figure 1-11). By using ideal simulation models for the main reactor types [Moser,1988; Dutta, 2008; Froment and Bischoff, 1990; 
Maria,2020a], that is:

Figure 1-1: A simplifi ed representation of the hybridoma technology used to produce monoclonal antibodies (mAbs)/vaccines [adapted from wikipedia, 2023]. [Right]
Oversimplifi ed “scheme of a BR or a FBR used to conduct biological processes. In the BR operating mode, substrate(s), biocatalyst, and additives are only initially loaded in 
recommended amounts (concentrations). In the FBR operating mode, the substrate(s)/biocatalyst, and additives (nutrients, pH-control substances, etc.) are continuously 
fed, following a certain (optimal) policy, to be determined”[Maria, 2020a]. The FBR presents a similar construction to a BR, and similar modelling hypotheses. However, 
unlike BR, the reactants and/or biocatalyst are added during the batch, following a time-step-wise variable (optimal) policy, to be determined offl  ine [Maria,2020a], or on-line 
[Loeblein et al., 1997].

Figure 1-8: Advantages of industrial enzymatic, and biological processes vs. classical chemical catalysis (synthesis). [Bottom Right] Production cost structure in the case 
of biosyntheses with free enzyme (or free biomass), compared to those with immobilized enzyme (or biomass). Adapted from [Moulijn et al., 2001; Maria, 2018].
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BR - batch reactor with initial addition of the biocatalyst, substrate(s), to be determined by applying an optimization procedure;

BRP - is a BR with an intermittent addition of enzyme or substrate(s), with a frequency, and in quantities to be determined by 
applying an optimization procedure;

SBR (semi-batch), or FBR (“fed-batch”, for biological processes) reactor, with a constant or a variable feed fl ow rate of 
substrate(s)/biocatalyst;

MA(S)CR - mechanically agitated (semi)continuous reactor with free (suspended), or immobilized biocatalyst on porous particles;

FXBR - fi xed-bed continuous reactor with the biocatalyst immobilized on porous support packed in fi xed-bed columns (Figure 
1-11).

Figure 1-12: Cost-to-world production relationship. [Up-right]. The production cost structure for several industrial products. Adapted from [Moulijn et al., 2001].

Figure 1-19: Evolution of Systems Biology from the empirical cell models [Noble, 1962] to modelling whole organs [Noble, 2002].
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The simulation platform of Maria [2012] allows considerable savings in the design effort, and reactor operation optimization, by 
minimizing the biocatalyst consumption without any loss in the target productivity.

When design a GMO for a certain application, a lot of costly experimental effort can be saved if an in-silico computational 
technique is used, by using a structured, modular, deterministic, hybrid kinetic model (SMDHKM) of the bioprocess (section 3).

Such a hybrid SMDHKM modular math model can link the cell metabolism (including the essential modules of the central 
carbon metabolism CCM, and the GRC responsible for the target metabolites’ synthesis) to the reactor macro-scopic state-variables 
[Maria,2023]. As proved by Maria [2017b,2018,2023] such models are the most comprehensive mean for a rational design of GMOs 

Figure 1-9: Criteria to choose the enzymatic reactor after [Maria, 2012].

Figure 1-10: The principle of model-based evaluation of enzymatic/biological reactor performances. Adapted after [Maria, 2012].
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[Sotiropoulos and Kaznessis, 2007; Maria, 2018,2023]. By chance, such a “building blocks” cell structure is computationally very 
tractable when developing cell reduced dynamic models, by defi ning and characterizing various metabolic sub-processes, such as: 
regulatory functions of the gene expression regulatory modules (GERM) and of genetic regulatory circuits (GRC), enzymatic reaction 
kinetics, energy balance functions for ATP(ADP/AMP) renewable system, electron donor systems of the NADH, NADPH, FADH, 
FADH2 renewable components, hydrophobic effects; or functions related to the metabolism regulation (regulatory components / 
reactions of the metabolic cycles, gene transcription and translation); genome replication / gene expression regulation (protein 
synthesis, storage of the genetic information, etc.), functions for cell cycle regulation (nucleotide replication and partitioning, cell 
division). (Figure 1-2) [Maria,2017a, 2017b, 2018]. When modelling GRC-s under the WCVV modelling framework, by chance, the 
number of interacting GERM-s is limited, one gene interacting with no more than 23-25. [Kobayashi et al., 2004; Maria, 2017a,2018].

Thus, the emergent research area of Systems Biology dealing with in-silico design of GMOs has caught the contour and developed 
exponentially over the last 2-3 decades (as the number of Scopus citations proved it).

1. 3. Why in-silico (model-based) design of GMOs ? Systems biology and Synthetic biology

The classical way used by the biologists to obtain GMOs is those to induce genome modifi cations in micro-organisms by using 
a mutagen vector [Puga and Wallace, 1998], then different strained are isolated and studied to separate and multiply the desirable 
one (an example in given in Figure 1-1). Such an experimental procedure is time consuming (years) and very costly. By contrast, if 
an adequate math (kinetic) model of the essential CCM modules of the cell is available, the in-silico route is faster and allows an easy 
investigation of a large number of GMO (virtual) alternatives [Maria, 2018; Maria et al., 2011; Maria, 2021]. One of the limitations of 
this in-silico route is related to the preliminary effort to acquire enough information (from databanks, and separate experiments), 
and to the very large computational effort to obtain and to validate an enough adequate SMDHKM math model of the target metabolic 
process. Such bioinformatics tools are often used to shorten the computational effort and to better manage the huge quantity of 
information from -omics databanks and, in particular, gene expression data [Das et al.,, 2010; Luscombe et al., 2001; Lopresti, 2010; 
Agbachi, 2017; Xiong, 2006137].

In short, the WCVV kinetic models of CCM, GERM-s, and GRC-s, eventually integrated and linked to the macroscopic state 
variables of a bioreactor dynamic model, in a so-called hybrid SMDHKM model (structured, modular, deterministic, hybrid kinetic 
model) can be used for various in-silico analyses, such as:

1). In-silico design of genetically modifi ed micro-organisms (GMO) (section 3);

2). To characterize the GERM regulatory effi ciency, and various local or global (cell level) regulatory properties, such as (details 
are given in section 2.2.3):

Figure 1-11: Optimal choice of enzymatic/biological reactors according to the simulation platform and rules of Maria [2012]. Some examples are given by Maria [2020a]
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A. the role of the high cell-”ballast” in “smoothing” the effect of internal/external dynamic/stationary perturbations of the cell 
system homeostasis;

B. the secondary perturbations transmitted inside the whole cell via the cell volume;

C. the system isotonicity constraint reveals that every inner primary perturbation in a keyspecies level (following a perturbation 
from the environment) is followed by a secondary one transmitted to the whole-cell via cell volume;

D. allows comparing the regulatory effi ciency of various types of GERM-s;

E. allows a more realistic evaluation of GERM regulatory performance indices;

F. allows studying the recovering/transient intervals between steady-states (homeostasis) after stationary perturbations;

G. allows studying the species connectivity;

H. allows studying the conditions when the system homeostasis intrinsic stability is lost;

I. allows studying the cell / GERM-s self-regulatory properties after a dynamic/stationary perturbation, etc.

J. allows studying the plasmid-level effects in cloned cells.

K. allows simulation of the cell homeostasis (balanced growth), that maintain the intracellular homeostasis while growing 
auto-catalytically on environmental nutrients present in variable amounts.

3). To build-up modular regulatory chains (GRC-s) of various complexity. An example is provided by [Maria and Luta,2013];

4). To prove the feasibility of the cooperative vs. concurrent construction of GRC-s that ensures an effi cient gene expression, 
system homeostasis, proteic individual functions, and a balanced cell growth during the cell cycle;

5). To prove that the classic (“default”) kinetic modelling approach (WCCV, “constant-cell-volume, non-isotonic system”, 
section 2.1) is erroneous compared to the novel WCVV kinetic modelling framework, by leading to distorted and wrong 
simulation results and conclusions (section 2.3) [Maria et al., 2018d]. In such a way, the novel WCVV cell kinetic modelling 
approach replaces the wrong classical (default) WCCV modelling methodology, thus correcting the distorted and false/wrong 
predictions of WCCV cell kinetic models largely used in the literature;

6). Experimental validation of the GERM / GRC modular lumped WCVV kinetic models was done by using the recorded 
dynamics of state-variables in a batch or a fed-batch bioreactor [example of Maria and Luta,2013], or from using the 
literature data [e.g. Yang et al., 2003], or by using the bio-omics databanks [like KEGG,2011; Ecocyc,2005]. The rate
constants of the GERM / GRC modular kinetic models were estimated from solving the steady-state (QSS) model equations 
with using the stationary (homeostatic) concentrations of the key-species [from bioomics databanks], and by imposing 
some holistic regulatory properties [Maria and Scoban, 2017,2018] (see the paragraph “Rate constant estimation in the WCVV 
kinetic models” in the section 2.2.1).

7). The use of the novel WCVV math modelling framework to obtain modular, deterministic, structured, hibrid SMDHKM dynamic 
models, linking the macroscopic state-variables of the bioreactor to the cell (nanoscopic) state-variables belonging to the 
CCM, GRCs, thus offering a more precise and a more detailed (as no. of state variables) predictions of the bioreactor/biomass 
dynamics. Such complex kinetic models are used for in-silico engineering evaluations for various purposes, such those of 
section 3, and the following ones [Maria and Luta,2013; Maria,2021; Maria and Renea, 2021; Maria,2014b]:

A). to simulate the essential parts of the central carbon metabolism (CCM), such as: glycolysis, TCA cycle, ATP recovery system, 
under stationary, or oscillating conditions Maria, 2014a, 2021];

B). to simulate the dynamics of various cell systems, and to generate the cell metabolic fl ux analysis aiming to in-silico design 
of GMOs; examples include: the mercury operon expression Maria and Luta,2013]; the tryptophan operon expression [Maria 
and Renea, 2021; the succinate synthesis [Maria et al.,2011], etc.;

C). to simulate and/or design various genetic regulatory circuits (GRC). Examples include: genetic switches (biosensors, [Maria, 
2014b]), genetic amplifi ers (ex. Mercury-operon quick expression in E. coli, [Maria and Luta,2013; Maria,2023), etc.

D). to in-silico, off-line derive optimal operating policies of bioreactors, with a higher precision and level of detail [Maria and 
Luta,2013; Maria and Renea, 2021].

The present section makes a short review of the (bio)chemical engineering (ChBPE) principles and deterministic modelling rules 
used by the Systems Biology for modelling cellular metabolic processes aiming to in-silico design GMOs with desired characteristics, 
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useful in the biosynthesis industry. This involves application of the classical modelling techniques (mass balance, thermodynamic 
principles), algorithmic rules, and nonlinear system control theory. The metabolic pathway representation with continuous and/or 
stochastic variables remains the most adequate and preferred representation of the cell processes, the adaptable-size and structure 
of the lumped model depending on available information and the utilisation scope [Maria,2017b,2018].

Exemplifi cations includes dr. Maria’s experience on improving several bioprocesses, that is: 1) In-
silico design of a genetic switch in E. coli with the role of a biosensor, [Maria,2007,2009,2014b]; 2) In-silico
design of a cloned E. coli with a maximized capacity of mercury uptake from wastewaters [Maria, 2009b, 2010; Maria et al.,2013; 
Maria and Luta, 2013; Scoban and Maria, 2016; Maria et al., 2017d]; 3) In-silico design of a genetic modifi ed E. coli with a maximized 
capacity of succinate (SUCC) production [Maria et al., 2011 ]; 4) In-silico characterize the glycolytic oscillator in E. coli [Maria et al., 
2014a, 2018b,2018e]; 5) In-silico determine and check a GMO of E. coli , together with the FBR bioreactor optimal operating conditions 
with suspended biomass which can lead to maximization of the tryptophan production [Maria et al., 2018a; Maria and Renea, 2021].

1.3 .1. Systems Biology - pioneering works and preliminary considerations

 Systems Biology defi ned as “the science of discovering, modelling, understanding and ultimately engineering at the molecular 
level the dynamic relationships between the biological molecules that defi ne living organisms” (Leroy Hood, Inst. Systems Biology, 
Seattle [2017]) is one of the modern tools which uses advanced mathematical simulation models for in-silico design of GMOs that 
possess specifi c and desired functions and characteristics with various uses (gene therapy of diseases in medicine; industrial 
biosyntheses; production of vaccines; new devices based on cell-cell communicators, biosensors, etc.).

To confer new characteristics, properties, and desired functions to a living cell, the metabolic fl uxes (i.e. the stationary reaction 
rates of the metabolic enzymatic reactions, under quasi steady state, that is at homeostatic, balaced growth conditions) must be 
changed. These metabolic fl uxes are mainly determined by the environmental conditions (substrate/nutrients availability), but 
also by the characteristics of the enzymes catalyzing the metabolic reactions. Among the pioneers in modelling biological systems 
(Figure 1-13), the famous cryptanalyst Alan Turing published on 1952 the paper “The chemical basis of morphogenesis” [Turing, 
1952], by proving that there is a (bio)chemical reaction basis of metabolic processes. Studies on this subject were amplifi ed after 
the famous question formulated by the distinguished physicist Erwin Schroedinger in his famous lecture at Trinity College Dublin 
on 1943, “What is life?”. The emergent fi eld of such efforts is the so-called ‘gene circuit engineering’ (GCE) and a large number of 
examples have been reported with in-silico re-creation of genetic regulatory circuits GRC-s conferring new properties/functions to 
the mutant cells (i.e. desired ‘motifs’ in response to external stimuli) [Maria,2017a; Myers, 2009]). By taking into account that the 
genes (generically denoted by G ) from the cell genome and the cell proteins (generically denoted by P ) form pairs (G/P), as long 
as the protein synthesis is based on the information owned by its encoding gene, it results that it exists a direct relationship gene - 
metabolic fl ux made via the expressed encoded enzyme (Figure 1-14). Any fl ux change must follow the subsequent steps:

i). to change a certain cellular fl ux, the properties of the concerned enzyme (protein - P) should be changed: it should be over-
expressed, under-expressed, or even it needs to be removed;

ii). the previous step implies that the G-encoding gene expression must be changed accordingly;

iii). the previous steps involve: a) either removal of that gene from the genome (“gene knockout”), or b) its substitution with 
another gene (plasmids) from another micro-organism, or c) gene copynumbers amplifi cation (by cloning with target 

Figure 1-13: Pioneers in modelling biological systems [Maria, 2018].
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plasmids), or d) inhibition of the target gene expression, to decrease the encoded enzyme concentration, and thus to better 
control the target reaction. The Figure 1-14 exemplifi es in brief the control of the tryptophan (TRP) synthesis, through the 
control of the TRP-synthase expression. The (Figure 1-15), and Figure 1-16) indicate the main techniques to be applied to 
obtain GMOs, and some of the diffi cult problems to be solved when applying in-silico design of GMOs.

The last way is often chosen because characteristics of an enzyme is in fact a property of the whole cell metabolic system, as 
proved by the Metabolic Control Analysis (MCA)[Kacser and Burns, 1973], through the so-called “summation theorem” (i.e. the 
control steps and coeffi cients are “global” properties, being a “systemic property” of the metabolic systems, dependent on all of its 
elementary steps; see [MCA Web, 2004; Heinrich and Schuster, 1996].

The change of properties of only one enzyme from the CCM should be made with caution, because, as proved by the Metabolic 
Control Analysis (MCA), the characteristics of an enzyme is in fact a property of the whole cell metabolic system [Kacser and 
Burns, 1973], through the so-called “summation theorem”. That is, the control steps and coeffi cients are “global” properties, 
being a “systemic property” of the metabolic system, being dependent on all of its elementary steps [MCA Web, 2004; Heinrich and 
Schuster, 1996].

Due to the large number of genes [of the order,0(3-4) ], and the very high complexity of the gene interactions (even if one gene 
interacts with no more than 23-25 other genes, according to Kobayashi et al. [2004]), the only rational approach of the GMO design 
problem, and of modelling the kinetics of complex GRC is to use the math modelling tools of bioinformatics, systems biology, (bio)
chemical engineering, and nonlinear systems control theory [Maria, 2017, 2017a; Sotiropoulos and Kaznessis, 2007].

Figure 1-14: The direct link between genome and the metabolic fl uxes of the cell [Noble, 2006; Alberts et al., 2002].

Figure 1-15: Some usual biological methods to alter the cell genome [Alberts et al., 2002].
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Additionally, due to the modular structure of GRCs [Maria, 2017a,2017b,2018,2005,2006,2007,2009], the modular GRCs dynamic 
models, of an adequate mathematical representation, seems to be the most comprehensive mean for a rational simulation and design 
of the regulatory GRC with a desired behavior [Sotiropoulos and Kaznessis, 2007].

The economic advantages offered by novel (modifi ed) enzymes in the industrial biosyntheses are very important, that is (Figure 
1-8): high selectivity and yields, less by-products, less consumed energy (processes occurring at low temperature and pressure), less 
environmental pollution, required small concentration of biocatalyst. Besides, a few numbers of enzymatic reactions can replace a 
large number of successive diffi cult chemical steps occurring under severe conditions.

All these, fully justify the quickly increase in the production of novel enzymes by protein engineering (using GMOs), and in the 
production of novel biocatalyst supports [Buchholz and Hempel, 2006; Hempel, 2006], and also the strong impulse given to the 
development of the so-called “Computational Systems Biology” [Kitano, 2002], based on advanced math models, and extended 
-omics databanks.

The connection principle between the gene expression, enzymes, and reactions, for one or several interfering enzymes is shown 
schematically in the Figure 1-58 [Mao et al. 2015]. Sometimes, interference among gene expressions is modeled by using simple 
linear (empirical) models [Zak et al.,2005; de Jong et al.,2003; Casey et al.,2006].

1.3. 2. Systems Biology - a very short history

 The in-silico GMOs design subject belongs to the Systems Biology topics. According to Leroy Hood [Inst. Systems Biology, 
Seattle, 2017], Systems Biology is defi ned as “the science of discovering, modelling, understanding and ultimately engineering 
at the molecular level the dynamic relationships between the biological molecules that defi ne living organisms”. Consequently, 
Systems Biology is a modern tool, which uses advanced mathematical simulation models for in-silico design of GMOs that possess 
specifi c and desired functions and characteristics. The metabolic pathway representation with continuous and/or stochastic variables 
remains the most adequate and preferred representation of the cell processes, the adaptable-size and structure of the lumped model 
depending on the available information and on the utilisation scope [Maria, 2017,2017a,2017b].

At this point, it is to underline that the living cells are evolutionary, auto-catalytic, self-adjustable structures able to convert raw 
materials from environment into additional copies of themselves (Figure 1-2)[Alberts et al.,2002; Westerhoff and Palsson, 2004]. 
Living cells are organized, self-replicating, evolvable, and responsive biological systems to environmental stimuli (see Figure 1-2), 
of a very high complexity (see an example in Figure 1-17).

The structural, functional, and temporal cell organization, including components and reactions (see Figure 1-2) is extremely 
complex, involving 0(102-4) components, 0(102-4) transcription factors (TF-s), activators, inhibitors, and at least one order of 
magnitude higher number of (bio)chemical reactions, all ensuring a fast adaptation of the cell to the changing environment [Maria, 
2017a; Maria, 2017b]. Relationships between structure, function and regulation in complex cellular networks are better understood 
at a low (component) level rather than at the highest-level [Stelling et al., 2002; Maria, 2017a; Maria, 2017b].

In spite of the near astronomic complexity of cell metabolism, attempts to develop math models of the metabolic processes, 
at a molecular level, are quite old. The early works belong to [Schrödinger, 1944; Wiener, 1948](Figure 1-13). But, it is the famous 
cryptanalyst Alan Turing who clearly proved the direct relationships between the (bio)chemical metabolic reactions, the metabolic 

Figure 1-16: Problems to be solved when applying in-silico design of GMOs.
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processes in living cells, and their morphogenesis [Turing, 1952]. When math modelling living cells, beside application of the ChBPE 
concepts and computational rules, there are to mention the applied concepts of nonlinear system control theory [Bertalanffy, 1933], 
especially in modelling GRCs [Heinrich and Schuster, 1996] (Figures 1-18,19). They introduced principles to describe systems with 
interacting components, applicable to biology, cybernetics, and other fi elds. Von Bertalanffy [1933] proposed that the classical laws 
of thermodynamics applied to the closed systems, to also be applied to the “open systems” such as living cells.

While the fi rst cell modelling attempts have been very empiric, being proposed by the electronics engineers [Hodgkin and 
Huxley, 1952; Noble, 1962](Figure 1-20). Over 40 years, Noble published a review paper [Noble, 2002](Figure 1-21), pointing-out 
the tremendous advanced in the Systems Biology for in-silico design of GMOs, or even tissues, by means of computational systems 
biology [Kitano, 2002; Ideker et al., 2001].

Later, such ‘electronic circuits-like’ cell models have been extensively used to understand intermediate levels of gene expression 
regulation, but they failed to reproduce in detail molecular interactions with slow and continuous responses to perturbations, and 
their correlation to the metabolic process dynamics. So, eventually, they have been abandoned.

It is around 1968, when Systems Biology begins to catch the contour as a border area between (bio)chemical engineering, nonlinear 
system control theory, bioinformatics, cell / molecular biology, numerical calculus, etc., as pointed-out in the literature:

“The real advance in the application of systems theory to biology will come about only when the biologists start asking questions 
which are based on the system theoretic concepts rather than using these concepts to represent in still another way the phenomena 
which are already explained in terms of biophysical or biochemical principles. Then we will [...] have [...] a fi eld of Systems Biology” 
[Mesarovic, 1968].

The fi rst attempts to model the cell metabolism include modest topological models belonging to the so-called Metabolic Control 
Analysis (MCA), [Kacser and Burns, 1973; MCA Web, 2004; Heinrich and Schuster, 1996](Figure 1-18, and (Figures 1-22,23). Such 
structure-oriented analyses ignore the mechanistic details and the process kinetics, and they try in an unsuccessful way to use the 
network topology to quantitatively characterize to what extent the metabolic reactions determine the cell fl uxes and the metabolic 
species concentrations [Heinrich and Schuster, 1996]. Briefl y, the MCA is focus on using various types of sensitivity coeffi cients (the 
so-called ‘response coeffi cients’), which are quantitative measures of how much a perturbation [infl uential variable x(j)] affects the 
cell-system states y(i) (e.g. r = reaction rates, J = fl uxes, C = concentrations), by perturbing its “Quasi-Steady-State” (QSS, of index 

‘s’), i.e. S(y(i);x( j)) [( y(i) / y(i,s)) / ( x( j) / x( j,s))]   . The systemic response of fl uxes or of concentrations vs. perturbation parameters 
(i.e. the ‘control coeffi cients’), or of the reaction rates to perturbations (i.e. the ‘elasticity coeffi cients’) have to fulfi l the so-called 
‘summation theorems’, which refl ect the network structural properties, and the ‘connectivity theorems’ related to the properties of 
single enzymes vs. the system behaviour.

Originally, MCA has been introduced by Kacser and Burns [1973]; Heinrich and Rapoport [1974]; Burns et al. [1985] to quantify 
the rate limitation in complex enzymatic systems. The MCA theory has been shortly followed by a large number of improvements, 
mainly dealing with the control analysis of the stationary states, by pointing-out the role of particular reactions and cell components 
in determining certain metabolic behaviour. Successive extensions of such defi nitions allow try to overcome the basic MCA 
drawbacks. Thus, the novel MCA developments allow: a) to study any limit set for non-steady / time dependent conditions; b) the 
fl ux balance analysis (FBA) and their optimization possibilities; c) elementary mode analysis (EMA). The elementary modes defi ne 
the minimal realizable fl ow patterns through a biochemical network that can sustain a steady state. Their number, determined from 
the independent eigen-vectors of the system Jacobian matrix, is related to the system essential enzymes. d) dynamic fl ux balance 
analysis (DFBA); e) extreme pathway analysis (ExPA); f) constrained based modelling of metabolic network (CBM). See the review of 

Figure 1-58: Examples of detailed gene–protein–reaction (GPR) associations. (1) Simple association, in which a single gene encodes a single enzyme. (2) Isozymes, in 
which multiple genes encode distinct proteins carrying out the same function. (3) Multimeric protein complex, wherein multiple genes encoding distinct protein subunits 
come together to form an active enzyme. (4) Multifunctional protein, in which a single protein can carry out multiple reactions. Adapted from Mao et al., [2015]. 
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Maria [2005,2017b]. MCA was very much applied in determining the metabolic fl uxes (i.e. the metabolic stationary reaction rates), 
by applying (non)linear optimization procedures, with applications in metabolic engineering, and GMOs design [Stephanopoulos et 
al.,1998; Edwards and Palsson, 2000; Klein and Heinzle, 2012].

In spite of their limitations, MCA methods present some advantages when a rapid CCM analysis is required: A) it is able to 
effi ciently characterize the metabolic network robustness and functionality, linked with the cell phenotype and gene regulation. B) 
MCA also allows a rapid but rough evaluation of the system response (especially the enzymes activity) to perturbations. C) Quickly 

Figure 1-18: Pioneers in modelling genetic regulatory circuits [Heinrich and Schuster, 1996]

Figure 1-20: First attempts to model metabolic cell processes are inspired from the electric circuit’s theory [Hodgkin and Huxley, 1952].

Figure 1-21: Evolution of Systems Biology from empirical cell models [Noble, 1962]  to modelling whole animal organs [Noble, 2002].
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determines the possibilities of control and of self-regulation for the whole analysed cellular pathway or of some CCM subunits. 
Functional subunits are metabolic subsystems, called ‘modules’, such as the amino acid or protein synthesis, protein degradation, 
mitochondria metabolic pathway, etc. [Kholodenko et al., 1998]. However, important limitations of MCA are related to i) the lack of 
any dynamic analysis of the metabolic system, ii) the system behaviour linearizations when computing the response coeffi cients; 
iii) omission of the infl uence of the cell variable volume and of the osmotic pressure; iv) neglect the regulatory modules dynamic 
response vs. stationary and/or dynamic perturbations. All these limitations make application of MCA to be quite limited.

Application of the adequate deterministic models when designing GMOs, seems to be more promising [Maria,2017b; 
Maria,2018,2021].

However, the deterministic models could have some limitations. First, they require extensive experimental and computational 
efforts to derive enough extended and adequate CCM kinetic models. Secondly, they encounter problems when reproducing the cell 
evolution. That is because the living cells are self-evolutive systems, caused by the environmental changes. Consequently: a) new 
reactions can be recruited by cells due to genetic mutations leading to novel produced enzymes; b) external inducers can activate 
genetic switches able to re-direct the cell metabolism toward more effective pathways [Maria,2007,2009,2014b,2018; Atkinson et 

Figure 1-22: The main types of math models used in Systems Biology:  topological, deterministic, Boolean, stochastic [Maria,2017a; Maria, 2017b; Maria, 2018].

Figure 1-23: Math models used in Systems Biology requires massive computational efforts and facilities [Maria, 2017b, 2018].
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al.,2003; Hlavacek and Savageau, 1996,1997; Savageau, 2001,2002; Wall et al.,2003]. Eventually, the environmental changes can lead 
to an increase in the cell biological organisation and to optimal performance indices.

1.3.3.  Systems Biology - modern concepts and tools

 With the accumulation of experimental information, and its storage in -omics databanks, the math models and algorithms 
dedicated to cell process simulation, and “Systems Biology” reported a sharply exponentially-like increase after 1990 (see the 
Scopus citations in this area).

Beside its quick development, and the novel concepts introduced in this topics, the defi nitions of Systems Biology existing in the 
literature have evolved accordingly, trying to better specify its importance in the in-silico study of the cell metabolism [Banga, 2008] 
(Figure 1-23), as followings:

i). “The science of discovering, modelling, understanding and ultimately engineering at the molecular level the dynamic 
relationships between the biological molecules that defi ne living organisms” [Leroy, 2017].

ii). “System Biology is a comprehensive quantitative analysis of the manner in which all the components of a biological system 
interact functionally over time” [Zak and Aderem, 2009].

iii). “Perhaps surprisingly, a concise defi nition of Systems Biology that most of us can agree upon has yet to emerge” [Ruedi 
Aebersold, Inst. Systems Biology, Seattle; http://www.systemsbiology.org).

“Systems biology, as defi ned by Ruedi Aebersold, is a holistic, quantitative approach to understanding biological systems by 
analyzing the interactions of all their components over time. It emphasizes the interconnectedness of biological components and 
aims to understand how these interactions lead to emergent properties of the system, which cannot be predicted from studying 
individual parts alone.”

iv). “The real advance in the application of systems theory to biology will come about only when the biologists start asking 
questions which are based on the system theoretic concepts rather than using these concepts to represent in still another way 
the phenomena which are already explained in terms of biophysical or biochemical principles. Then we will [...] have [...] a 
fi eld of Systems Biology” [Mesarovic (1968)[72]).

v). “The discipline of systems biology aims at understanding the dynamic interaction between components of a living system or 
between living systems.” (http://www.erasysbio.net/);

vi). “Systems biology is an approach by which biological questions are addressed through integrating experiments with 
computational modelling, simulation and theory, in iterative cycles.” (http://www.erasysbio.net/);

vii). “Mathematical modelling is not the fi nal goal, but it is a tool to increase understanding of the system, to develop more 
directed experiments and fi nally allow predictions.” (http://www.erasysbio.net/)

The use of modular dynamic models, of an adequate mathematical representation, seems to be the most comprehensive mean 
for a rational design of the regulatory GRCs and of modifi ed metabolic fl uxes in a CCM of a GMO with desired characteristics 
[Sotiropoulos and Kaznessis, 2007; Maria, 2017a, 2017b].

Here it is worth notice that living cells are extraordinarily complex machines, with an astronomical complex organization (Figure 
1-2), that exhibit remarkable behaviors including, most predominately, their selfreplication. Although much progress has been 
made in understanding the mechanism(s) underlying this behavior, further efforts on both experimental and theoretical fronts will 
be required to deepen our understanding of it. Towards this end are efforts to simulate global cellular behavior starting from the 
molecular level of detail [Palsson, 2000; Tomita, 2001; Kitano, 2002,2002b; Mori, 2004; You, 2004]. “Ideally, such whole-cell models 
would integrate massive amounts of biological information into compact, unambiguous and testable hypotheses which could be used 
to explore the entire panoply of cellular relationships in both healthy and diseased states [Ideker et al., 2001; Jansen, 2003; Lindon 
et al., 2004; Rao et al.,2005].” [Surovstev et al.,2007]”

The increasingly use of math models and numerical calculus when design GMOs, has several reasons (Figure 1-24 up to Figure 
1-29), as followings:

i). The tremendous increase of the computing power of the modern computers, allowing working with large and complex math 
cell models;

ii). Completion of various genome projects, by accumulating a huge amount of information about the cell processes. This allows 
starting the post-genomic era;
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iii). A tremendous increase in (experimental) data, stored in structured and integrated omics databanks (genomics, proteomics, 
metabolomics, fl uxomics, etc.), and advances in high-throughput experiments (Figure 1-24 up to Figure 1-29),

iv). An important experimental effort saving due to the use of in-silico numerical analyses (math model based).

Around 2000 the human genome has been deciphered (Figure 1-33), which has boosted Systems Biology development. 
Consequently, in the “post-genomic era” (after the “Human genome project, 1990-2003 [wikipedia,2025]) a large number of 
Systems Biology projects have been developed, and the number of dedicated publications increased near exponentially in Scopus 
(Figure 1-34). Among the structured cell simulators are to be mentioned some remarkable achievements (see also the reviews of 
[Maria, 2005, 2006]) (Figure 1-35). In parenthesis are given the main concepts (elements) of the software.

•  E-Cell (compartments, compounds, genes, reactions), able to simulate the whole or parts of the cell metabolism) [Tomita et 
al., 1999] (Figure 1-36)

Figure 1-24: Steps in the evolution of the emergent Systems Biology [Maria,2017b,2018], and occurrence of “integromics” between –omics databanks [https://omics.org/ 
File:Omics_matrix_and_integromics_20061103.gif].

Figure 1-29: EcoCyc biochemical databank [EcoCyc, 2005].
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• V-Cell (model, geometry, applications, biological interface) [Schaff et al., 2001].

• M-Cell (stochastic simulator of some cell sub-systems) [Bartol and Stiles, 2002] (Figure 1-37).

• A-Cell (electrical circuit’ like models) [Ichikawa, 2001] (Figure 1-37).

• Silicon-Cell (computer simulation of cell processes) [Westerhoff, 2001, 2006; Westerhoff and Palsson, 2004] (Figure 1-35, 
and Figure 1-36)

• Specifi c programming languages (example SBML), or on-line simulation platforms (JWS of Snoep and Olivier [2011]) (Figure 
1-25,26, and Figure 1-35).

• Single cell growth, e.g. Escherichia coli [Domach et al. 1984; Shuler, 1989; Browning and Shuler, 2001], Haemophilus infl uenzae 
[Schilling et al., 2000a; Schilling et al., 2000b], Mycoplasma genitalium [Tomita et al., 1999; Tomita,2001; Kinoshita et al., 
2001], yeast [Van Dien and Lidstrom, 2002; Kauffman et al., 2002], etc.

Figure 1-33: Around 2000 the human genome has been deciphered [Carbone and Tharoor, 2000].

Figure 1-34: Exponential-like increase of publications (Scopus indexed), and of EU projects on Systems Biology after 2000.
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• Modelling various metabolic oscillations. Examples include: a) Metabolism of the human red blood cells [Kauffman et al.,2002; 
Wiback and Palsson, 2002]; b) glycolysis, TCA cycle, oxidative phosphorylation [Heinrich and Schuster, 1996; Riznichenko, 
2002; Rensing et al.,2001; Wolf et al.,2000; Demin et al.,2001; Maria, 2014a] (Figure 1-39)

• Modelling the iron metabolism regulation under the WCVV framework [Hudder, Maria et al., 2002] (Figure 1-40);

• Modelling the amino acid synthesis [Stephanopoulos and Simpson, 1997; Maria,2023b; Maria et al., 2018a; Maria,2021; Maria 
and Renea, 2021];

• Metabolic control of protein synthesis regulation (GERM, GRC modelling), by using the novel WCVV framework [Maria, 
2017A,2017B,2018,2023; Maria, 2023a, 2024, 2024b, 2024c], or by using the classical framework [Chen et al., 1999; Drengstig 
et al., 2012; Komasilovs et al., 2017; Matsuura et al., 2017; Zhang et al., 2017]

• Modelling the CCM and glycolysis [review of Maria,2014a; Kurata and Sugimoto, 2017; Chassagnole et al., 2002]; review of 
Miskovic et al. [2015] (Figure 1-38)

• Topological FBA based design of GMOs [Blass et al., 2017] (Figure 1-41-43) [Stephanopoulos et al. 1998; Schuetz, et al., 2007; 
Price et al. 2004]. The FBA is working with matrix math models, and linear relationships to refl ect the cell system reaction 
network stoichiometry. Under dynamic conditions, dx/dt=S x v, where: S = the stoichiometric matrix;  v = the fl uxes vector; x 
= the species vector. However, solving a FBA problem to determine the cell system stationary fl uxes (v) translates into a (non)
linear programming problem ( NLP) under a signifi cant number of constraints [Stephanopoulos et al., 1998; Price et al.,2004]. 
Several solving alternatives have been reported in the literature.

• Model regulatory networks for gene expression by using Boolean ‘biocircuit’ models for E. coli [Shen-Orr et al. 2002; Mizuno, 
1997], for various prokaryotes [McAdams and Shapiro, 1995; McAdams and Arkin, 1997]. Protein synthesis using various 
models [Maria,2003,2005,2006,2007,2009,2014b, 2017a,2017b,2018; Yang et al., 2003; Maria and Scoban,2017,2018; Sewell et 
al.,2002].

• Cell cycles and oscillatory systems in yeast and eukaryotes, such as: a) limit-cycle oscillator models [Norel and Agur, 1991; 
Hatzimanikatis et al.,1999; Obeyesekere et al.,1999; Surovstev et al., 2007; Surovtsev et al., 2008]; cell size control, oscillation 
properties and hysteresis effects [Tyson and Novak, 2001]; key ingredients inducing oscillations [Tyson and Novak, 2001; 
Hallett, 1989; Maria et al., 2018b; Goldbeter, 1996; Morton-Firth and Bray, 1998; Novak and Tyson, 1997; Rensing et al.,2001; 
Reijenga et al.,2002].

• Modelling the drug release and cell-drug interactions. An example is provided by [Zhang et al. 2003; Maria, 2005b], that is 
the successive release of drug-ligands groups from a dendrimeric multi-ligand support with disulfi de bonds, in a reducing 
environment that can mediate the thiol-disulfi de exchange, that mimics the human plasma environment.

Figure 1-39: A comparison of the glycolysis model of [Chassagnole et al., 2002](left), and those of [Maria, 2014a] (right). Only the last one allows simulating glycolytic 
oscillations [Maria et al.,2018b].
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• Cellular communications, intracellular signalling, neuronal transmission, networks of nerve cells [Shimizu and Bray, 2002; 
Stiles et al. 1998; Ichikawa, 2001].

• Analysis of the “logical essence” of life, and the life fundamental requirements. [DeBeer and Kourie, 2000].

At the same time, the exponential-like increase of the experimental biological information leads to development of valuable 
-omics databanks, such as (Figure 1-25-29), known as KEGG [KEGG, 2011, KEGG pathway, 2011], JWS [Olivier and Snoep, 2004; Peters 
et al.,2017], EcoCyc [2005], Roche [Michal, 2014], etc.

However, it is only over the last decades when Systems Biology reported notable successes due to a considerable increase in 
the computing power of the modern computers. It is to mention here, for instance, the cell simulator platforms, and online model 
repository JWS of Olivier and Snoep, 2004; Peters et al.,2017], or those developed by Rocha et al. [2010], or by Tomita et al. [1999], 
together with the continuous expansion of the -omics databases (EcoCyc [2005]; KEGG [2011]), and reported advances in the numerical 

Figure 1-40: [LEFT] A cell simulator of Boolean type of CCM [Bower and Bolouri, 2001]. [RIGHT] Simulation of the iron metabolism in mitochondria under the novel WCVV 
modelling framework [Hudder, Maria, et al., 2002].

Figure 1-38: A review of the kinetic models for glycolysis, with specifi cation of the accounted number of species, reactions, and parameters [Maria, 2014a].
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algorithms used by bioinformatics, systems biology, (bio)chemical engineering, and by the nonlinear systems control theory [Maria, 
2017a,2017b,2018].

Due to such favourable premises, related to the expansion of -omics databanks, and cell metabolism dynamic models, novel 
works have been reported over the last decades. Among the milestone works in Systems Biology it is to mention the contributions 
in modelling / design of GRC, GERM, FBA, MCA of [Heinrich and Schuster, 1996; Torres and Voit, 2002; Cornish-Bowden, 2016; 
Brazhnik et al., 2002; Savageau, 2002, etc.]. The number of published papers in the Systems Biology area increases with two orders 
of magnitude from 2000 to 2007, and it is still exponentially increasing, most of them being founded by programs of the European 
Science Foundation (Figure 1-34).

As stated by Nandy [2017], and Sutherland [2005], tremendous applications of Systems Biology have been reported over the next 
decades in the below areas (Figure 1-44).

Figure 1-41: Flux balance analysis (FBA) is the main objective of metabolic engineering, and an essential preliminary step in design GMOs. [Schuetz, et al., 2007; 
Stephanopoulos et al.,1998].

Figure 1-42: Flux balance analysis (FBA) is working with matrix math models [Stephanopoulos et al., 1998]. Notations: S = the stoichiometric matrix; v = the fl uxes vector; 
x = the species vector.
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And, “in a context of increasing calls for biology to be predictive, modelling and optimization are the only approaches biology has 
for making predictions from fi rst principles...” [Banga, 2008]. Due to the computing facilities offered by the algorithmic rules 
developed by the (bio)chemical engineering and nonlinear systems biology rules (Figure 1-45, Figure 1-22, Figure 1-23, Figure 1-5, 
Figure 1-6), the developed cell math models use a vectorial-matriceal approach (section 2.1)(Figures 1-45,46), with a continuous 
model upgrading based on dynamic experimental data recorded in a chemostat (i.e. a continuously operated bioreactor), operated 

Figure 1-43: Solving a Flux balance analysis (FBA) problem translates into a (non)linear programming problem (NLP) [Stephanopoulos et al., 1998; Price et al.,2004].

Figure 1-25: [Left]. KEGG –omics databank [KEGG pathway,2011; KEGG,2011]. [Right] the JWS on-line cell simulators [Olivier and Snoep, 2004; Peters et al.,2017].
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under steady-state, or in a dynamic regime following an input perturbation in the substrate concentration in the solution fed in the 
bioreactor [Chassagnole et al. 2002; Blass et al., 2017](Figure 1-48).

So that, 40 years after the fi rst reported empirical models of living cells [Noble, 1962], the optimistic researchers advanced very 
ambitious targets, such as “Modelling the heart - from genes to cells to the whole organ” [Noble, 2002] (Figure 1-21).

As in all scientifi c controversies, sceptic opinions also exist, such as (Figure 1-46,47):

i). “In spite of a full mapping of the human genome which yielded a code of three billion letters, we are still far from a satisfactory 
answer to the question formulated by the distinguished physicist Erwin Schroedinger in his famous lecture at Trinity College 
Dublin in 1943: 

“What is life?”. However, two important observations was made by the world renowned physiologist Noble [2006]: a) “we must 
move away from our obsession with genes alone. We must look not at one level, but at the interaction of processes at various levels, 

Figure 1-26: KEGG databank - pathways [KEGG pathway,2011; KEGG,2011].

Figure 1-27: KEGG databank - fl uxomics [KEGG pathway,2011; KEGG,2011]
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from the real Systems Biology; b) The reductionist approach of molecular biology has proved itself immensely powerful. But DNA isn’t 
life.”

ii). These Systems Biology tools they really work? (http://www.systemsbiology.org/Systems_Biology_in_Depth). Some pessimists 
charge that systems biology is nothing more than “a fashion fad” that will pass once the hype dies down. Others maintain 
that systems biology is, in essence, a “repackaging of established concepts and methodologies” under a new description.

iii). And a third camp endorses the idea of systems biology as an enticing and powerful new discipline but thinks that it’s 
“premature” to be considered.

1.3.4.  Systems Biology - Application of chemical and biochemical engineering (ChBPE) concepts/rules when math 
modelling the metabolic processes

Most of GMOs used in the industrial synthesis are prokaryote cells (Figure 1-49). If one desires to change the cell metabolism, 
then the metabolic fl uxes (i.e. the stationary enzymatic reaction rates occurring inside cell) must be changed, or even deleted (Figure 
1-14, Figure 1-15). This can be done by changing the characteristics or even by removing certain enzymes catalyzing some reactions. 
As the cell enzymes are proteins expressed by their encoding genes, to change enzymes characteristics, it follows that genome has 
also to be changed, by one of the following alternatives (Figure 1-15) [Alberts et al., 2002]:

i) delete genes (i.e. “gene knock-out”, Maria, 2011),

ii) clone the cell with target plasmids, thus modifying the expression level and the encoded enzyme concentration (Maria, 2010),

iii) replace a target gene with another (Myers, 2009),

iv) in-silico (model-based) investigate the bioreactor operating conditions leading to signifi cant changes in the cell target fl uxes 
(Maria et al.,2018a,c).

v) Induce genome mutations by using a mutagen vector. A mutagen vector is a physical (x-rays, ionising radiation, etc.), or 
chemical, or a biological (plasmids, viruses, bacteria) agent that permanently changes the genetic material, usually DNA, 
in an organism and thus increases the frequency of mutations. [wikipedia, 2025], followed by a process of selecting the cell 
culture of desired characteristics (an example is given in Figure 1-1).

Besides, it is worth noting that the environmental conditions exert a major infl uence on the cell fl uxes. These inter-dependencies 
can be in-silico better investigated, by using SMDHKM kinetic models [Maria et al.,2018a; Maria et al.,2018e; Maria et al., 2018c].

All genome / proteome modifi cations can be much easily, and with less (experimental) cost investigated if an adequate 
(reasonably extended) dynamic model of the cell metabolism is available (Figure 1-50). Such a dynamic structured model (preferably 
of a SMDHKM type [Maria,2023]), can quickly predict the metabolic fl uxes and their dependence on the external, or enzymatic factors 

Figure 1-28: Roche biochemical databank [Michal, 2014].
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[Maria,2021; Maria et al., 2018b; Maria and Luta,2013]. Alternatively, the Flux Balance Analysis (FBA, [Stephanopoulos et al., 1998]), 
can be applied (Figure 1-41-43). Cell fl uxes can also be estimated by using the measured fl uxes of some metabolites in a chemostat 
(experimental bioreactor), together with a mass balance model of cell metabolites of interest, and applying an optimization method 
in the presence of system stoiciometric constraints (Figure 1-42, Figure 1-43)[Price et al., 2004; Banga, 2008]. Here it is also to 
mention the short review of Blass et al. [2017], about how to use FBA to obtain GMOs by also using the COBRA toolbox [Schellenberger 
et al., 2011] to re-construct reaction pathways by using KEGG REACTION database [KEGG, 2011; KEGG pathway, 2011].

To illustrate in a simple way how a kinetic model of a cell metabolic pathway can be used to design a GMO 
by using the classic ChBPE rules and algorithms, let us consider the problem of Hatzimanikatis et al. [1996] 
(Figure 1-51): to solve the NLP equivalent problem to design a GMO by re-confi guration of the metabolic pathway
for Phenyl-alanine synthesis in E. coli, in order to maximize its cellular synthesis.

That implies to modify the structure and activity of the involved enzymes, and modifi cation of the existing regulatory loops. 
Searching variables of the formulated mixed-integer nonlinear programming (MINLP) optimization problem are the followings: the 
regulatory loops (that is integer variables, taking “ 0 “ value when the loop has to be deleted, or the value “ 1 “ when it has to be 

Figure 1-48: Generate structured kinetic data (cell species dynamics) by using chemostat experiments with perturbed inputs (GLC concentration here, denoted as “glcex” 
here). [Chassagnole et al. 2002; Blass et al., 2017]. Such experiments have been used by Maria [2014a] to build-up a structured kinetic model of the glycolysis, able to 
simulate the glycolytic oscillations[right-down], under suitable environmental conditions [Maria et al., 2018b].

Figure 1-46: Sceptic opinions on Systems Biology [Maria, 2018].
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retained), together with the enzyme expression levels (that is continuous variables), and all these in the presence of the stoichiometric 
and thermodynamic constraints. To solve this complex optimization problem, two contrary objectives are formulated: maximization 
of the Phenyl-alanine selectivity, with minimization of cell metabolites’ concentration deviations from their homeostatic levels (to 
avoid an unbalanced cell growth). The elegant solution of the problem is the so-called Pareto-optimal front (Figure 1-52), which is 
the locus of the best trade-off between the two adverse objectives. By choosing two problem solution alternatives from this Pareto-
curve (Figure 1-52), it is to observe the large differences between the two pathways into the cell, fully achievable by using the genetic 
engineering.

In spite of the near astronomic complexity of the cell metabolism, including a large number of species and enzymatic reactions, 
various math cell models have been developed over decades, especially those concerning the CCM, see the brief review of Maria 
[2014a](Figure 1-32, Figure 1-38-40).

The fi rst attempts to model the cell metabolism includes modest topological models belonging to the so-called Metabolic Control 
Analysis (MCA, [Kacser and Burns, 1973; MCA Web, 2004; Heinrich and Schuster, 1996] (Figure 1-22). Such structure-oriented 
analyses ignore nonessential mechanistic details and the process kinetics, and use the only network topology to quantitatively 
characterize to what extent the metabolic reactions determine the fl uxes and metabolic concentrations [Heinrich and Schuster, 1996]. 
The MCA is focus on using various types of so-called “control coeffi cients”, or “elasticity coeffi cients” to express the response of 
stationary fl uxes or concentrations to perturbation parameters (internal or external species, fl uxes). Besides, these coeffi cients have 
to fulfi l the ‘summation theorems’, which refl ect the network structural (“whole cell”) properties, and the ‘connectivity theorems’ 
related to the dependence of a single enzyme activity on the whole system behaviour. 

When developing in-silico methods to obtain GMOs by optimizing the evolutionary metabolic systems, math models based on the 
cell bioprocess mechanism (that is the ‘structured’ models) are to be used.

Such metabolic models, elaborated in a reduced or in an extended form, have been proposed over decades by using the topological 
MCA, but also by using the deterministic approach of the CHBPE, and of the nonlinear system control concepts and tools (below 
described), by imposing one or more appropriate performance criteria, such as:

a. Maximize the biomass production,

b. Maximize the synthesis of a target metabolite,

c. Maximize target reaction rates (steady-state fl uxes);

d. Minimize the metabolic intermediate concentrations;

e. Minimize the transient times between two steady-states (QSS, homeostasis);

f. Optimize the reaction stoichiometry (network topology, by gene mutations);

g. Maximize the thermodynamic effi ciency, etc. [Heinrich and Schuster, 1996].

Figure 1-47: Defi ning concepts in the computational Systems Biology [Noble, 2006].
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Often, a multi-objective optimization is applied by combing several of the above objectives, to obtain a desired GMO (see for 
instance the application of Maria et al. [2011]). All these objectives are subjected to various mass balance, thermodynamic, and 
biological constraints (some of them formulated in an ‘artifi cial’ way) [Heinrich and Schuster, 1996]. However, by not accounting 
for the system dynamics, and grounding the analysis on only the linear system theory, the topological methods, like those of the 
MCA presents inherent severe limitations (see for instance some violations of the stoichiometric constraints discussed by Atauri et 
al. [1999], or the modifi ed control coeffi cients of Szedlacsek et al. [1996]).

As proved by Maria [section 3], the deterministic structured SMDHKM kinetic models developed under the novel WCVV modelling 
framework removes most of these shortcomings of the MCA, Booleanapproach, and of the classical (default) WCCV (‘whole-cell, 
constant volume’).

Amazing, but the fi rst pioneers in dynamic modelling of biological systems were not the (bio)chemical engineers, 
which are better trained in ‘translating’ from the ‘language’ of molecular biology to that of mechanistic (bio)chemistry, 

Figure 1-51: A simple example to solve the NLP problem to GMO design by reconfi guration of the metabolic pathway for Phenyl-alanine synthesis [Hatzimanikatis et al. 
1996].

Figure 1-52: The resulted Pareto-optimal front (of two contrary objectives, i.e. max. selectivity in Phenyl-alanine, and min. deviations in metabolites stationary concentrations) 
for solving the GMO design problem Fig. 1-51. Two alternative solutions have been obtained, defi ning two metabolic distinct confi gurations. [Hatzimanikatis et al. 1996].
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by preserving the structural hierarchy and component functions. The fi rst dynamic models of some cell processes have 
been reported by the electronics engineers [Hodgkin and Huxley, 1952; Noble, 1962]. Later, such ‘electronic circuits-like’ 
models have been extensively used to understand intermediate levels of regulation (for instance, the A-cell of Ichikawa 
[2001]), but they failed to reproduce in detail molecular interactions with slow and continuous responses to perturbations 
and, eventually, they have been abandoned. However, the electronics engineers underlined the main characteristics of the cell
systems, which must be included in any simulation model, that is (Figure 1-20):

I) the dynamic character of species interactions and processes [Sutherland, 2005];

II) the feedback character of processes ensuring their optimal regulation [Wolkenhauer and Mesarovic, 2005];

III) optimal regulation of the cell syntheses [Sutherland, 2005];

IV) All the above functions are met by consuming minimum of resources (nutrients/substrates), and cell energy;

V) All the above functions must ensure maximum reaction rates of the cell processes, with minimum levels of intermediate species 
[Heinrich and Schuster, 1996].

All these cell metabolic characteristics will be accounted in all the subsequent cell in-silico simulators based on extended 
mathematical models, that is the SMDHKM kinetic models developed under the novel WCVV modelling framework [Maria, 
2017b,2018,2023]. All these characteristics are in fully agreement to the Darwin theory “Living organisms have evolved to maximize 
their chances for survival; It explains structures, behaviours of living organisms.”(Figure 1-18). From such very incipient efforts to 
model-based design GMOs, 40 years latter it was Noble [2002] who pointed-out the tremendous advanced in the Systems Biology 
and in the in-silico design of GMOs, or even tissues, by means of computational systems biology [Kitano, 2002,2002b; Ideker et al., 
2001].

A review of mathematical model types used to describe metabolic processes is presented by [Maria, 2005; Styczynski and 
Stephanopoulos, 2005; Stephanopoulos et al., 1998]. Each model type presents advantages but also limitations.

Roughly, to model the complex metabolic regulatory mechanisms at a molecular level (i.e. GERMs, and GRCs), two main approaches 
have been developed over decades: 1) a structure-oriented (topological) analysis, and 2) the dynamic (kinetic), mainly deterministic models 
[Stelling et al., 2002]. Each theory presents strengths and shortcomings in providing an integrated predictive description of the 
cellular regulatory network.

Topologi cal models

The structure-oriented analyses ignore some mechanistic details and the process kinetics, and use the only network topology, the 
so-called ‘Metabolic Control Analysis’ (MCA) being focus on using various types of sensitivity coeffi cients (the so-called ‘response 
coeffi cients’), which are quantitative measures of how much environmental perturbations (infl uential variable xj ) affects the cell-
system states yj (e.g. r = reaction rates, J = fl uxes, C = concentrations) in a neighborhood of the steadystate (QSS, of index ‘s’), 

i.e.    / / /i is j js s
y y x x      . The systemic response of fl uxes (i.e. stationary metabolic reaction rates), or of concentrations to 

perturbation parameters (i.e. the ‘control coeffi cients’), or of reaction rates to perturbations (i.e. the ‘elasticity coeffi cients’) have 
to fulfi l the ‘summation theorems’, which refl ect the network structural properties, and the ‘connectivity theorems’ related to the 
properties of single enzymes vs. the whole cell system behaviour [Maria, 2005, Heinrich and Schuster, 1996].

The MCA methods present advantages, but also a large number of limitations. They are able to effi ciently characterize the 
metabolic network robustness and functionality, linked with the cell phenotype and gene regulation. Also, MCA allows a rapid 
evaluation of the system response to perturbations (especially of the enzymatic activity), the possibilities of control and self-
regulation for the whole cell pathway or of some CCM subunits. Functional subunits are metabolic subsystems, called ‘modules’, 
such as amino acid or protein synthesis, protein degradation, mitochondria metabolic pathways, etc. [Kholodenko et al., 1998]. 
Because the living cells are self- evolutionary systems, new reactions recruited by cells (by means of adaptive genetic mutations), 
together with enzyme adaptations (by genetic mutations) can lead to an increase in the cell biological organisation and to optimal 
regulatory performance indices (section 2.2). When constructing methods to optimize evolutionary metabolic systems, the use of 
MCA concepts and appropriate regulatory performance criteria, are used to: 1) maximize the metabolic reaction rates, and steady-
state fl uxes; 2) minimize the metabolic intermediate concentrations; 3) minimize the transient times between steady-states (QSS); 
4) optimise the reaction stoichiometry (network topology, genetic modifi cations); 5) maximize the thermodynamic effi ciency. All 
these objectives are subjected to various mass balance, thermodynamic, and biological constraints [Heinrich and Schuster, 1996 ] 
However, by not accounting for the system dynamics, and grounding the analysis on the linear system theory, these topological 
methods presents a large number of limitations. See for instance some violations of stoichiometric constraints discussed by Atauri 
et al., [1999], or the need to use corrected MCA coeffi cients [Szedlacsek et al., 1996].
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Structured  (mechanism-based) kinetic models

From the mathematical point of view, various structured (mechanism-based) dynamic (kinetic) models have been proposed 
to simulate the metabolic syntheses and their regulation, accounting for continuous, discrete, and/or stochastic variables, in a 
modular construction, ‘circuit-like’ network, or compartmented simulation platforms [Crampin and Schnell, 2004; Maria, 
2005,2006,2017b,2018,2023; Bower and Bolouri, 2001].

By applying various modelling routes, successful structured models have been elaborated to simulate various regulatory 
mechanisms of cell syntheses, that is GERMs and GRCs. [McAdams and Arkin, 1998; Mizuno, 1997; McAdams and Shapiro, 1995; 
Tyson and Novak, 2001; Somogyi and Sniegoski, 1996; Heinrich et al.,1977; Hyver and Le Guyader, 1990; Wuensche and Lesser, 
1992; Bray et al., 1993; Thomas et al.,1995; Tyson et al., 1996] In fact, as mentioned by Crampin and Schnell [2004], a precondition 
for a reliable modelling is the correct identifi cation of both topological and kinetic properties. As few (kinetic) data are present in a 
standard form, non-conventional estimation methods have been developed, by accounting for various types of information (even 
incomplete) and global cell (regulatory) properties. [Maria, 2004; Crampin and Schnell, 2004].

Briefl y, the math models used by Systems Biology are of the following four types.

Determinis tic continuous variables models

Such models can perfectly represent the cell response to continuous perturbations, and their structure and size can be easily 
adapted based on the available -omics data information [Maria, 2005, 2006,2017b,2018,2023; Heinrich and Schuster, 1996; 
Stephanopoulos et al., 1998; Bower and Bolouri, 2001; Chen et al., 1999]. As a special category, the deterministic structured SMDHKM 
kinetic models developed under the novel WCVV modelling framework removes most of these shortcomings of the MCA, Boolean-
approach, and of the classical (default) WCCV (‘whole-cell, constant volume’), as proved by Maria [section 2, and section 3].

Deterministic continuous variable models present a large number of advantages, such as:

i). They perfectly can represent the cell response to continuous perturbations [Maria,2002,2005,2006,2007,2009,2017a,201
7b,2018]; [Sewell et al.,2002]; [Heinrich and Schuster, 1996];

ii). Their structure and size can be easily adapted based on the available -omics databank information [Maria, 2005, 
2006,2017b,2018,2023; Heinrich and Schuster, 1996; Stephanopoulos et al., 1998; Bower and Bolouri, 2001; Chen et al., 1999].

iii). They can satisfactorily simulate GERMs and GRCs [Chen et al., 1999; Maria et al., 2002; Maria, 2002, 2005, 2006,2017b,2018,2023].

iv). The huge advantages coming from the used concepts, rules, and algorithms of the CHBPE, and of the nonlinear system 
control theory, briefl y reviewed in the (Figure 1-5, Figure 1-6, Figure 1-53, Figure 1-54) [Maria,2017].

Classical approach to develop deterministic dynamic models is based on a hypothetical reaction mechanism, kinetic equations, and 
known stoichiometry (see [Aris, 1969; Froment and Bischoff, 1990]). This route meets diffi culties when the analysis is expanded 
to large-scale metabolic networks, because the necessary mechanistic details and standard (structured) kinetic data to derive the 
rate constants are diffi cult to be obtained. However, advances in genomics, transcriptomics, proteomics, and metabolomics, lead to 
a continuous expansion of the bioinformatic omics databases, while advanced numerical techniques, non-conventional estimation 
procedures, and massive software platforms reported progresses in formulating such reliable cell models. Valuable structured dynamic 
models, based on cell biochemical mechanisms, have been developed for simulating various (sub)systems, [Maria,2005,2006,2007,2
009,2014a,2014b,2018,2023, 2021], or [Maria,2021; Maria and Luta,2013; Maria,2010; Maria and Renea,2021].

To model in detail the cell process complexity is a challenging and diffi cult task. The large number of inner cell species, complex 
regulatory chains, cell signalling, motility, organelle transport, gene transcription, morphogenesis and cellular differentiation 
cannot easily be accommodated into existing computer frameworks. Inherently, any model represents a simplifi cation of the real 
phenomenon, while relevant model parameters are estimated based on the how close the model behaviour is to the real cell behaviour. 
A large number of software packages have been elaborated allowing the kinetic performance of enzyme pathways to be represented 
and evaluated quantitatively (reviews of Maria [2005], and of Hucka et al. 2003]). Oriented and unifi ed programming languages 
have been developed, such as SBML Hucka et al. 2003], JWS [Olivier and Snoep, 2004; Peters et al. 2017], to include the bio-system 
organization and complexity in integrated platforms for cellular systems simulation (ECell, V-Cell, M-Cell, A-Cell, see section 1.3.3). 
Such integrated simulation platforms tend to use a large variety of biological databanks including enzymes, and -omics information, 
together with metabolic reactions [CRGM-database, 2002; NIH-database, 2004].

Development of deterministic dynamic models to adequately reproduce such complex synthesis related to the CCM [Maria, 2014a, 
2014b, 2021; Kurata and Sugimoto, 2017; Chassagnole et al., 2002; Miskovic et al., 2015] but also the genetic regulatory systems 
(GRCs) tightly controlling the metabolic syntheses reported signifi cant progresses over the last decades, in spite of the lack of 
structured experimental kinetic information, being rather based on sparse information from various sources and unconventional 
identifi cation / lumping algorithms [Maria, 2005,2017a,2017b,2018, 2021, 2014a,2004]).
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By applying various modelling routes, successful structured, deterministic dynamic SMDHKM kinetic models, with continuous 
variables (that is ODE species mass balances) have been elaborated to simulate various regulatory mechanisms [Maria, 
2005,2017a,2017b,2018, 2021, 2014a,2004]; [Tyson and Novak, 2001; Heinrich et al., 1977], or using stochastic variables [McAdams 
and Arkin, 1997; McAdams and Shapiro, 1995; Somogyi and Sniegoski, 1996]. Notation: ODE = ordinary differential equations. 
In fact, as mentioned by Crampin and Schnell [2004], a precondition for a reliable modelling is the correct identifi cation of both 
topological and kinetic properties. As few (kinetic) data are present in a standard form, non-conventional estimation methods have 
been developed, by accounting for various types of information (even incomplete) and global cell (regulatory) properties [Crampin 
and Schnell, 2004; Maria, 2002,2004,2005,2007,2009,2017a,2017b,2018; Maria and Scoban, 2017,2018; Maria et al.,2002].

In such deterministic models, due to the CCM very high complexity only the essential reactions are retained, the model extension 
depending on the measurable variables, and on the available information. An important problem to be considered is the distinction 
between the qualitative and quantitative process knowledge, stability and instability of involved species, the dominant fast and 

Figure 1-53: Some guidelines used in obtaining reduced dynamic models, according to [Maria, 2004, 2005b, 2019]. 

Figure 1-54: The role of the gene expression regulatory modules (GERM-s), and of the genetic regulatory circuits (GRC-s) [Maria,2017a, 2017b,2018], and of Maria  [2003,2
005,2006,2007,2009,2014].
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slow modes of process dynamics, reaction time constants, macroscopic and microscopic observable elements of the state vector. 
Such kinetic models can be useful to analyse the regulatory cell-functions, both for stationary and dynamic perturbations, to model 
cell cycles and oscillatory metabolic paths [Surovstev et al.,2007; Surovtsev et al., 2008, Sewell et al.2002], the effect of external 
perturbations on the cell metabolism and GRCs [Maria, 2002, 2005,2006,2007,2009,2017a,2017b,2018], and to refl ect the species 
interconnectivity or perturbation effects on cell growth. [Bower and Bolouri, 2001].

Boolean (d iscrete) variable models

The Boolean or topological approach can not characterize the dynamics of the metabolic processes.

Even if regulation mechanisms are not fully understood, metabolic regulation at a low-level is generally better clarifi ed, and 
conventional ordinary differential ( ODE) kinetic models with continuous variables, with a mechanistic description of reactions 
tacking place among individual species (proteins, mRNA, intermediates, etc.) have been proved to be a convenient route to analyse 
continuous metabolic / regulatory processes and continuous perturbations. When systems are too large or poorly understood, coarser 
and more phenomenological kinetic models may be postulated (e.g. protein complexes, metabolite channelling, etc.). In dynamic ODE 
models, only essential reactions are retained, the model complexity depending on measurable variables and available information. 
An important problem to be considered is the distinction between the qualitative and quantitative process knowledge, stability and 
instability of involved species, the dominant fast and slow modes of process dynamics, reaction time constants, macroscopic and 
microscopic observable elements of the state vector. Such ODE kinetic models can be useful to analyse the regulatory cell-functions, 
both for stationary and dynamic perturbations, to model cell cycles and oscillatory metabolic paths, and to refl ect the species 
interconnectivity or perturbation effects on cell growth. [Kobayashi et al. 2004].

Such a topological Boolean model is displayed in the (Figure 1-40) [Stelling, 2004; Bower and Bolouri, 2001; McAdams and Arkin, 
1998; McAdams and Shapiro, 1995; Somogyi and Sniegoski, 1996; Akutsu et al., 1998]. Due to the very large number of states 0(103 - 
104), and 0(103)of transcriptional factors (TF) involved in the gene expression, such GRC models are organized in clusters, modules, 
of a multi-layer organization (Figure 1-40) [Bower and Bolouri, 2001; Blass et al., 2017].

In the Boolean approach, the variables can take only discrete values. Even if less realistic, such an approach is computationally 
tractable, involving large networks of genes that are either “on” or “off” (e.g. a gene is either fully expressed or not expressed at 
all; Figure 1-40) according to simple Boolean relationships, in a fi nite space. Such a coarse representation is used to obtain a fi rst 
model for a complex bio-system including a large number of components, until more detailed data on the process dynamics become 
available. “Electronic circuits” structures. See an example in Figure 1-17, and Figure 1-37 [Ichikawa, 2001]. Such models have been 
extensively used to understand intermediate levels of regulation, but they cannot reproduce in detail molecular interactions with 
slow and continuous responses to perturbations. That is because they can not simulate the dynamics of the metabolic processes.

Even if regulation mechanisms are not fully understood, metabolic regulation at a low-level is generally better clarifi ed. Based 
on that, conventional dynamic models (ODE kinetics), with a mechanistic description of reactions tacking place among individual 
species (proteins, mRNA, intermediates, etc.) have been proved to be a convenient route to analyse continuous metabolic / regulatory 
processes and perturbations. When systems are too large or poorly understood, coarser and more phenomenological kinetic models 
may be postulated (e.g. protein complexes, metabolite channelling, etc.).

Stochastic  variable models

The stochastic models replace the ‘average’ solution of continuous variable ODE kinetics (e.g. species concentrations mass balances; 
ODE = ordinary differential equations) by a detailed random-based simulator accounting for the exact number of molecules present 
in the system (copy-numbers for a living cell). Because the small number of molecules for a certain species is more sensitive 
to stochasticity of a metabolic process than the species present in larger amounts, simulation via continuous models sometimes 
can lack of enough accuracy for random process representation (as cell signalling, gene mutation, etc.). For such random cell 
processes, the Monte Carlo simulators (stochastic models) are used to predict the individual species molecular interactions, while 
the rate equations are replaced by individual reaction probabilities, and the model output is stochastic in nature. Even if the required 
computational effort is extremely high, stochastic representation is useful to simulate the cell system dynamics for species present 
in a small copynumber, and/or of which spatial location is important [McAdams and Arkin, 1997; Shimizu and Bray, 2002; Gillespie 
and Mangel, 1981; Gillespie, 1977] (Figure 1-37).

Mixed varia ble models

Mixtures of ODE dynamic kinetic models (with continuous variables), with kinetic models including discrete state variables (i.e. 
“continuous logical” models), or mixtures of continuous ODE dynamic kinetic models (of continuous variables), with including 
stochastic terms can lead to promising mixed models able to simulate combined deterministic and non-deterministic cell processes 
[Bower and Bolouri, 2001].
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2. Determin istic continuous kinetic models constructed by using the chemical and biochemical 
reaction engineering (ChBRE) principles and tools

In the deterministic approach, the cell kinetic models correspond to ODE models with continuous variables. Ideally, such models 
should include the all species of the cell. This is practical impossible to be realized because of the astronomic-like complexity of the 
cell. The cell system includes a very large number of states 0(103 – 104), and 0(103) of transcriptional factors (TF) involved in the gene 
expression (GERMs, and GRCs), the CCM / GRC models includes only the key-species, and the metabolites of interest, and eventually 
lumped species and/or reactions. The deterministic kinetic models take the advantage of the structural organization of living cells 
(Figure 1-2). The cell CCM / GRCs are organized in clusters, modules, of a multi-layer organization (Figure 1-2, Figure 1-40, Figure 
1-17) [Bower and Bolouri, 2001; Blass et al., 2017].

In other words, the CCM includes a certain number of subunits. Functional subunits are metabolic subsystems, called ‘modules’, 
such as the amino acid or protein synthesis, protein degradation, mitochondria metabolic pathway, etc. [Kholodenko et al. 1998]. In 
particular, protein synthesis homeostatic regulation (a chain of GERM modules organized in a GRC) includes a multi-cascade control 
of the gene expressions with negative feedback loops and allosteric adjustment of the enzymatic activity Kholodenko [2000]; Sewell et 
al. [2002]. In the case of modelling GRCs, by chance, the number of interacting GERMs is limited, one gene interacting with no more 
than 23-25 [Kobayashi et al., 2004]. Such a modular construction of the cell models make them computationally very tracktable. It 
results that, a convenient way to model metabolic processes and regulatory networks is the modular approach. Spatial and functional 
compartments together with functional modules have been defi ned when developing complex cell simulation platforms: (E-Cell 
[Tomita et al., 1999], V-Cell [Schaff et al., 2001], M-Cell [Bartol and Stiles, 2002], ACell [Ichikawa, 2001]. Such integrated simulation 
platforms tend to use a large variety of biological databanks including enzymes, proteins and genes characteristics together with 
metabolic reactions (CRGM-database [2002]; NIH-database [2004]).

To avoid large deterministic models, diffi cult to be identifi ed, due to the lack of kinetic information, and diffi cult to be used, a 
lumping procedure should be applied (Figure 1-53).

Reduction in the cell model structure (via lumping of species, and reactions) is necessary due to the following reasons [Maria, 
2017a, 2017b, 2018];

- the high complexity of cell metabolic processes vs. available data

- large number of species, reactions, transport parameters, and species interactions

- low data observability and reproducibility

- metabolic process variability

- interpretable representation of cell complexity

- requirement to obtain quick simulations of the cell behaviour under various environmental conditions

- computational tractability and easier application of algorithmic rules from (bio)chemical engineering and numerical calculus

To exemplify such quick lumping rules, let us consider the classical (default) ODE kinetic model for a couple of cell and reactions 
inside the cell, that is the WCCV model.

The ODE deterministic models have been developed in two alternatives, [Maria et al., 2018d, 2018g]:

i). The classical (default) Whole-cell Constant Volume (WCCV) kinetic models [Maria, 2017a,2017b,2018,2023; Aris, 1969; Froment 
and Bischoff, 1990; Levenspiel, 1999].

ii). The novel Whole-cell Variable Volume (WCVV) of the cell metabolic processes (whole-cell, isotonic variable-volume) that 
maintain intracellular homeostasis while growing auto-catalytically on environmental nutrients present in variable amounts. This 
WCVV novel modelling framework was introduced by Maria [2002], and by [Maria et al., 2002], while the study of the WCVV properties 
are given by Maria over the interval [2005-2023] (see the reference list given in the book abstract).

2.1. Whole-cell  Constant Volume (WCCV) classical (default) kinetic models

Defi nitions:

Th e default “Whole-Cell Constant Volume” (WCCV) classical continuous variable ODE dynamic (kinetic) models of the cell 
processes, do not explicitly consider the cell volume exponential increase during the cell growth. When the continuous variable WCCV 
dynamic models are used to model the cell processes, the default-modelling framework is those of the WCCV formulation Eq.(1a). 
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The Eq.(1b) results from Eq. (1a), by defi ning the species concentration defi nition as Cj = nj/V. This transformation to the default 
kinetic model Eq.(1b) is valid if and only if the cell system presents a constant volume. Such a hypothesis is not valid for a cell system, 
of which the cell volume (cytoplasm) is growing continuously, becoming double after one cell cycle.

Such WCCV models do not explicitly consider the cell volume exponential increase during the cell growth. When such dynamic 
models Eq.(1a-c) are used to simulate the cell enzymatic processes, wrong results are expected because the hypotheses of a constant 
cell volume and, implicitly, of a constant osmotic pressure are not fulfi lled. To partially overcome these shortcomings, some WCCV 
models eventually account for the cell growing rate as a pseudo-’decay’ rate of key-species (often lumped with the degrading rate) 
in a so-called ‘diluting’ rate.

The formulation Eq.(1a-1c) assumes a homogeneous volume with no inner gradients or species diffusion resistance. The used 
reaction rate expressions for the metabolic reactions are usually those of ChBRE, that is of the extended Michaelis-Menten or of Hill 
type. Being very overparameterized and strongly nonlinear, parameter estimation of such WCCV models from quasi-steady-state 
(QSS) data (species concentrations) in the presence of multiple constraints translates into a mixed integer nonlinear programming 
problem (MINLP) diffi cult to be solved because the search domain is not convex, and the model is also highly nonlinear [Banga, 
2008; Maria,2004].

The term “whole-cell” (ideally) assumes that all the cell species (from cytosol and membrane) are included in the model 

(individually, or lumped), with the following copynumbers: 1 j nsn n n n   , and the corresponding concentrations:

1
1

j ns
j ns

nn nC C C C
V V V
 

         
 

.

where “ns” = number of cell species (taken individually or lumped). Then, the kinetic (dynamic) model of a cell process can be 
formulated as is Eq. (1a) in terms of copynumbers. This formulation (1a) assumes a homogeneous volume with no inner gradients 
or species diffusion resistance, similar to a batch ideal reactor [Froment and Bischoff, 1990; Dutta, 2008; Moser, 1988]. The used 
reaction rate expressions for the metabolic reactions are usually those of extended Michaelis-Menten or Hill type. Being very over-
parameterized and strongly nonlinear, parameter estimation of such models in the presence of multiple constraints translates into 
a mixed integer nonlinear progeamming problem (MINLP) diffi cult to be solved because the searching domain is not convex (Banga, 
2008).

Such a WCCV dynamic model might be satisfactory for modelling many cell subsystems, but not for an accurate modelling of 
cell GRC and holistic cell properties under perturbed conditions, or the division of cells [Morgan et al., 2004; Surovstev et al.,2007], 
by distorting very much or even misrepresenting the prediction results, as proved by Maria [2017a, 2017b,2018; Maria et al., 2018d; 
Maria and Luta, 2013] in section 2.3.1. for both stationary, or perturbed cell growing conditions. The basic mass balance equations of 
a WCCV model, self-understood written for a constant volume ( V ) of the system are the followings Eq.(1a-c).

Where notations are the followings: C(j) = (cell-)species j concentration (of vector C); V = system volume (cell cytosol plus 
membrane); N(j) = (cell-)species j number of moles (copynumbers); r(j) = j-th reaction rate (individual or lumped; s(i,j) = 
stoichiometric coeffi cient of the species “j” (individual or lumped) in the reaction “i”; t = time; k = rate constant vector; i =1,…,” nr” 
(no. of reactions). Index “s” denotes the cell steady-state QSS (homeostasis, balanced growth). The model Eq.(1c) characterising the 
cell steady-state is obtained from Eq.(1b) by setting the derivatives on the left side to zero.

Here it is to observe that Eq.(1b) can be derived from Eq.(1a) only and only if the cell system volume (V)(cytoplasm plus membrane) 
is constant. In the chemical systems, such a constraint is usually fulfi lled, but not in a biochemical one, as long as the cell volume 
double during a cell cycle (tc), with the following average (apparent) cell dilution rate  (Dm):

m
dV D t
V

 , which, by integration over a cell cycle is leading to:
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1 ;i
dV D

V dt


By averaging over cell cycle, it results:  
0

0

2

0
;cV t

mV

dV D dt
V

 

   (2) ; 2 exp ,   0        m c o o m c
c

lnD V t t V V V D t for t t
t

               (2)

Where: index “o” denotes the initial volume of the newborn cell; Di = cell content instant dilution rate = cell volume logarithmic 
instant growing rate; Dm = cell content average (apparent) dilution rate = cell volume logarithmic average growing rate.

Consequently, Eq.(1a) corresponds to that of a constant volume of the system, and, implicitly of a constant osmotic pressure, 
eventually accounting for the cell-growing rate as a pseudo-’decay’ rate of the keyspecies (often lumped with the degrading rate) 
in a so-called ‘diluting’ rate. The model Eq. (1c) represents the quasi-steady-state (QSS) of the cell processes (homeostasis, that is 
an equilibrated growth).

At this point, it is to observe that the metabolic processes at a low(molecular)-level are generally better clarifi ed. Based on that, 
conventional dynamic models WCCV, based on ordinary differential (ODE) species mass balance Eq.(1a-b,2), with a mechanistic 
(deterministic) description of reactions tacking place among individual species (proteins, mRNA, intermediates, etc.) have been proved 
to be a convenient route to analyse continuous metabolic / regulatory processes and perturbations. When systems are too large 
or poorly understood, coarser and more phenomenological kinetic models may be postulated (e.g. protein complexes, metabolite 
channelling, etc.). In dynamic deterministic models, usually only essential reactions are retained, the model complexity depending on 
the measurable variables and available information. To reduce the structure of such a model, an important problem to be considered is 
the distinction between the qualitative and quantitative process knowledge, stability and instability of involved species, the dominant 
fast and slow modes of process dynamics [represented by the eigenvalues of the ODE model Jacobian matrix Eq.(4)], reaction time
constants [Maria et al., 2010], macroscopic and microscopic observable elements of the state vector. Such kinetic models can be 
useful to analyse the regulatory cell-functions, both for stationary and dynamic perturbations, to model cell cycles and oscillatory 
metabolic pathways [Maria, 2014a], and to refl ect the species interconnectivity or perturbation effects on cell growth [Maria, 
2017a,2017b,2018; Maria et al., 2018a].

Representation of metabolic process kinetics is made usually by using rate expressions of extended Michaelis-Menten or Hill type 
[Miskovic et al., 2015; Maria, 2014a, 2014b]. Some reaction rate expressions used to represent the CCM models, and of GERMs, or of 
genetic regulatory circuits (GRCs), or of genetic switches (GS) are given in (Figure 1-55) [Maria, 2005, 2017a,2017b,2018].

However, the formulation Eq.(1a) presents several properties, as followings:

1). The rank of the stoichiometric matrix S = {s(i,j)} indicates the minimum number of linearly independent reactions (“modes”) 
which can reproduce the reacting system. Of course, the kinetic model of the cell processes includes a much larger number of 
reactions due to the complexity of the cell processes, and the requirement to derive an extended representation of them [Froment 
and Bischoff, 1990; Dutta, 2008; Moser, 1988]. More details are given by [Maria, 2005b].

The stoichiometric matrix S, and its rank, can offer more information about the cell system. Thus, conservation relations and 
reaction invariants can be derived in a simple way. For instance, the independent conservation vectors g of molecular species cause 
some rows of the transpose of the stoichiometric matrix ST to be linearly dependent, leading to “ns-rank(ST)” conservation relations 
[Maria,2005b]:

0T T T   g s o S g                (3)

Where the superscript “T” denotes the matrix transpose. The conservation relationships vectors g are, in fact, the nul space of 
S. The conservation relations can be written not only for species (like in Eq.(3)), but also for atoms, electric charge, thermodynamic 
constraints, or other non-negative constraints [Heinrich and Schuster, 1996].

When proposing a reaction pathway in order to build-up a kinetic model, several additional experimental-numerical 
techniques can help in pointing out species interactions. For instance, Vance et al. [2002] reviewed rules to check reaction 
schema via species inter-connectivities, by inducing experimental perturbations to a (bio)chemical system (by means of 
tracers or fl uctuating inputs) and measuring perturbation propagation through consecutive and parallel reactions. “Distances”
among observed species can be thus defi ned and included in proposing the reaction pathway.

2).  The Jacobian of the kinetic model WCCV Eq.(1b-c), or WCVV Eq. (11) is defi ned at QSS conditions by:

 ,( ( , ) / ) ,  : ( , ) /C S i k i k S
J of elements J h C     h C k C C k           (4)
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When lumping an ODE kinetic model, the reactions invariants (that is the eigenvalues of the Jacobian matrix Eq.(4) have to be 
kept unchanged. Also, the directions and lengths of the eigenvectors have to be kept unchanged [Maria,2005b]. The eigenvalues (λ) 
and eigenvectors (x) of the Jacobian matrix J are computed with the formula: Jx = λx.

3). The differentiation of the steady-state form Eq.(1c) leads to evaluation of the relative sensitivity coeffi cients    /i

j

C
Nut j i Nut s

S C C    

of the cell system state variables (Ci) vs. the concentration of an external nutrient (CNut,j), explicitly included in the kinetic model, by 
solving the sensitivity equation [Maria,2017a,2017b; Maria and Scoban, 2017,2018]:

   , , , ,
0

j j

i Nut i Nutk

k Nut Nuts s s

h C C k h C C kC
C C C

     
               

             (5)

In the Eq.(5) linear set of equations, the ODE model Jacobian of Eq.(4), with the elements  , ( , ) /i k i k S
J h C  C k is numerically 

evaluated for the cell-system stationary-state Eq.(1c), where “s” index denotes the QSS stationary condition. Such sensitivity 
coeffi cients are very important when one evaluates the stability strength of a cell QSS (homeostasis).

Lumping deterministic ODE models

To  avoid large deterministic models, diffi cult to be identifi ed, due to the lack of structured kinetic information, and diffi cult to be 
used, a lumping procedure should be applied (Figure 1-53) [Maria, 2004, 2005b, 2019].

When reduce an extended ODE kinetic model, a tradeoff between model complexity and its adequacy 
must be maintained [Maria, 2004, 2006, 2009]. The lumped ODE kinetic model should be enough complex
to include the key-species of interest, for instance for the in-silico design of a GMO, by in-silico re-programming the cell metabolism 
[Maria et al., 2011; Alberts et al., 2002], or by optimal cell cloning [Maria, 2010; Maria and Luta, 2013]. Application of systematic 
mathematical lumping rules [Maria, 2004, 2005b, 2019] to metabolic ODE kinetic models must account for physical signifi cance 
of lumps, species interactions, and must preserve the systemic/ holistic properties of the metabolic pathway [Maria and Scoban, 
2017,2018]. The only separation of components and reactions based on the time-constant scale (as in the modal analysis of the 
Jacobian of the ODE model has been proved to be insuffi cient [Tyson et al., 1996]).

The classic approach to develop dynamic reduced models is based on the chemical and biochemical reaction engineering (ChBRE) 
rules, that is: propose a hypothetical reaction mechanism based on literature information (-omics databanks) and own experience, 
adopt the reaction rate expressions and the reaction stoichiometry, and try to validate them on an experimental basis. This route 
meets diffi culties when the analysis is expanded to large-scale metabolic networks, because the necessary mechanistic details and 
standard kinetic data to derive the rate constants of the built-up ODE kinetic model are diffi cult to be obtained. However, advances 
in the -omics sciences (genomics, transcriptomics, proteomics, and metabolomics) lead to a continuous expansion of bioinformatic 
databases, while advanced numerical techniques, non-conventional estimation procedures, and massive software platforms, and 

Figure 1-55: Some reaction rate expressions used to represent the CCM models, and those of GERM-s, genetic regulatory circuits (GRC-s), or genetic switches(GS) [Maria, 
2005, 2014b, 2017a,2017b,2018].
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lumping algorithms [Maria, 2004, 2005b, 2019], reported progresses in formulating lumped (reduced) but reliable cell models. 
Valuable structured dynamic kinetic models, based on cell biochemical mechanisms, have been developed for simulating various (sub)
systems. See the examples of Maria [2005b,2006,2007,2009,2014a,2014b,2017a,2017b,2018,2023]).

The rate constants are usually estimated from stationary data Eq. (1c). As revealed by Alon [2007], and by Visser et 
al. [2004], “Traditionally, kinetic metabolic models are based on mechanistic rate equations, which are derived from in-
vitro experiments. However, due to large differences between in-vivo and in-vitro conditions, it is unlikely that the in-
vitro obtained parameters are valid in-vivo. Thus, the kinetic parameters must be adjusted, using data on in-vivo metabolite 
levels and fl uxes obtained in dynamic experiments. Due to the complexity of mechanistic rate equations, which often 
contain a considerable amount of parameters (rate constants), this requires a large experimental and mathematical 
effort.” Visser et al. [2004]. Such an approach is computational tractable, a large number of ChBRE, and non-linear
system control algorithms being available.

Besides, application of lumping rules to metabolic processes must also account for physical signifi cance, species interactions, and 
for preserving the systemic properties of the metabolic pathway. The only separation of components and reactions based on the time-
constant scale (as in the modal analysis of the Jacobian matrix J case, [see Eq.(4) for J defi nition] has been proved to be insuffi cient.

However, here it is to mention, that the work with reduced kinetic models to simulate the cell metabolic syntheses and GRC-s, even 
if computationally very convenient, presents some inherent disadvantages, that is: i) multiple reduced model structures might exist 
diffi cult to be discriminated; ii) a loss of information is reported on certain species, on some reaction steps, and a loss in system 
fl exibility (given by the no. of intermediates and species interactions); iii) a loss in the model prediction capabilities (as precision 
and detail degree); iv) a lack of physical meaning of some model parameters / constants thus limiting its robustness and portability; 
alteration of some cell / GRC holistic properties (stability, multiplicity, sensitivity).

Here can be mentioned only a few of the classical chemical engineering rules used for reducing an extended kinetic model [Maria, 
2004, 2005, 2006; Maria, 2019)(Figure 1-53), as followings:

1). Reduce the list of reactions, by eliminating unimportant sidereactions and/or assuming quasi-equilibrium for some 
reaction steps. Use sensitivity measures of rate constants to detect the redundant part of the model. Apply for instance the 
following rules: the ridge selection, the principal component analysis, the time-scale separation, etc. [Maria, 2004, 2019].

2). Reduce the list of species, by eliminating unimportant components and/or lumping some species, by using various 
measures. For instance, eliminate the species presenting small values for the product of the target species “ i “ lifetime 

LTi 1 / ( , )J i i  , and its production rate r(i), where the Jacobian elements Eq.(4) are ( , ) ( )( , ) / ( )J i k h i C k C k   , where h(i) are 
the right-side functions of the ODE kinetic model Eq.(lb) of the cell process.

3). Decompose the kinetics into fast and slow ‘parts’ allowing application of the quasi-steady-state-approximation 
(QSSA) of the intermediate species of low and quasi-constant concentration, in order to reduce the model dimensionality 
[Maria, 2004, 2005b, 2019].

4). When the ODE kinetic model is linear in parameters, then the reduction procedure of Maria [2004, 2005b, 2019]), 
can be successfully applied by preserving the system Jacobian invariants (eigenvalues and eigenvectors). The elements of 
the eigenvectors corresponding to the lowest eigenvalue of the model Jacobian can be used to lump model reactions and/or 
species [Maria, 2005b].

Lumping reactions

Redundant (eliminable ) reactions and rate constants can be detected in an extended model by using the sensitivity analysis and 
the signifi cance analysis. One route is to apply the ridge selection completed with parameter t-tests and inter-correlation evaluation 
[Maria and Rippin, 1993; Maria, 1989]. A more detailed parameter sensitivity analysis [Maria, 2005b] can lead to rejecting the 

insignifi cant parameters based on individual reaction j sensitivity, 
*

, , n r
g j ij uu i

S s , evaluated vs. every species i and run u, i.e. 

 *
, ,  / , ij u i predicted i us C C t k , [Turanyi, 1990a-c; Vajda et al., 1985].

An alternative to lump kinetic parameters is based on the principal component analysis (PCA of [Malinowski, 1991]). The algorithm 

starts with evaluating species relative sensitivities vs. kinetic parameters, that is the vectors  ln / lnu iu mS C k   , and then derivation 

of the so-called “information” matrix sTs, defi ned in logarithmic terms,  1 2
T

n S S S S . As revealed by Vajda et al. [1985, 

1989], small STS eigenvalues (smaller than the smallest noise variance of species concentrations, 
2

 min  ) correspond to eigenvectors 

Xi presenting proportional components. These eigenvectors are then used to construct approximate “linear dependencies among 
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species sensitivities”. The exact linear dependencies correspond to totally singular case of  0min  , i.e. a structurally unidentifi able 

model. Starting from the approximate linear dependencies, Vajda et al. [1985] proposed a way to lump rate constants, of the form 

 / constant
i jk k .

Lumping species

Lumping of species in an ODE kine tic model is performed when there is insuffi cient information to characterize the dynamics of 
all compounds, or when by-products and intermediate separate prediction is not crucial for the process analysis. In other terms, the 
adopted reduced reaction pathway has to contain no redundant species, while the information is condensed in a smaller set including 
groups of species represented as single variables (lumps).

Species subjected to elimination are identifi ed based on small values

for the product of species i lifetime (LTi) and species production rate ( 1 /i iiLT J  , where ( , ) /ik i kJ h C  C k are elements of the 

kinetic model Jacobian Eq.(4) [Tomlin et al., 1997; Turanyi et al., 1993]. Model simplifi cations are realised with the expense of 

a corresponding bias in the prediction capabilities for species concentrations, that is  ( )   predictede C C . The same analysis can be 
carried out in logarithmic terms. Thus, the redundant species index “ i “ are detected based on a small global sensitivity index, 

2
1

( ) ( )nr
i imm

B t s t


  , defi ned for the all reactions,     ( ) ln / lnim m is t r C    [Tomlin et al., 1997].

Linear model lumping

In a more systematic approach [Mari a,2005b], the lumped species (superscript “  “) are related to the original ones by a lumping 
function h, which can be linear or non-linear:

ˆ ˆ ˆˆ ˆ ˆ( , ) ( , ); ( );size( ) size( )d dC f C k C C
dt dt

    
C f C k h C C

This technique is particularly attractive to characterize complex kinetic systems due to the links established between species and 
parameters of the extended and reduced models. Such relations can be used to interpret rate constants of extended models from 
using the reduced model parameters identifi ed from a few number of observations. Unfortunately, for nonlinear models, there are 
no general rules to obtain nonlinear lumping of species [Maria, 2005b]

For a linear lumping applied to the original species:

, ,
ˆ ˆˆ; 1, , ;

s si i l l i n n sC m C m C i n C     MC

Wei and Kuo [1969], and Li and Rabitz [1990, 1991a-b] indicate the necessary and suffi cient conditions for an exact or approximate 

lumping, ˆ ˆ( ) ( )f C  Mf C .

The exact linear lumping matrix M can be constructed from the eigenvectors of JT (i.e. 
'

j   X x  from TJ X X

), because any subspace spanned by a subset of the eigenvectors is a JT invariant (JT denotes the transpose of the 

ODE model Jacobian Eq.(4)). As a consequence,  span{0},span ,lx    give a  1 -dimensional lumping matrix M; 

[span {xl, x2}, span{ x2, x3},…] give a  2 -dimensional lumping matrix M with rows formed with the X-columns, etc. 

Then, the lumping matrices of different dimensions can be simply formed by taking the columns of X, or any
linear combination of them. In the exact lumping, the eigenvalues of the kinetic model Jacobian J remain invariant after applying 
transformations in species concentrations [Maria,2005b]:

    ( ) .  T TJ C J M MC

Lumped models are particularly important when developed reduced kinetic models for complex cell structures, such as CCM, 
GERM, or various GRC-s (operon expression, genetic switches, genetic amplifi ers, etc.)(Figure 1-56) [Maria,2017,2017a,2017b,2018].

Due to the modular functional organization of the cell, a worthy route to develop reduced models is to base the analysis on the 
concepts of ‘reverse engineering’ and ‘integrative understanding’ of the cell system (reviews of Maria [2006,2017b,2018]). Such a rule 
allows disassembling the whole system in parts (model functional modules) and then, by performing tests and applying suitable 
numerical procedures, to defi ne rules that allow recreating the whole and its characteristics by reproducing the real system. Such 
an approach, combined with derivation of lumped modules, allows reducing the model complexity by relating the cell response to 
certain perturbations to the response of few inner regulatory loops instead of the response of thousands of gene expression and 
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metabolic circuits. Such a procedure is very suitable for modelling GRC-s by linking GERM-s models in such a way to maintain the cell 
homeostasis, that is to maintain relatively invariant species concentrations despite perturbations. [Maria, 2005, 2017a,2017b,2018].

The math modelling efforts have intensifi ed a lot after 2000 when the human genome has been deciphered (Figure 1-33), being 
proved that the diffi cult task to model and design complex biological circuits with a building blocks strategy can be accomplished 
by properly defi ning the cell basic components, functions, and structural organisation (Figure 1-2). Because many cell regulatory 
systems are organized as “modules” [Kholodenko et al., 2002], it is natural to model GRC-s and other metabolic processes belonging 
to the CCM by using a modular approach [Maria, 2017, 2017A, 2017B, 2018]. Further analyses including engineered GRC-s can lead 
to simulate and design of GMOs, of desirable characteristics, that is [Kaznessis et al., 2006]: a tight control of gene expression, i.e. 
low-expression in the absence of inducers and accelerated expression in the presence of specifi c external signals; a quick dynamic 
response and high sensitivity to specifi c inducers; GRC robustness, i.e. a low sensitivity vs. undesired inducers (external noise). 
Through the combination of induced motifs by the modifi ed GRCs in the obtained GMOs one may create potent applications in 
industrial, environmental, and medical fi elds (e.g. biosensors, gene therapy). Valuable implementation tools of the design GRCs in 
real cells have been reported over the last years [Heinemann and Panke, 2006; Qian et al., 2017; Myers, 2009].

Systems Biology using in silico design of GMOs is closely related to the Synthetic Biology. The emergent fi eld of Synthetic Biology 
[Benner and Sismour, 2005] “interpreted as the engineering-driven building of increasingly complex biological entities” [Heinemann 
and Panke, 2006], aims at applying engineering principles of systems design to biology with the idea to produce predictable and 
robust systems with novel functions in a broad area of applications [Heinemann and Panke, 2006; Voit, 2005]. By assembling 
functional parts of an existing cell, such as promoters, ribosome binding sites, coding sequences and terminators, protein domains, 
or by designing new GRC-s on a modular basis, it is possible to reconstitute an existing cell or to produce novel biological entities 
with new properties.

Encouraging results have been reported for the design of artifi cial gene networks for reprogramming signalling pathways, for 
refactoring of small genomes, or for re-design of metabolic fl uxes with using switching genes (review Maria [2017a,2017b,2018]). 
By assembling functional parts of an existing cell, such as promoters, ribosome binding sites, coding sequences and terminators, 
protein domains, or by designing new gene regulatory networks on a modular basis, it is possible to reconstitute an existing cell 
(the so-called “integrative understanding”), or to produce novel biological entities with modifi ed characteristics [Heinemann and 
Panke, 2006].

To help the efforts of the Synthetic Biology to in-silico design GMOs of desired characteristics, the emergent border fi eld of the 
Systems Biology has been very quickly developed, based on using mathematical tools and numerical calculus, as well as (bio)chemical 
engineering (ChBRE) concepts and tools, together with the control theory of the nonlinear systems, and those of the Bioinformatics to 
characterize the kinetics and self-regulation of the cell metabolic processes. The close correspondence between Systems Biology and 
Bioinformatics is given in (Figure 1-57) [Hempel, 2006].

Figure 1-56: Importance of the lumped modular math modelling for the in-silico simulation of GERM–s and of GRC–s [Maria, 2017,2017a,2017b,2018].
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In the Synthetic Biology, the genetic components may be considered as “building blocks” because they may be extracted, replicated, 
altered, and spliced into the new biological organisms. The Synthetic Biology is in direct connection with the Systems Biology focus 
on the cell organization, the former being one of the main tools for the insilico design of GMO-s. In such a topics, the metabolism 
characterization by means of lumped but adequate cell models of the Systems Biology plays a central role.

Applications of such cell dynamic simulators, especially of GERMs chains (that is the GRCs) controlling the cell metabolism 
are immediate: design new micro-organisms of desirable characteristics; insilico re-programming the cell metabolism; design of 
biosensors; drug target release; industrial bioprocess optimization and control using GMOs; gene therapy; optimal cell cloning, etc. 
Consequently, the cell metabolism can be changed by modifying/designing GRCs, thus conferring new properties/functions to the 
mutant cells (i.e. desired ‘motifs’), while engineered/synthetic gene circuits can be designed by using the Synthetic Biology tools 
[Alon, 2007].

Of course, the use of reduced metabolic kinetic models present a series of disadvantages, such as: loss in system fl exibility (due 
to the reduced number of considered intermediates and species interactions); possibility to get multiple (rival) reduced models of 
proximate characteristics for the same cell system, diffi cult to be delimited; oss in the model prediction capabilities; lumped model 
parameters can lack of physical meaning; a loss / alteration of systemic / holistic properties (e.g. cell system stability, multiplicity, 
sensitivity, regulatory characteristics). Starting from an available extended kinetic model, classical ChBRE rules can be applied to 
reduce their structure [Maria,2006] aiming at:

(i) Reducing the list of species, by eliminating unimportant components and/or lumping some species (by using various measures, 

e.g. small values for the product of target species of index “ i “ lifetime 1 /i iiLT J   and its production rate ri, where the 

Jacobian elements are ( , ) /ik i kJ f C k C   , where fi are the right-side functions of the ODE kinetic model Eq.(1a), Eq.(4);

(ii) Reducing the list of reactions, by eliminating unimportant sidereactions and/or assuming quasi-equilibrium for some 
reaction steps (or using sensitivity measures of rate constants, such as ridge selection, principal component analysis, time-
scale separation, etc. [Maria, 2004, 2019];

(iii) Decomposing the kinetics into fast and slow ‘parts’ allowing a separate study and application of the quasi-steady-state-
approximation (QSSA) to reduce its dimensionality [Maria, 2006].

When the ODE kinetic model is linear in parameters, then the reduction procedure of Maria [2005b] can be applied by preserving 
the system Jacobian invariants (eigenvalues, eigenvectors).

Figure 1-57: The close correspondence between Systems Biology and  Bioinformatics given by [Hempel, 2006].
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Due to the modular functional organization of the cell, a worthy route to develop reduced models is to 
base the analysis on the concepts of ‘reverse engineering’ and ‘integrative understanding’ of the cell system
[Maria, 2006]. Such a rule allows disassembling the whole system in parts (modules), and then, by performing tests and suitable 
numerical / sensitivity analysis, to defi ne rules that allow to re-create the whole and its characteristics reproducing the real system. 
Such an approach, combined with derivation of lumped modules, allows reducing the model complexity by relating the cell response 
to certain perturbations to the response of few inner regulatory loops instead of the response of thousands of gene expression and 
metabolic circuits. Such a procedure is very suitable for modelling genetic regulatory circuits (GRCs) by linking gene expression 
regulatory modules (GERMs) in such a way to maintain the cell homeostasis, that is to maintain relatively invariant species 
concentrations despite perturbations. [Maria, 2005, 2006, 2007, 2009]; [Maria and Luta,2013].

A potential application of lumped modular GRC models is the socalled ‘genetic circuit engineering’, by which simulation of gene 
expression is used to in-silico design GMOs that possess specifi c and desired functions. By inserting new GRCs into micro-organisms, 

Figure 1-44: Area where Systems Biology has been applied. After [Nandy, 2017].

Figure 1-45: Experiment-modelling cycle to get math models in biochemical / metabolic engineering. Math formalization includes working with vectors and matrices. 
Notations: FBR = fed-batch bioreactor; nj,Cj = cell species “j” number of moles, or concentration, respectively; Vcyt = cell cytosol volume; “s” = no. of species; t = time 
[Maria,2017b,2018].
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one may create a large variety of mini-functions / tasks (or desired ‘motifs’) in response to external stimuli. The induced functions 
in gene circuits are diverse, such as: switches (decision-making branch points between on/off states according to the presence 
of inducers), oscillators (cell systems evolving among two or several quasi-steady-states), signal / external stimuli amplifi ers, 
amplitude fi lters, genetic ‘memory’ storage. The genetic components may be considered as ‘building blocks’ because they may be 
extracted, replicated, altered, and spliced into new biological organisms. Combination of induced motifs in modifi ed cells one may 
create potent applications in industrial and medical fi elds, e.g. the production of biosensors used in medicine or environmental 
engineering applications. Design of modular GRCs must account for some properties (see sections 2.2.1, 2.2.2, 2.2.3): a tight control 
of gene expression (i.e. low-expression in the absence of inducers and accelerated expression in the presence of specifi c external 
signals); a quick dynamic response and high sensitivity to specifi c inducers [Maria, 2006].

Application of the (ChBRE) concepts, tools, and numerical algorithms to develop deterministic kinetic models of cell processes, 
with continuously variables, is particularly suitable for several reasons, as followings:

Figure 1-49: The prokaryote cell structure.(source= https://en.wikipedia.org/wiki/File:Averag e_prokaryote_cell-_en.svg ).

Figure 1-50: Some of the problems to be solved when applying in-silico design of GMOs [Maria,2023].
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a). Metabolic processes at a low(molecular)-level are generally better clarifi ed. Based on that, conventional dynamic models, 
using ordinary differential species mass balances ( ODE), with a mechanistic (deterministic) description of reactions tacking 
place among individual species (proteins, mRNA, intermediates, etc.) have been proved to be a convenient route to analyse 
continuous metabolic / regulatory processes and perturbations.

b). When systems are too large or poorly understood, coarser and more phenomenological ODE kinetic models may be postulated, 
using lumped reactions/species (e.g. protein complexes, metabolite channelling, etc.). In dynamic deterministic models, 
usually only essential reactions are retained, the model complexity depending on the measurable variables and available 
information. To reduce the structure of such a model, an important problem to be considered is the distinction between 
the qualitative and quantitative process knowledge, stability and instability of involved species, the dominant fast and slow 
modes of process dynamics, reaction time constants, macroscopic and microscopic observable elements of the state vector.

c). Such deterministic ODE kinetic models can be useful to analyse the regulatory cell-functions, both for stationary and dynamic 
perturbations, to model cell cycles and oscillatory metabolic paths [Maria, 2014a; Maria et al.,2018a], and to refl ect the species 
interconnectivity or perturbation effects on cell growth [Maria, 2017a, 2017b, 2018]. Similarly to the models used in ChBRE, 
the representation of metabolic process kinetics is made by using usual rate expressions of enzymatic processes [Segel,1993], 
such as those of the extended Michaelis-Menten, or Hill type [Miskovic et al., 2015; Maria, 2014b, 2014a] (Figure 1-55). See 
also the dynamic models of CCM [Miskovic, 2015; Kurata and Sugimoto, 2017; Chassagnole et al., 2002].

The parameters of the deterministic models (that is their rate constants) are estimated by using the common ChBRE rules of 
Maria [2004], by using either dynamic (kinetic) data obtained in a chemostat under transient regime (e.g. pulse-like perturbations in 
the bioreactor infl uent, [Chassagnole et al., 2002], or using steady-state data (metabolites concentrations) obtained at homeostasis 
(that is under a balanced cell growth, [Maria, 2017a,2017b,2018]), by solving the model stationary algebraic set dCj/dt-0 (where “j” 
indexes the no. of cell species taken individually or lumped) in Eq.(1c). Parameter estimate must fulfi ll physico-chemical meaning 
constraints Eq.(3) (related to metabolic reaction stoichiometry; rate constants must be limited by the diffusional processes, and in 
agreement with the thermodynamic equilibrium steps [Stephanopoulos et al., 1998]). Additionally, due to the optimized metabolic 
cell process, the GERM, GRC of the WCVV cell models must fulfi l some optimality constraints, that is [Maria and Scoban, 2017, 2018; 
Maria,2017a,2017b,2018]:

a). reaction rates must be maximal, but with rate constants limited by the diffusional processes;

b). the total enzymes (proteins) content of the cell is limited by the isotonicity condition [Heinrich and Schuster, 1996];

c). the total cell energy (ATP) and reducing agent (NADH) resources are limited;

d). the reaction intermediate level must be minimum;

e). the cell model at homeostasis must be stable, that is will reaching again the steady-state after termination of a perturbation 
[Heinrich and Schuster, 1996]. This condition can be check by evaluating the eigenvalues (j) of the ODE model Jacobian 

Eq.(4); thus the stability condition imposes that the Real part of the Max (j) to be negative, that is Re(Max( j)) 0; 

f). the key-species concentrations must be constant at homeostasis. Most of the mentioned aspects are discussed and exemplifi ed 
by Maria [2017a,2017b,2018], and by Maria and Scoban [2017,2018].

Apart from the common estimation criteria used by the ChBRE to estimate the kinetic model parameters [Maria, 2004], in the 
case of GERM / GRC kinetic models of WCVV type, supplementary constraints must be applied to determine some rate constants, by 
imposing optimum regulatory criteria for GERM/GRC-s, such as:

i). the minimum recovering time of the stationary concentrations (homeostasis) after a dynamic (‘impulse’-like) perturbation in 
a keyspecies [Maria,2005,2017a,2017b,2018], [Maria and Scoban, 2017,2018]; 

ii). a quick action of the buffering reactions to obtain the fastest recovering time of the steady-state (homeostasis) after an 
external / internal perturbation;

iii). smallest sensitivity of the key-species homeostatic levels vs. external perturbations in the nutrient levels;
iv).-- highest homeostasis stability strength, etc. [Maria, 2003, 2005, 2006, 2007, 2009, 2009b, 2010,2014b, 2017a,2017b,2018], 
Maria and Luta [2013].

Besides, effective solvers must be used for rate constants estimation [Maria, 2004]. In all cases, the estimation rule must be 

based on the fulfi lment of the stationary condition imposed to the ODE cell model ( dCj / dt 0 ), that is Eq.(1c), by preserving the 

system invariants of the mass balance equations, Eq.(3) [Maria, 2004, 2005], and by imposing optimum regulatory criteria related 
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to GRC effi ciency to cope with continuous perturbations, formulated by Maria [2017a, 2017b,2018], [Maria and Scoban, 2017,2018]. 
In the GRC model cases, also supplementary constraints have to be considered related to the WCVV modelling approach (that is the 
isotonicity constraints, see section 2.2.1, 2.2.2), and constraints related to the GERM / GRC stationary/dynamic regulatory effi ciency 
[Maria, 2017a; Maria and Scoban,2017,2018].

Even if complicated and, often over-parameterized, the continuous variable dynamic deterministic ODE models of the CCM 
metabolic pathways, and of GRC-s present a signifi cant number of advantages, being able to reproduce in detail the molecular 
interactions, the cell slow or fast continuous response to exo/endo-geneous continuous perturbations. [Maria, 2005; Styczynski 
and Stephanopoulos, 2005]. Besides, the use of ODE kinetic models presents the advantage of being computationally tractable, 
fl exible, easily expandable, and suitable to be characterized using the tools of the nonlinear system theory [Banga, 2008; Heinrich 
and Schuster, 1996], by accounting for the regulatory system properties, that is: dynamics, feedback / feedforward, and optimality. 
And, most important, such an ODE kinetic modelling approach allows using the strong tools of the classical ChBRE modelling, that 
is Maria [2017,2017b,2018], Maria et al. [2022]. (Figure 1-5,6):

i) molecular species conservation law (stoichiometry analysis; species differential mass balance set);

ii) atomic species conservation law (atomic species mass balance);

iii) thermodynamic analysis of reactions (that is quantitative assignment of reaction directionality), [Haraldsdottir et al., 2012];

iv) set equilibrium reactions; Gibbs free energy balance analysis; set cyclic reactions; fi nd species at quasi-steady-state; improved 
evaluation of steady-state fl ux distributions that provide important information for metabolic engineering [Zhu et al., 2013], 
allowing application of ODE model species and/or reaction lumping rules [Maria, 2004,2019].

To overcome some of the above strong limitations of the classic WCCV dynamic models, and to ensure the fulfi llment of some 
holistic cell properties (such as homeostasis, self-regulation of syntheses, and of gene expression self regulation, perturbation 
treatment, etc.), some extensions chose to impose a lot of constraints (such as “the total enzyme activity” and “total enzyme 
concentration”, etc., [Komasilovs et al., 2017; Heinrich and Schuster, 1996]).

As revealed by this very brief survey, general ChBRE modelling principles are proved to be valuable tools for representing 
the both stationary and dynamic characteristics of complex cell biochemical processes. Elaboration of reduced models 
of a satisfactory quality is closely related to the ability of selecting the suitable lumping rules, keyparameters, and 
infl uential terms, and to apply multi-objective non-/conventional estimation criteria that realize the best trade-off
between model simplicity and its predictive quality [Maria,2017a,2017b,2018]; [Maria and Scoban,2017,2018].

Note. Part of this work was the subject of the following invited plenary lectures:

- Maria, G., 2013, Applications of chemical engineering principles and the lumping analysis in modelling the living cell systems 
- A trade-off between simplicity and model quality, presented at University BabesBolyai, Cluj (Romania), Department of 
Chemistry, Nov. 8, 2013. http://www.chem.ubbcluj.ro/~chimie/anunturi.html,

- Maria, G., Applications of chemical engineering principles and the lumping analysis in modelling the living cell systems -A 
trade-off between simplicity and model quality, Symposium SICHEM-2016, University Politehnica of Bucharest, Romania, 8 
Sept. 2016.

2.2. A novel concept  of «mechanistic silicon cell» materialized in a novel math (kinetic) modelling framework «WCVV» 
of the cell metabolic processes (whole-cell, isotonic variable-volume) that maintain intracellular homeostasis while 
growing auto-catalytically on environmental nutrients present in variable amounts

Here it is worth notice that living cells are extraordinarily complex machines, with an astronomical complex organization (Figure 
1-2), that exhibit remarkable behaviors including, most predominately, their selfreplication. Although much progress has been 
made in understanding the mechanism(s) underlying this behavior, further efforts on both experimental and theoretical fronts will 
be required to deepen our understanding of it. Towards this end are efforts to simulate global cellular behavior starting from the 
molecular level of detail [Palsson, 2000; Tomita, 2001; Tomita et al., 1999; Kitano, 2002, 2002b; Mori, 2004; You, 2004].

“Ideally, such whole-cell models would integrate massive amounts of biological information into compact, unambiguous and 
testable hypotheses which could be used to explore the entire panoply of cellular relationships in both healthy and diseased states” 
[Ideker et al., 2001; Jahan et al., 2016; Lindon et al., 2004; Rao et al.,2005]. [Surovstev et al.,2007].

Much remains before useful comprehensive mathematical models of cellular behaviour with predictive power can be realized. 
Obviously, the large number of unknown kinetic parameters of such extended cell kinetic models (rate constants and stationary 
concentrations of individual species), and ambiguities in the biochemical mechanism occurring within a cell hinder fast progress in 
this direction, even if recent progresses have been made (review of Maria [2017a,2017b,2018,2023]).
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Beside, there is also no consensus as to what modelling framework will ultimately prove most effective. By framework, we mean 
a group of general assumptions and procedures that can transform a physico-chemical model of a cell into a set of mathematical 
expressions (differential mass balance equations ODE, accompanied by algebraic equations/relationships). Such a framework would 
be applicable to all such models, regardless of the particular set of (bio)chemical reactions and assumed components (individual or 
lumped species.

The “WCVV - mechanistic silicon cell” novel math modelling framework of cell processes, described in this work (section 2.2) 
is an outstanding and essential/fundamental contribution of Maria [2002], and [Maria et al., 2002], while further developments/ 
studies of the WCVV properties were given by Maria over the interval [2005-2023], that is Maria [2002,2003,2005,2006,2007,2009,
2014b, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c].

As discussed by Maria [2017a, 2017b, 2018, 2023], living cells are self-replicating complex biological structures, able to convert 
environmental nutrients to replicate the cell content in exactly one cell cycle. Cells present such a highly sophisticated structure 
(Figure 1-2), involving O(103-4) components, O(103-4) transcription factors (TFs), activators, and inhibitors, and at least one order of 
magnitude higher number of (bio)chemical reactions, all ensuring a fast adaptation of the cell to the changing environment. Cell is 
highly responsive to the environmental stimuli and highly evolvable by selfchanging its genome/proteome and metabolism to obtain 
an optimized and balanced growth with using minimum of resources (nutrients/substrates).

In this section 2.2, one describes the novel cell-modeling framework “mechanistic whole silicon cell”, materialized 
in the novel “WCVV” whole-cell modelling framework of cell processes, implicitly accounting for the isotonic growing 
cell (of variable-volume). In this novel approach, the cell volume change arises naturally from the chemical dynamics 
associated to an assumed mechanism of the cell biochemical reactions (related to the CCM and GRCs). When appropriate 
rate constants of the constructed cell kinetic model are obtained from the known stationary (homeostatic) concentrations 
of the all species included in the kinetic model (taken individually or lumped), the self-replicating behavior of cells can be 
modelled. Beside, we illustrate the large number of applications, features, and advantages of the novel WCVV modelling
framework of the cell kinetic processes. Exemplifi cations will be made by using simplifi ed kinetic models of GERMs/ GRCs with 
-omics data of E. coli (from Ecocyc, and KEGG), as being the essential modules aiming to regulate the cell syntheses, and to adapt the 
cell metabolism to the environmental changes.

As briefl y presented in (Figure 1-2), cells have a hierarchic organization (structural, functional, and temporal), which is a 
characteristic of the living matter in general, as followings:

1). the structural hierarchy includes all cell components from simple molecules (nutrients, saccharides, fatty acids, aminoacids, 
simple metabolites), then macromolecules or complex molecules (lipids, proteins, nucleotides, peptidoglycans, coenzymes, 
fragments of proteins, nucleosides, nucleic acids, intermediates), and continuing with wellorganized nano-structures 
(membranes, ribosomes, genome, operons, energy harnessing apparatus, replisome, partitioning apparatus, Z-ring, etc. 
[Lodish et al., 2000] ). To ensure self-replication of such a complex structure through enzymatic metabolic reactions using 
nutrients (Nut), metabolites (Met), and substrates (glucose/fructose, N-source, dissolved oxygen, and micro-elements), all 
the cell components should be associated with specifi c functions into the cell, as following with:

2). functional hierarchy according to the species structure; e.g. source of energy, and intermediates. Sauro and Kholodenko [2004] 
provided examples of biological systems that have evolved in a modular fashion and, in different contexts, perform the 
same basic functions. Each module, grouping several cell components and reactions, generates an identifi able function (e.g. 
regulation of a certain reaction, individual gene expression regulation, etc.). More complex functions, as regulatory networks 
(GRC / GRN), synthesis networks, or metabolic cycles can be built-up from basic building blocks. Such a building blocks 
structure is very tractable when developing cell reduced dynamic models by defi ning various metabolic sub-processes, such 
as: regulatory functions for the enzymatic reactions, energy balance functions for ATP/ADP/AMP renewable system, electron 
donor systems of the NADH, NADPH, FADH, FADH2 renewable components, hydrophobic effects; or functions related to 
the metabolism regulation (regulatory components / reactions of the metabolic cycles, gene transcription and translation); 
genome replication / gene expression regulation (protein synthesis, storage of the genetic information, harness cell energy), 
functions for cell cycle regulation (nucleotide replication and partitioning, cell division);

3). time (temporal) hierarchy. The wide-separation of time constants of the metabolic reactions in the cell systems is called 
time hierarchy. Thus, the reactions are separated in slow and fast according to their time constant (see the defi nition given 
by Maria et al. [2010]). In fact, only fast and slow reactions are of interest, while the very slow processes are neglected or 
treated as parameters (such as the external nutrient or metabolite evolution). Aggregate pools (that is lumps combining 
fast reactions) are usually used in building-up cell dynamic models in a way that intermediates are produced in a minimum 
quantity and consumed only by irreversible reactions. All cell processes obey a certain succession of events, while stationary 
or dynamic perturbations are treated by maintaining the cell components homeostasis, the recovering or transition times 
after perturbations being minimal.
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To model such an astronomically complex cell system with a detailed kinetic model is practically impossible even if expandable 
biomolecular data are continuously added in-omics databanks (e.g. KEGG, EcoCyc, Prodoric, Brenda, CRGM, NIH [Maria,2007,2018]). 
However, as underlined by Tomita et al. [1999], and Tomita [2001], the “whole-cell (WC) simulation of metabolic processes with 
mechanistic / deterministic kinetic models of continuous variables, represents “the grand challenge of the 21st century”. Such an 
huge effort is justifi ed by the very large number of immediate applications: design genetically modifi ed microorganisms (GMO) 
with desirable characteristics to be used in industry (new biotechnological processes, production of vaccines). A large number of 
GMO applications are in the industrial synthesis, but also in medicine, such as therapy of diseases (gene therapy), or in the novel 
technologies, such as design of molecular-level devices based on cell-cell communicators, biosensors, etc.

As underlined by Tomita [2001] “Computer models and in silico experiments are necessary to understand and predict phenotypes 
of the cell, especially when they are polygenic phenotypes. After all, most biological and pathological phenomena in which the 
pharmaceutical industry has a great interest, such as cancer and allergy, are polygenic.”

Comparatively to chemical systems, and lacking of enough and reproducible structured experimental data, the cell 
biochemical processes present the advantage of being approached in a modular way. Almost every CCM subsystem can be 
separately studied/modeled [Tomita,2001; Maria,2005, 2006, 2014a, 2014b], that is: the phosphotransferase (PTS) system 
for glucose transport into the cell, the pentose- phosphate pathway (PPP) for nucleotides and amino-acids production, 
the tricarboxylic acid (TCA) cycle, glycolysis, amino-acids synthesis [Maria,2014a, 2014b, 2021]; regulation of gene 
expression, cell cycle, signal transduction, and various metabolic pathways [Tomita,2001; Maria,2017a,2017b,2018,2023]. 
“However, although these models made signifi cant contributions to the development of in silico biology, the programs were 
able to handle only specifi c subsystems, and it was diffi cult to combine different subsystem models into one single-cell
model.” [Tomita,2001]. Encouraging results have been reported for design artifi cial gene networks (GRCs, like genetic switches), 
for reprogramming signaling pathways, for refactoring of small genomes, or re-design of metabolic fl uxes with using switching 
genes. Remarcable progresses have been reported by assembling functional parts of an existing cell, or by designing new gene 
regulatory networks (GRCs) on a modular basis. In such a way, it is possible to reconstitute an existing cell (the so-called ‘integrative 
understanding’) or to produce novel biological entities with new properties. The genetic components may be considered as ‘building 
blocks’ because they may be extracted, replicated, altered, and spliced into the new biological organisms [Maria,2005].

In the whole-cell approach, due to the mentioned insuperable detailed modelling diffi culties, various cell modelling alternatives 
have been developed over decades [Maria,2005,2017a,2017b,2018], reviewed in section 1.3.4. The ODE deterministic whole-cells 
models have been developed in two alternatives, [Maria et al., 2018d, 2018g], that is:

i). The classical (default) Whole-cell Constant Volume (WCCV) kinetic models [Maria, 2017a,2017b,2018,2023; Aris, 1969; Froment 
and Bischoff, 1990; Levenspiel, 1999]. (see section 2.1).

ii). The novel Whole-cell Variable Volume (WCVV) of the cell metabolic processes (whole-cell, isotonic variable-volume) that 
maintain intracellular homeostasis while growing auto-catalytically on environmental nutrients present in variable amounts. This 
WCVV novel modelling framework was introduced by Maria [2002], and by Maria et al. [2002] [2002,2003,2005,2006,2007,2009,
2014b,2017,]. The study of the WCVV properties and advantages was given by Maria over the interval [2002-2023], that is Maria 
[2017A,2017B,2018,2023, 2023a, 2024, 2024b, 2024c] (see the section 2.2.1).

As an alternative, Maria [2002,2005,2006,2007,2009, 2009b,2010,2017a,2017b,2018,2023]; Maria et al. [2002]; Maria and Luta 
[2013]; Maria [2014a,2014b]; Maria and Scoban [2017,2018]; Maria et al.[2018d] proposed and studied the holistic silicon whole-cell 
variable volume (WCVV) modelling framework by explicitly including in the model constraint equations accounting for the cell-
volume continuous growth over a cell cycle, by preserving the same cell-osmotic pressure (section 2.2).

The “WCVV - mechanistic silicon cell” novel math modelling framework of cell processes, described 
in this work is an outstanding and essential/fundamental contribution of Maria [2002], and [Maria et
al., 2002], while further developments/ studies of the WCVV properties were given by Maria over the interval [2005-2023], that is 
Maria [2002, 2003, 2005, 2006, 2007 2009, 2014b, 2017A, 2017B, 2018  2023, 2023a, 2024, 2024b, 2024c].

Maria [2017a,2017b,2018] also proved the advantages of such a model formulation (sections 2.2.3, 2.3. and the below section 
“Some advantages of the novel WCVV modelling framework” included in the section 2.2.1).

By contrast, the WCVV formulation promoted by (Maria, 2017 reviews), remove these limitations, by including the thermodynamic 
isotonicity relationships/ constraints. Thus, it has been proved, step-bystep, in a math way (by using simple lumped generic GRC 
models) how such constraints ensure cellular intrinsic properties in a natural way (that is not derived from artifi cial hypotheses). 
Such concepts, and rules translated from (bio)chemical engineering principles and nonlinear systems theory are explained, proved, 
and exemplifi ed over the mentioned papers of Maria [2005,2006,2007,2009,2010,2014,2014b; Maria and Luta,2013].
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2.2.1. The hypotheses,  concepts, and principles of the novel WCVV modelling framework

 This section reviews the general concepts and hypotheses of the WCVV modelling framework of cell processes, as proposed by 
Maria [2002], and by Maria et al. [2002], with briefl y reviewing the further developments/ studies of the WCVV properties given 
by Maria over the interval [2005-2023], that is Maria [2002,2003,2005,2006,2007,2009,2014b, 2017A, 2017B, 2018, 2023, 2023a, 
2024, 2024b, 2024c]. Exemplifi cations are made with modelling and simulation of individual GERM regulatory properties targeted 
to maintain the intracellular homeostasis while growing autocatalytically on environmental nutrients present in variable amounts.

Such novel explorations, with using WCVV kinetic models, briefl y reviewed in this work, could provide insight into the 
mechanisms of healthy and diseased cells, as well as a better understanding of how system-level or whole-cell properties emerge 
from intracellular interactions of molecular components (Lindon et al., 2004).

Given the enormous complexity and unknown aspects of living systems, formulating predictive whole-cell 
molecular-level models will require complete and massive genomic, transcriptomic, proteomic, and metabolomic 
data sets [Aach et al., 2000; Covert et al. 2004). Unfortunately, such data sets are not generally available, precluding
signifi cant advances in whole-cell modeling efforts. However, it is not simply the lack of data that inhibits such advances, but also 
the modeling framework [Maria, 2017a,2017b,2018,2023].

Excellent progress has been made in developing computational approaches for modeling whole-cell processes [Mendes, 1997; 
Tomita et al., 1999; Schaff et al., 2001; Hucka et al., 2003; Weitzke and Ortoleva, 2003; Takahashi et al., 2004; Sewell et al.,2002; 
Schuster et al.,2000; Papin et al.,2003; Yang et al., 2003]. However, the constant volume assumptions [see Eq.(1a-1c)]made by these 
applications may not be appropriate for modeling all of the processes occurring in whole cells, processes which ultimately convert 
environmental nutrients into another copy of the original (or newborn) cell as a product of cell growth and division.

As proved by Maria et al. [2018d, 2018g], the classic (“default”) math modelling approach of cell processes [that is the WCCV, 
“constant-cell-volume, non-isotonic system”, Eq.(1a-c)] is erroneous compared to the novel WCVV modelling framework, leading to 
distorted and wrong simulation results and conclusions as proved in section 2.3.1 and by [Maria et al., 2018d; Maria et al.,2002]. In such a 
way, the novel WCVV kinetic cell modelling approach replaces the CLASSICAL (default) WCCV modelling approach, thus correcting the 
distorted and false/wrong predictions of these cell kinetic models, unfortunately largely used in the literature (sections 2.1, and 2.3.1).

To overcome this major drawback of the classical (default) kinetic models of a WCCV type, when applied to model cell processes, 
some awkwards trials have been reported. For instance, Perret and Levey [1961] developed a model of cell volume expansion, in 
which a cell was assumed to house an un-catalysed metabolic pathway that converted nutrients into metabolites and to expand in 
proportion to the amount of cellular components. Such a cell could exist in an expanding steady-state in which volume and amounts 
of metabolites increased exponentially while concentrations remained invariant. Grainger and Bass [1966], Grainger et al. [1968], 
Aris [1969], Kacser and Beeby [1984, Brumen et al. [1984], Werner and Heinrich [1985], and Joshi and Palsson [1989a,b; 1990a,b] 
analyzed similar situations.

Although these approaches are more realistic than those which assume constant-volume, their volumes expand indefi nitely in 
contrast to real cells which exist in a growth phase only until a critical size is achieved (at ca. 80% of the cell cycle [Surovstev et 
al.,2007]. Thereafter, they shift into a division phase in which they ultimately divide into two newborn daughter cells, each equivalent 
to the original newborn cell in terms of volume and cellular content. These two phases, growth and division, together comprise 
the cell cycle. The main hypotheses of the WCVV modelling framework are presented in Table 2-1. Details on these hypotheses 
introduced by Maria [2002], and [Maria et al., 2002], and further developments/ studies of the WCVV properties deriving from these 
hypotheses were given by Maria over the interval [2005-2023], that is Maria [2002,2003,2005,2006,2007,2009,2014b, 2017A, 2017B, 
2018, 2023a, 2024, 2024b, 2024c].

Basically, the WCVV modelling framework presented in the Table 2-1 are given below [Maria,2002,2005]; [Maria et al.,2002].

(1). The cell system consists in a sum of hierarchically organized components, e.g. metabolites, genes DNA, proteins, RNA, 
intermediates, etc. (interrelated through transcription, translation and DNA replication and other processes) (Figure 1-2). The 
cell is separated from the environment (containing nutrients) by a membrane (Figure 1-4-TOP).

(2). The membrane, of negligible volume, presents a negligible resistance to nutrient diffusion; the membrane dynamics being 
neglected in the WCVV cell model, being assumed to follow the cell growing dynamics.

(3). The cell is an isothermal system with an uniform content (perfectlymixed case). Species behave ideally, and present uniform 
concentrations within cell. The cell system is not only homogeneous but also isotonic (constant osmotic pressure), with no 
inner gradients or species diffusion resistance. Formally, it is similar to a batch/fed-batch biological reactor [Moser, 1988; 
Froment and Bischoff, 1990].
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(4). The cell is an open system interacting with the environment through a semi-permeable membrane.

(5). To better reproduce the GERM properties (inter-connected with the rest of the cell (Figure 1-4-TOP, Figure 2-7-19), the 
other cell species are lumped together in the so-called “cell ballast”. Thus, the adopted Pfeiffers’law of diluted solutions for 
the cell content is fulfi lled, that is [Maria, 2002,2005,2017a,2017b,2018]; [Maria et al.,2002; Maria and Scoban, 2017,2018; 
Wallwork and Grant, 1977]:

Pfeiffers’law:  
1

ns

cyt j
j

V N RT


 

It Results: 
1 

( ) ( )
ns

j
jcyt

RTV t N t
 

 

Which, combined with Eq.(2,13), leads to: 
,0

1 1 1

( ) 1 1  
( )

ns ns ns

j j j
j j j

RT V t constant
N t C C

  

   

  
        (6)

Where: T = absolute temperature; R = universal gas constant, V = cell (cytosol) volume;  cyt    inner osmotic pressure; t = time; 
Nj = species j number of moles. Maria and Luta [2013], and Maria [2014b] proposed that lumped genome and proteome replication 
to also be considered in such cell models. Fulfi lment of this Eq.(6) requirement of the WCVV models, implies that all the cell species 
to be included in the cell model (individually, or lumped). See for instance the lumped genome / proteome used by [Maria and 
Luta,2013] and by Maria [2014b] in their simulations, in order to “mimic” the cell content regulatory properties. As a very important 
observation, according to the iso-osmotic constraint Eq.(6) of WCVV kinetic models, the cell model (CCM, GERM, or GRC) should 
include the all species of the cell, taken individually, or lumped.

(6) The cell membrane, of negligible volume, presents a negligible resistance to nutrient diffusion. The membrane dynamics is 
neglected in the cell WCVV model, being assumed to follow the cell content (cytosol) growing dynamics.

(7) When studying an individual P -synthesis regulatory module (the socalled “gene expression regulatory module” - GERM), the 
other cell species are lumped together in the so-called “cell ballast” [Maria,2005,2006,2007,2014b].

(8) The inner cell osmotic pressure (  cyt ) is constant, and all time is equal with the environmental pressure, thus 

ensuring the membrane integrity (   constantcyt env   ). As a consequence, the isotonic osmolarity under 

isothermal conditions leads to the equality   / /cyt envRT RT  , derived from the fulfi lment of Eq.(6)(Pfeiffers’law):

, ,

  
 

/ /    
all cell all env

j j
cyt env

j jcell env

N N
RT RT

V V
;

Figure 2-5: The structured reduced model of Maria [2014a] used to simulate the oscillating glycolysis in Escherichia coli.
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Figure 2-6: Structured cell model of Maria [2010]; [Maria and Luta, 2013] used to simulate the dynamics of mer-operon expression for mercury uptake in Escherichia coli.

Figure 2-7: Protein P synthesis. The simplifi ed representation of a generic expression regulatory module (GERM) for a generic gene (G) and protein (P). The horizontal 
arrows indicate reactions. The vertical arrows indicate catalytic actions. The absence of a substrate or product indicates an assumed concentration invariance of these 
species. Notations: G = gene encoding P; M = mRNA. The top-right structure corresponds to a GERM module of type [G(R)n ; M(R)n]. Up-row: [Left] Simplifi ed representation 
of the two-steps gene expression: transcription and translation. Up-row [Right]. A simplifi ed reaction schema of the gene expression [Maria,2003,2005,2006,2017a,2018]. 
According to the nomenclature of [Maria,2003,2005,2006,2017a,2018], such a model corresponds to a [G(R)n;M(R)n] GERM model type. [ Center-row] . [Maria, 2005]. The 
simplifi ed protein P synthesis, by using a GERM self-regulated expression module of type [G(O)n; M(O)n] ions; G= DNA gene encoding P; M = mRNA; O = allosteric effectors. 
[Down-row]. [Maria,2005,2006,2009,2017a,2018] two types of GERM simplifi ed representations for protein synthesis, of different types, that is of [G(P)n] (left), and of [G(PP)
n] (right).
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Thus, resulting: cyt cyt  , and:

  

   
   

   
 
all all

j j
j jcyt env

C C                (7)

Otherwise, the osmosis will eventually lead to an equal osmotic pressure   cyt env  . Even if, in a real cell, such equality is 

Figure 2-8: Example of linked GERM–s to form GRC–s (review of Maria [2003,2005,2017a,2017b,2018]).

Figure 2-9: [Top]. Infl uence of the GERM number of effectors denoted by “n” on their properties. Adapted from [Maria, 2003, 2005, 2006, 2017a, 2018]; [Yang et al., 2003]. 
The approached cases concerns GERM regulatory modules of the following types: [G(PP)n], [G(P)n], [G(P)1;M(P)n] (see Fig. 2-12). RD = recovering rate 22 (Table 2-2) 
necessary to each GERM component to return to their stationary concentration (QSS) after an impulse-like perturbation in one component of the cell WCVV kinetic model. 
Here, the impulse-like dynamic perturbation corresponds to a quick decrease of the stationary key-protein [P]s with -10%. The recovering time of the stationary [P]s with a 
1% tolerance is denoted by τ ( rec). [Down]. The recovery trajectories in the [G-P], or [M-P] phases, after the above mentioned [P]s perturbation for the GERM–s mentioned 
under the abscissa. Adapted from [Maria, 2003].
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approximately fulfi lled, due to the environmental perturbations and transport gradients, and in spite of migrating nutrients from 
environment into the cell, the overall environment concentration is considered to remain unchanged. On the other hand, species 
inside the cell transform the nutrients into metabolites and react to make more cell components. In turn, increased amounts 
of polymerases are then used to import increasing amounts of nutrients. The net result is an exponential increase of cellular 
components in time, which translates, through isotonic osmolarity assumption, into an exponential increase in volume with time, 
Eq.(6) [Maria,2005,2017a,2018]; [Maria and Scoban, 2017,2018]. The overall concentration of cellular components is time-invariant 

Figure 2-10: The effect of the mutual G/P catalysis and of the isotonicity in the case of a simple gene expression regulatory module (GERM) of [G(P)1] type (see Fig. 1-4-
down). For details see [Maria, 2005,2006,2017a,2017b,2018]; [Maria and Scoban, 2017,2018], and section 2.2.4. The impulse-like dynamic perturbation corresponds to a 
quick decrease of the stationary [P]s with -10%. The recovering time of the stationary [P]s with a 1% tolerance is denoted by τ (P,0.01). The recovering time of the stationary 
encoding gene [G]s with a 1% tolerance is denoted by τ (P,0.01).

Figure 2-11: Various simplifi ed representations of gene expression regulatory modules (GERM-s) according to Maria [2003,2005,2006,2007,2008,2009,2017a,2017b,2018]. 
[Down-rright]. Simplifi ed reaction scheme of a generic gene G expression, by using a regulatory module of [G(P)1] type. The model was used to exemplify the synthesis of a 
generic P protein in the E. coli cell by (Maria, 2005). To improve the system homeostasis stability, that is quasi-invariance of key species concentrations (enzymes, proteins, 
metabolites), despite of perturbations in nutrients Nut*, and metabolites Met*, or of internal cell changes, a very rapid buffering reaction G(active) + P <===> GP(inactive) 
has been added. Horizontal arrows indicate reactions; vertical arrows indicate catalytic actions; G = active part of the gene encoding protein P; GP = inactive part of the gene 
encoding protein P; MetG, MetP = lumped DNA and protein precursor metabolites, respectively.
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Figure 2-12: The LIBRARY of lumped modular models of GERM–s developed by Maria [2003,2005,2006,2007,2008,2009, 2017a,2017b,2018]. The library includes, in a 
template form, the kinetic models corresponding to simplifi ed representations of a generic gene expression G/P regulatory module (GERM), assimilated with formal mutual 
catalytic actions of G and P. The horizontal arrows indicate reactions, while the vertical arrows indicate catalytic actions. The absence of a substrate or product indicates 
an assumed concentration invariance of these species. Notations: G = gene encoding P; M = mRNA. [Up-row]. Simplifi ed representation of the gene expression models 
corresponding to [G(P)n] regulatory module types. The transcriptional factor is the protein P itself, the self-regulation over the transcription and translation steps being 
lumped together. To improve the system homeostasis stability and self-regulation, despite perturbations in nutrients Nut*, and metabolites Met* (see Fig. 2-11, down-right), 
or of internal cell changes, a very rapid buffering reaction G + P <===> GP(inactive) has been added, once time, or several times. [Middle-row] . Simplifi ed representation 
of the gene expression model corresponding to a [ G(PP)n] regulatory module types. The transcriptional factor is the dimmer PP. The other observations from the top-row 
also apply here. [Down –row] . Simplifi ed representation of the gene expression model corresponding to [ G(P)1; M(PP)n] regulatory module types. The models account for 
the cascade control of the expression via the separate transcription and translation steps. Notations: G= DNA gene encoding P; M= mRNA; P,PP= allosteric effectors of the
transcription / translation. The other observations from the top-row also apply here.

Figure 2-13: Infl uence of the number of effectors in a GERM on their regulatory performance indices (expressed here as the recovery rate after a dynamic perturbation in 
the P key-species. Adapted from [Maria, 2017a]. Comparison refers to simple GERM of type [G(P)n], and [G(PP)n]. from Fig. 2-12. 
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(homeostasis), because the rate at which cell-volume increases equals that at which overall number of moles increases, leading to a 
constant  1

/ns
jj

n V
  ratio, Eq.(6). (see Table 2-1).

(9). The species concentrations ( ) ( ) / ( )j jC t N t V t  evaluated at the cell level are usually expressed in nano-moles, being computed 

with the following relationship [Maria, 2005,2017a,2018]:

(no.of  molecules of  species "j", that is copynumbers) per cell

cyt Vj
A

C
N

            (8)

Where: NA = the Avogadro number; Vcyt = cell volume (cytosol).

For instance, for an E. coli cell, with an approximate volume 15
, 1.66 10cyt oV L   [Yang et al., 2003], it results for [G]sGsC   a 

value of  1/(6.022 × 1023) (1.66 × 10-15) = 1 nM (that is 10-9 mol/L).

Figure 2-14: Seeking for math modelling of the GERM–s or GRC–s regulatory properties (that is the performance indices P.I.-s of section 2.2.3). See the details of Maria 
[2003,2005,2006,2007,2008,2009,2017a,2017b,2018].

Figure 2-15: Defi ne some of the GERM regulatory performance indices (P.I.-s), in the case of: [top row] a stationary (“step”-like) perturbation, [down row] a dynamic 
(“impulse”-like) perturbation). These P.I.-s are extensively discussed in section 2.2.3. See also the details of Maria [2003,2005,2006,2007,2008,2009,2017a,2017b,2018]; 
[Maria and Scoban,2017,2018].
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(10). Cell volume doubles over the cell cycle period (tc), with an average logarithmic growing rate of ln(2) /m cD t , given in Eq.(2). 

Under stationary growing conditions, it results an exponential volume growth given by:  expo mV V D t  .

(11). For stationary growing conditions, species synthesis rates are equal to fi rst-order dilution rates ( s jsD C ), leading to time-

invariant species concentrations, that is the quasi-steady-state (QSS) - homeostatic conditions in Eq.(14), of  / 0j s
dC dt  . 

The obtained nonlinear algebraic set Eq.(14) under QSS is used to estimate the rate constants K from the known (measurable) 
stationary concentration vector Cs.

(12). When treated deterministically, the WCVV type kinetic models present solutions with cell species concentrations expressed in 

Figure 2-16: GERM model complexity refl ected on its dynamic regulatory effi  ciency to keep the key-species (G,P) homeostasis. Simulations display the P/G recovering
trajectories, for every considered GERM model type, after an “impulse”-like dynamic perturbation of -10% [P]s in the key-protein. The GERM models are (see also Fig. 2-12) = 
“1” = [G(P)0]; “2” = [G(P)1]; “3” = [G(P)1; M(P)1]; “4” = [G(PP)2]. The structure “4” reported the best results, due to the presence of two rapid buffering reactions, while the TF 
is present in a dimeric (PP) form. See [Maria,2005,2006,2007,2008,2009,2017a,2017b,2018] for details.

Figure 2-17: The effect of a buffer reaction effector ( G+P <=> GP ) on the GERM dynamic effi  ciency; the case of the [G(P)1] type (from Fig. 2-12) [Maria,2005,2009]. 
Simulations display the P/G recovering trajectories, for every considered GERM model type, after an “impulse”-like dynamic perturbation of -10% [P]s in the keyprotein. 
Details on the species concentrations at homeostasis (the case of a cell with a high ballast), and on the model rate constants estimation are given by Maria and Scoban 
[2017,2018].
As resulted, compared to [G(P)0], in the [G(P)1] case, the P recovering rate is higher, while the species are better interconnected (smaller STD).
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Figure 2-18: Prediction of the cell species concentration dynamics as a response to a “step”-like perturbation of the mercury level in the bioreactor inlet (top-left fi gure).
Such a stationary perturbation will lead to another QSS homeostasis for the all species considered in the mercury-operon expression model of Fig.2-19. Details are given 
by [Maria and Luta,2013].

real, but fractional numbers, which, from a physical point of view, appears to be in contradiction with the reality, because one 
copynumber can not be divided into pieces. How the WCVV models overcomed this problem? For instance, in a GERM module 
of [G(P)1] type (Figures 2-24), the fractional copy numbers (e.g. [G]s = 1/2nM) in Table 2-4 . Such fractional concentration of 
cell species generated in the deterministic

WCVV kinetic models with continues variables, can be interpreted in several ways:

1). Loosely either as time-invariant averages in a population of cells (e.g. that half of all cells contain 1 G-copy number), or,

2) As a time-dependent averages of single cells (e.g. that the cell contains 1 copy of G half time of the analysed cell cycle), or,

3). As a result of the variable cell volume, to which all species contributes, according to the isotonicity constraint, Eq. (11-14), and, 
in turn the cell volume infl uence all species concentrations according to the combined relationships Eq.(6; 12), and the Footnote [B] 
of Table 2-5, that is:

1 

( ) ( )
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RTV t N t
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   (VI)

Species concentrations in the cell are computed with the formula [Kurata and Sugimoto, 2017]:

j
j

A cyt

N
C

N V


  (V2)

where  NA is the Avogadro number.

For instance, for a born E. coli cell, with an approximate volume 
15

, 1.66 10cyt oV L  [Bar-Joseph et al. 2012], the concentration of 
one gene G copynumber has a value of:

  23 15 9[G]s 1 / 6.022 10 1.66 10 10  mol / L 1 nM      .

Consequently, by combining Eq.(V1) with Eq.(v2), it results:

Species concentrations in the cell are computed with:
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Figure 2-19: The simplifi ed reaction pathway for the WCVV kinetic model of the mercury(mer)-operon expression in E. coli. The model includes 5 GERM-s, and the main 
enzymatic reactions linked to the mer-operon expression [Maria,2010; Maria and Luta, 2013]. The fi ve GERM–s are of [G(PP)1] type (see Fig. 2-12). More specifi cally, they 
are the followings: [GA(PAPA)1] for the reductase PA expression; [GR(PRPR)1] for the protein PR expression. This protein induces the lumped permease PT expression;
[GT(PTPT)1] for the lumped permease PT expression;[GD(PDPD)1] for the control protein PD expression;  [G(PP)1] is used to mimic the lumped genome and proteome 
replication. The inclusion in the WCVV model, of this GERM (of lumped genome/proteome) with species (lumped NutG, NutP) of high concentrations is mandatory, in order 
to fulfi l the isotonic law Eq.(6). The GRC is “placed” in the WCVV kinetic model of a growing cell, by mimicking the homeostasis and the cell response to stationary and 
dynamic perturbations in the environmental [Hg2+]env. The reductant NADPH and RSH are considered in excess into the cell. Notations: P = lumped proteome; G = lumped 
genome; NutG, NutP = lumped nutrients used for gene and protein synthesis; P• = proteins; G• = genes; RSH = low molecular mass cytosolic thiol redox buffer (such as 
glutathione). The perpendicular arrows on the reactions indicate the catalytic activation, repressing or inhibition actions. The absence of a substrate, or a product indicates 
an assumed
concentration invariance of these species. The (+)/(-) symbols indicate positive or negative feedback regulatory loops. This regulatory GRC model was linked with a dynamic 
model of a fed-batch bioreactor to result a hybrid SMDHKM model. This model, derived under the WCVV novel modelling framework, was used for the insilico
GMO design of E.coli to maximize the mercury uptake from wastewaters, and for various engineering analyses [Maria,2010,2008,2009b]; [Maria and Luta,2013; Maria et 
al.,2013].
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where NA is the Avogadro number. According to the Eq.(V3) and isotonic system hypothesis of the WCVV model, the species 
concentrations could present fractional concentrations, due to the various (long stationary, or short dynamic) perturbations into the 

cell, which are manifested by a variation in the number of moles 1

all
ij

N
 , and of the cell volume Vcys, and so in the Cj of Eq.(V2). For 

instance, a suddenly increase in the internal lumped metabolites {NutP, NutG, etc.} (Figure 2-24), will lead to a signifi cant increase 

of their large number of moles, and of the 1

all
ii

N
 , which, in turn, will lead to a signifi cant increase in Vcyt, and to a decrease of Cj  in 

Eq.(V2), particularly for the species “ j “ present in small amounts (such as G, GP of the GERM kinetic models).

2.2.1.1. WCVV model generic mass balances

The core re lationship of the WCVV modelling framework relates to the dependence of the species inner concentration on the both 
variable number of moles (copynumbers), and cell volume, thet is:
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Figure 2-20: Effect of the GERM model complexity on the GRC stationary performances indices (P.I.-s), that is: [down-left] species recovering times after a -10%[P1]s 
dynamic perturbation, and [down-right] species stationary le levels  Cjs relative sensitivities S(Cj; NutP)s vs. environmental perturbations in the [NutP]s concentration [Maria, 
2006]. Figures compare two GRC structures including similar GERM-s, that is [top-left] a simpler structure with 10 species and less effectors of [G1(P1)1] linked to [G2(P2)1] 
type, compared to a more complex structures with 14 species and more effectors of [G2(P1)1 ; M1(P1)1] linked to [G2(P2)1 ; M2(P2)1] . Despite its simplicity, the top-left 
GRC structure reported better dynamic P.I.-s (down-left), and comparable stationary P.I.-s (down-right).

Figure 2-21: Effect of the TF concentration on the GERM effi  ciency [Maria, 2007,2009,2014b]. The down-plot indicates the key-species stationary sensitivities for various 
[PiPi] (i=1,2) effector levels predicted by the GRC model of a genetic switch proposed by Maria [2009], of type [G2 ( P3P3 ) n1 ( P2P2 ) m1] + [ G3 ( P2P2 ) n2 ( P3P3 ) m2] 
, with n1,n2 = 1, and m1,m2 = 1 (mixed cross- and selfrepression). The ordinate is the relative (logarithmic) sensitivity of a key-species stationary Cjs vs. the stationary 
perturbation in the [NutP]s. The chosen optimal [TF] (that is [P2P2]s, and [P3P3]s here) corresponds to the minimum of the P2,P3, and P2P2,P3P3 sensitivity curves vs. the 
[TF]s. In the example of [Maria, 2009] this optimal value is [P2P2]s = [P3P3]s = 4-10 nM.
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Figure 2-22: The simplifi ed lumped reaction schema for an individual gene expression regulatory module (GERM) of [G(P)1] type of Fig. 2-12. Notations: NutP and NutGare 
substrates imported from environment, and used in the synthesis of metabolites MetP and MetG used for P and G synthesis; G = a generic gene (DNA); P = encoded protein; 
M = mRNA; GP = the inactive complex of G with P. The horizontal arrows indicate reactions. The vertical arrows indicate catalytic actions. The absence of a substrate or 
product indicates an assumed concentration invariance of these species. 

Figure 2-23: Cell ballast effect on the performance indices of a GERM of [G(P)1] type, presented in Fig. 2-22 . The key-species homeostatic concentrations are given in Table 
2-4. [Maria and Scoban, 2017,2018].
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Figure 2-24: The reaction scheme of the [ G(P)1] regulatory module GERM of the generic gene G expression used to exemplify the synthesis of a generic P protein in the E. 
coli cell, proposed by Maria [2003,2005,2017a]. To improve the system homeostasis, that is the quasi-invariance of key species concentrations (namely enzymes, proteins, 
metabolites), despite of external perturbations in nutrients {NutP. NutG} here, and metabolites {MetP, MetG}, or despite the cell internal changes in the species stationary 
concentrations), a very rapid “buffering” reaction G + P <==> (GP)inactive has been added. Adapted from Maria [2005]. See also the case study of section 2.3.1.
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where NA is the Avogadro number. According to the Eq.(V3) and isotonic system hypothesis of the WCVV model, the species 
concentrations could present fractional concentrations, due to the various (long stationary, or short dynamic) perturbations into the 
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Eq.(V2), particularly for the species “ j “ present in small amounts (such as G, GP of the GERM kinetic models).

2.2.1.1. WCVV model generic mass balances

The core re lationship of the WCVV modelling framework relates to the dependence of the species inner concentration on the both 
variable number of moles (copynumbers), and cell volume, that is:
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Consequently, Eq. (1b) should be re-written for a variable volume, in the form:
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Or, in a more strict sense, by combining with Eq.(lb), it results the WCVV novel model formulation, as following:
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Where:
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1 , j 1, , nsj
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V dt
  

.

It is to observe that the instant cell dilution rate “Di” defi ned in Eq.(10), is different from the average (apparent) 
cell dilution rate “Dm” defi ned and evaluated in Eq.(2). The instant dilution, is dependent on the all reaction rates 
of the cell, being a holistic property. It results from derivation of the Pfeiffers’law (last row of Eq.(6)), that is:

1
 

( ) ( )ns
jj

cyt

RTV t N t
 

 
,

Abbreviations: Min = to be minimized; Max = to be maximized. Note: k(syn) and k(decline) refers to the - P - overall reaction.
Notations: “n”= nominal value; “s” = stationary value; (*) see the defi nition and the calculation of the monodromy matrix A in section 2.2.3, and [Maria, 
2003]; (i) = i-th eigenvalue of the Jacobian matrix of Eq.(4); (j)= species “j” recovering time after a dynamic (impulse-like) perturbation in a key-species 
of the GERM kinetic model of WCVV type; Nut= nutrient; Re= real part; AVG= average; STD= standard deviation; Cj= species “j” concentration; RD= 
dynamic regulatory (recovering) index; QSS = quasi-steady-state; P denotes the expressed key-protein in the analysed GERM kinetic module.

Table 2-2: The regulatory effi  ciency performance quantitative indices (P.I.-s) proposed by Maria [2003,2005,2006,2007,2008,2009,2017a,2017b,2018] to evaluate the 
GERM–s regulatory properties in maintaining the species homeostasis following a dynamic (impulse-like), or a stationary (step-like) perturbation in a key-component of the 
GERM kinetic model of WCVV type.

Table  2-3: The main performance indices (P.I.s), that is the quantitative measures of the GERM–s regulatory effi  ciency, as defi ned by [Maria 
[2003,2005,2006,2007,2008,2009,2017a,2017b,2018]; [Maria and Scoban,2017,2018]. The tested GERM-s kinetic models have been developed, and 
compared with the literature data, by using the WCVV modelling framework (sections 2.2.1; 2.2.2., and 2.3, and 3). These (P.I.s) are inter-connected to 
their math formulation of Table 2-2.
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Which, by derivation and division with V is leading to [Maria,2005,2006,2007]:

1

1 1ns j
i j

dNdV RTD
V dt V dt 

      
   

 , where:

1 , j 1, , nsj
j

dN
r

V dt
  

The average (apparent) cell logarithmic dilution rate Dm is: 

Table 2-4: The nominal (homeostatic QSS) E. coli cell conditions of a gene expression module (GERM), modeled with a kinetic model of [G(P)1] type (Fig. 2-22, and Fig. 2-24). 
Also, the recovering rates after a –10% impulse perturbation in the [P]s of 1000 nM at an arbitrary t=0. Cell initial volume of the considered E. coli cell, is of Vcyt,0 = 1.66X10-15 
L [c]; tc = 100 min. Adapted from Maria [2005], and Maria and Scoban [2017, 2018].

Species
Low ballast cell (nM) High ballast cell (nM)

QSS conc. (nM) Recovery time (min) QSS conc. (nM) Recovery time (min)

Lumped CNutP 3000 NG 3 × 108 NG

Lumped CNut 3000 NG 3 × 106 NG

Lump ,MetG j sj
C G  [a]

~2000 NG 3 × 106 NG

Lump ,MetP j sj
C P  [b]

3000 NG 3 × 108 NG

CPs = [P]s 1000 103 1000 133

CGs = [G]s 0.5 223 0.5 93

CGP,s 0.5 246 0.5 93

 Footnotes:

The lump ,Met j sj
C G  results from the isotonic constraint Eq.(6), and the constraint ( cyt env   ), and      all all

j jj jcyt env
C C  of Table 2-1, leading 

to the relationship:

 

j j
j
j

all cell

NutG NutP MetG MetP jj j
j MetP
j MetG

C C C C C



 
     
 
 

   Consequently, one obtains:

  
     j

all cell
Met G NutP NutGj j MetG j

C C C


     .

The lump , MetP j sj
C  results analogous to the footnote [A], from the isotonic constraint:

  
     

all cell
MetP NutP NutGj j MetP

C C C


    . As the relationship [A] presents two unknowns {that is ,Met j sj
C G  and , MetP j sj

C }, in the present case, 

arbitrarily MetPj
C  was set to CNutP .

The considered cell cycle is of tc = 100 min. The cell-volume average logarithmic growing rate is ln(2) /Dm tc . The   Max Re  0j   indicates a stable 

QSS homeostasis of these cell species concentrations, where λj are the Jacobian Eq.(4) eigenvalues of the ODE kinetic model of the cell system in a WCVV formulation 

Eq.(11). The rate constants of the [G(P)1] model Eq.(11) results from solving the stationary model Eq.(14) (that is for dCj/dt = 0 ) with the average ln(2) /Dm tc , 

with the cell cycle of tc = 100 min., and with the known stationary species concentrations displayed in the above table. The only G + P  GP buffer reaction was considered 
with the reverse reaction rate constant of 1051/min, due to the reason presented by Maria [2005, 2006].
Notations: (see also Figure 2-22). NutP and NutG are substrates imported from environment, and used in the synthesis of metabolites MetP and MetG used for P and
G synthesis; G = a generic gene (DNA); P = a generic protein; M = RNA; GP = the inactive complex of G with P;  = species “j” concentration; cyt= cytoplasma; “o”= initial; ‘s’ 
index refers to the stationary state (QSS); NG = negligible.
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2

0
; ; ln(2) / ;o c

o

V t

m m m cV

dV dVD t D dt D t
V V

                 

 expo mV V D t                  (12)

Consequently, the cell dilution rate Di is linked and depends on the all reaction rates rj of the cell species Nj (taken individually, or 
lumped). By contrast, the average (apparent) cell logarithmic dilution rate  Dm is equal to In (2)/tc.

As revealed by the Pfeffer’s law Eq.(6) in diluted solutions [Wallwork and Grant, 1977], the volume dynamics is linked to the 
molecular species dynamics under isotonic and isothermal conditions by means of relationship Eq.(6). Consequently, as proved by 
Eq.(12), the instant dilution rate Di results as a sum of the reacting rates of all cell species (individual or lumped), The RT/π term can 
be easily deducted in an isotonic cell system, from the fulfi lment of the following invariance relationship Eq.(13), derived from the 
Pfeffer’s law in diluted solutions, and accounting for the mass conservation law:

1

,01 1 1
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( ) 1 1  
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j j jj j j

RTV t N t

RT V t constant
N t C C







  

 

   



  
         (13)

If this WCVV modelling concept is not applied, the default classical constant volume ODE kinetic modelling of type Eq. (1a-
b) has been applied, with a large number of inconveniences, related to ignoring lots of intra-cell effects, such as (section 2.2.3): 
A). The infl uence of the cell ballast in smoothing the homeostasis perturbations; B). The secondary perturbations transmitted via 
the cell volume following a primary perturbation, according to Eq.(13) in isotonic systems; C). The more realistic evaluation of 
GERM regulatory performances indices (P.I.-s, section 2.2.3), and of the recovering/transient times after perturbations, etc. [Maria, 
2005,2006,2007,2017a,2017b,2018].

When elaborating the WCVV kinetic models, or the CCM / GERM / GRC models, the cell-volume growing rate effect is essential 
for accounting several effects, such as [Maria, 2005,2006,2007,2017a,2017b,2018]: D). The continuous diluting of the cell content, 
cell-’resistance’ to small perturbations in the internal/external components due to the inertial ‘big volume’ effect; E). The indirect 
effect of the perturbations in species concentrations on the cell-metabolism through the induced changes in the volume growing 
rate. F). The volume-growth diluting effect acts as a continuous stationary perturbation for the concentration-levels, and formally 
can be assimilated with a fi rst order decay rate of all cellular species during a cell-cycle in Eq.(10).

It follows that the cell-volume variation during the most of a cellgrowth cycle (the fi rst  80% [Surovstev et al.,2007; Morgan et 
al., 2004]) is an essential term to be accounted in every cell-modelling attempt to obtain more satisfactory predictions. Although 
most of reported models, both deterministic or stochastic, ignore or diminishes such effects and build-up ‘constant’ cell-volume 
equations WCCV (section 2.1) written in terms of species concentrations, the new elaborated regulatory/whole cell-models WCVV 
over the last couple of years accounted the cellvolume growth in an explicit way [Maria, 2005, 2006, 2007, 2009, 2010, 2014b; Maria 
and Luta, 2013; Morgan et al., 2004; Surovstev et al., 2007; Vilela et al., 2010]. The superiority of WCVV framework models vs. the 
classical WCCV models was discussed and proved in section 2.3.1.

For instance, Sewell et al. [2002] included the volume-diluting effect only for the protein-concentrations through a formally 
fi rst-order decay rate. Such an approach, even being satisfactory for rapid and simple predictive purposes, suffers of two major 
disadvantages: (i) the ‘decay’ rate is not considered for all the species in order to avoid high model complexity, and (ii) the ‘decay’ 
rates can report different rate constants for various species, when in reality the same cell diluting rate should be applied for all the 
considered species in the cell model; (iii) the ‘inertial’ cell-volume / large copynumber effect to smooth perturbations can not be 
simply and naturally included in a constant-volume cell model. More details are given in sections 2.2.3., 2.2.4

The same fi ctive decay-rate approach has been reported by Tomita et al. [1999] in developing an ‘E-cell’ continuous differential 
model of a cell, with including a larger number of genes and proteins. As mentioned by Tomita [2001], “the E-cell system also 
accepts user-defi ned reactions, making it capable of handling many other phenomena such as diffusion and variable cell volume”. 
Using the EcoCyc and KEGG databases, the authors simulate the dynamics of 127 genes/proteic system for the M. genitalium cell. 
However, this model suffers from several drawbacks such as the lack of autocatalytic effects during a cell-cycle, by considering any 
replication of the genome, and any cell-division process. Recently, the authors reported some improvements of the E-cell model 
with including the osmotic pressure balance and volume cell growth without giving any detail [Kinoshita et al.,2001].

Other models, such of Gibson and Bruck [2001], avoid including the cell-volume increase effects when considering only fi rst-
order reaction terms into the model equations. And they do not consider the WCVV hypotheses (section 2.2.1). However, the authors 
signalled that such an approximation “can create a large calculation error”.
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In the WCVV modelling approach, separate equations explicitly link the cell-volume growth by the cell-osmotic pressure, while 
the continuous ODE model is re-written in terms of species moles under the variable volume of the cell system. In the GERM 
regulatory models (sections 2.2.2, 2.2.3) the cross-autocatalytic effects are also included when separate protein and gene synthesis 
catalytic pathways are considered together. Moreover, external cell-factors are better accounted by separately considering the 
protein and gene ‘raw-materials’ (see the GERM-s kinetic model formulations in sections 2.2.2., 2.2.3). It is also to observe that, 
from defi nition of Di in Eq. (12), it results the cell volume dynamics given in Eq.(2).

The cell volume doubles over the cell cycle period ( tc ), with an average logarithmic growing rate of ln(2) /m cD t  given in Eq.(2).

For stationary balanced growing conditions (that is at quasi steadystate, QSS), species synthesis rates are equal to fi rst-order 

dilution rates (DCj), leading to time-invariant species concentrations (i.e. homeostatic conditions,  / 0j s
dC dt  ). Thus, from Eq. 

(11), and combining with Eq.(12), one obtains the WCVV model:

 

1
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dt V dt
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C k

         (14)

It is to observe that in the WCVV model the instant cell dilution Di in Eq. (10), is fundamental different to the stationary cell 
dilution rate Ds of Eq. (14), which, in turn is roughly equal to the average one Dm of Eq.(2).

As proved by Maria et al. [2018d] the use of  Dm instead of the instant Di can lead to biased results, and wrong simulation results. 
This is also valid for the use of classical WCCV formulation instead of the novel WCVV one (sections 2.2.2, 2.2.3, 2.2.4, and 2.3).

2.2.1.2. Some advantages of the novel WCVV modelling framework

When mode lling metabolic cell processes with deterministic continuous-variable models by using a certain number of novel 
concepts related to the WCVV modelling approach, certain advantages have to be underlined, as followings [Maria,2003,2005,2006
,2007,2008,2009,2009b,2009c,2010,2014a,20 14b]; [Hudder et al.,2002; Maria et al.,2011]. The proofs of these advantages are given 
in section 2.2.3.

1). The more realistic representation of the GERM / GRC regulatory properties, in a quantitative, easily interpretable way (section 
2.2.3). Such an approach was proved to lead to a more effective representation of the cell regulatory processes, being very 
useful when developing modular kinetic representations of the GRC-s that control the protein synthesis and homeostasis 
of metabolic processes. Such structured kinetic models were proved to be useful to design GMO-s. [Maria and Luta, 2013; 
Maria,2018]. As ca. 80% of the cell cycle is the growing phase and, assuming a quasi-constant osmotic pressure and a constant 
volume growing logarithmic rate, the WCVV cell model can be considered satisfactory to study the cell GRC effectiveness.

2). The novel WCVV modelling framework to buildup kinetic cell models presents the advantage of explicitely inclusion in the 
model equations of the isotonicity constraints, and of the connection between the variable cell volume and all reactions taking 
place into the cell.

3). The holistic WCVV approach reveals the role played by the “cell ballast” in smoothing the effect of perturbations coming from 
the environment. The WCVV modelling framework was succesfully used to derive effective kinetic models describing various 
genetic regulatory circuits (GRC)(like operon expression, genetic switch, etc.), and individual gene expression modules 
(GERM) [Maria,2003,2005,2006,2007,2008,2009,2009b,2009c,2010,2014b]; [Hudder et al.,2022; Visser et al.,2004].

4). The WCVV model formulation was proved to be also suitable to accurately model the cell growth and its division [Morgan et 
al.,2004].

5). The novel WCVV modelling framework allows a realistic analysis of rules to be used for GERM linking when 
buiding-up complex GRC dynamic models (section 2.2.4), thus offering the possibility i) to simulate the regulatory 
performances of an individual gene expression, of an operon expression, or ii) of a GRC (switch, amplifi er, 
fi lter, etc. [Savageau,1987,2002; Wall et al.,2003]), and also iii) to in-silico design of GMO or cloned micro-
organisms with target plasmides to obtain desirable characteristics for industrial or medical applications. Some
examples include: maximization of succinate production in E. coli [Maria et al.,2011];, effi cient removal of mercury from 
wastewaters [Maria et al.,2013; Maria and Luta,2013; Maria,2009b,2010]; design of a genetic switch of desirable characteristics 
[Maria,2007,2009,2014b].
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On the contrary, application of the default classical WCCV ODE kinetic models of Eq. (1a-c) type with neglecting the isotonicity 
constraints presents a large number of inconveniences, related to ignoring lots of cell properties, discussed in detail by Maria [2017a, 
2017b, 2018], that is (see sections 2.2.3, and 2..3):

- the infl uence of the cell ballast in smoothing the homeostasis perturbations;

- the secondary perturbations transmitted via cell volume following a primary perturbation (see the proof given in the below 
paragraph);

- the more realistic evaluation of GERM regulatory performance quantitative indices (P.I.-s);

- the more realistic evaluation of the recovering/transient times after perturbations;

- conditions when the intrinsic model stability is lost;

- GERM / GRC self-regulatory properties after a dynamic, or a stationary perturbation, etc.

By contrast, the WCVV novel modelling concept / framework proposed by Maria [2002], and [Maria et al., 2002], with the further 
developments/ studies of the WCVV properties given by Maria [2002,2003,2005,2006,2007,2009,2014b, 2017A, 2017B, 2018, 2023, 
2023a, 2024, 2024b, 2024c] was used to derive cell kinetic models, in a holistic approach. Such WCVV cell models, “automatically” 
maintains the intracellular homeostasis of cell processes, while growing autocatalytically on environmental nutrients present in 
variable amounts. Also, the WCVV kinetic models of cells allow simulating the individual or the holistic regulatory properties of the 
GERM / GRCs, by including in a natural way constraints related to the cell system isotonicity, and the variable-volume in relationship 
to the species reaction rates, and the lumped proteome/ genome replication. Such an isotonicity constraint is required to ensure the 
cell membrane integrity, but also to preserve the homeostatic properties of the cell system, not by imposing “the total enzyme 
activity” or the “total enzyme concentration” constraints suggested in the literature [Heinrich and Schuster, 1996]. The novel WCVV 
modelling framework is leading to accurately simulate lot of cell metabolic effects, such as (see the proofs in sections 2.2.3, and 2.3):

A. The role of the high cell-ballast in “smoothing” the continuous perturbations of the cell homeostasis due to external nutrient 
concentrations;

B. The secondary perturbations transmitted via the cell volume. In other words, the system isotonicity constraint of WCVV models 
implies that every inner primary perturbation in a key-species level (following a perturbation from the environment) is 
followed by a secondary one transmitted to the whole-cell via the cell volume;

C. The WCVV kinetic models of GERM-s allow comparing the regulatory effi ciency in a quantitative way, for various GERM-s 
types, and for various defi ned performance indices (P.I.-s).

D. The WCVV kinetic models of GERMs / GRCs allow a more realistic evaluation of their regulatory properties (that is P.I., 
performance indices, see section 2.2.3);

E. The WCVV kinetic models of cells allow studying the recovering/transient intervals between steady-states (homeostasis) after 
stationary perturbations in the environment;

F. The WCVV kinetic models allow studying conditions when the cell system homeostasis intrinsic stability is lost;

G. The WCVV kinetic models allow studying the self-regulatory properties of a cell system after a dynamic/stationary perturbation;

I. The WCVV kinetic models allow studying the plasmid-level effects in cloned cells;

J. The WCVV kinetic models allow studying the relationships between the external conditions, species net synthesis reactions, 
and the cell osmotic pressure.

By using the WCVV novel modelling framework, Maria [2002,2003,2005,2006,2007,2009,2014b, 2017A, 2017B, 2018, 2023, 2023a, 
2024, 2024b, 2024c] developed structured reduced dynamic models of various complexity to simulate individual GERMs, but also 
linked GERMs in GRCs of modulated functions (e.g. toggle-switch, amplitude fi lters, modifi ed operons, etc.), used to design GMOs 
of practical interest [Maria,2009,2014b,2018,2023].

The novel WCVV modelling framework was used to simulate some cell metabolic processes by using the concept of a 
modular simulation platform, extensible, and linked to -omic databanks (Ecocyc, KEGG, Brenda, Prodoric, CellML, NIH, 
etc.) [Maria,2005,2014a,2014b]; [Maria and Luta,2013; Tomita et al.,1999; Tomita, 2001]. By using conventional and non-
conventional estimation techniques (see the below paragraph), and usually incomplete experimental data from literature, 
a couples of notable applications have reproduced the protein synthesis homeostatic regulation, or effi ciency of some GRCs
[Maria,2003,2005,2006,2007,2008,2009,2009b,2009c,2010,2014b]. Such reduced dynamic deterministic models can fairly simulate 
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some essential cell processes, such as glycolysis in Escherichia coli cells (Figure 2-5), under stationary or perturbed growing conditions 
[Maria,2014a; Maria et al.,2018b,2018e]. Such a modular cell simulator can be used to in-silico design genetic modifi ed or cloned 
micro-organisms with industrial or medical applications [Maria,2003,2005,2006,2007,2008, 2009,2009b,2009c,2010,2014a,2014b]; 
[Hudder et al.,2002; Visser et al.,2004; Maria et al.,2011].

The mechanistic (deterministic) WCVV approach with contiuous variables was very adequate when developing structured complex 
kinetic models for various purposes. For instance, the complex WCVV structured kinetic model of Maria [2009b,2010], and Maria 
and Luta, [2013] with the reaction pathway of (Figure 2-6) is able to adequately simulate the effi ciency of the GRC responsible for 
the mercury induced expression of the mer-operon in gram-negative bacteria (Pseudomonas sp.,E. coli) responsible for regulation 
of the mercury ions uptake and reduction from wastewaters [Maria et al.,2013; Maria and Luta, 2013; Scoban and Maria, 2016; 
Maria,2009b,2010]. The hybrid dynamic model connects the structured cell WCVV model with the dynamic model of the fed-batch 
bioreactor. By using the literature experimental data the rate constants of this complex model were successfully estimated. This 
hybrid WCVV model was used: i) to optimize the operation of an industrial fl uidized-bed fed-batch bioreactor used for mercury 
removal from wastewaters, and ii) to in-silico design a GMO E. coli with an adjustable level of mercury-plasmids to maximize the 
bioreactor effi ciency [Maria et al.,2013; Maria and Luta, 2013; Maria,2009b,2010].

2.2.1.3. Rate constant est imation in the WCVV kinetic models:

In the WCVV differential model of Eq.(11) type, if a large number of species and reactions are considered, a large number of rate 
constants results. These model parameters (rate constants) are estimated by using several conventional and non-conventional 
numerical methods. If the stationary cell species concentration vector Cs is known (for the components considered in the kinetic 
model as individual or lumped species), then, by imposing the quasi-steady-state (QSS, homeostatic) condition, it results the 
nonlinear set of equations Eq.(15), that is:
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The estimated rate constant vector k̂ and the estimated unknown species stationary concentrations ˆ
sC  results by solving 

the nonlinear algebraic set Eq.(15), for every cell subsystem (e.g. the WCVV kinetic model of an individual GERM), by using an 
effective procedure [Iordache and Maria, 1991; Maria,2004; Smigelschi and Maria, 1986]. Another possibility is to solve Eq.(15) by 
transforming it into a nonlinear programming problem (NLP), to be solved by using effective optimization routines, like the MMA of 
Maria [2003b,2004,1998]. Usually, Ds is adopted as being the average cell dilution rate Eq.(2)

As the (RT/ π) term is known from the initial condition Eq.(13), and the number of model parameters is usually higher than the 
number of observed cell species (even if lumped), supplementary conventional and non-conventional constraints should be applied 
to the NLP solver, that is:

1). Physical meaning of the solution, 0ˆ ˆ, sk c    . Here, the superscript “  “ denotes the estimated value.

2). In the case of the WCVV kinetic models of GERMs (section 2.2.2), some constraints should be imposed to ensure the optimal 
regulatory effi ciency of the GERM-s. For instance,

2a). Minimum recovering time of the stationary concentrations (homeostasis) after a dynamic (‘impulse’-like) perturbation in a 
keyspecies [Maria, 2005, 2017a, 2018; Maria and Scoban, 2017, 2018]:

 P
ˆ ˆ, argMinsk C                     (16)

2b). The active  [L]active and inactive  [L]inactive forms of the regulatory element (that is the “catalyst” here) must be equal. In other 
words:

  [ ] / [ ] 1 / 2,active totalL L  (see section 2.2.2)                  (17)

As proved by Maria [2003, 2005, 2006, 2007, 2009, 2017a], and by Sewell et al. [2002] such a constraint ensures a maximum 
effi ciency of the GERM control of the P-synthesis.

2c). The all forms of the regulatory elements should be constant (the mass conservation), that is:
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                                 (18)

In Eq.(16), notation p denotes the recovering time of the [P]s stationary concentration after an impulse-like perturbation (where 
P refers to a generic protein P in a GERM model of section 2.2.2). According to section 2.2.3, the p has been evaluated by applying

S10%[P]a   impulse perturbation, and by determining, by using the WCVV simulation model, the recovering time with a tolerance 

of S1%[P] .

In Eq.(17-18) “Li” (e.g. enzymes P , genes G , or  M = mRNA) is a GERM component at which the regulatory elements O/R, and 
the transcription factors (TF) acts (Figure 2-7).

To estimate ˆ ˆ, sk c 
  , other regulatory global properties can also be used as constraints, together with the constraints Eqns. (13, 

14, 16-18) [Maria,2005, Van Someren et al., 2003]. For instance, the reverse reaction rate constants in the rapid buffer reactions of 
GERM-s, of type L + 0  L0 (or, equivalently G + P  GP, in section 2.2.2) are adopted at values fi ve to seven orders of magnitude 
higher than the cell average dilution rate Dm (see the proof of Maria [2005,2017a,2006,2018]). The L/ LO denotes here the active / 
inactive forms of the regulatory element respectively. That is because fast buffering reactions are close to equilibrium and have little 
effect on the metabolic control coeffi cients. As a consequence, rate constants of such rapid reactions are much higher than those of 
the core CCM syntheses and of the cell dilution rate.

2.2.1.4. Proving the importance of the W CVV approach in computing the “secondary perturbations” transmitted via 
cell volume

When one applies an impulse perturbation to one of the cellspecies (e.g. a generic protein denominated by P), that implies 
removal (by excretion), or addition (by import) of a certain copynumbers of P from (to) the cell. By keeping constant the cell osmotic 
pressure π, and the temperature, such a perturbation implies, according to Eqs.(6,13), an immediately contraction (or expansion) of 

the cell-volume from V to V*. Consequently, the species concentrations will vary from /j jC N V  to 
* */j jC N V , irrespectively if the 

component “ j “ suffered any copynumbers variation. This effect due to the cell volume variation is called “secondary perturbations” 
or “indirect” perturbations [Maria, 2005]. The difference in the P copynumbers before and after perturbation, i.e.  *

,P o PN N  (the 

* denotes the perturbed state), can be easily calculated for a certain imposed fi nal concentration for P , i.e. 
* * */P Pc N V . The fi nal 

copynumbers 
*
PN , for an imposed 

*
PC  results by re-evaluating the species concentrations, from Eq.(6), with the relationship:

 ,1* *

*1

ns
jo P oj

P o P

P

C CRTN V C
RTC






  
 


(A1)

To prove the relationship Eq.(A1), one considers that, before and after applying the P perturbation, the sum of copynumbers of 
all other species remains invariant, that is:

* *
, ,1 1

ns ns
j o P o j Pj j

N N N N
 

      (A2)

On the other hand, the volume relationship Eq. (6), written for the initial and fi nal states, and by keeping the same pressure π, is 

 

1

all
o joj

RTV N
 

  , and 
 * *
1

all
jj

RTV N
 

  , respectively. By multiplying Eq. (A2) with RT / π constant value, then changing terms from 

left to right, and including the volume formula, one obtains the net volume variation:

   * *
,o P P o

RTV V N N


   (A3)

By dividing Eq. (A3) with the product (V* V), and then multiplying with 
*
PN , one obtains:

* * * *
,

* *
P oP P P P

o o o

NN N N RT N
V V V V V

 
   

 
(A4)

By changing terms, from left to right, the Eq. (A4) can be re-written as followings:
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* * * * *
,

* * *
P oP P P P P
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By re-arranging the Eq.(A5), one results:
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By introducing the invariant 
1

1
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joj
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C




  from the right side of Eq.(6), and by substituting with 

* * */P PC n V , one obtains:
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Relationship Eq.(A7) is identical with Eq.(A1). On the other hand, by using the Eq.(6), the volumes for the initial and fi nal states, 

and for the same pressure , are the followings:
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,
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,  ,
all all

o j o j
j j

RT RTV N and V N
  

   (A8)

By dividing the two volumes of Eq.(A8), one obtains:
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Eq.(A9) proves, by using the isotonic WCVV formulation, the cell volume variation when a variation in the species copynumbers 
occurs. It is also to observe that the sum of species concentrations into the cell (taken individually, or lumped) is a conservative term, 
as proved by the Eq.(6) combined with Eq.(A9), that is:
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2.2.2. Simplifi ed representations of the protein synthesis (ge ne expression regulatory modules, GERMs), and of the 
genetic regulatory circuits (GRCs) under a WCVV modelling framework

 When developing deterministic kinetic models for the reactions included in the central carbon metabolism (CCM), or for other 
cell metabolic processes, to be further used for GMO design, an important aspect is to also include math (kinetic) models of individual 
GERMs characterizing the gene expression control of the enzymes production. Also, by linking the interfering GERMs modules, 
complex GRC regulatory chains can thus be obtained [Maria, 2017a,2017b,2018; Blass et al., 2017].

Because the GRC-s are responsible for the control of the cell metabolism, the adequate kinetic modelling of the constitutive 
GERMs, but also the adequate representation of the linked GERM regulatory effi ciency in a GRC is an essential step in describing the 
cell metabolism regulation via the hierarchically organized GRCs (Figure 2-8) (where keyproteins play the role of regulatory nodes). 
Eventually, such models allow simulating the metabolism of modifi ed cells.

Development of dynamic models to adequately reproduce such complex synthesis related to the central carbon metabolism (CCM) 
[Kurata and Sugimoto, 2017; Chassagnole et al., 2002; Miskovic et al., 2015], but also to the GRC tightly controlling such metabolic 
processes reported signifi cant progresses over the last decades in spite of the lack of structured experimental kinetic information, 
being rather based on sparse information from various sources and unconventional identifi cation / lumping algorithms [Maria, 
2004, 2005, 2006,2007,2008,2009,2014b]. However, such structured models are extremely useful for the in-silico design of novel 
GRCs conferring new properties/functions to the mutant cells, in response to external stimuli [Heinemann and Panke, 2006; Salis 
and Kaznessis, 2005; Kaznessis, 2006; Atkinson et al., 2003; Klipp et al., 2005; Chen and Weiss, 2005; Tian and Burrage, 2006; 
Sotiropoulos and Kaznessis, 2007; Tomshine and Kaznessis, 2006; Zhu et al., 2007; Maria et al., 2011].

A central part of cell metabolic models concerns self-regulation of the metabolic processes via GRCs. Consequently, one particular 
application of such dynamic cell models is focus on the study of GRCs properties, in order to predict ways by which biological systems 
respond to signals, or environmental perturbations. The emergent fi eld of such efforts is the so-called ‘gene circuit engineering’ (GCE) 
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and a large number of examples have been reported with in-silico re-creation of GRCs conferring new properties/functions to the 
mutant cells. By using simulation of gene expression, the GCE in-silico design GMO that possess specifi c and desired functions. By 
inserting new GRCs into organisms, one may create a large variety of mini-functions / tasks (or desired ‘motifs’) in response to 
external stimuli [Heinemann and Panke, 2006; Buchholz and Hempel, 2006; Hempel, 2006].

“With the aid of recombinant DNA technology, it has become possible to introduce specifi c changes in the cellular genome. This 
enables the directed improvement of certain properties of microorganisms, such as the productivity, which is referred to as Metabolic 
Engineering [Bailey, 1991; Nielsen, 1998; Stephanopoulos et al., 1998]. This is potentially a great improvement compared to earlier 
random mutagenesis techniques, but requires that the targets for modifi cation are known. The complexity of pathway interaction 
and allosteric regulation limits the success of intuition-based approaches, which often only take an isolated part of the complete 
system into account. Mathematical models are required to evaluate the effects of changed enzyme levels or properties on the system 
as a whole, using the metabolic control analysis (MCA) or a dynamic sensitivity analysis” [Visser et al., 2004]. In this context, GRC 
dynamic models are powerful tools in developing re-design strategies of modifying genome and gene expression seeking for new 
properties of the mutant cells in response to external stimuli [Heinemann and Panke, 2006; Salis and Kaznessis, 2005; Kaznessis, 
2006; Atkinson et al., 2003; Klipp et al., 2005; Chen and Weiss, 2005; Tian and Burrage, 2006; Sotiropoulos and Kaznessis, 2007; 
Tomshine and Kaznessis, 2006; Zhu, 2007; Maria et al., 2011; Maria, 2010; Maria and Luta,2013].

Examples of such GRC modulated functions include:

- Toggle-switch, i.e. mutual repression control in two gene expression modules, and creation of decision-making branch 
points between on/off states according to the presence of certain external inducers;

- Hysteretic GRC behaviour, that is a bio-device able to behave in a history-dependent fashion, in accordance to the presence 
of a certain inducer in the environment;

- GRC oscillator producing regular fl uctuations in network elements and reporter proteins, and making the GRC to evolve 
among two or several quasi-steady-states;

- Specifi c treatment of external signals by controlled expression such as amplitude fi lters, noise fi lters or signal / stimuli 
amplifi ers;

- GRC signalling circuits and cell-cell communicators, acting as ‘programmable’ memory units.

Modelling individual GERMs:

 Protein synthesis by gene expression is a highly regulated process to ensure a balanced and fl exible cell growth under indefi nitely 
variate environmental conditions. How this very complex process occurs is partially understood, but a multi-cascade control with 
negative feedback loops seems to be the key element. Enzymes catalyzing the synthesis are allosterically regulated by means of 
positive or negative effector molecules (transcriptional factors TF), while cooperative binding and structured cascade regulation 
(of the gene transcription and translation) amplify the effect of a change in an exo-/endo-geneous inducer. Gene expression is 
also highly regulated to fl exibly respond to the environmental stress The metabolic regulator features are determined by its ability 
to effi ciently vary species fl ows and concentrations under changing environmental conditions so that a stationary state of the key 
metabolite concentrations can be maintained inside the cell. [Maria, 2005,2017a].

To model such a complex metabolic regulatory mechanisms at a molecular level with using ordinary differential equations (ODE) 
kinetic models, Sewell et al [2002], Savageau [2002], Hlavacek and Savageau [1997]; Maria [2003,2005] proposed simple mechanistic 
structures by using a modular approach ssee the gene expression regulatory modules (GERM) library of Maria [2005,2017a] in Figure 
2-12}, useful in simulating the hierarchical organization of cell regulatory networks (Figure 2-8, right).

Concerning the protein synthesis, this process is presumably regulated by a complex homeostatic mechanism that controls the 
expression of the encoding genes. On the other hand, cells contain a large number of proteins of well-defi ned functions [Maria, 
2017a,2005], but strongly interrelated to ensure an effi cient metabolism and cell growth under certain environmental conditions. 
Proteins interact during the synthesis and, as a consequence, the homeostatic GERM systems perturb and are perturbed by each 
other. To understand and simulate such a complex regulatory process, the modular approach is preferred, being based on coupled 
semi-autonomous regulatory groups (of reactions and species), linked to effi ciently cope with cell perturbations, to ensure system 
homeostasis, and an equilibrated cell growth. Various types of kinetic modules can be analyzed individually as mechanism, reaction 
pathway, regulatory characteristics, and effectiveness. As a limited number of regulatory module types govern the protein synthesis, 
it is computationally convenient to step-by-step build-up the modular regulatory networks/circuits (GRC) by applying certain 
principles and rules to be further discussed, and then adjusting the network global properties. Accordingly, it is desirable to focus the 
metabolic regulation and control analysis on the regulatory/control features of functional GERM subunits than to limit the analysis 
to only kinetic properties of individual enzymes acting over the synthesis pathway.
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The modular approach to analyse the gene expression assumes that the reaction mechanism and stoichiometry of various 
types of individual GERMs are known, while the involved species are completely observable and measurable. Such a hypothesis 
is rarely fulfi lled due to the inherent diffi culties in generating reliable experimental (kinetic) data for each individual metabolic 
subunit. However, incomplete kinetic information can be incorporated by applying suitable lumping algorithms [Maria, 2004], or 
by exploiting the cell and module global optimal properties during identifi cation steps to build-up GERM kinetic models [Maria and 
Scoban, 2017,2018]. The regulatory modules can be constructed relatively independent to each other, but the linking procedure has 
to consider common input/output components, common linking reactions, or even common species (see the below section 2.2.4).

Rate constants can be identifi ed separately for each module, and then extrapolated when simulating the whole regulatory 
network, by assuming that linking reactions are relatively slow comparatively with the individual module core reactions. In such a 
manner, linked modules are able to respond to changes in common environment and components such that each module remains 
fully regulated (see section 2.2.1.3).

When elaborating a protein synthesis regulatory module (i.e. a gene expression regulatory module, GERM), different degrees of 
simplifi cation of the process complexity can be followed. A GERM is a semi-autonomous regulatory group of reactions and species, 
linked to effi ciently cope with cell perturbations, to adequately ensure the system homeostasis, and an effi cient gene expression.

For instance, the gene expression (see schema of Figure 2-7) can be translated into a modular structure of reactions, more or less 
extended, accounting for individual or lumped species. At a generic level, in the simplest representation (Figure 2-7, up), the protein 
(P) synthesis rate can be adjusted by the ‘catalytic’ action of the encoding gene (G). The catalyst activity is in turn allosterically 
regulated by means of ‘effector’ molecules (O,P or R ) reversibly binding the catalyst G via fast and reversible reactions (the so-called 
‘buffering’ reactions). These simple regulation schemes can be further detailed in order to better reproduce the experimental data, 
with the expense of a supplementary effort to identify the module kinetic parameters (Figure 2-12). For instance, a two-step cascade 
control of P -synthesis model also includes the M = mRNA transcript encoding P (Figure 2-7, center). The effector (O), of which 
synthesis is controlled by the target protein P (Figure 2-7, center), can allostericaly adjust the activity of G and M, i.e. the catalysts 
for the transcription and translation steps of the gene expression. In such a cascade schema, the rate of the ultimate reaction is 
amplifi ed, depending on the number of cascade levels and catalysis rates (Figure 2-7, down). More complex regulatory modules have 
been elaborated [Maria,2007,2017a; Maria and Luta,2013], and used in developing genetic regulatory circuits GRC) following a similar 
route to ‘translate’ from the ‘language’ of molecular biology to that of mechanistic chemistry, by preserving the structural hierarchy 
and component functions (see section 2.2.4). Once elaborated, such a modular structure can be modelled by using a continuous 
variable ODE kinetic model constructed under a WCVV modelling framework, and then analysed as functional effi ciency by means of 
some quantitative performance indices (P.I.-s) below described (section 2.2.3).

Adequate WCVV kinetic models of GERMs not only can reproduce their regulatory properties, but also can be used to reproduce 
the regulatory effi ciency of linked GERMs in GRCs. Such GRCs are essential parts of a cell model, by describing the cell metabolism 
regulation via the hierarchically organized GRCs (where key-proteins play the role of regulatory nodes). Also, it is to be underlined 
that in such GERM models (Figure 2-12), the gene expression is a highly self- / cross-regulated and mutually catalyzed process by 
means of the produced enzymes / effectors.

As the cell regulatory systems are organized on a module-based, complex feed-back and feed-forward loops are employed for 
self- or cross-activation / repression of interconnected GERM-s, leading to different interaction alternatives (directly/inversely, 
perfect/incomplete, coupled/uncoupled connections) of a gene with up to  23-25 other genes, [Maria, 2014], to ensure the key-
species homeostasis, holistic and local regulatory properties of the enzymatic reactions. While Maria [2003,2005,2007,2009,2014], 
Sewell et al [2002], Savageau [2002], Hlavacek and Savageau [1997] used reduced GERM-s structures of up to  10-14 reactions, that 
ensures a satisfactory trade-off between model simplicity and its predictive quality [Maria,2006], more sophisticated constructions 
are proposed in the literature [Maria, 2014b, 2017a] (Figure 2-12).

As an example, Kaznessis [2006], and Salis and Kaznessis [2005] designed a bistable genetic switch, by using two gene expression 
modules GERM-sextracted from the lac operon of E. coli. The transcriptional regulation is modelled by using a stochastic approach 
accounting for 40 reactions and 27 species (for the reduced kinetic model) or 70 reactions and 50 species (for the extended kinetic 
model). Such a regulatory schema (Figure 2-7), including dimeric self-repressors (PP, or OO; [Maria, 2006]) and mutual repression 
following the presence in excess of one of the activating inducers, can also be illustrated by means of simpler representations of 
Yang et al. [2003], and Maria [2003,2005,2017a]. The advantage of such a modular approach is the possibility to adapt the model size 
according to the available information, or to use the same GERM structure to model several gene expressions [Maria and Luta, 2003]. 
Modular approach can also be useful in simulating the hierarchical organization of the cell regulatory networks.

The modular approach assumes that the reaction mechanism and stoichiometry of the kinetic module are known, while the 
involved species are completely observable and measurable. Such a hypothesis is rarely fulfi lled due to the inherent diffi culties in 
generating reliable experimental (kinetic) data for each individual metabolic subunit. However, incomplete kinetic information can 
be incorporated by performing a suitable model lumping, or by exploiting the cell and module global properties during identifi cation 
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steps [Maria and Scoban, 2017, 2018]. The regulatory modules can be constructed relatively independent to each other, but the 
linking procedure has to consider common input/output components, common linking reactions, or even common species. Rate 
constants can be identifi ed separately for each module, and then extrapolated when simulating the whole regulatory network, by 
assuming that linking reactions are relatively slow comparatively with the individual module core reactions. In such a manner, 
linked modules are able to respond to changes in common environment and components such that each module remains fully 
regulated. (see below section 2.2.4)[Maria, 2005, 2017a]. The advantage of such a modular approach is the possibility to reduce the 
system model complexity and the size of the identifi cation problem, by understanding, for instance, the gene expression response 
to a perturbation as the response of a few genetic regulatory loops instead of the response of thousands of genetic circuits in the 
metabolic pathway. [Maria, 2009; Maria and Luta, 2013].

To easily study and compare GERM-s regulatory effi ciency, Sewell et al. [2002], Yang et al. [2003], and Maria [2003, 2005, 
2006, 2007, 2009, 2014, 2017a]; [Maria and Luta,2013] proposed various types of hypothetical GERM-s simplifi ed reaction pathways 
designed to ensure homeostatic regulation of a generic protein-gene (P/G) pair synthesis (see the GERM “library” of Maria [2003, 
2005, 2017a]), with a large number of exemplifi cations from E. coli (some of them are displayed in Figure 2-7, Figure 2-25).

As experimentally proved in the literature (review of Maria [2017a, 2017b, 2018]), the genetic regulatory circuits (GRC), that 
control the synthesis of all proteins (enzymes) in the cell, present a modular construction, every operon (a cluster of genes under the 
control of a single promoter) including a variable number of interacting GERMs. Examples of GRCs includes genetic switches, operon 
expression, genetic amplifi ers, or fi lters, etc. However, it is well-known that one GERM interacts with no more than other 23-25 
GERMs [Kobayashi et al., 2004], while most of GERM structures are repeatable. Consequently, in developing the in-silico analysis 
of a GRC dynamics, the WCVV modular approach is preferred due to several advantages: 1) A separate analysis of the constitutive 
GERM-s in conditions that mimic the stationary or perturbed cell growth. 2) The modules are then linked to reconstruct the GRC 
of an optimized regulatory effi ciency 3) in order to ensures key-species homeostasis and cell network holistic properties (Figure 
1-56, Figure 1-54, Figure 2-8). Investigation of GERMs and GRCs characteristics is focus on the tight control of gene expression, the 
quick dynamic response to perturbations, the high sensitivity to specifi c inducers, and the GRC robustness (i.e. a low sensitivity vs. 
undesired inducers). Such advanced regulatory structures must ensure the homeostasis (quasi-stationarity) of the regulated key-
species, and quick recovery (with a trajectory of minimum amplitude) after a dynamic (impulse-like) or a stationary (step-like) 
perturbation of one of the involved metabolites or nutrients [Maria, 2003,2005,2006,2007,2008,2009,2014b, 2017a,2017b,2018])
(Figure 2-9, Figure 2-10).

To not complicate the deterministic models, lumped GERM and GRC structures have been adopted in the literature. Some of 
them are presented in the Figure 2-11, and Figure 2-12. The simplest GERM structure with one regulatory element is those denoted 
by [G(P)1]. The generic [G(P)1] regulatory module, schematically represented in (Figure 2-24), and in (Figure 2-12, the top-row), 
refers to the synthesis of a generic protein P and the simultaneous replication of its encoding gene G. The lumped [G(P)1] model 
(Figure 2-24) includes only one regulatory element (a so-called “effector”, that is a fast “buffer” reversible reaction G P GP 
(inactive), aiming at controlling the P synthesis rate and its homeostatic (quasi-stationary, QSS) level. In such a generic lumped 
construction, the protein P and its encoding gene G mutually catalyses the synthesis of each other. The protein P is the “control 
node” playing multiple roles in such a simplifi ed lumped representation. Thus, (see (Figure 2-11-down-right, and Figures 2-26) P is 
a permease leading to the import of nutrients NutG, NutP in the cell, but also a metabolase converting the nutrients into precursors 
MetG and MetP of the G and P respectively. Protein P is also a polymerase catalysing the gene replication. And, fi nally, the protein P is 
also a transcriptional factor (TF) by dynamically adjusting the catalytic activity of the G by means of a very rapid “buffer” regulatory 

reaction G P GP  (inactive). When P is produced in excess, it reversible inactivates more amount of G, which in turn, will 
slow-down the P synthesis. When P is produced in too low amounts, the regulatory process goes backwards.

Because the GERM structures are repeatable in most of cells, Maria [2003,2005,2006,2007,2009,2017a,2017b,2018, 2023, 2023a, 
2024, 2024b, 2024c] developed a math “LIBRARY” including “template” kinetic models of the main GERM types (see Figure 2-12), 
under the WCVV modelling framework.

The LIBRARY of lumped individual GERMs modules is useful to build-up dynamic models of GRC (genetic regulatory circuits), by 
linking a large number of GERM-s, useful for in-silico design of GMOs. The LIBRARY allows to use the novel WCVV math modelling 
framework to defi ne novel quantitative performance indices ( P.I.-s) in order to characterize and to directly compare the regulation 
effi ciency of the individual GERMs related to the internal/external perturbations [dynamic (“pulse-like”), or stationary(“step-
like”)]. The use of the GERM library and their associated P.I.-S allows an easier application of a “buiding-blocks” strategy and rules 
to connect GERMs to build-up GRCs when designing GMOs. Of desirable characteristics. Besides, the GERMs library was proved to be 
very useful to study various properties of the cell self-regulation effects, impossible to be highlighted by using classical cell WCCV 
models (see sections 2.2.3, and 2.3).

The module nomenclature used in Figure 2-12 for the GERM models, proposed by Yang et al. [2003], and by Maria 
[2003,2005,2006,2007,2008,2009,2017a,2017b,2018] is the following:
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   1 1 i iL O n1; ;L O ni                (19)

It includes the assembled regulatory units  i i iL O n . One unit “ i “ is formed by the component L(i) (e.g. enzymes 
P or even genes G,M , etc.) at which regulatory element acts. By contrast, n(i) = 0,1,2,… is the number of ‘effector’/
TF species O(i) binding the ‘catalyst’ L. The “effectors” can be P, PP, PPPP, R, RR, RRRR, etc. For instance, a 
[G(P)2] module of GERM of Figure 2-12 includes two successive binding steps of G with the product P , that is 

G P GP P GPP    , all intermediate species GP, GPP, being catalytically inactive, while the mass conservation law is 

all time fulfi lled, i.e.  2

0
tan


    ii
G P cons t . Such a representation accounts for the protein concentration diminishment due

to the cell-growth dilution effect, but could also include protein degradation by proteolysis. It is also to observe that such GERM 
models, even simple, try to account the essential properties of the gene expression, which is a highly self- / cross- regulated 
and mutually catalyzed process by means of the produced enzymes / effectors. As depicted in the Figure 2-7, 2-8, 2-11, 2-12. For 
instance, in the simplest [G(P)1] module case, the protein P synthesis is formally catalysed by its encoding gene G . In turn, P protein 

formally catalyse the G synthesis, but also modulate the G catalyst activity (via the fast buffering reaction G P GP  .

In fact, the repeatable GERM-s structure facilitate the construction of a math “LIBRARY” of the main GERMs types. Maria 
[2003,2005,2017a] proposed such a “LIBRARY” of the main GERMs . Moreover, he developed simplifi ed (lumped) template kinetic 
models for these main GERM-s types, ready to be used to simulate individual gene expression [Maria,2017a,2018d], but also to 
construct GRC-s by linking several GERM-s (see the mercury-operon of 5 linked GERM-s as an example, [Maria and Luta,2013]). The 
GERM-s kinetic models are constructed to fulfi ll the chemical and biochemical process engineering (ChBPE) concepts/rules (section 
1.3.4). On the other hand, the WCVV “whole-cell” modelling approach, and the kinetic simulation of hypothetical “mechanistic 
cell” will fulfi ll the local regulatory properties of the P-synthesis, but also the cell holistic properties that maintain intracellular 
species homeostasis while growing auto-catalytically on environmental nutrients present in variable amounts. However, unlike the 
chemical reactions, most of the cell reactions are catalyzed by enzymes (proteins). Such a particularity involves a lot of advantages: 
a) the reactions are very selective, and of high conversion; b) the reaction rate can be “adjusted” not only from the substrate 
concentrations, but also by adjusting the biocatalyst (enzyme) concentration. Such an alternative can be done by over-expression 
of the encoding gene. For instance, by adding a certain number of plasmids in the cell nucleus (see the example of Maria and Ene 
[2013]). c) A certain reaction can be removed, by removing the biocatalyst synthesis, that is by removing the corresponding encoding 
gene from the genome (“gene knock-out” rule).

Figure 2-25: Investigate several alternatives to link two GERM-s. [Up-left]. Competitive (concurrential on common metabolites), linking [G1(P1)0] + [G2(P2)0]; [Up-right]. 
Simple cooperative linking of [G1(P1)0] + [G2(P2)0] modules. P1 is permease and metabolase for both GERM-s; P2 is polymerase for replication of both G1 and G2 genes.
[Down]. Cooperative linking with buffer reversible regulatory reactions to modulate the G1 and G2 catalytic activity in the modules [G1(P1)1] + [G2(P2)1]. The horizontal 
arrows indicate reactions; vertical arrows indicate catalytic actions. The absence of a substrate or product indicates an assumed concentration invariance of these species.
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As proved by Maria [2003,2005,2006,2007,2008,2009,2017a,2017b,2018], the GERMs performances indices (P.I.-s, see section 
2.2.3) are as better as the number of effectors increases. For instance, for the GERM of [G(P)n], or of [G(PP)n] types in Figure 2-12 
, the dynamic regulatory effi ciency (expressed here as the recovery rate after a dynamic impulse-like perturbation in the P key 
species) are as better as the number “ n “ of buffer reactions increases (Figure 2-13). Of course, also the effector type is important. 
As proved in section 2.2.3 the [G(PP)n] effectors, with a dimeric TF are better than those of [G(P)n] type [Maria,2009,2017a,2018].

Also, Maria [2005,2006,2007,2008,2009,2017a,2017b,2018] proved that when P is acting as a TF, its effi ciency is better if it is 
present in a dimeric form (PP), that is in GERMs of [G(PP)n], or [M(PP)n] type in Figure 2-12, and Figure 2-13.

Maria [2003,2005,2006,2007,2008,2009,2017a,2017b,2018] also proved that the GERM regulatory effi ciency is better if TF=PP  is 
acting at both G and M levels of the expression (middle and downrows of Figure 2-12), thus developing a cascade control scheme of 
the expression, where the transcription and the translation regulatory steps are considered separately in the WCVV kinetic model, 
that is GERMs of [G(PP)n; M(PP)n′] type.

It clearly appears (Figure 2-9) that, as the number of effectors increases in the GERM kinetic model, as its performance regulatory 
indices (P.I.-S) are better.

Perturbations of the species steady-state (homeostatic) concentrations are caused by environmental processes. In a GERM case, 
these processes tend to increase or decrease the key-proteins stationary level, generically denoted by [P]s. These processes occur in 
addition to those of the “core” system (G/P replication over the cell cycle).

The GERM regulatory performance indices P.I.-s are of two types, according to the classifi cation of Maria 
[2003,2005,2006,2007,2008,2009,2017a,2017b,2018] (Figure Figure 2-14 , and Figure 2-15), that is, in the response to: 1) stationary 
(slow, supported, “step”-like) perturbations, and 2) dynamic (quick, unsupported, “impulse”-like) perturbations. Briefl y they are 
presented in the Table 2-2, together with the associated optimization objective, for a general nonlinear dynamic cell WCVV model 
described, in a compact mode, by the Eq. (20), derived from Eq.(11), and completed with Eq.(4). Detailed information is given by 
Maria, [2003,2005,2006,2007,2008,2009,2017a,2017b,2018].

/ ( , ); ( 0) ; / ; ( 0)
; ( ( , ) / )s

d dt t d dt t     
   

S C

C

C h C k C C A J A A
I J h C k C

          (20)

Where C = species concentration vector; “s” index = stationary (QSS) value; k = rate constants vector; Jc = the Jacobian matrix of 
the WCVV kinetic model Eq.(11), that is Eq.(4). I = the identity matrix.

To better point-out the main GERM-s types of Figure 2-7, Figure 2-25, and Figure2-12, some supplementary observations are 
necessary.

These simplifi ed GERM-s representations include the essential nutrient lumps (NutP, NutG), metabolites (MetP, MetG), and 
intermediates involved in the reactions controlling the transcriptional and translation steps of the G expression and P synthesis, and 
“to mimic” the cell content load (“ballast”), and the environmental infl uence.

The GERM-s modules nomenclature, proposed by Yang et al. [2003] of type Eq.(19), that is: [L1(01)nl;...;Li(01), includes the 

assembled regulatory units  ''
i iL O ni  “. One unit “ i “ is formed by the component Li [that is enzymes, and TF-s such as P , gene G 

, or M (mARN), etc.] at which regulatory element acts, and ni = 0,1,2,… number of ‘effectors’, that is TF species denoted here by Oi 
(that is P, PP, PPPP, O, OO, OOOO, R, RR, RRRR, etc.) binding the ‘catalyst’ L (Figure 2-7, Figure 2-25, and Figure 2-21). For instance, 
a [G(P)5] unit of GERM includes fi ve successive binding steps of G with the product P , that is:

G P GP P GPP P GPPP P GPPPP P GPPPPPP,         

all intermediate species GP, GPP, GPP, GPPP, GPPPP, GPPPPP being inactive catalytically, while the mass conservation 

law is all time fulfi lled, i.e.  5

0
constantii

G P

    . Such a representation accounts for the protein concentration 

diminishment due to the cell-growth dilution effect, but could also include protein degradation by proteolysis.
The [G(P)n] units of GERM, even less realistic (Figure 2-7), represent the simplest GERM-s used as control mechanism against 
which all others are compared. In the simplest [G(P)0] kinetic model of a GERM module (see Figure 2-26), there are only two main 
synthesis chains. That is, P is a permease that catalyses the import of NutG and NutP from the environment, and a metabolase that 
converts them into cellular metabolites MetG and MetP. P it is also a polymerase that catalyses the synthesis of G from MetG. Gene G, 
symbolizing the genome of the cell, functions as a “catalyst” for the synthesis of P from MetP. The result is that G and P syntheses 
are mutually auto-catalytic. In this [G(P)0] kinetic model of GERM module there are no regulatory elements (no buffering reactions 
to control the G  activity). By comparison, in the [G(P)1] kinetic model of GERM module (Figure 2-24), the negative feedback control 



ISBN:

DOI: https://dx.doi.org/10.17352/ebook10124Gheorghe MARIA 091

of transcription is realized by P itself (as effector), via a rapid buffering reaction, G P GP  , leading to the catalytically inactive 
GP complex. As proved by Maria [2003,2005,2017a], the maximum regulatory effi ciency at steady-state (index ‘s’) corresponds to 

S  [G] / [G] 1 / 2total  , when the maximum regulation sensitivity vs. perturbations in [P]s is reached [Sewell et al., 2002]. Further allosteric

control of G activity, leading to inactive species [GPn], amplifi es the regulatory effi ciency of such a [G(P)n] module.

Experimental p roofs of GERM-s model structures:

As an experimental evidence of such GERM model structures, prokaryotes commonly bind multiple copies of 
transcription factors as a means of promoting cooperative effects and thus improving regulatory effectiveness 
[Yang et al., 2003]. For instance, dnaA is an auto-regulated protein and at least fi ve copies can bind to dnaA gene 
in E. coli. [Yang et al. 2003; Speck et al. 1999]. Several similar proofs have been reviewed by Yang et al. [2003].
The [G(PP)n] units refl ect better the regulatory loops in which multiple copies of effectors (proteins and transcription factors TF-s) 
bind to promoter sites on the DNA to control the expression of gene G encoding P (see exemplifi cations from E. coli by Yang et al. 
[2003]. The control is better realized by including the TF as a dimmer PP. This modifi cation, involves a supplementary P dimerization 
step before the buffering reactions, by keeping a low concentration level of the PP intermediate to reduce substrate consumption, and 
to keep fast regulatory reactions inside any of GERM. This explains why most of transcription factors bind as oligomers (typically 
dimers or tetramers) and why they typically bind in multiple copies [Maria, 2005; Yang et al.,2003; Ptashne, 1992].

By contrast to the other series of GERM-s from the “LIBRARY” of Figure 2-12, the [ ( ) ; ( ) 1]G P n M P n , or [ ( ) ; ( ) 1]G R n M R n , or 

[ ( ) ; ( ) 1G O n M O n ] units (see Figure 2-12, and Figure 2-7 up-right, and center) tries to reproduce more accurately the transcription 
/ translation cascade of reactions during the gene expression, by including an allosteric control at two levels of catalysis: on G (i.e. 
DNA) and on M (i.e. mRNA). In these GERM modules, M is synthesized from nucleotides under G catalysis (transcription), and then, 
P is synthesized in a reaction catalyzed by M (translation). Such a supplementary control of mRNA activity is proved to be a more 
effective means to regulate the protein synthesis. [Maria, 2003, 2005; Yang et al.,2003; Hargrove and Schmidt, 1989].

2.2.3. The regulat ion effi  ciency quantitative indices (P.I.-s) of individual GERMs under the novel WCVV modelling 
framework

By using the theory, concepts, rules, and numerical algorithms of the ChBRE (section 2), and those of the nonlinear systems, 
Maria [2005,2006,2007,2008,2009,2017a,2017b,2018,2023] defi ned in a quantitative way, by using simple mathematical (kinetic) 
models written under the novel WCVV modelling framework, the regulatory performance indices P.I.-s of GERM-s / GRC-s.

According to Maria [2003,2005,2006,2007,2008,2009,2017a,2017b,2018], the regulatory indices P.I.-s of GERM-s / GRC-s are of 
two types (Figure 2-14, and Figure 2-15):

A). Those corresponding to a stationary (continuously supported, “step”-like) perturbation, in the environment or inside the cell 
(Figure 2-15); 

B). Those corresponding to a dynamic (very short, “impulse”-like) perturbation, in the environment or inside the cell (Figure 
2-15).

Briefl y the P.I.-s of GERMs (of Figure 2-12) are presented in the (Table 2-2), together with the associated optimization objective 
(goal), for a general nonlinear dynamic cell model described by Maria [2003,2005,2006,2007,2008,2009,2017a,2017b,2018]; [Maria 
and Scoban, 2017,2018]. See also an intuitive display in (Figure 2-14, and Figure 2-15), and the detailed information given by Maria 
[2003,2005,2006,2007,2008,2009,2017a,2017b,2018]; [Maria and Scoban, 2017,2018]. According to the mentioned references, the 
main P.I.s of GERMs are given in the Table 2-3. They signifi cance will be explained in this section, by using simple and generic 
GERMs.

Most of the species steady-state (homeostatic) concentrations perturbations (dynamic or stationary) are caused by environmental 
perturbations transmitted inside cell, once a large number of nutrients are transported through the cell membrane [Alberts et al., 
2002]. In an individual GERM case, these perturbations (dynamic “impulse”-like, or stationary “step”-like) tend to increase or 
decrease the key-protein stationary level [P]s. These perturbation processes occur in addition to those of the “core” GERM reaction 
system (genome/proteome G/P pair replication over the cell cycle).

A) Stationary P.I. 

These P.I.-s characterize the GERM-s regulatory effi ciency of an individual gene expression (see the model types in the LIBRARY 
of Figure 2-12) when coping with a stationary (continuously supported, “step”like) perturbation, in the environment or inside the 
cell (Figure 2-15).

The stationary P.I.s are defi ned as response to a stationary perturbation (Figure 2-15), that is transition from a QSS to another 
QSS following a step-like perturbation of one cell component concentration.
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Stationary perturbations refer to permanent modifi cations in the homeostatic levels of the external nutrients 
or of the internal metabolites, leading to new stationary species (components) concentrations inside the
cell. Referring to a target protein P in a generic GERM, of type [G(P)1] the regulatory module tends to diminish the deviation [P]
s-[P]ns between the ‘nominal’ QSS (unperturbed set-point, of index ‘ns’) and the new QSS reached after perturbation (the new 

setpoint [P]s see Figure 2-15). Equivalently, the P -synthesis regulatory module will tend to maintain [P] ns within certain limits, 

[P]min [P]ns [P]max   (a relative 10%ssR    maximum deviation has been proposed by Sewell et al. [2002], and by Yang et al. 

[2003] (see Table 2-2, and Maria [2003]) to obtain an effective GERM. A measure of the species “ i “ steady-state concentration (Ci,s) 
“resistance” against various stationary perturbations { in the rate constants, kj, or in nutrient concentrations, [Nut,j] } is given by 
the magnitude of relative sensitivity coeffi cients at QSS, i.e.  S(Ci;Kj) and S(Ci;Sj)  [Nut,j]) respectively, where S (state; perturbation) 
= ∂(state) / ∂ (perturbation), denotes the absolute state sensitivities vs. perturbations [Varma et al., 1999].

An example of the effect of a stationary perturbation in the bioreactor environment is given by Maria and Luta [2013], and by Maria 
[2010] in Figure 2-18, for the case of mercury uptake from wastewaters by E. coli cells. Thus, Figure 2-18 presents the predictions, 
obtained with a hybrid SMDHKM model of the cell species concentration dynamics as a response to a “step”-like perturbation of the 
mercury level in the bioreactor inlet. Such a stationary external perturbation will lead to another QSS homeostasis for the all species 
considered in the mercuryoperon expression model of Figure 2-19. Very few details about the mercury-operon GRC model are given 
in the caption of Figure 2-19. More details are given by [Maria, 2010; Maria and Luta, 2013], and in the section 3.

A-i) Transition time

Th is P.I.-s refers to the transition time necessary to each GERM component to reach the new stationary concentration (quasi-
steady-state, QSS), starting from the old one, when a “step-like” continuous and supported perturbation in one (individual or 
lumped) component of that GERM module. The measure of this P.I. of the GERM effi ciency is related to the capacity of a key-species 
QSS to move fast to a new QSS. For instance, for the key-protein P of a GERM this P.I. translates in the duration of the transition time 
P) (in the case of P-species in Figure 2-15) necessary to a certain component to reach the new steady-state concentration.

For a GERM of high effi ciency, this transition time after a perturbation has to be minimum, to require less resource
consumptions, and to restore the balanced cell growth. By referring to the example of Figure 2-18, and Figure 2-19 of mercury uptake 
from wastewaters by E. coli cells, it is to observe that the species transient times from the old to the new QSS are very short (around 
2-3 cell cycles). Such a simulation result indicates that the GRC of the mercury-operon of Figure 2-19 ensures a very effective 
regulation vs. stationary environmental perturbations.

A-ii) Responsiveness to  perturbations

This P.I.-s refers to the ‘responsiveness’ of a certain species QSSlevel of an analysed GERM or GRC vs. an exo/endogeneous 
signaling species. This P.I. can be represented by the small transient times necessary for a species ‘j‘ QSS-level to reach a new QSS 
(with a certain tolerance, usually 1% - 5%) after applying a stationary external stimulus [Maria, 2009]. Consequently, this P.I. 
measures the GERM effi ciency to move fast to a new QSS if a stationary continuously supported perturbation occurs. Similarly to the 
“A-i)” index, this effi ciency is given by the duration of the transition time  p (in the case of P-species in Figure 2-15) necessary to a 
certain component (i.e. key-species P here) to reach the new steady-state concentration. An equivalent regulatory P.I., is expressed 

by    unsync syn declineA k k  (Table 2-2). This last index illustrates the maximum levels of (unsynchronized) stationary perturbations in 

the synthesis (index “syn”) or consumption (index “decline”) rates of a key-species “tolerated” by the cell within defi ned limits 
[Sauro and Kholodenko, 2004]. For instance, in the case of the P-species, these rate constants belong to the following synthesis and 
degradation / dilution lumped reactions [Maria, 2003, 2017a]:

deg  synk k

P 
A-iii).- Stationary effi  cie ncy

This stationary P.I. is related to the small relative sensitivities: 

   ,  ,  ;  / /  /NutP NutP N P  utis js is i ref js j refS C C C  

Of the key-species stationary level C(i,s) vs. changes in the external nutrient stationary level NutP(j,s). This index is simply 

denoted by  j
i
NutS . [here C(i,ref), and NutP(j,ref) denote the reference concentrations of C(i,s) and [NutP(j,s) respectivelly]. These 

sensitivities are computed from solving a sensitivity nonlinear algebraic set obtained by assuming QSS conditions of the ODE kinetic 
model of the analysed GERM and known nominal species stationary concentrations C s. [see the Eq.(5,11,14) of section 2.1]. Then, 
differentiation of the model steady-state conditions, leads to the following Eq.(5), which is written down again as Eq.(21):
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C C C          (21)

By solving the linear algebraic set Eq.(21), with the required derivatives evaluated preferably analytically (by using the Maple TM, 
or Matlab TM softwares), or numerically, leads to derive the state absolute sensitivities vs. nutrient levels, around the stationary (index 
“s”) conditions, that is [Maria, 2005, 2006, 2007, 2008, 2009, 2017a, 2017b]:

   ;  /   i j i js s
s C NutP C NutP              (22)

A-iv) The steady-state Cs stabi lity strength

This GERM modular self-regulatory systems properties are related to the strong capacity of the GERM to cope (to preserve the 
homeostasis) in spite of the external/internal small/large perturbations, by maintaining in tight limits the system main-species 
steady-state Cs and, in the case of large perturbations to ensure a very quick recovering path of the key-species. As with the all other 
P.I.-S, this GERM property is related to the GERM system intrinsic characteristics deriving from the kinetic model construction (that 
is the reaction pathway, and the considered individual/lumped species). Basically, as Max(Re(λ(i))) < 0 is smaller as the QSS (cvasi-
steady-state) concentrations (Cs) of the GERM key-species are more stable. Here, the eigenvalues  λ  (i) of the model Jacobian matrix, 

Eq. (4), that is s( ( , ) / )  CJ h C k C of the GERM’s ODE kinetic model are evaluated at a checked QSS of the species concentration 

vector (Cs), that is for the kinetic model Eq.(1a,b) or Eq.(11) written at QSS conditions, dCJ/dt=0. For the cell kinetic ODE model 
written in the WCVV general form of Eq.(11):

1

( ) 1 (ln( )) ( , , ),
nr

j j
j ij i i j j

i

dC t dN d VC s r D C h t
dt V dt dt 

     C k

With:

1 , j 1, , nsj
j

dN
r

V dt
  

Where: Nj = moles of species “j”; V= cell (cytosol) volume; t = time; sij = stoichiometric coeffi cients of the species “j” in the 
reaction “i”; ri = the “i-th” reaction rate; k = rate constant vector, Cj = species “j” concentration (individual or lumped); “s” index 
= at QSS; R = universal gas constant; T = absolute temperature; π = osmotic pressure. Then, the QSS formulation of the cell kinetic 
model becomes:

 1 1, , 0;j j j
is js js s js

s s s

dC dN dN
D C h t r

dt V dt V dt
     
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 ,d
dt

 S S
C h C k

Where:

1 
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j
is

j s

dNRTD
V dt
     

   
             (23)

 ( , ) / )   sh(CCJ k C              

Notations: Dis = the instant dilution rate, at stationary conditions; Jc = the model Jacobian natrix; ns = number of species 
considered in the WCVV kinetic model (individual, or lumped).

In a more systematic approach, the steady-state Cs stability strength can be associated to an index against periodic oscillations 
of keyspecies synthesis. This index can be evaluated from the linearized form of the cell system model Eq.(23), by calculating the 

monodromy matrix A(T) after a checked period ‘T’ of time [Maria, 2003]. For a stable homeostasis Cs, that is for 1A   , as A  are 

smaller, as the stability of the Cs state is stronger, and that QSS recovers faster after a small dynamic perturbation. In other words, 
QSS stability strength involves:

    AMin ( Max (Re( i  ) );  with Re( i )  0 for all ’ ’,  and Min| |<1.   i         (24)
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Where: Re((i)) = the real part of ( i ) .

The monodromy matrix A(t) is obtained by integrating the following ODE set concomitantly with the cell process model (the fi rst 
line):

( , ); ( 0) ; ; ( 0)d dt t
dt dt

     s C
C Ah C k C C J A A I          (25)

Notations: A   the module of the eigenvalues of the A(T) matrix; I = identity matrix; ( ( , ) / )C sJ h C k C    the Jacobian of the 
GERM process model of Eq.(23).

B) Dynamic P.I.

All the dynamic P.I.-s of a GER M / GRC are defi ned in relation to the GERM/GRC response to a dynamic perturbation (Figure 
2-15), that is the recover of the QSS following an “impulse”-like perturbation in the stationary concentration of one of the cell 
keycomponents.

In other words, the dynamic perturbations refer to instantaneous changes in the concentration of one or more cell components 
that arise from a process lasting an infi nitesimal time (“impulse”-like perturbation). After perturbation, the cell sub-system 
recovers and returns to its stable nominal state QSS (see Figure 2-15, and Figure 2-10 for a generic P-protein case in a GERM of 
[G(P)1] type). The computed recovering time  (rej, j) necessary to each component ‘ j ‘ to reach-back their stationary concentration 
Cjs (with a tolerance of 1% - 5% proposed by Maria [2005]) may differ from one species to another depending on how effective are 
their corresponding regulatory circuit to which it belongs.

Recovery rates are properties of all interactions within the cell system, rather than of the individual elements of the cell [Heinrich 
and Schuster, 1996]. Anyway, as pointed out by Maria [2005,2006,2007,2008,2009,2017a,2017b,2018], in a WCVV model formulation, 
all cell components are directly inter-connected via the osmotic pressure and the cell volume to which all species contributes, 
according to the Pfeffers’ law Eq.(6), that is:

1
1 / constantns

jj

RT C
 

    
 

             (26)

Which, by derivation and division with V is leading to evaluation of the cell instant dilution rate [Maria, 2005, 2006, 2007]:
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where:
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.

In terms of the evolution and stability of the species stationary (QSS) concentrations included in a dynamic cell system expressed 
by an ODE kinetic model (of a GERM, or of a GRC), these properties can be evaluated from the analysis of the eigenvalues λ(i) ( i = 

no. of species considered in the kinetic model) of the Jacobian matrix Eq. (23) of the linearized ODE model, that is JC = (h (C,k) / C)s .

If one considers small perturbations of a steady state Cs then, this steady state is asymptotically stable if the real parts of the

Jacobian eigenvalues are all negative, that is Re( (i)) 0  , for all “ i “ [Heinrich and Schuster, 1996]. If the cell system is stable 

then, it reaches the same QSS after cessation of a dynamic (“impulse”-like) perturbation, or it reaches another QSS after cessation 
of a stationary (“step-like”) perturbation. The recover trajectory C(t), and the recovery time of kinetic model species (Figure 2-9), 
can be approximated with the solution of the linearized kinetic model Eq. (25) of the cell process [Maria and Scoban, 2017,2018]:

    1
( ) exp ; 1 / Min Re  


  ns

i i recover i ii
t d tSC C           (28)

Where: C = species concentration vector; t = time; (i) ( i = 1,…,ns) the eigenvalues of the linearized kinetic model Jacobian matrix 
JC = (∂h (C,k) / ∂C) in Eq.(23); bi = constants depending on the cell system characteristics at QSS conditions; ns = number of species 
considered (individually or lumped) in the cell model.

Here are to be mentioned the works of Maria [2003, 2005, 2017a], and Sewell et al. [2002] proving that the optimum concentrations 
in the ‘buff ering’ reactions of GERMs involving the active (G, M) and inactive (GP, GPP, MP, etc.) forms of the ‘catalyst’ (that is G, M in 
Figure 2-12) that ensure the maximum regulation dynamic effi  ciency vs. perturbations are those of equal active and inactive forms of 
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the catalyst, that is: [G]s = [GP]s, [G]s=[GPP]s, [M]s = [MP]s, [M]s=[MPP]s, etc. for the GERM-s types displayed in Figure 2-12) (“s” 
index denotes the steady-state). The main dynamic P.I.-s discussed by Maria [2005, 2006, 2007, 2008, 2009, 2017a, 2017b, 2018], 
and by Maria and Scoban [2017, 2018] are the followings (Figure 2-15).

B-a) Recovering time

This dynamic P.I. of a GERM, deno ted by  (rec, j), or simply by  (j), is the time necessary to each GERM’s component to return 
to their stationary (QSS) concentration (Cs) (with an assumed tolerance of 1%, as proposed by Maria [2005]), after cessation of 
an “impulse”like perturbation in one of the GERM kinetic model component. This P.I. is a measure of the GERM effi ciency in fast 
recovering the keyspecies stationary concentrations. Of course, this P.I. depends on the GERM model structure and on the WCVV 
approach.

In general, the theory of nonlinear systems [Stephanopoulos, 2015], postulates that, if a system 
presents one or more stationary states (QSS-s), after a perturbation the system will evolve toward the QSS
which includes that perturbation in their ‘attraction’ domain, and which present a stronger stability [Maria, 2003]. The system is 
stable if the real part of the all eigenvalues of the system dynamic model Jacoban matrix are negative, Eq.(4,11).

Example. As an example, in (Figure 2-10, and Figure 2-17) is presented how a simple generic GERM of [G(P)1] type {with only one 
buffering reaction G + P ↔ GP, adjusting the G-”catalyst” activity} presents a better dynamic effi ciency compared to the simplest 
[G(P)]0 gene-expression module, where any control on the G-activity exists. Thus, the stationary [P]s and | G |s are recovered faster 
after an impulse perturbation in the [P]s, (that is here, a -10% decline in [P]s at an arbitrary time t = 0) [see the papers of Maria and 
Scoban, 2017,2018].

The Figure 2-17 exemplifi es, in a simple mode, the huge positive effect of a buffer reaction effector (G+P  GP) on the GERM 
dynamic effi ciency. The chosen case is those of a [G(P)1] type (from Figure 2-12) [Maria, 2005, 2009]. Compared to [G(P)0], in the 
[G(P)1] case, the P recovering rate is much higher, while the species are better interconnected (smaller STD).

Example. Maria [2017a, 2017b, 2018] proved (Figure 2-16) how this dynamic regulatory effi ciency (that is the QSS recovering 
time after an impulse-like perturbation) of the GERM depends not only on the number of effectors (TFs), but also on the GERM’s 
regulatory scheme structure.

For instance, in the Figure 2-16, are compared the regulatory effi ciency of four GERM types of homeostatic self-regulatory 
mechanism of G expression. Simulations indicate the key-species recovering trajectories and times after an “impulse”-like dynamic 
perturbation of -10%[P]s in the key-protein.

The considered generic structures of GERMs correspond to the followings regulatory units (see also Figure 2-12):

(1). [G(P)0] with any regulatory effector;

(2). [G(P)1] with one effector, i.e. rapid buffer reaction G + P  GP;

(3). [G(P)1; M(P)1] with two effectors, and a cascade control at two levels (G and M);

(4). [G(PP)2] with two effectors, that is the rapid buffer reactions G PP GPP PP GPPPP    , while the TF is present in a 
dimeric form (PP).

See also (Figure 2-12) for the GERM-s model structures.

As a result of model-based simulations, the regulatory effi ciency increases in the relative order:

[ ( )]0 [ ( )1] [ ( )1; ( )1] [ ( )2].  G P G P G P M P G PP

The index “s” of [P]s denotes the GERM stationary-state QSS (homeostasis). Here, the term “eff ectors” defi nes the number of 

transcription factors (TFs), that is P, PP, etc., and the number of the “catalyst” control “buffer” reactions (G P GP P GPP    

; M P MP  , etc.). Of course, as the number of effectors is higher, as the GERM P.I.-s are better (see Figure 2-9).

The structure “4” reported the best results, due to the presence of two rapid buffering reactions, while the TF is present in a 
dimeric (PP) form. A good regulatory effi ciency is given also by the structure “ 3 “, due to its cascade control of the expression at two 
levels (G and M), as it is also in the reality (that is a separate control of the transcription, and translation).

B-b) Recovering rate

This P.I. is in a direct relationship  to the P.I. (B-a, “recovering time”). This regulatory index is express by RD (Table 2-2), 
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which is the rate by which the GERM key-components return to their stationary (QSS) concentration (Cs) after an “impulse”-like 
perturbation in one key-component. The nonlinear systems theory gives an approximate relationship to a-priori estimate this 
recovering rate of the GERM ODE model, that is [Zwillinger et al. 1996]:

  Max ReD iR  ; where  Re 0i  , for all I                  (29)

where: Re = real part; (i) = the eigenvalues of the linearized kinetic model Jacobian matrix under stationary conditions, Eq.(23), 

that is ( ( , ) / )s  CJ h C k C According to the iso-osmotic constraint Eq.(6) of the WCVV model, the cell models of the central carbon 

metabolism (CCM), and cell regulatory circuits (GERM, or GRC) should include the all species of the cell, taken individually, or 
lumped.

Example. In the (Figure 2-9) are presented the recovering rate RD after an “impulse-like” dynamic perturbation in 
the expressed P protein for three GERMs structures mentioned under the fi gures abscissa, that is [ ( )0]][ ( )1]G P G P , and 
[ ( )1; ( )1]G P M P . The perturbation corresponds to an “instant-like” decrease of the stationary key-protein [P] s with -10%. 
The recovering time of the stationary [P] s with a 1% tolerance is denoted by  rec [Maria, 2005, 2017a]. The top fi gures
demonstrate how RD depends on the GERM structure, and its number of effectors, that is here, the number of “buffer” reactions 
controlling the catalyst activity (that is G P GP;M P MP    ), but also on the chosen regulatory scheme. Thus, the GERM of 
type [ ( )1; ( )1]G P M P with a cascade control of the expression, done for the both transcription and translation steps, presents the best 
regulatory effi ciency (large RD, and small rec). At the same time, the key-species recovering trajectories present small amplitudes, 
thus with a minimum disturbance of the other species homeostasis (linked directly to these species, or via the cell volume to which 
all species contribute, as imposed by Eq.(6).

The species ‘ j ‘ recovering times ( ), DR j , and the species recover trajectories Cj(t) can easily be obtained by simulation with using 
the analysed cell system WCVV kinetic model (that is the GERM ODE models of Figure 2-12). An example of such a [G(P)1] kinetic 
model by using the WCVV formulation is given in section 2.3.1 (Figure 2-12, and Figure 2-24).

Species recovering trajectory and amplitude are both very important (Figure 2-9, and Figure 2-16). As proved by [Maria, 2003], 
GERMs display very different recovering trajectories, amplitudes, and rates according to their reaction pathway structure (Figure 
2-9 and Figure 2-16). The most effective are the GERM types that ensure the faster recover of the steady-state (QSS), with a smallest 
amplitude of the recovering pathway, thus not disturbing the other cell metabolic processes. As underlined by [Maria, 2003], the 
recovering trajectories in the G/P phase plane is more ‘linear’-like for the effi cient GERMs, by presenting a lower amplitude. Index “ 
s “ denotes the stationarystate (homeostasis).

B-c) Regulatory robustness

The regulatory robustness of a GERM model  is defi ned by Maria [2005, 2017a] as being the property to realize (Min)  /DR k
, where RD denotes the key-species recovering rate (see the above “ Bb Recovering rate” section ), while ‘ k ’ is rate constant vector 
of the GERM model (depending on the micro-organism type). In fact, the cell metabolic network robustness and functionality are 
linked to the cell phenotype and gene regulation scheme (depending on the each individual gene expression). An example of how to 
choose the GERM types in the GRC model is given by Maria and Luta [2013].

B-d) Species interconnectivity

In a GERM module, of a simplifi ed regulat ory schema (see Figure 2-12), including a small number or lumped species and reactions, 
the interconnectivity of individual or lumped species can be viewed as a degree to which they “assist|” each other, and intrinsically 
“cooperate” inside the GERM system to realize optimal regulatory performances.

The cell species connections appear due to common reactions, or due to the common intermediates participating to chain (parallel 
- successive) reactions, or from the common cell volume to which all cell species contribute (under constant osmotic pressure, see 
the proofs of Maria [2017a, 2017b, 2018], and the WCVV model hypotheses of the (Table 2-1).

In this topics, Vance et al. [2002] reviewed and proposed several quick experimental/computational rules to check a reaction 
schema via species inter-connectivity’s. By inducing experimental / in-silico perturbations to a (bio)chemical system, by means of 
concentration tracers, or by fl uctuating the inputs of the system, one can quantitatively determine the perturbation propagation 
through the consecutive/parallel reaction pathway. Then, various computational techniques can determine the ‘distance’ among 
observed species, and specifi c rules can be used to include this information in elaborating a novel reaction schema Based on a 
large number of in-silico studies, Maria [2002, 2017a, 2017b, 2018] proposed a novel measure of species interconnectivity related to the 
species recovering-times after a dynamic perturbation, that is: AVG((j) ) and STD((j)), i.e. the average and the standard deviation 
of the species individual recovering times (j), respectively (simply denoted by AVG and STD). As AVG and STD are larger, as the cell 
dynamic regulatory effectiveness is lower, and the GERM / GRC model species are less interconnected, and components recover more 
disparately (scattered recover times), thus reducing the plausibility of this regulatory structure. The higher the number of effectors 
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and buffering reactions (see GERMs types / units in Figure 2-12), the better dynamic regulatory indices of GERM-s are. [Maria, 2003, 
2005, 2006, 2007, 2009, 2010, 2014a, 2014b, 2017a, 2017b, 2018]; [Maria and Luta, 2013; Maria and Scoban, 2017, 2018]. See sections 
2.2.3, 2.2.4, and Figure 2-17.

B-e) Cell sub-system QSS stability

The QSS (quasi-steady-state) stabilit y of a cell sub-system and in particular of a GERM , refers to the system’s capacity to recover 
a QSS after cessation of a dynamic “impulse”-like perturbation in one or more key-components.

Such a property can be highlighted by analysing the QSS of the kinetic ODE models of some GERM-s defi ned in a WCVV modelling 
framework, see [Maria, 2003, 2005, 2006, 2007, 2009, 2010, 2014a, 2014b, 2017a, 2017b, 2018], and [Maria and Luta, 2013; Maria and 
Scoban, 2017,2018].

The QSS stability property can be evaluated from the analysis of the eigenvalues (i)(i = species index) of the linearized model 

Jacobian matrix Eq.(23), that is ( ( , ) / )s  CJ h C k C , with the elements J(i,k) h(i)( , ) / ( )  C k C k  evaluated analytically, or 

numerically [Maria, 2017a, 2017b, 2018]. See also the relationships of section 2.2.3(A-iv). Details are also given by Maria [2005, 
2006], and by Maria and Scoban [2017, 2018].

The QSS is asymptotically stable if the real parts of the Jacobian eigenvalues (i) are all negative, that is Re( (i)) 0   for all 
components “ i “ [Heinrich and Schuster, 1996]. If the system is stable then, it reaches the same QSS after cessation of a dynamic 
“impulse”-like perturbation in one key-component, or it reaches another QSS after cessation of a stationary, continuously, “step”-
like perturbation in one key-component of the cell model. Here are to mention two important observations:

1). An essential characteristic of the WCVV models including the Pfeiffers’ isotonicity constraint [hypotheses of Table 2-1, and 
Eq.(23-29)] is that they are always stable (intrinsic stability), because, as proved by [Maria et al., 2002; Morgan et al., 2004], always 

Max(Re( (i))) D   , where “D = Di” is the instant cell dilution rate in a WCVV kinetic model formulation. This intrinsic parameter 

“Di” is evaluated by combining Eq. (6) and Eq.(12), in the following form [Maria, 2005, 2006, 2007, 2017a]:

1
 

( ) ( )ns
jj

cyt

RTV t N t
 

  ,

Which, by derivation and division with V is leading to:        

1

1 1ns
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j
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V dt V dt 
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1 , j 1, , nsj
j

dN
r

V dt
   .               (30)

where: Cj = species “j” concentration; Nj = species “j” number of moles; V = cell (cytosol) volume; R = universal gas constant; T 
= absolute temperature; π = osmotic pressure; t = time; Di = instant cell dilution rate; Dm = average (apparent) cell dilution rate = 
Ln(2)/(cell cycle), Eq.(12).

2). By contrast to the novel WCVV modelling framework, one fundamental defi ciency of the classical “default” (constant-
volume like) WCCV kinetic model formulation {Eq.(1a-c) in section 2.1 } is the lack of the intrinsic stability of the cell system 
kinetic model, because these models do not include neither the Pfeffers’ constraint Eq.(6,10-12), nor an equivalent constraint. 
Consequently, as proved in section 2.3.1, the GERM model formulated in a classic (wrong) WCCV framework, is not able to simulate 
how the system recover its homeostasis after a dynamic perturbation (as illustrated in Figure 2-17, Figure 2-10, Figure 2-16, from 
using a novel WCVV model). Besides, when using the classical WCCV wrong modelling framework, its predictions are distorted and 
inaccurate. Unfortunately, the classical WCCV continue to largely be used in the dedicated literature. As WCCV predictions are proved 
by Maria [2018d, 2017a, 2017b, 2018] (section 2.3.1) to be invalid and ineffective, the application of the old (“classic/default”) WCCV 
formulation in modelling cell metabolic processes and GERMs/GRCs becomes questionable and not recommended. Such a WCVV 
isotonic formulation always ensures the stability of the cell system model, and the recover of its stationarity (QSS, homeostasis) after 
a dynamic or stationary perturbation, as discussed in sections 2.2.3, 2.2.4, and displayed in Figure 2-9, Figure 2-10, Figure 2-16, 
Figure 2-18, Figure 2-20, Figure 2-23-59, Figure 2-33, Figure 2-37, Figure 2-38, Figure 2-44, Figure 2-58, Figure 2-59 .

Example. The GERM system stability is ensured by the mutual regulation of P and G synthesis. Thus, in a simplifi ed GERM model, 
by considering the G/P pair synthesis, with P and G as cross catalysts, each one catalysing the other synthesis. As an immediate effect 
of such a simplifi ed formulation, Figure 2-10 demonstrates the positive effect of such a mutual catalysis on the system stability vs. 
dynamic perturbations.
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2.2.4. Some rules to link GERMs when deriving GRCs models

When modelling a compl ex GRC consisting of a chain of GERMs (Figure 1-40-left), they are two problem to be 
considered: I) what effective and suitable GERMs have to be chosen from the GERM’s library (Figure 2-12) to match the 
individual expression characteristics, and ii) what rules to be applied when linking GERM-s to adequately reproduce the 
holistic regulatory properties of the GRC in the context of the cell balanced growth. In this section, some of such linking 
rules proposed and tested by Maria [2017a, 2017b, 2018] are briefl y reviewed. Such rules are in-silico (math model-based) 
derived by using a large number of simulations. When experimental data were available, the confi rmation of the model
adequacy was emphasized each time.

When linking GERM-s to construct a complex GRC reproducing a certain function of the cell, there are two contrary goals: (a) 
on one hand is the use of simple GERM structures to reduce the model identifi cation computational / experimental effort; (b) on the 
other hand, it is important to use simple, but effective and fl exible linking rules of GERM-s able to reproduce individual enzyme-
synthesis, but also the individual and holistic regulatory properties (performance indices P.I.-S of Table 2-2) of the GRC. Some math 
modelling tools in this respect are given by Maria [2017a] (section Systems Biology - Math Modelling Tools). This section reviews, 
with examples from Maria [2017a, 2018], some adjustable rules to be applied for linking GERM-s to obtain the GRC-s of desirable 
regulatory properties.

Figure 2-26: The reaction scheme of the simplest regulatory module GERM of the generic gene G expression, denoted by [ G(P)0] , used to exemplify the synthesis of a 
generic P protein in the E. coli cell, proposed by Maria [2003,2005,2017a]. Adapted rom Maria [2005].

Figure 2-27: Exemplifi cation of the self- and mutual- G/P pair catalysis and regulation after an impulse perturbation in the [P]s = 1000 nM leading to a 10% decline of the 
steady-state at an arbitrary time t=0 for a generic GERM of [G(P)1] type (Fig.2-24). Simulated results have been generated by using the cell nominal stationary conditions 
of Table 2-5, but with adopting [G]s =[GP]s = 1 nM. 
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Figure 2-28: Exemplifi cation of the self- and mutual G/P pair catalysis after an impulse perturbation in the [P]s = 1000 nM leading to a 10% decline of the steadystate
at an arbitrary time t=0 for a generic GERM from E. coli simulated with a [G(PP)1] model under the WCVV approach. Simulated results have been generated by using the cell 
nominal stationary conditions of Table 2-5, with adopting [G]s = 0.5 nM.

Figure 2-29: Dynamics of the cell volume and of species copynumbers Nj during the cell cycle predicted by the WCVV kinetic model for the G/P expression using a regulatory 
module of [ G(P)1] type (Fig. 2-24). The E. coli cell species homeostatic concentrations are those of Table 2-5.

Figure 2-30: Simulation of the G/P expression under stationary (un-perturbed) conditions by using a regulatory module of [ G(P)1] type (Fig. 2-24) from the E. coli
cell in terms of species concentrations The species (individual or lumped) homeostatic concentrations are those of Table 2-5. The dynamics of the key species concentrations 
(in nM) during the cell cycle is predicted by using two different approaches: i) the classic (“default”) constant volume WCCV model (........), compared to ii) the variable 
volume WCVV novel modelling framework [ -----------, with instant dilution Di term and isotonicity constraint included in the model, Eq.(34- 37)]. Model predictions of the two 
models are practically overlaid, due to the small difference (in this case) between the instant (Di) and the average (Dm) cell dilution rate.
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2.2.4-I) The effect of the no. of regulatory effectors (n)

By defi nition, GERM m odels include an adjustable number of “regulatory effectors”, that is: “ n “ in the [G(P)n] , or [G(PP)n]  
series; “ n “ and “n1” in the [G(P)n;M(P)n1]  series (Figure 2-12). As proved by Maria [2003,2005,2006], and by Yang et al.[2003], 
a quasi-linear relationship of P.I. function of no. of regulatory effectors (n) can be derived for every GERM type, of the approximate 

form: i ia0. . nP aI
i

   . Here, P.I. denotes the regulatory performance index, such as D,AVG( ( j))R  , STD( ( j)) , stability strength, 

etc. Also, n(i) number of effectors (P, PP, O) acting in the “i-th” allosteric regulatory unit of type Li(Oi)n(i)  (Figure 2-12). Notations 
a0, a(i) denotes the correlation constants depending on the P.I. and GERM model type. Such a linear dependence can be observed in 
Figure 2-9, and Figure 2-13. In short, Maria [2005, 2006, 2007, 2014b) proved that (Figure 2-13, Figure 2-9):

Figure 2-31: Simulation of the G/P expression after a dynamic (“impulse-like”) perturbation in the [P]s = 1000 nM leading to a 10% decline of the steady-state at anarbitrary 
time t=0. The E. coli cell species homeostatic concentrations are those of Table 2-5. Simulations, in terms of species concentrations (nM), have been done by using a 
regulatory module of [ G(P)1] type (Fig. 2-24) from the E. coli cell. The species (individual or lumped) homeostatic concentrations are those of Table 2-5. The dynamics of the 
key species concentrations during the cell cycle was predicted by using two different approaches: i) the classic (“default”) constant volume WCCV model ( ........ ), compared 
to ii) the variable volume WCVV novel modelling framework [ ________ , with instant dilution Di term and isotonicity constraint included in the model, Eq.(34-37)]. Model 
predictions of the two models are very different, due to the use of the “instant” Di cell dilution rate, and the isotonicity constraint by the WCVV novel modelling framework. 

Figure 2-32: Using two GERM-s modules to build-up a GRC. The effect of the GERM model complexity on the GRC stationary regulatory performances. Two linking alternatives 
are considered: Alternative [ A] : [G1(P1)1] + [G2(P2)1] (10 individual and lumped components). Alternative [ B] : [G1(P1)1;M1(P1)1] + [G2(P2)1;M2(P2)1] (14 individual and
lumped components). Despite its higher complexity (ns = 14 species in alternative [B] vs. ns = 10 species in alternative [A]), the alternative [B] presents better regulatory 
performances, due to more effective constituent GERM-s. Regulatory performance refer to: i) the GRC response, that is species recovering times τ ( rec, j) after a dynamic 
perturbation impulselike of -10%[P1]s (denoted as “Dynamic P.I.”), and ii) the GRC response to a stationary perturbation in the environmental [NutP]s (denoted as “Stationary 
P.I.”), that is the GRC species relative sensitivities vs. a stationary external perturbation [NutP]s, or in math form S(Cj ; τ ( rec, j) [NutP]) = ln(Cj)/ ln([NutP]s) (see P.I.-s 
defi nitions in Table 2-2) [Maria, 2006,2017A].
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Figure 2-33: Effect of the GERM model complexity on the GRC dynamic performances (that is the key-species recovering times and trajectories after a -10%  [P1]s 
perturbation) [Maria, 2006]. Two linking alternatives are considered: Alternative [ A] : [G1(P1)1] + [G2(P2)1] (10 individual and lumped components).Alternative [ B] :  
[G1(P1)1;M1(P1)1] + [G2(P2)1;M2(P2)1] (14 individual and lumped components).

Figure 2-34: Comparison of the WCVV and WCCV modelling approach in the case of a simple [G(P)1] kinetic model to simulate an individual gene expression regulatory 
module (GERM) [Maria et al.,2018d].
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Figure 2-35: Example of lumped representations of simple GRC-s (1-3 regulatory modules) [Maria,2008]. 
[Top]. One gene expression G/P regulatory module with induction (In) and selfrepression (P) loops [Schwacke and Voit, 2004]. 
[Middle]. The bistable switch circuit of two gene expression regulatory modules, of type (Fig. 2-12) [G1(R2R2)n(R1)m] + [G2(R1R1)n(R2)m], [Maria, 2006,2007, 2017a,2018]. 
[Down]. A GRC circular circuit involving three self-/cross-repressed GERM-s modules, i.e. the repressilator from E. coli [Elowitz and Leibler, 2000]. The horizontal arrows 
indicate reactions. The vertical arrows indicate catalytic actions. The absence of a substrate or product indicates an assumed concentration invariance of these species. 
Notations: I, In= inducer; AA= aminoacids; P= promoter or the expressed protein, G= gene; O= operators; R= repressor.

Figure 2-36: Example of two GERM modules [Maria,2008], of high effectiveness (see also the GERM library of Fig. 2-12).
[Top]. A module of [G(P)2] type with two buffering rapid reactions quickly adjusting the ‘catalyst’ G activity.
[Down]. A module of [G(PP)n] type with “n” buffering rapid reactions quickly adjusting the ‘catalyst’ G activity. Besides, multiple dimmer effectors (of optimized
level) increase the system fl exibility.
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Figure 2-37: Using two GERM-s modules to build-up a GRC. The effect of the GERM model complexity on the GRC stationary regulatory performances. Two linking alternatives 
are considered: Alternative [ A] : [G1(P1)2] + [G2(P2)2] (12 individual and lumped components). Alternative [ B] : [G1(P1P1)1] + [G2(P2P2)1] (12 individual and lumped
components). Despite the same complexity (ns = 12 species), alternative [B], presents better regulatory performances, due to more effective constituent GERM-s. Regulatory
performance refer to: i) the GRC response, that is species recovering times after a dynamic perturbation impulse-like of -10%[P1]s (denoted as “Dynamic P.I.”), and ii) the 
GRC response to a stationary perturbation in the environmental [NutP]s (denoted as “Stationary P.I.”), that is the GRC species relative sensitivities vs. a stationary external 
perturbation [NutP]s, or in math form S(Cj ; [NutP]) =  S(Cj ; [NutP]) =  ln(Cj)/ ln([NutP]s) (see P.I.-s defi nitions in Table 2-2) [Maria, 2006,2017A]. 

Figure 2-38: Proof the cell “ballast” effect on the species recovery rates after a dynamic “impulse-like ” -10%[P]s perturbation. The example of section 2.2.4-VI. [TOP-left]. 
The compared GERM models chosen in the example of section 2.2.4 , paragraph (VI), that is (see Fig. 2-12): (A) = [G(P)0] ; (B) = [G(P)1] ; (C) = [G(PP)2] ; (D) = [G(P)1 ; M(P)1] .
[TOP-right]. Dynamic recovering paths for P and G species after an “impulse-like” -10%[P]s perturbation, predicted by the following GERM models (see Fig. 2-12): “1”= (C) = 
[G(PP)2] ; “2”= (D) = [G(P)1 ; M(P)1] ; “3”= (B) = [G(P)1] ; “4”= (A) = [G(P)0] ; “5”= [G(P)1] with an instant step increase of [G]s from 0.5 nM to 1 nM
at t= 0+. [Down]. Model [G(P)1]: (A) The cell-volume growth for (“1”) large ballast into the cell, the case of [MetG]s = [MetP]s = 10,000 nM, and for (“2”) low ballast into the
cell, the case of [MetG]s = [MetP]s = 250nM. The P and G evolution before and after a 10% perturbation of [P]s in terms of copynumbers (B) and concentrations (C) (large 
ballast case). The initial values are Vcyt,o = 1.660434503-10-15 L [Bar-Joseph et al., 2012]; [G]s = 0.5 nM; [P]s = 1000 nM. At t = 0+ one applies an instant “impulselike” dynamic 
perturbation of [P]s from 1000 nM to 900 nM.
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Figure 2-39: Effect of the GERM–s inter-connectivity and of individual functions of cell components into the cell on the GRC effi  ciency when linking two GERM-s. [Maria, 
2005,2006].

Figure 2-40: The effect of the GERM inter-connectivity on the resulted GRC viability, when linking two GERM-s regulatory units in three alternatives [A-B-C] (see Fig. 2-39) 
[Maria, 2006]. The plots display the key species recovering trajectories after a dynamic “impulse like” perturbation of -10%[P1]s at an arbitrary time t=0, for the all three  
inking alternatives of GERM-s.
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 P.I.-s improves ca. 1.3x – 2x (or even more) for every added regulatory unit to the GERM module. Multiple regulatory units 
lead to an average recovering time AVG((j)) of the all GERM-s species much lower than the cell cycle duration tc, under an 
average logarithmic volume growing rate, ln(2) /Dm tc .

 Combinations of regulatory schemes and units (with different effectors) can improve the regulatory P.I.-s.

 Certain regulatory modules reported an increased fl exibility, due to ‘adjustable’ intermediate species levels. This 
is the case, for instance, of adjusting [M]s in modules of type [G(P)n;M(P)n1], and of [PP]s, in modules of type 

Figure 2-41: Cooperative coupling of three GERM-s , gene expression regulatory modules of types [G1(P1)1] + [G2(P2)1] +[G3(P3)1] for P1, P2, P3 protein synthesis, by 
giving separate but cooperative functions of proteins into the cell (alternative C of the paragraph) (Cooperative vs. concurrent linking of GERMs in GRC-s and species 
interconnectivity” of section 2.2.4 VIII).

Figure 2-42: The lumped reaction pathway of a lumped genetic switch (see its principle in Fig. 2-43). The reduced modular WCVV model of Maria [2014b] considers twoself- 
and cross-repressed gene expression modules GERM ensuring replication of the pairs P2/G2 and P3/G3 respectively. Proteins P2/P3 expression is activated by the specifi c 
inducers I2 and I3 respectively, and repressed by the R2 and R3 proteins produced by each GERM module. The two GERM modules are of the type: [G2(P2P2)1(P3P3)1] + 
[G3(P3P3)1G3(P2P2)1] . The simple module [G(P)1] simulate the lumped genome (G1) and proteome (P1) regulated replication. It was added to fulfi l the cell isotonicity 
constraints Eq.(10-13). Besides, the P1/G1 high concentrations ensures the “cell ballast” positive effect (section 2.2.4-VI).
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[G(PP)n] (Figure 2-12). Optimal levels of these intermediate species can be set accordingly to various optimization
criteria, rendering complex regulatory modules to be more fl exible in reproducing certain desired cell-synthesis regulatory 
properties.

2.2.4.-II) Adjusting the number and the level of transcription factors TF and buffering r eactions

To select the suitable GERM structure that fi ts the available experimental (kinetic) data, the fi rst problem to be solved is related 

to the number of buffering reactions of type G P GP  , or M P MP   , etc. (Figure 2-12, Figure 2-16, Figure 2-20), and 

also to the optimal stationary concentration of the TF (see Figure 2-21) necessary to be included in the model.

As shown in Figure 2-21, the optimal concentration of [TF]s is given by the optimal value of an P.I. For instance, here corresponds 
to the minimum of the key-species stationary sensitivities for various [PiPi] (I = 1,2) effector levels predicted by the check GRC model. 
The chosen optimal TF (that is [P2P2]s, and [P3P3]s here) corresponds to the minimum of the P2,P3, and P2P2, P3P3 sensitivity 
curves vs. the [TF]s. In the example of [Maria, 2009] this optimal value turned out to be [P2P2]s = [P3P3]s = 4-10Nm.. This small TF 
value satisfi es the principle that a cell with an optimally regulated metabolism present intermediates at low levels, and with a short 
existence (section 1.3.4).

Figure 2-43: The principles of a genetic switch (GS). Two self- and cross-repressed gene expression coupled modules GERM ensure replication of the pairs P2/G2 and P3/
G3 respectively. Proteins P2/P3 expression is activated by the specifi c inducers I2 and I3 respectively, and repressed by the R2 and R3 proteins produced by each GERM 
module.

Figure 2-44: The response of the genetic switch of Fig. 2-42, and Fig. 2-43 to a stationary perturbation (“step-like”) of the external inducer I2. The result is an overexpression
of the P2 protein, leading to a quick and strong under-expression of the protein P3 [Maria, 2007, 2009, 2018].
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Evaluation of P.I.-s for a large number of GERM structures (Figure 2-12) as proposed by Maria [2002, 2003, 2005, 2006, 

2007, 2008, 2009, 2010, 2014b, 2017a, 2018] indicated that the dynamic regulatory effi ciency of the [ ( ) ]G P n module type is nearly 
linearly increasing with the number (n) of buffering reactions (with a correlated P.I. following the approximate relationship: 

i i . . a0 a n
i

P I    ; see Figure 2-13, Figure 2-9). Moreover, the plots of Figure 2-9 reveal that this increase is more pronounced in 

the case of [ ( ) ]G PP n  model structures that use dimeric TF-s (that is PP instead of simple P), and also for ( ) ; ( ) 1]G P n M P n  modular 
units that use a “cascade” control scheme of the gene expression.

Such a module effi ciency ranking concerns not only the dynamic effi ciency, but also most of P.I.-s, as discussed in the previous 
paragraphs, such as the stationary regulatory effectiveness; low sensitivity vs. stationary perturbations; stability strength of the 

Figure 2-45: Advantages of biosynthesis processes (fermentations in bioreactors, using cell cultures) and enzymatic syntheses, compared to classical chemical catalytic
processes. [Bottom-right] Production cost structure in the case of biosyntheses with free enzyme (or biomass) compared to those with immobilized enzyme (or biomass). 
After [Moulijn, 2001].

Figure 2-46: Simplifi ed scheme of the three-phase fl uidized bed reactor (TPFB) of section 3.2, used by Deckwer et al. [2004] to perform dynamic experiments. Notations : 
1 mercury ion fed solution including nutrients (C/saccharides, N/ureea, P/ phosphate salts, mineral sources, pH-buffer additives, anti-bodies, etc.); 2 - liquid outlet; 3 - Hg 
vapour in air fl ow; 4 - sterile air input; 5 - immobilized bacteria; 6 - air bubbles. The bioreactor performances depends on the following parameters: i) suspended  biomass 
concentration and effi  ciency; ii) biomass porous support size; iii) feed fl ow-rate, inlet [Hg2+]; iv) nutrients, additives, aeration rate, pH, etc. The cell metabolic process 
effi  ciency (mercury reduction rate) depends on the PT, PA enzymes concentration (dependent on the cell resources and environmental / cell [Hg2+] ).
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homeostatic QSS. The GERM regulatory units is more effective when the species recovering trajectories after a dynamic small 
perturbation, display a more linear shape in the G/P phase plane, and of a lower amplitude of the recovery curves (Figure 2-9).

To summarize, when selecting a suitable GERM to be included in a GRC to be built-up, the following issues are to be considered 
following the experience of Maria [2003,2005,2006,2007,2008,2009,2014b,2017a,2018]:

 The GERM modules reporting stationary-regulation high P.I.-s, also report high dynamic-regulation P.I.-s.

 The catalyst activity control at a single enzyme level (i.e. [G(P)0], [G(PP)0],[G(P)n;M(P)0]  structures (Figure 2-9, Figure 
2-16), that is lacking of buffering reactions, is not able to modulate the gene G and M catalytic activity, leading to the lowest 
regulatory effi ciency.

 Multiple copies of effector molecules (i.e. O, R, P in Figure 2-11, Figure 212, Figure 2-8, Figure 2-21), which reversibly and 
sequentially (allosterically) bind the catalyst (G,M) in negative feedbacks, will improve the GERM regulation effectiveness.

 A structured cascade control of the “catalyst” activity, with negative feedback loops at each level as in the [ ( ) ; ( ) 1]G P n M P n  
model series (Figure 2-12), improves regulation and amplifi es the effect of a change in a stimuli (inducer). The rate of the 
ultimate reaction is amplifi ed, depending on the number of cascade levels and catalysis rates. As an example in Figure 2-11, 
Figure 2-12, Figure 2-8, Figure 2-21, by placing regulatory elements ( R,P,PP,...) at the level of mRNA (i.e. species denoted 
by M in the GERM-s of Figure 2-12), and at the level of DNA (i.e. species G in the GERM-s of Figure 2-12), and of multiple 
buffering reactions in the [ ( ) ; ( ) 1]G P n M P n models is highly effective.

Figure 2-47: Case study of section 3.2 - In-silico design of a cloned E. coli with mer-plasmids to maximize its capacity of mercury uptake from wastewaters [Maria,
2009b, 2010, ]; [Maria and Luta, 2013; Maria et al., 2013; Scoban and Maria, 2016; Maria and Scoban, 2017b]. [Down-right] Prof. G. Maria and late Prof. W. Deckwer at the 
2nd Croatian-German Conference on Enzyme Reaction Engineering, 21-24 Sept. 2005, Dubrovnik (Croatia), sharing opinions about the bioprocess of mercury removal from 
wastewaters by using cultures of cloned E. coli cells.

Figure 2-48: Iterative in silico model building in biology involves the formulation of experimentally testable hypotheses based on the in silico analysis, collection of
experimental data, and subsequent refi nement of the models based on these data. After Palsson [2000].
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 The nearly linear increase of GERM P.I.-s with the number “n(i)” effectors (P, PP, O, R, etc.) acting in the “i”-th allosteric 
unit  ( )( ( )) ( )L i O i n i of buffering reactions applied at various level of control of the gene expression, is valid for both dynamic 
and stationary P.I.-s of the Table 2-2.

 Roughly, the P.I.-s improve ca. 1.3x-2x (or even more), for every added regulatory unit to the same GERM. Multiple regulatory 
units lead to much lower average species recovering times AVG((j) than the cell cycle period tc, under an average volume 
growing logarithmic rate of ln(2) /Dm t .

 Combinations of regulatory schemes and units (with different effectors) improve the regulatory P.I.-s, according to Maria 
[2005,2006,2007,2017a,2018].

 Certain regulatory GERM modules reported an increased fl exibility, due to ‘adjustable’ intermediate transcription factors TF 
species levels. This is the case, for instance, of adjusting [M]s in module [ ( ) ; ( ) 1]G P n M P n  and of [PP]s in the modules [G(PP)
n]. Optimal levels of these species can be set accordingly to various optimization criteria, rendering complex regulatory 
modules to be more fl exible in reproducing certain cell-synthesis regulatory properties. Thus, Maria [2009] proved existence 
of an optimal [TF] concentration leading to optimal P.I. of a GERM (Figure 2-21).

Figure 2-49: Some applications of GRC models, according to Maria [2005, 2017a, 2023]. 

Figure 2-50: The macroscopic model of the three-phase fl uidized-bed bioreactor (TPFB) with suspended immobilized E. coli on pumice beads. The Michaelis- Menten rate 
constants depend on the mer-plasmid level [Maria, 2009b, 2010; Maria and Luta, 2013].
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2.2.4-III) The effect of the mutual G/P synthesis catalysis

One essential aspect of the [ ( ) ],[ ( ) ]G P n G PP n , and [G(P)n;M(P )n1] most common GERM kinetic models is the mutual catalysis 
of G and its encoding protein P synthesis. If one adds the WCVV modelling constraints Eqn.(11,12,13,14), and the requirement of all 
times obtaining a maximum dynamic responsiveness and effi ciency by keeping in a quasi-equilibrium equal levels for the active and 
inactive forms of the catalyst [G]s [G(P)]s [G(PP)]s [G(P)n]s   , as discussed by Maria [2003,2005,2006,2007,2008,2009,2014b,
2017a]. This direct and indirect link of G and P syntheses (Figure 2-7, Figure 2-11, Figure 2-21) ensures a quick recovering of both 
stationary [G]s and [P]s after any small internal/external perturbation.

Figure 2-51: Three-phase fl uidized bed bioreactor sensitivity related to variations in the inlet [Hg1
2+] in, leading to variations of the following operating variables: outlet [Hg1

0] 
(up-left); outlet L

0[Hg ]  (down-left); L
0[Hg ]  conversion (up-right); and outlet [ HgG

0](downright) in the output gas. Nominal conditions: [Gmer] = 3 nM; FL= 0.02 L/min ; biomass cX 

= 1 g/L ; particle size dp= 1 mm. Notation „in” refers to the bioreactor inlet. All notations are given in the section 3.2.1. Adapted from [Maria and Luta, 2013].

Figure 2-52: Three-phase fl uidized bed reactor sensitivity related to inlet liquid fl ow rate FL variations, leading to variations of the following operating variables: outlet [Hg1
2+]

(up-left); outlet [HgL
0 ](down-left); Hg1

2+ conversion (up-right); outlet [HgG
0] in the output gas (down-right). Nominal conditions of Fig. 2-51. 
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Proof

To prove in a simple way the above statements, one considers a synthesis (replication) of the G/P pair in E. coli, with the generic 
GERM kinetics model of a simple [G(P)1] type (denoted by “2”) but with only one effector (that is, the very fast buffering reaction G 
+ P <===> GP) (Figure 2-22), or using a GERM kinetic model of the simplest [G(P)0] type (denoted by “1”), with any effector (Figure 
2-12). The rate constants were estimated from solving the stationary model equations with known homeostatic concentrations given 
in Table 2-4 (the case of a cell with a high ballast), following the data of Maria and Scoban [2017, 2018].

By applying a dynamic perturbation, that is here, a -10% decline in [P]s at an arbitrary time t = 0, the species stationary 
concentrations recovering times are presented in Figure 2-17. This example reveals that the generic GERM of [G(P)1] type 
{with only one buffering reaction G P GP  , adjusting the G-”catalyst” activity, see Figure 2-24} presents a better 

Figure 2-53: Three-phase fl uidized bed reactor sensitivity related to biomass concentration  cX variations, leading to variations of the following operating variables: outlet [ 
Hg1

2+](up-left); outlet [HgL
0 ](down-left); Hg1

2+ conversion (up-right); outlet [HgG
0 ] in the output gas (down-right). Nominal conditions of Fig. 2-51.

Figure 2-54: Three-phase fl uidized bed reactor sensitivity related to particle size dp variations, leading to variations of the following operating variables: outlet [Hg1
2+] (up-

left); outlet [ HgL
0](down-left); Hg1

2+ conversion (up-right); outlet mercury in the outlet-gas [ HgG
0](down-right). Nominal conditions of Fig. 2-51.
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dynamic effi ciency compared to the simplest [G(P)]0 gene-expression module, where any control on the G -activity exists.
The obtained recovering trajectories of P and G obtained by model simulations (similar plots of Figure 2-16 and Figure 2-10) reveal a 
very good regulatory effi ciency of [G(P)1] modules, both G, and P species presenting relatively short recovering rates, and negligible 
for the other species (Figure 2-17). These plots reveal in a simple way the selfregulation of the G/P pair synthesis: after the impulse 
perturbation leading to the decline of [P]s from 1000 nM to 900 nM. Then, the very fast buffering reaction G + P <===> GP leads 
to restore the active G, whose concentration quickly increases to [G] = 1.027nM. As a consequence, the synthesis rate of P increases 
leading to a fast P recovering rate which, in turn, contributes to the recovering of G-lump steady-state. For comparison, as revealed 
by the results displayed in the Figure 2-17, the dynamic effi ciency of the module [G(P)0] is much lower, species recovering their 
QSS over longer transient times, as revealed by the larger AVG = AVG((j)). Also, the species connectivity is better in the [G(P)1] 

Figure 2-55: The reduced cell model, accounting for the mer-operon expression (5 linked GERM-s), coupled with 2 kinetic modules referring to the main enzymatic reactions. 
Adapted from [Maria, 2009b, 2010, 2005; Maria and Luta, 2013]. 

Figure 2-56: The nano-scale cellular enzymatic process in the immobilized E. coli bacteria: mer-operon (4 gene lumps) expression (Fig. 2-55), and the main enzymatic
reactions (mercury permeation, and its reduction). Down-right is the sequence of mer-proteins expression. Adapted from [Maria, 2009b, 2010, 2018; Maria and Luta, 
2013].
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Figure 2-57: The main characteristics of the E. coli (K-12 strain) used in the case study of section 3.3. Data from [EcoCyc, 2005].

Figure 2-58: Typical evolution of relevant species concentrations predicted by the E. coli WCVV cell model of Maria [2009b, 2010] for mercury uptake, after a “step”
perturbation in the FBR bioreactor inlet from [Hgenv

2+ ]s = 0.1 to 10 μM (ca. 2 mg/L), for the case of cell cloned with [Gmer]= 3 nM (___), or with [Gmer]= 140 nM (     ). The 
arrow indicates the quick and vigorous response of the two key merenzymes: PT = the mercury ions permease, and PA = the mercury ions reductase.
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compared to [G(P)0], being reported smaller STD((j)), that is a smaller average STD. Also, the sensitivities of species stationary 
concentrations vs. perturbations in the external species (NutG here) are much smaller in the [G(P)1] case. Consequently, removal of 
the buffering reaction that automatically adjusts the “catalytic activity” of G, and of any other effector will: a) decrease the species 
inter-connectivity (increasing the standard deviation of the recovering times); b) will increase the species recovering times; c) will 
increase the sensitivities of the species steady-states vs. the perturbations in the external nutrients concentrations, with a negative 
effect on the cell metabolism, and GERM effi ciency.

In the WCVV kinetic models of GERMs, of [G(P)1] type (Figure 2-24), it is also to mention the way by which the rate constants in 
the rapid buffering reactions are estimated, that is for the “effector” reaction type {see the nomenclature of Eq.(19)} [Maria,2005]:
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As discussed by Kholodenko et al. [1998], fast buffering reactions are close to equilibrium and have little effect on metabolic 
control coeffi cients. As a consequence, rate constants of such rapid reactions are much higher than those of the core synthesis and 
dilution rates. To reduce the vector size of the unknown rate constants of the WCVV kinetic model Eq.(15) (in section 2.2.1.3), large 
values of  diss sk D can be postulated (5 to 7 orders of magnitude higher) [Maria,2005].

Example

As expected, the P.I.-s of the GERMs depend not only on I) the no. of effectors (buffering reactions, TF) , but also on ii) the TF type 
(P, or PP), and even more iii) on the used control scheme (i.e. simple or in cascade, see alternatives in Figure 2-12).

To exemplify the effect of the G/P mutual autocatalysis, one considers the generic G/P gene expression example of [Maria and 
Scoban, 2017, 2018] with the species homeostatic stationary concentrations given in Table 2-4 (the high ballast cell case). For 
comparison, one considers the gene G expression by means of a GERM-s of various structures (kinetic models) given in the Figure 

Figure 2-59: [Left]. Dynamics of metallic mercury concentrations in the liquid and gas phases, and in the bioreactor outlet after a “step” perturbation in the reactor inlet
from [HgL

2+] = 0.1 μM to 100 μM (ca. 20 mg L-1), for immobilized cells on pumice granules under nominal conditions of Table 3-2. Comparison is made for the cases of 
cells cloned with [Gmer]= 67 nM (___), or with [Gmer]= 140 nM (    ). The curves indexed by “1” denote predictions of the unstructured (apparent) reactor model (Table 
3-1, Table 3-3), while curves indexed by “2” denote the predictions of the structured reactor model (including the cell model of Table 3-4). [Right]. Concentration dynamics 
of relevant mer-species inside the cell, and the mercury reduction rate following the same “step” perturbation in the reactor inlet from [HgL

2+] = 0.1 μM to 100 μM (ca. 20 
mg /L), for immobilized E. coli cells on pumice granules under nominal conditions of Table 5-2. Notation “E” denotes the experimental curves of Philippidis et al.[1991a-c]. 
Adapted from [Maria and Luta, 2013].
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2-16, that is:

“1” [G(P)0] without mutual catalysis, and any effector;

“2” [G(P)1] with mutual catalysis and one rapid buffering reaction ( G P GP  , to adjust the ‘catalyst’ G activity);

“ 4 “ [G(P)2] with dimeric TF = PP,

“3” [G(P)1;M(P)1] with mutual catalysis, and a cascade control via two very rapid buffering reactions at the level of G (that is 
G P GP  , to adjust the ‘catalyst’ G activity), and at the M level (that is M P MP  , to adjust the ‘catalyst’ M activity). The 
inactive complex MP is also prone to degradation.

In all the cases, the rate constants have been estimated by solving the stationary form of the GERM model Eq.(14), with the known 

stationary concentrations of Table 2-4 (the high ballast cell case, with [G]s 1nM , [M]s 1nM , for the [ ( )0]G P , and [ ( )1; ( )1]G P M P
, respectively).

Additional constraints have been imposed to the species involved in the buffering reactions of Tables 2-4. Thus, the 
requirement of obtaining a maximum dynamic responsiveness and effi ciency of GERMs , largely discussed by Maria 

[2003,2005,2006,2007,2008,2009,2017a,2017b], lead to adopt [M]s = [M(P)]s 0.5nm , and [G]s [GP]s , and also 

[G]s [G(PP)]s [G(PPPP)]s 1 / 3nM   .

To comparatively simulate the GERM effi ciency vs. a dynamic perturbation, one applied a – 10% impulse perturbation in the 
[P]s = 1000 nM at an arbitrary t = 0. The resulted recovering trajectories of the G and P species are comparatively presented in the 
Figure 2-16. It is to remark that the simplest (and incomplete) [G(P)0] model reported the worst dynamic effi ciency, with very small 
recovering rates, and very large recovering times in Figure 2-16. Better performances are reported by [G(P)1]. (see also Table 2-4). 
However, a better regulatory effi ciency was reported by the cascade control of separately considered transcription and translation 
in the [ ( )1; ( )1]G P M P  module type. The best dynamic effi ciency to recover the stationary state (QSS) was reported by the [G(PP)2] 
module that uses two buffering reactions and a dimeric PP as TF. The PP intermediate is quickly synthesized in a small amount (of 
optimal small level [PP]s,= 0.01nM determined together with the model rate constants to ensure the optimal P.I. of a quick [P] s 
recovering time (rec, P). As a conclusion, the dynamic P.I. of these GERM-s increase in the relative order:

[ ( )0] [ ( )1] [ ( )1; ( )1] [ ( )2]  G P G P G P M P G PP

All the analyzed GERM-s above structures “1-4” have been modelled by using novel WCVV modelling framework Eq.(10-14). 
For such WCVV kinetic models it is to remark the way by which the variable cell-volume plays an important role to species inter-
connectivity (direct via common reactions, or indirect via the cell volume) in the same GERM regulatory module or among linked 
modules (see section B-d, “Species interconnectivity”).

2.2.4-IV). The effect of cell system isotonicity

The effect of the isotonicity constraint Eq.(11-15) in a WCVV cell model can be  easily proved [Maria, 2017a; Maria and 
Scoban,2017,2018]. Thus, by adopting a GERM with a [G(P)1] model type (Figure 2-24), (see section 2.3.1), one can simulate the 
effect on the cell when applying a -10% impulse perturbation in the keyprotein homeostatic level [P]s 1000nM  at an arbitrary time 
t = o. The effect on the key-species (G,P) can be observed in the Figure 2-10, while species stationary concentrations and recovering 
times are given in the Figure 2-17, and in Figures 2-27, 2-28. By contrast, in a classic (“default”) WCCV cell model formulation 
Eq.(1a-c), when the isotonicity constraint is missing from the kinetic model, the key-species do not recover after a perturbation, or 
they recover in an inappropriate way (see section 2.3.1). By contrast, as revealed by the simulations with the [G(P)1], WCVV kinetic 
model Eq.(11-15), the system isotonicity imposes relatively short recovering rates for the key-species, and negligible for the GERM 
species present in a large amount (that is the lumped nutrients  {NutP, NutG }, and the lumped metabolites  MetG, MetP). As proved 
by Maria [2017a, 2018], the WCVV models, with including the “cell ballast” effect (see the below paragraph no. VI), and the G/P 
mutual autocatalysis (see the paragraph no. III), are more fl exible, adequate, and adaptable models, being able to better represent 
the infl uence of the environmental changes on the cell homeostasis.

2.2.4.-V). The importance of the adjustable regulatory effectors in a GERM kinetic WCVV model

As proved by the example of section [“2. 2.3. B - a).- Recovering time”], illustrated by Figure 2-16, and by the discussion of Maria 
[2003, 2005], the use of dimeric TFs, such as PP in [G(PP)n] models (Figure 2-12) instead of simple P in [ ( ) ]G P n model units, leads 
to several conclusions, as followings:

i) The dynamic regulatory effi ciency increases in the order: [ ( )0]G P  (no buffering reaction) [ ( )1] G P  (one buffering reaction) 
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[ ( )1; ( )1] G P M P  (cascade control and also a buffering reaction at the M level) < [G(PP)2] (two buffering reactions, with dimeric TF 
= PP).

Some GERM modules reported an increased P.I. fl exibility, due to ‘adjustable’ intermediate TF species levels. This is the case, for 

instance, of adjusting [M]s in the module [ ( ) ; ( ) 1]G P n M P n , and of [PP] s in modules [ ( ) ]G PP n . Optimal levels of these species can 

be set accordingly to various optimization criteria, rendering complex GRCs to be more fl exible in reproducing certain desired cell-
synthesis regulatory properties [Maria and Scoban, 2017, 2018; Maria, 2017a, 2018].

ii) The dynamic regulatory effi ciency (defi ned in Table 2-2) decreases in the following order [Maria, 2003, 2005]:

Min( (rec,P) :

[ ( )2] [ ( )1; ( )1] [ ( )1] [ ( )0]  G PP G P M P G P G P

Min(STD):

( )2] [ ( )1; ( )1] [ ( )1] [ ( )0]  G PP G P M P G P G P

Minimum sensitivity to nutrients changes, that is:

Min S([P]; [NutG]) = (PP  ref / NutG] / [NutG]  ref) s:

[ ( )2] ( )1; ( )1] ( )1] ( )0]  G PP G P M P G P G P

2.2.4. VI). The effect of the cell  “ballast”(load) on the GERM effi  ciency

The cell “ballast” is understood as the total number of moles (copynumbers) of cellular species, that is 
1

n

j

s

j
N


  in the WCVV 

model Eq.(10-14). Of course, this measure plays an essential role in the WCVV model properties, as long it is related to the isotonic 
constraint Eq.(6).

When constructing more or less simplifi ed WCVV cell models, it is important to know what is the minimum 
level of simplifi cation to not essentially affect the holistic properties of the cell model. This paragraph proves 
why it is essential to include in a WCVV model the so-called “cell ballast”, that is the sum of concentrations of all
(individual or lumped) species, which are accounted or not accounted in the ODE mass balance of the GERM / GRC model. Basically 
the isotonic constraint Eq.(6) imposes that all species (individual or lumped) to be accounted in the cell model, because species 
concentrations and rates are linked through the common cell volume Eq.(6,10-15). As proved by Maria [2017a], and Figure 2-23, 
in such WCVV cell model constructions, the recovery rates are properties of all interactions within the system rather than of the 
individual elements thereof [Heinrich and Schuster, 1996].

Example

Another important question  derived from the isotonicity constraint refers to the degree of importance of the cell content ‘size’ 
(load, or ‘ballast’) for the cell reactions and effi ciency to cope with the external/internal (dynamic/stationary) perturbations. In 
other words, the P.I.-s of a GERM are the same in a “rich” cell of high cell content (ballast), compared to those of a “poor” cell of 
low cell content (ballast)? The answer is no. To simply prove such a remark, one considers a simple generic GERM of [ ( )1]G P  type 
from an E. coli (Figure 2-24) cell with two hypothetical different nominal conditions given in Table 2-4: a high-ballast cell, and a 
low-ballast cell. To not complicate these models, lumped gene and protein metabolites have been considered to simulate the cell 
‘balast’. Being present in a large amount (that is lumped [MetG] = 3E + 6nM, and lumped [MetP] = 3e + 8nM), these components 
also play the role of cell ballast, their concentrations being set to values much larger than those of other cell species. Simulations of 
Maria and Scoban [2017, 2018] are given in Figure 2-23). The key-species dynamics allowed obtaining the species trajectories after 
a – 10% impulse perturbation in the key-protein [P]s of 1000 nM applied at an arbitrary time t = 0. These recovering trajectories are 
presented comparativelly in the Figure 2-23., for the both cases, and using the same GERM WCVV kinetic model.

Selection of appropriate lumped [MetG] and lumped [MetP] will lead to understanding their effect on the cell self-regulatory 
properties. A low species ballast, relative to the total number of other molecules in the cell lead to longer recovering times (rec)(P), 
and (rec)(G), for the keyprotein P , and for the G respectively. For instance, in the [G(P)1] module case, with lumped [MetG]=2000 
nM, and lumped [MetP]=3000 nM, and (all [Cj]) = 6001 nM, the resulted recovering times of key-species G/P are long compared to 
tc 100 min., that is (rec)(P)= 103 min, (rec) (G)=223 min, and (rec)(GP)=246 min, after a –10% impulse perturbation in the [P]s of 
1000 nM at an arbitrary t = 0 (Figure 2-23). Whereas for a cell of a high “ballast” case, with lumped [MetG] =3e+6nM, and lumped 
[MetP]=3e+8nM, and all [Cj]) = 6.06e+8nM (Table 2-4), the resulted recovering times of the same keyspecies are much shorter, that 
is (rec)(P)= 133 min, and (rec)(G)=93 min, and (rec)(GP)=93 min, after the same “impulse-like” perturbation in the [P]s of 1000 
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nM at an arbitrary t = 0.

We refer to this as the “Inertial Eff ect”. It arises because the invariance relationships described above Eq.(6,10-15) require large 
products rate constants × [precursor metabolite P / G] for P and G synthesis to be used to counterbalance the low [MetP] and [MetG] 

synthesis rates, and these model rate constants are determinants for keyspecies recovering rates ( (rec)( j)) after a perturbation. 
On the other hand, when metabolite concentrations were low (that is the “low ballast” case), perturbation of cell volume was 
larger than when they were high, that is the cell “high ballast” case (volume increase plots not presented here). The attenuation 
of perturbation-induced volume changes by large metabolite concentrations is called the “Ballast Eff ect”. Ballast diminishes the 
indirect perturbations, otherwise seen in concentrations of all cellular components. Thus, [G] was perturbed far less, as a result of 
an impulse perturbation in [P], for the cell containing higher metabolite concentrations than for that containing lower metabolite 
concentrations (Figure 2-23). Thus, increasing metabolite concentrations attenuates the impact of perturbations on all cellular 
components but negatively infl uences recovery times.

In fact, the so-called “ballast eff ect” (that is 1

ns
jj

N
 , Eq.(6)) shows how all components of the cell are inter-connected via the 

common volume. It represents another holistic property of cells, and it is highlighted and evident with only using the variable-volume 

WCVV modelling framework. Its importance is related to the magnitude of perturbations and the total number of species in a cell. For 

a single perturbation in real cells, the “Ballast eff ect” [that is change of the total copynumbers 1

ns
jj

N
 , Eq.(6) ] will be insignifi cant 

due to the large copynumber of the total intracellular species. However, the sum of all perturbations experienced during a cell cycle 
might be signifi cant.

As another remark, the perturbation in a species present in a low amount (e.g.  [P] in Table 2-4) will have an insignifi cant 

effect on the species present in large amounts, like the lumped ,Met j sj
C G , or ,MetP j sj

C P  in Table 2-4 , their recovering rate 

after a dynamic perturbation in [P]  s being negligible (see Figure. 2-28 as an example). Also, the cell volume Eq.(12), will be 

insignifi cantly infl uenced by such small perturbations. Thus, 8
1

3.03 10 nMns
jj

N


   in Table 2-4 for the high ballast cell case, is 

practically unchanged after a small perturbation of 100 nM in [P]s. The cell volume Eq.(12) remains practically unchanged.

Proof the ballast effect on the cell volume var iation for a dynamic perturbation in one cell species

 To investigate, in a simple way, how a relatively small perturbation in a key-species concentration (P) from a GERM module of 
[G(P)1] type affects the main species G/P recovering rates and the cell volume change, one considers two hypothetical (demonstrative) 
cells with the species stationary (homeostatic) concentrations of Table 2-9. By applying a dynamic “impulse-like” perturbation of 
-10%[P]s, the species stationary state recovery will depend on the GERM structure. As plotted in Figure 2-38, the P-recovering rate 
decreases in the following order:

The GERM structure “ 5 “ is a hypothetic theoretical structure, that set [G] to 1 nM at the moment of the dynamic perturbation, 
which is practically impossible to achieve in reality, so it was removed from this discussion.

If one takes the regulatory static and dynamic capabilities of the model [ ( )0]G P  as basis, the others models predict an improvement 
with:

32% of the stationary and 19% dynamic regulatory capabilities by [G(P)1];

118% of the stationary and 50% dynamic regulatory capabilities by [G(PP)2];

While the irreversible synthesis reactions of the regulatory schema seems to be responsible on compensating the diluting effect 
of the cell growth, the fast reversible P1-buffering reactions are responsible for managing the P1 random perturbations which can 
dynamically occur due to other inner cell-processes. Indeed, if one study the cell-system behaviour after a small, usually ± 10%, 
perturbation in the P1-level, one can determine by simulation the required time (denoted with  ,rec j ) necessary to a species “j” to 
recover its stationary concentration with a certain tolerance (1%of its nominal P1-level, according to Maria [2005]). As  ,rec j  time 
is shorter, as the cell-system is better regulated vs. internal perturbations. By evaluating  ,rec j  for every GERM model type of Figure 
2-12, under the same conditions, a direct comparison of the model dynamic regulatory capabilities is possible (Figure 2-38). The 
model [G(PP)2] (with three P-buffer reactions) predicted a very quick cell-recovering, faster than those predicted by the other 

models, like [ ( )1]G P  (with one P-buffer reaction), and ( )0]G P  (with no buffer reaction).

As another important observation in Figure 2-38 [Down, plots of (A)], the cell volume contracts after applying the dynamic 
perturbation of -10%[P]s, corresponding to the isotonicity constraint Eq.(6). Of course, the cell volume presents a smaller contraction 
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j j
j
j

all cell

NutG NutP MetG MetP jj j
j MetP
j MetG

C C C C C

Table 2-5: The stationary homeostatic (QSS) species concentrations “Cj,s“ considered for a GERM kinetic model of [G(P)1] type, in the example of section 2.3.1. The reaction 
pathway, and the reaction rates expressions are given by Eq.(32). These concentrations corresponds to a GERM from E. coli cell K-12 strain [Tian and Burrage, 2006; Myers, 
2009; Maria, 2005]. Values are adapted from the example of [Kurata and Sugimoto, 2017]. Notations [footnote F]. The last column displays the species recovering times for 
this GERM of [G(P)1] type, after a –10% impulse perturbation in the key-protein stationary [P]s produced at an arbitrary moment t=0.
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for the case of a cell with a large content (“ballast”), that is here the hypothetical case of [MetG]s =[ MetP]s = 10,000nM (Table 2-9, 
and Figure 2-38 Down, plots “1”). By contrast, the cell volume presents a signifi cant contraction for the case of a cell with a small 
content (“ballast”), that is here the hypothetical case of  [MetG]s = [MetP]s = 250nM (Table 2-9, and Figure 2-38 Down, plots “2”).

Although quick reversible buffer reactions are responsible for dynamic regulatory capabilities of the model, a too large number 
increases the model complexity, with a certain number of disadvantages: i) makes diffi cult GERM model identifi cation (due to a 
larger number of rate constants to be estimated); ii) more important, it will become very diffi cult to use such effective GERM-s to 
construct complex GRC-s (see section 2.2.4), due to very high diffi culties to estimate the very large number of rate constants from 
often incomplete / un-structured experimental kinetic data. A roughly 2-3 effectors adopted per GERM module usually leads to 
satisfactory results (similarly to the allosteric enzymatic reactions [Maria, 2014b; Hammes and Wu, 1974]).

Table 2-6: The estimated rate constants of the GERM kinetic model (Fig.2-24) of type [G(P)1] from the case study of section 2.3.1, solved under a WCVV modelling 
framework.  The units of the 1-st order reactions are 1/min, while those of the 2-nd order are 1/(nM×min). Species stationary concentrations are those of Table 2-5. Adopted 
k6 value much larger than Ds and the other rate constants, see the discussion of Maria [2005].

[*] The adopted k6 rate constant satisfi es the condition k6 ≫Ds=Dm, according to Eq.(31). Here, Dm= the apparent average cell dilution rate Eq.(12), that is: Dm=Ln(2)/tc. As 
here, tc=100" " min. (Table 2-5), it results Dm=6.93×10-3 1/min. This value was used in Eq.(40) to estimate these rate constants.

Table 2-7: Nominal stationary conditions (index ‘s’) for the two considered GERM-s from E. coli cell to be linked to form a complex GRC. These values are explained by 
Maria [2006] and concern the fi rst example of section 2.2.4-VII, which considers two linking alternatives, as followings: Alternative [ A] : [G1(P1)1] + [G2(P2)1] (10 individual 
and lumped components). Alternative [ B] : [G1(P1)1;M1(P1)1] + [G2(P2)1;M2(P2)1] (14 individual and lumped components). Species copynumbers correspond to the E. 
coli cell K-12 strain [Tian and Burrage, 2006; Maria,2005; Myers, 2009]. Species concentrations in the cell are computed with the formula from the Footnote [B] of Table 2-5.
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Calculation of perturbed volume and perturbed species concentrations in a WCVV cell model when removing copynum-
bers from only one species (P), by keeping all-times the system isotonicity:

To illustrate the cell volume variation when a dynamic perturbation occurs, by removing a certain number of moles (copynumbers) 
from the cell, one onsiders the following simple numerical proof.

Problem

Given a cell with a certain number of species j  = 1,…,ns, of initial concentrations Cjo, and the initial volume V0 (before perturbation), 

How many number of moles of species P have to be removed from the cell, that is ( *
,P o PN N  ) such that, after recalculating the 

contracted volume value V*, and after re-calculating the species new concentrations after contraction 
*
jc , the new (perturbed) 

concentration of P to be an initial imposed value 
*

*
*
P

P
NC
V

  ? One imposed the system isotonicity constraint, that is all-times the 

osmotic pressure  =  constant, and the sum of concentrations 
*

  jo jall all
C C    constant (according to Eq.(6), and WCVV model 

hypotheses of Table 2-1).

Notations of the Problem (continued)

Notations:

V0 = initial (before perturbation) cell volume (cy toplasm);

Table 2-8: Nominal stationary conditions (index ‘s’) for the two considered GERM-s from E. coli cell to be linked to form a complex GRC. The E. coli cell species stationary 
concentrations are explained by Maria [2008]. These values concern the second example of section 2.2.4-VII, which considers two linking alternatives, as followings:
Alternative [ A] : [G1(P1)2] + [G2(P2)2] . Alternative [ B] : [G1(P1P1)1] + [G2(P2P2)1]. Species copynumbers correspond to the E. coli cell K-12 strain [Tian and Burrage, 2006; 
Maria,2005; Myers, 2009]. Species concentrations in the cell are computed with the formula from the Footnote [B] of Table 2-5.

Notations: ‘cyt’ = cytoplasma; G = gene; P = protein; ‘o’= initial; M = mRNA; NutP, NutG = nutrients for the MetP and MetG synthesis respectivelly; MetP, MetG = metabolites for the 
P and G synthesis respectivelly; GP, GPP, MP = catalytically inactive species); PP= dimeric intermediate species of very low concentration used for quickly adjusting the ‘catalyst’ 
G activity. They are quickly produced from the expressed P protein.
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V* =  the cell volume after removing some copynumbers of P ;

CPo = initial concentration of species P;

joj P
C


  sum of species concentrations, excepting P ;

1
ns

joj

RT
C

 
  constant. This is the system invariant (i.e. π = constant), Eq.

(13);  =ns= number of cell species;

p
Po

o

N
C

V
   the P initial concentration referred to the initial (stationary) cell volume;

*
T P
P

o

NC
V

   the P concentration to be set at  V0  to lead to a contracted V*

after perturbation, such that to fi nally obtain the target (desired)
*

*
*
P

P
NC
V

 . the P concentration referred to the new (perturbed) cell volume

Solution:

The initial number of moles of cell species is:

PO PO ON C V   initial n o. of moles of species “P”;

  cell cell
jo jo oj P j P

N C V
 

    initial sum of no. of moles in the cell (that is the cell “ballast”), by excepting P ;

Let us consider as being invariant the number of moles of other species into the cell (other than P), before and after the perturbation 
by removing some copynumbers of P , that is:

Table 2-9: Nominal stationary conditions (index ‘s’) for considered GERM from E. coli cell of [G(P)1] type, for the example of section 2.2.4 , paragraph (VI). The E. coli 
cell species stationary concentrations are explained by Maria [2002,2008]. See [Maria, 2005,2006,2007,2008,2009,2017a,2017b,2018] for details. Species copynumbers 
correspond to the E. coli cell K-12 strain [Tian and Burrage, 2006; Maria,2005; Myers, 2009]. Species concentrations in the cell are computed with the formula from the 
Footnote [B] of Table 2-5.
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    * *   all cell all cell
jo Po j Pj j

N N N N  V1

By multiplying Eq. (V1) with RT/   constant value, one obtains:

     * *all all
jo Po j Pj j

RT RTN N N N
 

     V2

One takes into account that the volume calculation relationship, Eq.(6) can be re-written as followings:

     * *;all all
o jo jj j

RT RTV N V N
 

    V3

Figure 2-60: Protein P synthesis – simplifi ed representations of a generic GERM regulatory module of [G(PP)1] type (see Fig. 2-12; horizontal arrows indicate reactions; 
vertical arrows indicate catalytic actions; G = gene encoding P; M = mRNA; R = repressor; In = inducer; MetG, MetP = metabolites used for the synthesis of G,P respectively). 
According to the studies of Maria [2005, 2017, 2017a, 2018, 2014b]; Maria et al. [2018d, 2019] (sections 2.2.3 – Ba, Bb; 2.2.4-II; 2.2.4-III; 2.2.4-VII) ; Fig. 2-9, Fig. 2-13, Fig. 
2-16, and Fig. 2-37), this GERM unit with dimeric TF displays one of the best regulatory effi  ciency P.I.-s (section 2.2.3).

Figure 2-61: The stationary reduction rate (rHg) of mercuric ions by E. coli cells for various inlet [HgL
2+]. Comparison includes predictions of the structured extended hybrid 

SMDHKM WCVV dynamic model (“2 ___”) vs. the Philippidis et al.[1991ac] experimental curves (“E -----”) (diffusion free). The upper / lower (“Eup”, “Elow”) denote the 
confi dence bounds of the experimental curves, that is in the experimental standard deviation band. Curves denoted by (“1     ”) are the predictions of the unstructured 
bioreactor model (section 3.2.3; Table 3-1 , and Table 3-3), with including the mass transport terms. Comparison is made for the E. coli cells cloned with mer-plasmids in 
the amount of [Gmer] = 3 nM (A), [Gmer] = 78 nM (B), and [Gmer] = 140 nM (C). Plots (D) display the predicted cytosolic concentration of mer-reductase [PmerA] = [PA] for 
[Gmer] = 3 nM, and [Gmer] = 140 nM. Adapted from [Maria and Luta, 2013].
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Figure 2-62: Dynamics of mercury concentrations in the liquid and gas phases after a “step” perturbation in the reactor inlet from [HgL
2+] = 0.1 μM to 100 μM (ca. 20

mg/L), for immobilized cells on pumice granules under nominal conditions of (Table 3-2). Comparison is made for the cases of cells cloned with [Gmer]= 67 nM (___), or 
with [Gmer]= 140 nM (    ). The curves indexed by “1” denote predictions of the unstructured (apparent) reactor model (Table 3-1, together with Table 3-3), while curves 
indexed by “2” denote the predictions of the structured HSMDM reactor model (including the cell model of Table 3-4). Adapted from [Maria and Luta, 2013].

Figure 2-63: Concentration dynamics of relevant cell species, and mercury reduction rate following a “step” perturbation in the reactor inlet from [ L
2Hg  ] = 0.1 μM to 100 μM 

(ca. 20 mg/L), for immobilized E. coli cells on pumice granules under nominal conditions of (Table 3-2). Comparison is made for cloned cells with [Gmer] = 67 nM (67, ___), 
or with [Gmer] = 140 nM (140,      ) mer-plasmids in the nucleus. The curves indexed by “1” denote predictions of the unstructured (apparent) reactor model (Table 3-1, 
together with Table 3-3), while the curves indexed by “2” denote the predictions of the hybrid SMDHKM structured reactor model (by also including the cell model of Table 
3-4). Notation “E” denotes the experimental curves of Philippidis et al. [1991a-c]. Adapted from [Maria and Luta, 2013].
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By writing Eq. (V2), with changing terms from left to right, one obtains:

     * *all all
j jo P Poj j

RT RTN N N N
 

     V4

By applying the volume formula (V3) to (V4), one obtains the volume variation due to the variation in the P content:

   * *
o P Po

RTV V N N


    V5

Let us to divide Eq. (V5) by the product (VV*). One obtains:

 
*

*
* * *

1 1 1 1o
P Po

o o o

V V RT N N
V V V V V V


     V6

By multiplying Eq. (V6) with 
*
PN , one obtains:

* * * *

* *
P P P P Po

o o o

N N N RT N N
V V V V V

 
   

 
 V7

The number of moles of P to be removed initially from the cell is  *
Po PN N .

Let us denote with 

*
T P
P

o

NC
V

  the concentration of P to be set at VO to lead to a contracted V* after perturbation.

So, we can re-write Eq. (V7) in the new terms, as followings:

* * *

* *
T P P P Po
P

o o

N N RT N NC
V V V V

 
   

 
 V8

By changing in Eq. (V8) the terms from right to left, one obtains:

* * * *

* * *
T P P P P Po
P

o o

N RT N N N RT NC
V V V V V 

    V9

In the relationship Eq. (V9), by substituting the defi nition of 
*

T P
P

o

NC
V

 , and after multiplying the fi rst right term with RT/RT it 
can be re-written in the following form:

* * *

* * */ /  T T P P P Po
P P

o

RT N N RT N RT NC C RT
V V V V


  

    
   V10

By giving common factor  CT
Pin left side, and the common factor 

*

*
PN RT

V 
 in the right side, one obtains:

* *
,

* *1 1 / P oT P P
P

o

NN RT N RT RTC
V V V  

  
    

   
 V11

By introducing the invariant  
1

all
joj

RT
C


  of Eq.(13) in the right side of Eq.(V11), one obtains:

* *

* *1
all

T P P
P jo Po

j

N RT N RTC C C
V V 

  
         

  V12

After substituting 
*

*
*
P

P
NC
V

  in Eq. (V12), one obtains:

 
* *1

all
T
P P P jo Po

j

RT RTC C C C C
 

           
  V13

So, the fi nal formula to set the initial perturbed P concentration at VO to obtain the target 
*
PC  after this initial perturbation, is the 

following:

* */ 1
all

T
P P jo Po P

j

RT RTC C C C C
 

            
  V14

Concerning this short numerical example of how the “cell ballast” is used in the WCVV modelling framework, it is worth 
introducing some remarks, as followings:
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Remark no. 1.

After the cell volume contraction in Eq.(V3), from VO to V*, due to the removed P  copynumbers, from the initial 
p

Po
o

N
C

V
  to the 

*
T P
P

o

NC
V

 , in order to fi nally obtain the target 
*

*
*
P

P
NC
V

 , by preserving the same pressure, the contracted cell volume presents the 

following value:

 **

 

( / )

( / )

all
jj

all
o joj

RT NV
V RT N







  V15

Remark no. 2.

After removing some species P copynumbers  *
P PN N  to change the initial 

p
Po

o

N
C

V
  to the required 

*
T P
P

o

NC
V

  , to obtain an 

imposed fi nal value 
*

*
*
P

P
NC
V

  after volume contraction, the concentration sum remains unchanged, because also the cell volume is 

contracted after removing the P copynumbers  *
P PN N .

Indeed, if one calculates the fi nal concentrations from their defi nition and substituting the perturbed volume V* from (V15), one 
obtains:

 
* *

*
*   * /

j all all
o j joj j

N NC
V V N N

 
   V16

By summing Eq. (V16) for all species, one obtains:

 
  *

*
  *
1 1

 constant
/

all all
j joall allj j

j joall allj j
oo j joj j

N N
C C

VV N N
 

   
  

   V17

So, after such a small perturbation, the isotonicity constraint leads to an invariant sum of concentrations, because the small 
variations in the copynumbers are compensated by small variations in the cell volume, so their ratio is practically unchanged.

Numerical example:

To illustrate the theoretical considerations approached in this paragraph, one used a s imple numerical example, of a hypothetical 
cell with the volume VO and only two species:

5nMPoC 

5nMGoC 

In total, according to Eq.(13), it results:

 
1 1 / 10  constantall

joj

RT
C

  


.

One desires that, after removing some copynumbers of P to fi nally (after volume contraction and recalculating the concentrations), 

to have in the perturbed cell a novel concentration of 
* 4nMPc  .

Question: How many copynumbers of P have to be removed from the initial cell, and what concentration we have to set for P at 
VO in order to achieve this goal?

Solution:

According to Eq.(V14), one set at VO the following P concentration:

* */ 1 4(1 / 10)(10 5) / (1 4 / 10) 3.33nM
all

T
P P jo Po P

j

RT RTC C C C C
 

                

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Proof:

The cell species initi al numbers of moles are the followings:

5 ; 5Po Po O O Go Go O ON C V V N C V V    .

In total, according to Eq.(13),

 
1 1 / 10  constantall

joj

RT
C

  


Accor ding to the 
*

T P
P

o

NC
V

  defi nition, the number of moles of P after removing some coynumbers but still referred to VO is:

* 3.33T
P P o oN C V V  .

Consequently, to obtain the 
*

*
*
P

P
NC
V

  the following numbers of moles have to be removed from the cell:

 * 5 3.33 1.67Po P O O ON N V V V   

Consequently, according to Eq. (V15), the new volume of the cell is the following:

   

 * *
*

 

( / ) 5 3.33
5 5( / )

5 3.33 / 5 5 0.833 .

all
jj Go P o o

o o oall
Go Po o ojoj

O O O O O O

RT N N N V VV V V V
N N V VRT N

V V V V V V




 

   
 

  




So, the species new concentrations, after considering the volume contraction, will be:

   

   

*
*

*

*
*

* *

 3.33 / 0.833 4;

 5 / 0.833 6.

P
P O O

G Go
G O O

NC V V
V

N NC V V
V V

  

   

So, in total, after the dynamic perturbation in P (removal of 1.67Vo copynumbers of P ), one obtains:

* * 10P GC C 

As expected, the isotonicity constraint is fulfi lled all times in a WCVV model, and the sum of species concentrations remains 
unchanged, so the osmotic pressure, because of the Eq. (13) relationship:

  

1 1 constant*
  


RT

C Cjo jall all

2.2.4. VII) The effect of GERM complexity on the resulted GRC effi  ciency, when linking GERM-s

One important issue to be s olved when linking GERM-s to construct a GRC kinetic model, with desirable regulatory properties, 
is the degree of detail of the adopted GERM-s to accurately reproduce the GRC local/holistic regulatory properties. The example 
discussed below by Maria [2006, 2008] revealed that more important than the number of considered species in the regulatory loops 
is the selected GERM regulatory scheme, able to render to the GRC a holistic synchronized response to environmental perturbations.

Consequently, when developing a suitable WCVV kinetic model of a GRC, it is important to adopt a suitable reduced model 
structure by means of an acceptable trade-off between the model simplifi cation-vs.-model quality (adequacy) (see the example of 
Maria and Luta, 2013]).

Adoption of too complex reaction pathways for the linked GERM-s is not desirable when developing cell simulators, these 
structures being diffi cult to be modelled and diffi cult to be estimated by using ODE kinetic models, due to the very large number of 
rate constants, and of unknown steady-state concentrations (necessary to estimate the model rate constants). Beside, cell model 
constructions with too complex GERM-s modules lead to large models impossible to be used for cell design, or for engineering 
analyses. The alternative is to use reduced ODE models with a relatively small number of lumped species and enough reactions to 
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fairly reproduce the experimental data, but simple enough to make possible a quick dynamic analysis of the metabolic process and 
of its regulation properties.

Example no. 1.

To exemplify how a suitable trade-off between the GRC model simplicity and its capabilities can be obtaine d, one considers the 
problem of adequate and effi cient linking of two GERM-s (related to the simultaneous linked expression of G1/P1 and G2/P2 pairs) 
such that the resulted GRC complex to present optimal P.I.-s. To solve this problem, Maria [2006] compared two linking alternatives 
(Figure 2-32, and Figure 2-33), that is:

Alternative A: [G1(P1)1] + G2(P2)1] (10 individual and lumped components).

Alternative B: [G1(P1)1;M1(P1)1] + [G2(P2)1;M2(P2)1] (14 individual and lumped components).

The GERM linking in the alternative [A] is the following: the expressed P1 in [G1(P1)1] module is the metabolase that converts 
NutG in MetG2 and NutP in MetP2 in the [G2(P2)1]. In turn, the expressed P2 in [G2(P2)1] is the polymerase that converts MetG1 in 
G1, and MetG2 in G2 in the modules [G1(P1)1]; M1(P1)1] + [G2(P2)1;M2(P2)1], respectively.

The GERM linking in the alternative [B] is the following: the expressed P 1 in [G1(P1)1]; M1(P1)1] module is the metabolase that 
converts NutG in MetG1, MetG2, and NutP in MetP1, MetP2 in the both modules. In turn, the expressed P2 in the [G2(P2)1;M2(P2)1] 
module is the polymerase that converts MetG1 in G1 in the module[G1(P1)1]; M1(P1)1], and converts MetG2 in G2 in [G2(P2)1;M2(P2)1]. 
So, clearly, each expressed protein has a well defi ned function in the cell. The species stationary concentrations for the two GERM 
modules are given in Table 2-7.

Simulations revealed that the linking alternative [B] is superior compared to the model [A], by presenting better stationary P.I.-s 
(Figure 2-32), and dynamic P.I.-s (Figure 2-33). The cost of such better P.I.-s is minimal in terms of GRC complexity (that is the 
required species number), by including 14 species into the model (alternative [B]) compared with only 10 species (alternative [A]). 
To conclude, in spite of a slightly more complex structure (14 vs. 10 individual and lumped components), and of including two more 
buffering reactions (at the M1, M2 species level), and by adopting a cascade expression control, the GRC alternative [B] presents 
much better P.I.-s (see details of Maria [2016]), that is: i) key-species shorter recovering times after an impulse perturbation; ii) 
lower AVG and STD species connectivity indices; iii) lower sensitivity of species QSS concentrations vs. environmental perturbations 
(in [NutP]s here).

Thus, the right choice of the GERM structures in a GRC is an essential modelling step. This example proves how, with the expense 
of a little increase in the model complexity (4 additional species and 2 buffering reactions), and with including of a cascade control of 
the gene expression (much close to the real situation) in the modules of [G(P)n;M(P)n1] type (Figure 2-12) the derived GRC-s present 
superior regulatory properties suitable for designing robust GRC-s, with easily adjustable properties via model parameters. As 
previously proved, such GRC-s, obtained by applying an optimal building-blocks strategy, present a better species synchronization 
when coping with perturbations (i.e. low AVG, STD indices, Figure 2-32).

Linking constraints.

In order to exemplify various rules for linking GERM-s modules to build-up a GRC, with optimum regula tory properties ( P.I.s, 
section 2.2.3), the WCVV modelling framework has been used, as being more suitable to quantitatively characterize the GERMs P.I.-s. 
The WCVV approach (section 2.2) was proposed by Maria [2002], and by [Maria et al., 2002], while the study of the WCVV properties, 
features, and advantages was given by Maria over the interval [20052023], that is Maria [2002, 2003, 2005, 2006, 2007, 2009, 2014b, 
2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c].

In the WCVV approach, the cell volume is explicitly included in the mass-balance equations (sections 2.2.1, and 2.2.2). The 
kinetic expressions, evaluated at a certain time during the cell growth, are linked through the state-law [that is the osmotic 
pressure Pfeiffers’law (last row of Eq.(6)), linking the cell volume, osmotic pressure, temperature, and cell content in terms of 
species number of moles). The main model hypotheses are the followings (Table 2-1): i) negligible inner-cell gradients; ii) open 
cell system of uniform content; iii) semi-permeable membrane, of negligible volume and resistance to nutrient diffusion, following 
the cell growing dynamics; iv) constant inner/external osmotic pressure, ensuring the membrane integrity; v) average logarithmic 

growing rate  ln(2) /Dm tc ;  tc = cell cycle time, Eq.(12) ]; vi) volume growth of the approximate exponential law [  expo mV V D t 

, Eq.(12) ]; vii) homeostatic stationary growth,  / 0j s
dC dt  (where Cj = species “ j “ concentration); viii) according to the isotonic 

Pfeiffers’law, Eq.(6), the perturbations in the cell volume are induced by variations in species copynumbers under the isotonic 
osmolarity constraint.

Under such a representation, the individual or lumped reaction rates and the internal/external perturbations in species levels 
are explicitly linked with the evolution of the cell volume and dillution factor by Eq. (6,12), which in turn will directly infl uence [ 
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by means the so-called ‘secondary perturbations’, Eq.(9,11,12) ] the cell component concentrations. The result is a more accurate 
representation of the cellgrowth [Maria, 2005, 2006, 2017a], and the cell-division phases [Morgan et al., 2004; Surovstev et al., 2007, 
2008], and a more realistic representation of the local and global regulatory properties of the GRC-s [Maria, 2002, 2003, 2005, 2006, 
2007, 2009, 2014b, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c]. The rates of individual reactions are constrained by the 
periodicity of the cell-cycle and by the requirement that molar amounts of all components and the volume must double in exactly 
one cell-cycle [Tyson and Novak, 2001]. To be consistent with the WCVV hypotheses, such a ‘whole-cell’ modelling framework 
requires that each of the cell reaction to be included in the model at some level of detail, i.e. as an individual or lumped species and/
or reaction, Eq. (12,15). The WCVV model analysis allows the full characterization of the GRC-s properties, by explicitly linking the 
model parameters to the system properties (stability, responsiveness, etc., Figure 2-14) and its effectiveness (P.I.-s, of Table 2-2). 
Among module P.I.-s are to be mentioned the most important ones (see Table 2-2, and section 2.2.3) [Maria ,2007,2017a]:

- System local stability condition, and stability strength:, expressed as: I) stationary regulation, i.e. large margins of stability in 
the state variable space vs. stationary perturbations; ii) dynamic regulation, i.e. fast rec,j = species “ j “ recovering time of its 
stationary (QSS) concentration (Cj, s) with a tolerance of 5% [Hlavacek and Savageau, 1997] or 1% [Maria,2005], after an 
impulse-like perturbation;

- High responsiveness to (exo/endogeneous) signalling species of repression or de-repression, that is small rise-times (transition 
times j ) and tolerable overshoots in the level of enzymes repressing or derepressing the gene expression;

 GRC high selectivity, the regulation protein (R1) being suffi ciently insensitive to changes in the level of the effector protein (R2) 

[i.e. small sensitivities      1 2 1 2; ln / lnR R R RS C C C C   , see Figure 2-35], or to other species from the GRC;

 GRC robustness, that is small sensitivities of the system performances vs. its kinetic parameters [i.e. small sensitivities 

   , ,; ln / ln( )j s j sS C C  k k , or    , ,; ln / ln( )rec j rec jS      k k ;

 GRC system regulatory effi  ciency in terms of ensuring an appropriate steady-state stability in response to dynamic perturbations 
in internal or external species [i.e. small sensitivities of the species stationary concentrations vs. perturbations in a certain 

species,  , . ;j s perturbS C C  ];

 GRC species connectivity in terms of synchronized and effi cient treatment of a dynamic perturbation for recovering the species 
stationary concentrations [that is small STD = standard deviation of species recovering times rec,j after a dynamic internal 
perturbation].

In the next examples, the checked regulatory P.I.-s are the followings (see Table 2-2, and section 2.2.3): a) the species index “ j “ 

sensitivity vs. a stationary environmental perturbations in the nutrient “NutP” concentration, that is        ; ln / lnj NutP j NutPS C C C C  

. b) The recovering times of the all model species rec,j after a dynamic internal perturbation; AVG = average of rec,j  STD = standard 
deviation of rec,j.

Example no. 2.

For exemplifi cation,  two GERM-s of very effective types [G(P)1], and IG(P)1; GM(P)1] (Figure 2-36) have been approached (see 
also the GERM library of Figure 2-12). The species stationary (index “s”) growing conditions of an E. coli cell are given in the Table 
2-8. Two linking alternatives have been considered to built-up an effective GRC.

Alternative [A]: [G1(P1)1] + [G2(P2)1] (10 individual and lumped components).

Alternative [B]: [G1(P1)1;M1(P1)1] + [G2(P2)1;M2(P2)1] (14 individual and lumped components).

For both linking alternatives, the increased GRC complexity is expected to lead to a decline in the whole network P.I.s due to an 
increased complexity of the system (that is an increased “ns” species number), which, in turn, will lead to an increased diffi culty 
to synchronize the effi cient response of all components vs. perturbations. Due to such reasons, as the GRC structure is extended, as 
more effective modules should be included (with cascade control and multiple effectors) to preserve the whole GRC construction 
desired P.I.-s. For instance, in Figure 2-32 a two-modules GRC is modelled in the simpler Alternative [A] representation (ns = 
10 species) comparatively to the Alternative [B](ns = 14 species). In spite of an increased complexity (higher “ns”), the use of a 
more effective regulatory schem [G(P)1; M(P)1] with a cascade control of the expression leads to better regulatory P.I.-s. Indeed, 
by comparing the two assembly alternatives [A] vs.- [B] in Figure 2-32, and Figure 2-33 , the species recovery times (rec,j) are 
lower for all species (except for P1), while the species interconnectivity index STD (rec,j) is better (i.e. a low value), while the 

species stationary concentrations “resistance” (that is,        ; ln / lnj NutP j NutPS C C C C   , the species relative sensitivities vs external 
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perturbations in [NutP] here) are practically the same for both alternatives.

Example no. 3.

In this example, two  GERM-s of effective types [G(P)2], and [G(PP)1] (Figure 2-36) have been approached (see also the GERM 
library of Figure 2-12). The species stationary (index “s”) growing conditions of an E. coli cell are given in the Table 2-8. Two linking 
alternatives have been considered to built-up an effective GRC.

Alternative [A]: [G1(P1)2] + [G2(P2)2] (12 individual and lumped components).

Alternative [B]: [G1(P1P1)1] + [G2(P2P2)1] (12 individual and lumped components).

The two GERM-s link is called “cooperative link” (see the below section “2.2.4-VIII)” because each species (especially the proteins) 
perform distinct functions in GRC, by supporting the reactions in both modules.

The comparison of the two linking alternatives in Figure 2-37 proves that, for the roughly the same GRC complexity, and in 
spite of two buffering reactions in the [G(P)2] unit, instead of only one in the [G(PP)1] unit, the use of PP dimmers as TF-s in 
the buffering reaction units [G(PP)n] leads to better dynamic-P.I.s, i.e. lower p1, AVG (rec,j) and STD(rec,j). The stationary species 

relative sensitivities        ; ln / lnj NutP j NutPS C C C C   are practically the same, while the module complexity is the same). The low-

concentrations (ca. 0.1 – 4nM) of the oligomeric effectors (of type PP, PPPP, etc.) are determined not by a quasi-steady-state 
assumption [Maria, 2019; Maria and Luta, 2013] but from optimising the global properties of the overall modular GRC regulatory 
chain (that is minimum p1 here, [Maria and Scoban, 2017, 2018].

Following this positive result, Maria and Luta [2013] used a modular construction of a GRC-operon, by linking individual GERMs 
but only of [G(PP)1] type.

2.2.4.-VIIC. Preliminary conclusions o n linking GERM-s to buildup a GRC

Modelling the dynamics of the gene regulatory circuits (GRC) for the in-silico GRC design [Maria and Luta, 2013; Maria, 
2007,2009,2014b,2018] is an important step in advancing the understanding on the regulatory cell networks, with important 
theoretical and practical implications [Bower and Bolouri, 2001] . The modular WCVV approach, with accounting for both local and 
holistic GRCs regulatory properties, and for the experimental data from bio-omics databanks, proves that this is a very promising 
and effective computational approach, allowing: similarity analysis of several models (structure vs. predictions); model lumping 
analysis; GRC system characterization (QSS-multiplicity, stability, fl exibility, robustness, effi ciency); cell system modularisation 
and development of cell simulation platforms [Maria, 2021; Maria, 2014b,2018,2023; Maria and Luta, 2013].

Even if only generic GRC-s and GERM-s from E. coli (Figure 2-12) have been analysed in the present work, the novel WCVV 
whole-cell modelling framework, with explicitly considering the link between the volume-growth and the reaction rates for all 
species into the cell, appears to be a more promising approach to evaluate the GRC-s characteristics in a cell, by mimicking the 
equilibrated or perturbed growth. Such models can avoid over-estimation of some regulatory properties (i.e. responsiveness, 
effi ciency, connectivity), accounting for the role of cellballast in smoothing internal/external perturbations, for direct or indirect 
perturbations of species levels (transmitted via chain reactions and cellvolume variation).

Lumping rules are proved to be effective tools for modelling the cell regulatory process complexity and dynamics, coping with 
the cellsystem low observability, identifi ability and estimability [Maria, 2004, 2005b, 2019]. Power-law or Hill-type representation 
of modular GRC-s, including apparent rate constants, can reproduce a wide-range of cell functions and dynamic behaviour [Maria, 
2007, 2009, 2014b, 2018, 2023]. However, the model predictability is strongly dependent on the lumping degree, on the key-species 
selection and ability to realise the suitable trade-off between model simplicity, its predictive power and physical-meaning of terms. 
A sensitivity analysis applied to model terms can help in relating the GRC holistic properties to the individual regulatory module 
structure [Maria, 2014b].

Derivation of relations between apparent and extended model structures is of high interest for a process correct interpretation, 
and to characterise the relative importance of various reaction steps [Maria, 2004, 2005b, 2019]. The apparent steps tend to 
compensate the loss in system diversity introduced by the lumping rule, and cannot fully describe the real interactions among 
reaction intermediates. Because the apparent parameters (identifi ed from experimental data) present values smaller or larger than 
those corresponding to the elementary reaction steps, the physical meaning of reactions / species lumps can also play an important 
role in choosing the most suitable lumping route from the large number offered by the theoretical analysis. [Maria, 2004, 2005b, 
2018, 2019, 2023].

When large cell dynamic models are developed, application of unconventional model reduction strategies are recommended, by 
combining suitable system modularisation (in functional sub-units) with application of the sensitivity analysis to relate metabolic 
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network holistic properties (hierarchic organization and regulatory effi ciency) to the individual module properties. [Maria, 2004, 
2005b, 2018, 2019, 2023; Maria and Scoban, 2017, 2018].

In fact, more than these two examples of linking GERM-s to construct a GRC-s can be imagined and tried. But, as general rules, 
proven in this section some constraints have to be imposed, as followings:

a). Linking reactions between modules must be set slower comparatively to the module core reactions to not disturb the modules 
individual regulatory properties.

b). Use cooperative and mutual catalysis. Individualized functions must be allocated to each component into the cell. The un-
cooperative coupling of GERM-s will lead to the cell to loss its stability and to not survive (see below paragraph “2.2.4-
VIII”). That is because the homeostasis condition will be lost, and the whole system will evolve towards disappearance of the 
proteins presenting the lowest synthesis rate, and the whole cell system will collapse. See the proof of Maria [2005].

c). The intermediate species levels (like [PP] in the [G(PP)n] units) and the allosteric regulation loops (that is the number of 
the multiple buffering reactions, such as G P GP P GPP    , in the [G(P)n] units) must be adjusted according to the 
GRC size, and by obtaining optimal P.I.-s of the GRC (see the two examples of this section and [Maria, 2017a; Maria and 
Scoban, 2018]. Addition of too complex and in a too large number of such GERM-s could growth the GRC complexity. Even 
if an improvement in the P.I.-s is obtained, the resulted GRC model becomes too diffi cult to be identifi ed (to estimate its 
rate constants) from incomplete and often un-structured kinetic data (species concentrations trajectories in time, and their 
stationary levels), and could raise some questions regarding the time required for all these reactions to occur in a very short 
time compared to the main reactions (Figure 1-2). Solving several applications, indicated that for the GERM-s modules of 
type [G(P)n], or [G(P)n; M(P)n]], or [G(PP)n], (Figure 2-12), a reasonable n = 2 - 3 can be adopted, similarly to the allosteric 
enzymatic reactions [Maria, 2014b; Hammes and Wu, 1974].

d). The results of the previous section “2.2.4-VI” indicated that the novel WCVV isotonic modelling framework must be considered 
for a more realistic representation of the secondary connectivity effects (cell ‘ballast’, and ‘inertial effect’).

e). The results obtained in the second example of this section (2.2.4-VII) indicated that one important rule is to try to use 
effectors in dimmer form (e.g. PP instead P in the GERM regulatory units of type [G(PP)n]) in order to adjust the gene activity 
(Figure 2-12, and Figure 2-37). This type of transcriptional control with multiple operators binding repressor dimers in 

[G(PjPj)n] units is highly effective, the quickly adjustable dimer levels [PjPj]s via fast 
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diss
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k
Pj Pj PjPj  reactions will confer 

more fl exibility to the gene expression regulatory module in ranging the stability, the dynamic characteristics, and the GRC 
fl exibility vs. environmental changes. Experimental evidences of such a mechanism were presented by [Yang et al., 2003].
f). Maria [2017a,2017b,2018] proved that when the expressed protein P is acting as a TF, in its GERM, the module regulatory 
effi ciency of [G(P)n] types is better if the TF is used in a dimeric form (PP), that is in GERM-s of [G(PP)n] type in (Figure 
2-12).

Besides, Maria [2017a, 2017b, 2018] also proved that the GERM regulatory effi ciency is even much better if TF = PP is acting at 
both G (DNA) and M (mRNA) levels of the expression, that is transcription and translation (Figure 2-7, and the middle and down-
rows of Figure 2-12), thus developing a cascade control scheme of the expression where transcription and translation regulatory 
steps are separately considered, that is GERM-s of [G(PP)n;M(PP)n’] type. See Eq.(19), and the text below Eq.(20) for notations and 
the nomenclature used to describe the generic gene expression G/P regulatory modules GERMs.

2.2.4. VIII) Cooperative vs. concurrent l inking of GERM-s in GRC-s and species interconnectivity

When coupling two or more GERM-s modules into the same cell, the nutrients, and metabolites in the G/P syntheses are roughly 
the same for all genes (denoted by the lumps NutG, MetG), and all proteins (denoted by the lumps NutG, MetG) (Figure 2-24, Figure 
2-19), and Figure 2-12). The modelling problem is what alternative should be chosen when linking two (as discussed here) or several 
GERM-s, once the substrates are similar? (see Figure 2-39)? A competitive scheme (due to the common substrate, i.e. MetG1,2 and 
MetP1,2), or a cooperative scheme, the two GERM-s assisting each other? For exemplifi cation, one considers the problem of adequate 
and effi cient linking of two GERM-s, related to the expression of G1/P1 and G2/P2 pairs. By using simple [G(P)0], or [G(P)1] modules 
for the tested GERM-s, there are tested three alternatives of coupling them illustrated in the Figure 2-39, that is:

Alternative A: Competitive expression linking (competition on using the common metabolites) of the two coupled GERM-s modules 
of type [G1(P1)0] + [G2(P2)0]. The expressed proteins P1 and P2 act as metabolase, and polymerase, only in their own expression 
module only.

Alternative B: Simple cooperative expression linking [G1(P1)0] + [G2(P2)0] modules for the two GERM-s. Protein P1 is permease and 
metabolase for both GERM-s. Protein P2 is polymerase for replication of both G1 and G2 genes.
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Alternative C: Complex cooperative expression. This case is identical to the alternative [B], but one effector is added to each module. 
That is, one buffer reversible regulatory reaction G1 + P1  G1P1, and G2 + P2  G2P2) are added to the [G1(P1)0] and [G2(P2)0] 
modules, respectively, in order to dynamically quickly adjust the G1, and G2 catalytic activity in the two GERM-s modules, thus 
becoming of a new type [G1(P1)1] + [G2(P2)1].

Tests were performed by using the novel WCVV modelling framework, and the nominal high-ballast cell condition of Table 2-4. 
(with [P2]s = 100 nM ). Simulations lead to very interesting conclusions pointed-out by Maria [2005], as followings:

i). In the Alternative A, one links two modules [G1(P1)0] + [G2(P2)0], of the simplest type (Figure 2-12), without any effector. 
The way through which they were linked, ensures the regulation of the two proteins (P1, P2) synthesis, even if of a lowest effi ciency 
compared to other GERM structures, but in a concurential disconnected way (Figure 2-39). For this hypothetic system, the used 
linking “alternative A” ensures the synthesis of P1/G1 and P2/G2 pairs from their metabolites {MetP and MetG}, but with any 
interference between modules, that is the expressed proteins (P1, P2) do not act but only in their own expression module. The 
simulated case study in Figure 2-40 corresponds to the following steady-state:

[P1]s 1000nM,[P2]s 100nM,[G1]s 1nM,[G2]s 1nM    . For the “alternative C” case, [G]s [GP]s 0.5nM  . The only connection 

between the two GERM-s is due to the common cell volume to which both protein syntheses contribute, Eq.(13). If one checks the 
system stability, by applying a ± 10% impulse perturbation in [P1]s, it results that this [G1(P1)0] + [G2(P2)0] link is an unstable system. 
That is because the maximum real part of the eigenvalues of the Jacobian matrix of the kinetic model Eq.(4) is positive, that is:

Max(Re( )) 4.2839e 003  i , where i are the eigenvalues of the Jacobian matrix with the elements  , ( , ) /i k i k S
J h C  C k , 

referring to the kinetic model Eq. (11).                     (VIII-1)

Due to such an intrinsic instability, the cell GRC system (alternative A of linking) evolves toward the decline and disappearance 
of one of the proteins (that is, of P1 in Figure 2-40, because it presents the lowest synthesis rate). Consequently, the homeostasis 
condition is not fulfi lled, the cell functions cannot be maintained, and the disconnected protein synthesis “Alternative A” results as 
being an unfeasible and implausible GERMs linking alternative [Maria, 2005].

ii). In the Alternative B, the simple cooperative linking of [G1(P1)0] + [G2(P2)0] modules in Figure 2-39, and Figure 2-40, ensures 
specifi c individual functions of each protein, i.e. P 1 lumps both the permeases and metabolases functions, while P2 is a polymerase. 
This GERM linking alternative is a viable one, the system being stable, the key species of both linked [G1(P1)0] + [G2(P2)0] modules 
recovering after a dynamic impulse-like perturbation of -10%[P1]s at an arbitrary time t=0 Figure 2-40. Such an intrinsic stability is 
proved by displaying the key species recovering trajectories after a dynamic “impulse like” perturbation of -10%[P1] at an arbitrary 
time t = 0, for the considered linking alternative “B” of the two GERM-s. However, the resulted GRC regulatory effi ciency is low, as 

long as the recovering times are quite long, that is  , 1  , 2318.1 min.,rec P rec P    502.2 min ., and  , 1 502.2 minrec G  .,  , 2 502.2 minrec G  .

iii). To fi x the GRC regulatory low effi ciency of “alternative B”, in the Alternative C, the simple cooperative linking of the two 
modules [G1(P1)0] + [G2(P2)0] used in the Alternative B has been improved by adding simple effectors for genes G1,G2 activity control. 
Thus, the buffering reaction G1+P1<==> G1P1 was added to control the G1 catalytic activity, while the buffering reaction G2+P2<==> 
G2P2 was added to control the G2 catalytic activity. Thus, the cooperatively linked system, becomes of the form of [G1(P1)1] + 
[G2(P2)1], of Figure 2-39, and Figure 2-40, where the effectors P1 and P2 act in both GERM-s units, while the stationary states 

[G1]s [G1P1]s 1 / 2nM  , and [G2]s [G2P2]s 1 / 2nM   ensure the maximum dynamic P.I.-s. As proved by Maria [2005], this small 
improvement of the two GERM-s regulatory structures reported a signifi cant improvement in the GRC regulatory effi ciency. Thus, in 
the “alternative C” the key species recovery time are much shorter compared to the “alternative B”, after applying the same dynamic 
“impulse like” perturbation of  -10%[P1]s at an arbitrary time t = 0, that is  , 1 88.0 minrec P  ., rec, p2 =319.4 min ., and rec, G1 = 322.1 
min.,  rec, G2 = 288.8 min. [Maria,2005].

The same rule of linking GERM-s can continue in the same way, for instance, also involving [G(PP)n] modules, where the 
effectors are the dimers PP, acting in “ n “ buffering reactions of the type, G + PP  GPP … GPn, with the stationary states [G]s = 
[GP]s = [GPP]s = …= [GPn]s = 1/(n + 1) nM. The model rate constants should be estimated from the species stationary concentration 
vector C s, Eq.(14), and by imposing regulatory optimal characteristics discussed by Maria [2017a], and in the present work (see 
section 2.2.1.3). From the same reasons, stationary levels of active and inactive forms of catalyst should be adopted, [L]s = [TF1]s = 
[TF2]s = …= [TFn]s = 1/(n+1) (see Eq.(18,19)). Besides, the dissociation constant of the (L:TFn) complex in the buffering reactions 
k(diss) >> Dm = ln(2)/tc, has been adopted, e.g. (1e+5 to 1e+7)Dm, being much higher than other rate constants of the GERM [Maria, 
2005], (Eq. (31)). In subsequent works, Maria [2002, 2005, 2006, 2007, 2009, 2014b, 2010, 2009b, 2014a, 2017a, 2017b, 2018]; [Maria 
and Luta, 2013] also proved that optimization of the GERM regulatory performance indices P.I.-s with the multi-objective criteria 
summarized by Maria [2005] leads to small values (ca. 1-4 nM) for the intermediate [PP]s (the active parts of dimeric TF) in the 
[G(PP)n] regulatory units (Figure 2-12) .
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The stability and the dynamic regulatory characteristics of all three GRC systems above described (that is the 
alternatives A-B-C) have been determined by studying the stationary (homeostasis, QSS) recover after a ± 10%[P1]
s “impulse-like” perturbation at an arbitrary time t = 0 (Figure 2-40). The results, presented in Figure 2-40
[Maria, 2005], reveal the following general aspects concerning the above three alternatives A-B-C to link simple GERM-s to obtain 
a viable and effective GRC system:

a). The GRC-s generated by the alternatives B and C are stable [that is Max(Re((j)))= -Dm < 0, where (j) are the eigenvalues of 
the ODE model Jacobian matrix). The GRC system generated by the alternative A is unstable, and not-viable, one key-protein 
(P1) shortly disappearing after any small dynamic perturbation. Such a behavior of alternative A is due to the competitive 
linking (on the same metabolites) of the two GERM regulatory units, and the lack of any cooperative functions of the P1/P2 
proteins. Systems B and C are viable GERM linking alternatives. The GRC system recovers after a dynamic perturbation in [P1]
s. It results that the cooperative module linking is superior to the competitive alternative A, being only one viable solution that 
ensures the system homeostasis. The B and C alternatives are superior because they preserve specifi c functions of each protein 
inside the cell. Besides, the GRC linking alternative C presents the best P.I.-s from all three checked linking alternatives due 
to the additional regulatory effector of type of a rapid buffer reaction G + P <==> GP.

b). The system is as better regulated as the effector is more effective, that is the use of multiple buffering reactions, with dimeric 
TF-s (such as PP [Maria and Luta, 2013], or a cascade control of the expression [G(P)n; M(P)m] (not presented here, see 
Figure 2-12, [Maria,2017a]).

c). The use of effi cient effectors and multiple regulation units can improve very much the dynamic P.I.-s (section 2.2.3), in the 
following ranking: [G(P)n] < [G(PP)n] < [G(P)n;M(P)n1]. Maria, 2003, 2017a, 2018]. (see also Fig 2-13, and Figure 2-15, and 
Figure 2-38).

d). Dynamic perturbations affect rather species present in small amounts inside the cell, while recovering times for the other 
species (e.g. large metabolites MetP, MetG) are negligible (see section “2.2.4VI”).

By following a similar rule, and taking into account the GERM-s P.I.-s properties underlined in the section 2.2.3, and the above 
2.2.4-I-VIII linking rules, the design procedure of the gene regulatory circuits GRC-s can be continued, by accounting for the 
expression of new proteins (and their corresponding GERM-s). For instance, in the simplifi ed representation of Maria [2005], 
a 3-rd GERM for P3 synthesis can be added by adopting the above Alternative C, linking rule, by allocating specifi c functions to 
the P1 , P2, P3 proteins, as follows: P1 and P3 lumps permease and metabolase enzymes, which ensure nutrient import inside the 
cell, and their transformation in gene-metabolites (MetG1-MetG3) and proteinmetabolites (MetP1-MetP3) respectively. Protein P2 
lumps polymerases able to catalyze the genes G1, G2, G3 production. If one considers the simplest effector case, the resulted GRC 
includes three modules [G1(P1)1] + [G2(P2)1] + [G3(P3)1], (Figure 2-41) which effectively regulate the synthesis of P1, P2 and P3, in 
a cooperative interconnected way, which preserves the all protein functions inside the cell.

2.2.4. IX) The optimal value of TF

It was proved by Maria  [2005,2017a,2018] that, in the novel WCVV modelling framework, the holistic properties of the cell 
and where the GERM or GRC are analysed, should be preserved and, eventually they should be adjusted via the model structure 
and its parameters [Maria, 2017a; Maria and Scoban, 2017,2018]. One of the cell modelling principles [defi ned in the section 1.3.4, 
and numbered with (a-g), or (I-V)] postulates that the concentration of intermediates used in the GERM-s or GRC-s should be 
maintained at a minimum level to not exhaust the cell resources but, at the same time, at an optimal value to maximize the regulatory 
performance indiced (P.I.- s) of GERM-s or GRC-s. Such optimal [TF]s are obtained by solving a multi-objective optimization 
problem, as suggested by Maria [2017a, 2009].

An example was provided by Maria [2009] in the case of a genetic switch (GS) in E. coli cell, modelled under the WCVV approach. 
The two considered self- and cross-repressing gene expression modules are of the following type (see the GERM library of Figure 
2-12) [G2(P2P2)1(P3P3)1] + G3(P3P3)1G3(P2P2)1] (Figure 2-42). The principle of a GS is briefl y illustrated in Figure 2-43 and Figure 
2-44. The two self- and cross-repressed gene expression coupled modules GERM ensure replication of the pairs P2/G2 and P3/G3 
respectively. Proteins P2/P3 expression is activated by the specifi c inducers I2 and I3 respectively, and repressed by the R2 and R3 
proteins produced by each GERM module.

These well chosen GERM-s type models are very fl exible, allowing adjusting the regulatory properties of the GS (i.e. switch 
certainty, good responsivity to inducers, good dynamic and stationary effi ciency [Maria, 2009, 2014b]). Besides, based on adequate 
kinetic WCVV models Maria [2009] proved that it exists an optimal low level of the TF-s (that is [P2P2]s, or [P3P3]s for the present 
model) that are associated to the optimal holistic regulatory properties of the GRC (low sensitivity vs. external nutrients, but high 
vs. inducers). Besides, [Maria, 2009, 2014b] proved that these TF-s are rather dimmers than monomeric molecules, in order to 
maximize the resulted GS performance indices. An optimal 0.1 - 4 nM (of a very short life) was found to ensure such goals [Maria and 
Luta, 2013; Maria, 2009, 2014b]. These in-silico obtained results have been confi rmed by the literature experimental data. Such GS are 
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very suitable to be used as a molecular biosensor [Maria, 2018, 2023], able to detect environmental inducers of micro-/nano- molar 
concentrations, with application in airports, civil / military industry, etc.

2.2.4, X) Additional aspects to be considered when linking  GERM-s

Cell GERM-s, and GRC-s and, in particular, those involved in some protein synthesis regulation, are poorly understood. 
The deterministic/stochastic modular approach of studying the regulation pathway, accounting for its structural and functional 
organization, seems to be the most promising routes to be followed. Because a limited number of GERM-s types exist (see the library 
of Figure 2-12 proposed by Maria [2005, 2006, 2017a, 2017b, 2018] ), individual GERM-s can be separately analysed, as above checked 
for effi ciency (section 2.2.3) in conditions that mimic the stationary and perturbed cell growing conditions. Effi cient GERM-s (with 
the regulatory indices P.I.-s defi ned in Table 2-2), and studied in section 2.2.3) are then linked accordingly to certain rules (this 
section, paragraphs 2.2.4 I-IX), in order to mimic the real metabolic GRC processes, by ensuring the overall GRC effi ciency, cell 
system homeostasis, and individual functions for all the proteins. Module linking rules are not fully established, but some principles 
reviewed in this section, (paragraphs 2.2.4 I-IX) [Maria, 2017] must be respected. The hierarchically organised network (Figure 
2-8) includes a large number of compounds and GERM-s units with strong interactions inside a module and weaker interactions 
among modules. Consequently, when developing GRC - WCVV kinetic models, the whole GRC system effi ciency must be adjusted by 
changing the type of the component GERM-s, and some linking parameters. By testing several ways to link GERM-s, Maria [2005, 
2017a, 2018] advanced some rules, derived from their separate analysis in this section (paragraphs 2.2.4-I-…-IX), as followings:

i). The linking reactions between GERM-s are set to be relatively slow comparatively with the module core reactions. In such a 
manner, individual modules remain fully regulated, while the assembly effi ciency is adjusted by means of linking reactions, 
and the intermediate species (TF-s) small concentrations. To preserve the individual regulatory capacity, the magnitude of 
linking reactions would have to decline as the number of linked modules increases. See the example provided by Maria and 
Luta [2013], described in section 3.2.

ii). When linking GERM-s, the main questions arise on the connectivity mechanism and on the cooperative vs. uncooperative way 
by which proteins interact over the parallel/consecutive metabolic pathway [Atkinson et al.,2003; Wall et al., 2003; Hlavacek 
and Savageau, 1997; Maria, 2003, 2005]. In spite of an apparent ‘competition’ for nutrient consumption, protein synthesis 
is a closely ‘cooperative’ process, due to the specifi c role and function of each protein inside the cell [see the proof in the 
section 2.2.4.-VIII]. In a cooperative linking, common species (or reactions) are used for a cross-control (or cross-catalysis) of 
the synthesis reactions. Thus, the system stability is strengthened, while species inter-connectivity is increased leading to a 
better treatment of perturbations.

iii). Protein interactions are very complex, being part of the cell metabolism and distributed over the gene regulatory network 
nodes. There are many GRC nodes with few connections among proteins and a small, but still signifi cant, number of nodes with 
many proteic interactions. These highly connected nodes tend to be essential to an organism and to evolve relatively slowly. 
At a higher level, protein interactions can be organized in ‘functional modules’, which refl ect sets of highly interconnected 
proteins ensuring certain cell functions. Specifi c proteins are involved in nutrient permeation (permeases), in metabolite 
synthesis (metabolases), or in gene production (polymerases). In general, experimental techniques can point-out molecular 
functions of a large number of proteins, and can identify functional partners over the metabolic pathways. Moreover, protein 
associations can ensure supplementary cell functions. For instance, enzyme associations (like dimeric or tetrameric TF-s) 
lead to the wellknown ‘metabolic channelling’ (or tunnelling) process, that ensures an effi cient intermediate transfer and 
metabolites consecutive transformations without any release into the cell cytosol (similar to a “bulk phase” of a fed-batch 
bioreactor) [Maria, 2005].

iv). It results that an effective module linking strategy has to ensure the cell-functions of individual proteins and of protein 
associations over the metabolic synthesis network. As a general observation, even if not all GERM-s include common 
reactions, the GERM modules are anyway linked through the cell volume [to which all cell species contribute, Eq.(11-12), in an 
isotonic cell system], and due to some intermediates controlling the module interactions in the GRC-s (see Figure 2-43 as an 
example). It is only the WCVV modelling framework which is able to account for the complex cell regulatory characteristics, 
as briefl y discussed in this section. 2.2.4.

v). A natural strategy for building-up complex and realistic cell models is to analyse independent functional modules (GERM-s, 
or belonging to the central carbon metabolism (CCM) or groups of closely interacting cellular components, and then link them 
[Maria, 2017a, 2018, 2023; Maria and Luta, 2013; Maria, 2021]. The WCVV approach may facilitate this strategy. Each GERM 
module could be modelled as a separate “entity” growing at the actual rate of the target cell. The volume of the newborn cell 
and the environment characteristics could match those of the target (see the WCVV hypotheses of Table 2-1). To allow this, 
and to reproduce the cell ballast effect, lumped molecular species could be defi ned into each cell where a GERM is analyzed 
(tested), in amounts equal to those of the target cell minus those due to the components of the analysed GERM module. Thus, 
each tested cell carrying a certain defi ned GERM-s would grow at the same observed rate. As a result, linking GERM-s would 
be a seamless process requiring only that the ballast level to be kept at its experimental level.
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vi). The WCVV modelling approach demonstrates in this section 2.2.4 that each cell component affects, and is affected by, all other 
cellular components. Indirect interconnectivities arise because all components in a cell contribute to cell volume Eq.(11-13), 
and cell volume infl uences component concentrations. Thus, perturbations in one component reverberate throughout the cell. 
The importance of these indirect relationships will vary with the diversity and complexity of cellular components. Increasing 
numbers add ballast to the cell, minimizing these indirect relationships (through the cell volume), while the increasing 
diversity allows individual metabolites to be present at lower concentrations, thus improving the dynamic responses of 
GERM-s or GRC-s to perturbations. Another issue, thus far unexamined, is how specifi c types of interconnectivities affect 
the regulatory behaviour of cells. This could be probed by using the experimental methods developed by Vance et al. [2002] to 
deduce connectivities in biochemical pathways from the effects of impulse perturbations in a substrate or precursor.

vii). When modelling complex operon structures, simple GERM-s structures should be adopted to not complicate too much the 
WCVV model. The default GERM is the [G1(P1)1]. (Figure 2-24) But, according to the experimental data and interactions 
among genes and proteins, more complicated GERM-s constructions can be chosen in building-up such GRC models [Maria, 
2017a, 2018, 2014b]. For instance, Maria and Luta [2013], used more effective GERM-s of [G(PP)1] type (Figure 2-19) to 
develop an adequate WCVV kinetic model for the mercury-GRC-operon in E. coli.

2.2.4 XI) The effect of cascade control on the GERM effi  cie ncy

Among the GERM-s reviewed (see the library of Figure 2-12) and tested by Maria [2002, 2003, 2005, 2006, 2007, 2008, 2009, 
2017a, 2017b, 2018] by using the WCVV modelling framework, the most signifi cant are those of [G(P)n] units, to whom the regulatory 
effectiveness is increases nearly linearly with the number (“n”) of the successive buffering reactions (Figure 2-9, and Figure 2-13). 
Due to their simple structure such GERM-s are very suitable to construct complex GRC-s. On the next place, the [G(PP)n]] kinetic 
models are extremely favourite, by presenting a more effi cient regulatory effi ciency due to the used dimeric TF-s (that is PP) in the 
adjusting the ‘catalyst’ G activity through successive buffering reactions of the type:  G+PP <===> GPP. The most effective GERM-s 
models are those with a cascade control of the expression, by means of buffering reactions applied at both gene G (DNA) level, and 
M (mRNA) level, that is of type [G(P)n ;M(P)n1] ( Figure 2-12 ), and Figure 2-16 , and Figure 2-33. On the other hand, Maria [2003, 
2005, 2006, 2017a] in-silico proved the superiority of the [G(P)n ; M(P)n1] gene expression structures (see also the above mentioned 
Figs. 2-16, 2-33. The conclusions are the followings:

i). The very rapid buffering reactions, such as G+P<===>GP+P<===> GPP .....<===> GPn, in the [G(P)n] regulatory units, or those 
of the form:

ii). M + P <===> MP+ P <===> MPP ……<===> MPn1, in the [G(P)n ; M(P)n1] regulatory units,
have been proved to be very effective regulatory elements, by quickly adjusting the active/inactive G / (GP/GPP/GPn), or M / 
(MP/MPP/MPn1) ratios, thus effi ciently coping with the dynamic or stationary perturbations.

iii). The in-silico (numerical, math model based) tests revealed that the P.I.-s of the GERM-s, more frequently used to build-up 
complex GRC-s, increase in the approximate order:

[G(P)0] (0 regulatory “effector”) <

[G(P)1] (1 regulatory “effector”) <

[G(P)1; M(P)1] (2 regulatory “effectors”) <

[G(P)n ; M(P)m] (n + m regulatory “effectors”) <

[G(PP)n] (n + 1 regulatory “effectors”) <…., etc.

As a conclusion, the gene expression regulatory units of [G(P)n ; M(P)m]] types are one of the most 
effi cient ones (see the library of Figure 2-12), that is because it imitates best the gene expression (that is the
transcription and translation steps in Figure 2-7)

Roughly, the improvement of the GERM unit P.I.-s per regulatory “effector” is of ca. 1.3x under the WCVV modelling framework, 
while the same improvement is of ca. 2 x under the classic WCCV modelling framework, but using more complex model structures 
and constraints [Maria, 2005, 2006, 2007, 2009, 2014b, 2017a]. It clearly appears that the WCVV modelling framework is more 
realistic by not imposing but only the isotonicity constraint (Table 2-1), while the default WCCV approach is unable to correctly 
estimate the P.I.-s of GERM-s (section 2.3.1) [Maria et al., 2018d].

2.2.4- XII) Building-up GERM-s regulatory models under WCVV

As  reviewed by Sewell et al. [2002], the regulatory networks, implying a large number of proteins, are poorly understood. They 
appear to be organised hierarchically, consisting either by a large number of strongly interacting components or of smaller numbers 
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of weakly interacting groups of reactions or modules. The latter alternative seems to be more computationally tractable; each 
regulatory module can be analysed individually (see P.I.-s of section 2.2.3), and then combined in a functional organized hierarchy 
following some rules (see the paragraphs I-XI, of this section 2.2.4).

As revealed by this section 2.2.4, the use of simple GERM modules presents some advantages. First, it is possible to easier 
estimate the model rate constants, and to in-silico study the module regulatory properties (P.I.-s of section 2.2.3).

Besides, in a variable cell-volume WCVV approach, for each module it would be possible to estimate the relatively small number of rate 
constants under the same assumption of average cell-growth rate. Then, a reduced number of linked modules are considered in order 
to estimate the linkage slow reaction’s constants. In such a manner it would be possible to adjust some of the inner ‘raw-materials’ - 
levels for each of the protein module in order to match the linkage requirements of optimal individual protein regulation. By applying 
the same rule with small groups of linked modules it would be possible to step-by-step reconstruct the whole chain of linked optimised 
GERM modules which can include the cell key-proteins. The advantage of using the WCVV models for every separate GERM unit is 
the possibility to include the indirect interaction due to the same cell-volume space, Eq.(12-13). The cell volume unique increasing 
rate will infl uence all the modules with weights depending on the each module contribution (as number of moles) to the cell entity. 
Such a modelling of GRC-s in-chain-of-modules will allow considering interactions among modules with no direct linkage reaction
via their separate volume contribution. At the same time, it would be easier to simulate the inertial effect of smoothing external 
perturbations when a large sum of copynumbers is present into the cell (high “cell ballast” case, section 2.2.4-VI).

To simply construct and compare various GERM-s schemes (see their “library” of Maria [2005, 2017a] in Figure 2-12) to regulate 
the expression of a generic protein “P1” into the cell, under stationary and dynamic perturbation and variable cell-volume conditions 
(WCVV modelling framework), if any a-priori information is available, a limited number of reactions and species are considered 
individually, or lumped, that is (Figure 2-24): the key protein “P1”, the gene “G1” encoding the protein (i.e. the biocatalyst), external/
internal ‘raw-materials’ for autocatalytically producing “G1” and “P1” (denoted with “NutP, NutG / MetP, MetG respectively), 
catalytic inactive intermediates (such as “GP”, protein oligomers such as “PP”, and by-products like M’ in Figure 2-38). These 
schemes are step-by-step built-up starting from the simplest possible one, and adding reactions according to a certain principle and 
desired function (see the rules of sections 2.2.4 I-...-XI). The same rules can be continued to develop even more complex / effective 
regulatory schemes but a trade-off between model complexity/identifi ability and their effectiveness should be realised.

For each GERM proposed kinetic schema, an ODE kinetic model is associated under the WCVV framework Eq.(11-15). To be of use, 
the rate constants of this kinetic model have to be estimated (see section 2.2.1.3). The classical way to estimate the parameters of an 
ODE kinetic model is based on the product/intermediate analysis, prior information, and (fi ltered, reconcilied) experimental kinetic 
curves (e.g. dynamically measured species concentrations versus time) [Maria,2004]. The kinetic parameters are fi tted based on a 
estimation criterion that minimise the residual differences between experimental data and the model predictions in terms of output 
variables (that is the above key-species in the GERM model case). Due to the noised data and complete/incomplete experiments, 
sometimes several estimates can be obtained under similar operating conditions. Estimate discrimination is based on its physical 
signifi cance, and model predictions interpretation. The estimation objective function is linked with the statistical methods because 
the observed data are always subjected to experimental errors, and several physico-chemical constraints are imposed to the 
parameters (see review of Maria [2004, 2008b]; [Iordache and Maria, 1991; Maria et al., 2016]).

For the developed regulation models at a cell level, little standard information in the classical sense is 
available (structured kinetic curves of cell species after a perturbation; see the example of Chassagnole et al.
[2002]; Niklas et al. [2011] ). The construction of kinetic cell-modules accounts rather disparate qualitative/quantitative information 
from databanks, being linked to describe the cell functions. By imposing QSSlevels for the key-proteins of the model (known from 
‘-omics’ databanks), and by solving the QSS-mass conservation nonlinear set of equations Eq.(11-15) with using common numerical 
algorithms [Maria, 2004; Iordache and Maria, 1991] most of the model rate constants are obtained. The rest of rate constants can 
be derived by optimizing a certain regulatory estimation criterion [Maria and Scoban, 2017, 2018], such as (Figure 2-9, Figure 2-13, 
Figure 2-32, Figure 2-20): fast recover after a dynamic perturbation; smallest amplitude of a recovering path, smallest sensitivity of 
the stationary concentrations vs. external (nutrients) perturbations, etc. In the present study, the criterion of minimum recovering 
time after an imposed ‘impulse’ perturbation have been adopted to estimate the model parameters, together with some physical 
meaning assumptions.

The way in which these separate regulatory modules have been approached in this study can suggest a method of linking 
GERM regulatory modules when design a complex networks (GRC). If two protein-synthesis regulatory modules are linked, the 
proteins interact in a common reaction (for instance Figure 2-39 and Figure 2-40, cases BC, section 2.2.4-VIII), or as a catalyst, 
thus producing a reciprocal perturbation. As long as the linking reactions are slow relative to the core rates of each module, the 
two proteins (P1,P2) in the linked system would remain regulated. Additional modules could be linked under similar restrictions 
(Figure 2-41) by forming a network with rapid intra-module reactions and slow inter-module linkages. To assure that individual 
perturbations would not combine to yield an overall perturbation that exceeds the regulatory capacity of any individual module, the 
magnitude of each linking interaction would have to decline as the number of linkage reactions increased. The example of linking 
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three modules [G1(P1)1] + [G2(P2)1] + [G3(P3)1], displayed in (Figure 2-41) which effectively regulate the synthesis of P1,P2  and P 3 , 
in a cooperative interconnected way, which preserves the all protein functions inside the cell (section 2.2.4- VIII) eloquently illustrates 
this linking rule of GERM-s.

2.2.4. XIII). Limitations of the GERM analysis using the WCVV app roach

The hypothetical cells analyzed here are several orders of magnitude simpler than even the simplest living cell, and of course the 
number of data available against which our analysis could be tested. Moreover, the number of possible sets of conditions and cells 
is infi nitely large, rendering a comprehensive study futile. This is why, I restricted the analysis of sections 2.2-2.3 about a single 
nominal condition that reasonably represented, albeit in a symbolic manner, conditions in real cells. Strictly viewed, any conclusions 
drawn from the present analysis are applicable only to the hypothetical systems examined and only at those conditions examined. 
Whether any of this conforms to reality is debatable. On the other hand, these imaginary cells allow extensive analysis of holistic/
emergent properties that may ultimately have some utility and may be required for modelling more realistic and experimentally 
grounded cells.

2.3. The advantages of using the WCVV modelling framework when mo delling the cell GRC-s.

2.3.1. Proving superiority of using the WCVV novel modelling fram ework compared to the classic (“default”) WCCV kinetic 
models when simulating gene expression regulatory dynamics:

To prove, in a simple way, the superiority of WCVV modelling framework vs. the classic (“default”) WCCV modelling rules (section 
2.1), when simulate the cell key-species dynamics in GERM / GRC , one presents here an example of how wrong predictions can offer 
a WCCV model when simulating a gene expression regulatory module of simplest [G(P)1] type.

To exemplify how essential conceptual differences are between the novel WCVV modelling framework (section 2.2) and the classic 
(“default”) WCCV models, and how huge are the differences in the simulated results, one considers here the simplest regulated 
system of one generic gene (G) expression regulatory module used for the synthesis of its encoding protein P . In this respect, one 
adopts the reaction scheme of Maria [2005] corresponding to the [G(P)1] type module (according to the Figure 2-12). We represented 
the simplifi ed reaction schema of this lumped pathway, in a simplifi ed manner in (Figure 2-24).

To keep enough generality, the demonstration will concern a generic G/P module, of a simple [G(P)1] type (Figure 2-24), with 
species concentrations characteristic to the E. coli cell [Maria, 2005]. The reaction rate expressions, in a simplifi ed lumped form are 
the followings:

           (32)

The attached GERM kinetic model written by using the classic (“default”) formulation WCCV (“constant volume like”, section 
2.1), in terms of Nj (amount of species j in n -moles), and Cj (species j concentration, in nM ) is the following:

          (33)
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In the above classic (“default”) kinetic model formulation, despite the cell volume (V) is variable with the time, by doubling 
after a cell cycle (tc) Eq.(12), in the wrong way the volume variable was considered constant by re-writing “(1/V)(dNj/dt)  “ as “dCj/
dt  “. This is a capital (huge) error of these classic WCCV kinetic models which, as it will be further proved, will lead to erroneous 
simulation results and wrong predictions [Maria et al., 2018d].

By contrast, the kinetic model of this system written in the novel WCVV modelling framework (section 2.2) is the following:

              (34)

One essential difference of the WCVV model Eq.(34) is due to the isotonicity constraint of the cell system, Eq.(6). Due to such a 
requirement to keep a variable cell volume during the whole cell cycle, Eq.(10-15), the net difference is done by the introduction of 
the instant cell dilution rate (Di), Eq.(12) which refl ects the major infl uence of the volume continuous increase on the species reaction 
rates, and vice-versa. The (Di) value necessary to solve the model Eq. (34) is given by Eq.(12,13), that is:

1 1

1ns nsj
i jj j
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               (35)

Which, for the present WCVV model can be re-written as:
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In the above relationships Eq.(33-36), the followings notations have been used: Cj = cell-species j concentration [nM]; V = cell 
volume (cytosol) [L]; Nj = amount of species j [n-moles]; rj = j-th reaction rate [n-moles/L/min]; Di = cell-content instant dilution 
rate [1/min]; π = osmotic pressure [units dependent on the R units]; T = temperature [K]; R = universal gas constant; ns = number of 
species inside the cell (taken individually, or lumped); t = time (min ).

The required constant (RT/π) in Eq.(36) is evaluated from Eq.(13) from using the all known initial (stationary) values of the cell 
species concentrations, that is:

,
1

1 /  constant
ns

j o
j

RT C
 

              (37)

At this point, it is to observe that, in a WCVV model formulation, all cell species should be considered (individually or lumped), 
because all species net reaction rates contribute to the cell volume increase Eq. (6). In the present case, the rest of the cell content 
was mimicked by adopting large concentrations for the lumped NutP and NutG (Table 2-4). Solving the models Eq. (33-34) is made 
with using a stiff integrator (“ODE15s”) of Matlab TM package due to the very fast buffering reactions r5-r6 in Eq. (32) compared 
to the rest of reactions (see the discrepancy in the WCVV model rate constants of the Table 2-6). The number of moles Nj (t) can be 
calculated at any time with the formula: Nj(t) = Cj(t) V(t), by using the species concentrations Cj(t) derived from solving the ODE 
model, and the volume obtained from Eq.(12), with the average cell dilution rate Dm = ln(2)/tc, with the cell cycle tc = 100 min (Table 
2-5).

The rate constants of the WCVV kinetic model Eq. (34) have been estimated from the steady-state (homeostatic) initial condition 
of the cell, that is Eq.(14), which corresponds to the following condition: (dCj/dt)s = hjs(Cs,k) = 0. In the present [G(P)1] model case, 
from Eq.(34) it results:
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                (38)

The analytical solution of Eq.(38), obtained by using the Maple TM or symbolic Matlab TM softwares, is the followings:
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By replacing in Eq. (39) the stationary concentrations of Table 2-5 (taken for a GERM from E. coli cell K-12 strain, [Maria, 2005]), 
one obtains the WCVV model rate constants.

The numerical values of the rate constants for the initial cell condition, and an average “Dm” are given in Table 2-6. For 

the rapid buffer reaction, 
5

6

  

 




k

G P

k
GP , that is the reverse reaction rate constant “k6” (not estimable) was adopted at a value 

much larger than “Dm” (that is k6 >> Ds = Dm). To justify such a choice, see Eq.(31), and the discussion of Maria [2006].
Here, Dm denotes the apparent average cell dilution rate Eq.(12), that is: Dm = Ln(2)/ tc. As in (Table 2-5), tc = 100min., it results Dm 
= 6.93 × 10-3 1/min. The value Ds = Dm was used in Eq.(39) to estimate the rate constants.

It is worth to mention that in the WCCV kinetic model formulation of Eq. (7-left), the model rate constants cannot be estimated 
on the same way because of singularities of the resulting nonlinear algebraic set. Consequently, the same rate constants of the WCVV 
model were used instead to make predictions with this classical (“default”) WCVV model formulation.

Here it is to observe that in the Table 2-5, the value of the lump ∑jCmetGj,s, results from the isotonicity constraint (ensuring 
the membrane integrity) (RT/ πcyt) = (RT/ πenv) which, by using Eq. (12-13), indicates that the sum of cell species concentrations 

must equal those of the environment, i.e.    j j
  

all all

j jcyt env
C C  . Otherwise, the osmosis will eventually lead to an equal osmotic 

pressure πcyt = πenv. Even if, in a real cell, such equality is approximately fulfi lled due to perturbations and transport gradients, and 
in spite of migrating nutrients from environment into the cell, the overall environment concentration is considered to remain quasi-
unchanged during the cell cycle.

On the other hand (Figure 2-23, and Figure 2-24), species inside the cell transform the imported nutrients (NutG, NutP) into 
metabolites (MetG,MetP), which they react to make more cell components, especially to replicate the genome and the proteome. 
In turn, increased amounts of polymerases (lumped P here) are then used to import increasing amounts of nutrients. The net 
result is an exponential increase of cellular components in time, which translates, through isotonic osmolarity assumption, into an 
exponential increase in volume with time Eq. (12-13).

To exemplify how the self-control of the protein synthesis works due to the rapid buff er reaction G + P  GP, one starts from the 
cell nominal stationary conditions (QSS) of Table 2-5, but with adopting [G]s =[GP]s = 1 nM, and one applies a dynamic perturbation 
(impulse like) at an arbitrary moment t=0 (Figure 2-27), by diminishing the stationary [P]s from 1000 nM to 900 nM (for a GERM 
of [G(P)1] type). As a result, the regulatory buffer system leads to a quickly [G]s increase from 1 nM to 1.052 nM (due to less P in 
the buffer reaction, on the expense of GP which displays an accordingly decrease of [GP]s from 1 nM to 0.947 nM. Such very quick 
changes will, in turn, speed-up the P synthesis enough to recover the initial [P]s in ca. 127min. (with an acceptable tolerance of 1%).
The same regulatory mechanism also applies to the [G]s , controlled by the same buffer reaction, the recovering time being of an 
acceptable 118 min. If one repeats the simulation, but with an initial [G]s =[GP]s = 0.5 nM then, as presented in the Table 2-5, the 
recovering time of [P]s is 133 min., and 93 min. for [G]s , respectively. It is to be noted that in “wild” E. coli cells [G]s is around 1 nM 
(see the proof in the footnote [B] of Table 2-5), but in cloned cells with plasmids, this level can be higher. It is here worth noting 
that sometimes the species recovering times after a perturbation could be longer than the cell cycle (100 min. here). In this case, we 
consider two alternatives to deal with this situation: i) use another, more effective type of GERM , or ii) this information on the GERM 
response to this dynamic perturbation is transmitted from cell generation to generation. [Elowitz and Leibler,2000].
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To complete this discussion about the advantages of using GERM models formulated under the WCVV approach, one simulates 
the dynamics of cell components present in large amounts (MetP, MetG), with using the same initial QSS of Table 2-5, but with 
adopting a stationary level of [G]s = [GP]s = 0.5 nM (to obtain a maximum regulatory effi ciency; see [Maria,2005,2006]). By applying 
a dynamic perturbation to [P]s steady-state of a GERM of [G(PP)1] type from E. coli, that diminishes the stationary [P]s from 1000 
nM to

900 nM, simulation with the identifi ed WCVV model, Eq. (34-39), and Table 2-6, is leading to the species trajectories displayed 
in Figure 2-28, proving again the good self-control of the P -synthesis produced by the lumped G(P)1 GERM model. The simulation 
results also underlines the positive effect of a large “cell ballast” (above section “The effect of the cell ballast(load) on the GERM 
effi ciency, section 2.2.4.-VI”) in “smoothing” the effect of a dynamic perturbation. Also, it is to remark that the effect of a relatively 
small perturbation in one species (P) does not affect signifi cantly the species present in large amounts (i.e. MetP and MetG lumps).

It is self-understood that, as the regulatory scheme (in Figure 2-12) is more effective, as the GERM regulatory effi ciency is better. 
For an extensive discussion on regulatory properties of various GERM-s the reader is referred to the review of Maria [2017a, 2018].

This example demonstrates, in a simple way, how the classic (“default”) WCCV modelling is unable / ineffective to reproduce 
the regulatory properties of GERMs.

In order to better illustrate the discrepancy in the predictive capabilities between the novel WCVV and the classic WCCV kinetic 
model formulations, and how deceptive can the predictions of the WCCV kinetic models be, one considers the same example of a 
generic GERM in the E. coli cell of [G(P)1] type illustrated in Figure 2-24. The reaction scheme, reaction rate expressions for the 
[G(P)1] gene expression module are those given in Eq. (32), while the species mass balances are given in Eq. (33) for WCCV, and in 
Eq.(34-37) for the WCVV formulation.

The rate constant of the WCVV kinetic model were estimated based on Eq.(38), and with using the E. coli cell data with the initial 
homeostatic concentrations of Table 2-5. The same rate constants were used also for the WCCV model because for this last model it 
is impossible to estimate the rate constants from the stationary conditions (due to the present singularities). Then, simulations of 
one cell cycle by using the WCVV model lead to obtaining the dynamics of species copynumbers (number of moles) plotted in Figure 
2-29. It is to observe that, while the cell volume doubles, the species copynumbers double as well. However, there is a very small 
discrepancy in the predicted cell-volume dynamics because the average Ds = Dm used by the WCCV model is slightly different from 
the Di used by the WCVV model. However, this difference in the volume-vs.-time plot is too small, and the both curves, predicted by 
the two models (WCCV and WCVV) are practically overlapping.

For the same case study, if the species dynamics is plotted in terms of concentrations (referred to the cell cytosol volume), the 
predicted trajectories for the un-perturbed (stationary) cell growth case, are given in Figure 2-30. The dynamics of the key species 
concentrations (in nM ) during the cell cycle is predicted by using two different approaches: i) the classic (“default”) constant 
volume WCCV model (-------), compared to ii) the variable volume WCVV novel modelling framework [ - , with instant dilution Di 
term and isotonicity constraint included in the model, Eq.(34-37)]. Model predictions of the two models are practically overlaid, the 
difference being negligible (in relative terms). Such a result can be explained by the fact that, over a large time-domain (cell cycle) 
the average cell dilution rate (“Dm”, Eq.12) satisfactorily averages the “instant” dilution rate “Di” of Eq. (12), that is Eq.(35-36) 
here. In Figure 2-30 both models correctly indicate how the key-species stationary values are preserved under stationary cell growth 
conditions, which corresponds to a stable system.

Apparently, the WCCV predictions of the “classic/default” kinetic model, with an average dilution “Dm= ln(2)/tc” in the model 
(Eq.(33)), are quite close compared to those predicted by the variable volume novel isotonic WCVV model (continuous line ________), 
employing the cell dilution “Di“ estimated from the isotonicity constraint, Eq. 35-36).

 By making a “zoom” in the Fig. 2-30 , it results Fig. 2-30-zoom. Here, it clearly appears the differences in species 
predictions between the two models. The differences are small in relative terms, for species present in small amounts. By contrast, 
for the species present in larger amount into the cell, such differences are important. So, the WCCV predictions of the “classic/
default” kinetic models, with employing an average dilution “Dm= ln(2)/tc” are inaccurate, biased, and can not be used to perform 
precise evaluations of the GERM-s / GRC-s regulatory properties.

However, the situation will change dramatically, and huge differences (discrepancies) in the predictions of the two models 
will appear under perturbed growing conditions. Thus, the species recovering trajectories and recovering times, after a dynamic 
perturbation, predicted by the WCCV model, and by the WCVV model after an impulse-like perturbation by diminishing the stationary 
[P]s from 1000 nM to 900 nM, are quite different as revealed by the plots of Figure 2-31. The differences in model predictions are as 
larger as the species present a lower level in the cell (that is forP, G, and GP species).

Consequently, while the WCVV kinetic model correctly reproduces the system homeostasis recover after a dynamic small 
perturbation, species concentrations being kept quasi-constant because both nominator and denominator of the fraction Cj (t)= Nj 
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(t) / Vcyt (t), [nM], are doubling at the same rate. By contrast, the classic (“default”) WCCV model predictions are inaccurate, the 
predicted species concentration dynamics under perturbed conditions, eventually with using an average formula (Dm, Eq.12) for 
the cell content dilution rate are wrong, and very far from the reality. So, the WCCV models cannot be used in a satisfactory manner 
to simulate the regulatory properties of GERM-s or GRC-s [Maria, 2017a, 2018]. One can conclude that the novel WCVV modelling 
framework introduced by Maria [2002], and by [Maria et al., 2002] {while the study of the WCVV properties, features, and advantages 
was given by Maria over the interval [2005-2023], that is Maria [2002, 2003, 2005, 2006, 2007, 2009, 2014b, 2017A, 2017B, 2018, 
2023, 2023a, 2024, 2024b, 2024c]}, the novel WCVV modelling framework better refl ects the GERM-s regulatory properties after 
dynamic (impulse-like) or stationary (step-like, not discussed here) internal or external perturbations.

As revealed by the simple but eloquent example discussed in this section, there are important issues to be considered when 
developing modular WCVV models of GERMs, or of GRC-s including a variable number of linked GERMs.

Figure 2-30-zoom: Species concentrations (in nM) dynamics during the cell cycle, under stationary (un-perturbed) conditions, predicted by the “classical” (“default”) 
constant volume WCCV model (dash line ------- , with using an average cell dilution “Dm= ln(2)/tc”, Eq.(33)), compared to those predicted by the variable volume novel 
isotonic WCVV model (continuous line ________  , with cell dilution “Di“ estimated from the isotonicity constraint, Eq. 35-36). The generic G/P expression is using a regulatory 
module of [G(P)1] type. The E. coli cell species homeostatic concentrations are those of Table 2-5. 

First, this simple case study of applying WCVV modular kinetic models to simulate GERMs dynamics, and regulatory properties/
effi ciency, proved that the chemical and biochemical engineering principles and numerical algorithms, together with those of the 
nonlinear systems control theory are fully applicable to modelling complex metabolic cell processes, including sophisticated GRCs 
controlling the cell enzymes syntheses and metabolic fl uxes [Maria and Luta, 2013; Maria, 2014b]. The deterministic ODE kinetic 
models with continuous variables are fully feasible alternatives to well describe the cell response to stationary or dynamic continuous 
perturbations from the environment [Maria, 2017a, 2017b, 2018].

In fact, such WCVV cell process models ‘translate’ from the ‘language’ of molecular biology to that of mechanistic chemistry and 
mathematics/computing languages, trying to preserve the structural, functional, and timing hierarchy of the cell components and 
functions (Figure 1-2). To avoid extended ODE cell kinetic models, diffi cult to identify, and to be used, lumped deterministic model 
structures have been proved to effi ciently represent the metabolic cell processes. The lumping degree should be chosen according to 
the available kinetic data, and utilisation scope, to ensure a satisfactory trade-off between model simplicity and its predictive quality 
[Maria, 2006,2017b,2018].

As another observation, by contrast to the novel WCVV modelling framework, one fundamental defi ciency of the classical “default” 
(constant-volume like) WCCV kinetic model formulation {Eq.(1a-c) in section 2.1} is the lack of the intrinsic stability of the cell system kinetic 
model, because these models do not include neither the Pfeffers’ constraint Eq.(6,10-12), nor an equivalent constraint. Consequently, as 
proved in this section, the GERM model formulated in a classic (wrong) WCCV framework, is not able to simulate how the system recover its
homeostasis after a dynamic perturbation (as illustrated in Figure 2-17, Figure 2-10, Figure 2-16, from using a novel WCVV model). 
Besides, when using the classical WCCV wrong modelling framework, its predictions are distorted and inaccurate. Unfortunately, the 
classical WCCV continue to largely be used in the dedicated literature. As WCCV predictions are proved by Maria [2018d, 2017a, 2017b, 
2018] (section 2.3.1) to be invalid and ineffective, the application of the old (“classic/default”) WCCV formulation in modelling cell 
metabolic processes and GERMs/GRCs becomes questionable and not recommended.
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Conclusions. As proved by this simple example, and by Maria [2017a,2017b,2018], the classical (default) WCCV with continuous 
variable ODE dynamic models are not recommended, despite they continue to be used in simple engineering/chemical calculations. 
By not explicitly considering the relationship between the cell volume exponential increase during the cell growth, the osmotic 
pressure, and species reaction rates, these WCCV kinetic models lead to biased and distorted conclusions on GERM-s regulatory 
performances (i.e. the response to perturbations), thus making diffi cult the modular construction of GRCs by linking effective GERMs.

2.3.2. The advantages of using the WCVV modelling framework when reproducing the  cell GRC holistic properties with 
examples

By summarising, the study in the section 2.2.4 the characteristics of various GERM-s regulatory kinetic models, several 
conclusions can be derived, as followings:

1). The in-silico (based on a math model) study of the protein-synthesis regulation in a cell, by using numerical simulations via a 
continuous ODE kinetic model (build-up following the chemical engineering, and the nonlinear systems theory, and a WCVV 
novel approach), accounting continuous model variables and cell-volume growth, has been proved to be a worthy instrument 
for a quick cell-cycle evaluation under continuous/random internal-/external variable conditions. These conditions can include 
‘step-like’ perturbations in species concentrations, continuous cell-content dilution due to the cell-volume growth, but also 
‘impulse-like’ dynamic perturbations of the system variables. Based on the known key species nominal concentrations, on 
the stationary (QSS, homeostatic) mass-law equations, and on optimal regulatory criteria (P.I.s, section 2.2.3), the model 
kinetic rate constants can be estimated. Even if incomplete experimental information is available, the same rule has been 
proven to be effective in ranking and discriminating among various regulatory schemes.

2). The stationary regulatory capability of such a GERM cell-model constructed under the novel WCVV modelling framework seems 
to be related with the model irreversible synthesis/consumption reactions, which continuously adjust the QSS concentration-
levels against the continuous cell-volume dilution effect and step-like (stationary perturbations), or impulse-like (dynamic 
perturbations) variations in external conditions. At the same time, the presence of as large as possible number of reversible 
buffering reactions of the ‘catalyst’ activity can quickly adjust the protein/gene ratios (during their expression) to cope with 
the quick recovering after an ‘impulse’ external/internal perturbation in species concentration levels. When designing a cell-
regulatory model, both these aspects have to be considered, and a trade off between model effectiveness and model complexity 
has to be realised. It is also to observe that, during the protein (P) recovering time-interval, the inertial effect created by the 
large copynumbers into the cell is keeping the cellvolume growing with a near the same average rate irrespectively to small 
perturbations, thus fulfi lling the goal to become of critical size after a certain time. In a variable-volume WCVV regulatory 
model such an effect is accurately described, while in a classic (“default”) constantvolume WCCV kinetic model, the same 
effect is ‘artifi cially’ averaged by means of fi ctive reactions, leading to wrong predictions (section 2.3.1).

3). Among the checked GERM-s kinetic models in this work, the bestfound regulatory model [G(PP)n] (Figure 2-12, Figure 2-9, 
Figure 2-13, Figure 236, Figure 2-37, Figure 2-38, and Figure 2-42) includes a consecutive schema of P key-protein synthesis, 
and an effective regulatory scheme (tested here for “n=2 “ effectors), thus better compensating the cell dilution effect, by 
adjusting the P/G/GPP/GPPPP ratios. The synthesis of P via an indirect species M with an increased number of concurrent 
reactions (that is the model [G(P)n ; M(P)n1]) was proved to be more sensitive to inner/external conditions and then less 
effective for stationary regulation. At the same time, the model [G(PP)n] is also superior in dynamic perturbed conditions, due 
to the presence of an increased number of fast reversible P -buffering reactions.

4). By including into the GERM regulatory model separate ‘rawmaterials’ species {NutP, MetP} for the synthesis of 
protein(s), and {NutG, MetG} for the synthesis of their corresponding gene(s), an increase in the model prediction 
fl exibility is thus realised. This allows simulating the cell-behaviour under various external conditions (that is
for various {NutP, NutG} levels), but also various internal ‘raw-materials’ conditions (that is for various {MetP, MetG} 
levels). When only a proteinic regulatory module is simulated (expression of a G/P pair), it will be diffi cult to set the optimal 
inner ‘raw-material’ levels to obtain an optimal regulatory index, due to the required system isotonicity constraint, and due 
to the “volume-inertial constraint” to maintain a large sum of species copynumbers into the cell for preventing a too high 
sensitivity to perturbations (see section 2.2.4.-VI). However, when several proteinic regulatory modules are simulated into 
the same cell, the presence of separate inner ‘raw-materials’ for every protein/gene synthesis can offer a more fl exible way 
to increase the regulatory effectiveness for all GERM-s, and to optimize the inner ‘raw-material’ levels, by maintaining the 
same large sum of molecules into the cell, thus better reproducing the real homeostasis of living cells.

5). As proven in this work, even if more complex and involving a supplementary identifi cation effort, the advantages of using 
variablevolume WCVV kinetic models to simulate the GERM-s modules, instead of using the classic (“default”) constant-
volume WCCV models (sections 2.1, and 2.3.1) for the cell-system simulation are multiple: (i) allows representations of the 
cell-volume growth under various internal/external-cell perturbations; (ii) allows eliminating ‘fi ctive’ reactions accounting 
the cell-volume growth effect on species [Heinrich and Schuster, 1996] ; (iii) includes all the system species into the overall 
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mass balance (individual or lumped), with all the complexity of direct/indirect interactions (individual or lumped); (iv) allows 
to include the volume inertial effect due to the presence of a large number of molecules into the cell, thus smoothing the small 
environmental perturbations; (v) allows deriving of more realistic stationary/dynamic quantitative regulatory indices ( P.I.-s) 
for a studied GERM kinetic schema; (vi) allows a more correct ranking of regulatory model alternatives (see their library in 
Figure 2-12); (vii) allows a more detailed and accurate linkage of the regulatory modules to construct GRC-s, in order to 
simulate several protein regulatory processes in a more fl exible way and including the direct but also the indirect interacting 
effects among modules via the common cell-volume increase to which all species participate. (vii) Besides, as proved in this 
work, the GERM-s LIBRARY of Maria [2005, 2017a, 2018] (Figure 2-12) allows the in-silico study of the regulatory properties 
of each GERM, and also comparison of several GERM-s.

The briefl y reviewed GERM-s regulatory properties, in this work, proves that it is only WCVV modelling 
framework (section 2.2) which makes possible the quantitative evaluation of the performance indices
(P.I.-s) of various GERM-s types (section 2.2.3). Such an evaluation would be impossible by using the classical (“default”) constant-
volume WCCV modelling framework (section 2.1). Such regulatory properties, like cell “inertial effect”, and “ballast effect”, presented 
in this work (section 2.2.4.-VI), and studied in detail by Maria [2002, 2003, 2005, 2006, 2007, 2009, 2014b, 2017, 2017a, 2020c]; 
Maria and Scoban [2017, 2018]; Maria et al. [2017, 2018d, 2018g]; Maria and Luta [2013], are the followings:

a. The role of the high cell-”ballast” in “smoothing” the perturbations of the cell homeostasis (section 2.2.4-VI);

b. The secondary perturbations transmitted inside the whole cell via the cell volume (section 2.2.4-VI);

c. The system isotonicity constraint reveals that every inner primary perturbation in a key-species level (following a perturbation from the 
environment) is followed by a secondary one transmitted to the whole-cell via cell volume (section 2.2.4-VI);

d. Allows comparing the regulatory effi  ciency of various types of GERM-s (section 2.2.3, and sections 2.2.4-I-...-XIII);

e. Allows a more realistic evaluation of GERM regulatory performance indices (sections 2.2.3, 2.2.4-I-...-XIII; section 2.3.1);

f. Allows studying the recovering/transient intervals between steadystates (homeostasis) after dynamic (sections 2.2.4.-I-XIII), or stationary 
perturbations [Maria and Luta, 2013];

g. Allows studying conditions when the system homeostasis intrinsic stability is lost [Eq.(23-24), section 2.2.3-A-iv];

h. Allows studying the cell / GERM-s self-regulatory properties after a dynamic/stationary perturbation, etc. (section 2.2.3);

i. Allows studying the plasmid-level eff ects in cloned cells [Maria and Luta, 2013; Maria, 2010].

6) Starting from an effective proteinic regulatory schema GERM (see their library proposed by Maria [2005,2017a,2018] in Figure 
2-12), further cell-cycle model developments have to consider several proteinic regulatory modules linked in a regulatory 
chain, that is a GRC displaying several functions, such as: an operon expression {Figure 2-19, [Maria and Luta, 2013], section 
3.2}, or a genetic switch {Fig 2-42, Figure 2-43, and Figure 2-44, [Maria, 2007, 2009, 2014b, 2018] }. The modules can be 
linked in several ways: i) direct connections through common species(s) and/or common reaction(s) (see the example of 
Figure 2-41, section 2.2.4VIII); ii) indirect connections by means of the induced cell-volume growth, to which all species 
contribute; iii) indirect connections by means of the cell volume, which is infl uenced by the species levels perturbation which, 
in turn will infl uence the all species from the cell (“second perturbations” in section 2.2.4-VI).

This modular approach to design and to build-up a cell-system GRC by using the rules 2.2.4-I-...-XIII, can allow quick simulation 
of complex regulatory systems under constant or random perturbed internal/external cell conditions.

To resume the main characteristics, advantages, and applications of the WCVV kinetic models in modelling living cells, the 
following aspects should be listed:

•  P1 In fact, by introducing this major/essential and of high impact contribution in Bioinformatics and Systems Biology, that is 
the novel “mechanistic silicon cell concept”, materialized in a novel math (kinetic) modelling framework WCVV of cell metabolic 
processes (referring to the “whole-cell, variable-volume”, of isotonic growing cells) useful in developing cellular metabolic 
processes numerical simulators, Maria [2005,2017a,2018,2018d] (sections 2.2, and 2.3.1) comes to correct the classical 
“default” WCCV (“constant-volume whole cell”) kinetic models where the cell volume growth is often ignored in the species 
mass balances, or, sometimes, considered through an average dilution constant [Dm=Ln(2)/( cell cycle)] . Here, it is worth 
mentioning that Maria et al. {2018d, 2017] (section 2.3.1) proved that the classical “default” WCCV formulation currently used 
in the literature for modelling the cell processes kinetics leads to wrong, distorted and false predictions concerning the cell 
(GRC) regulatory performances, i.e. their response to external/internal perturbations. In fact, the concepts and rules used in 
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the WCVV math modelling are translated from (bio)chemical engineering principles (section 1.3.4) and from the nonlinear 
systems theory. See the Table 2-1 for the main hypotheses of the WCVV modelling framework, and of the novel “mechanistic 
silicon cell concept”. The properties, and the advantages of the novel WCVV are extensively explained, proved, and exemplifi ed 
by Maria [2002], and by [Maria et al., 2002], while the study of the WCVV properties is given by Maria [2002, 2003, 2005, 
2006, 2007, 2009, 2014b, 2017, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c]; Maria and Scoban [2017,2018]; Maria 
and Luta [2013]. Examples of applying WCVV to build-up kinetic models for various GERM-s, GRC-s, GS-s (genetic switches) 
are given by Maria [2017a,2017b, 2018, 2023] and in the above mentioned papers.

• P2 The novel “mechanistic silicon cell concept”, and the novel math modelling framework WCVV was introduced by Maria 
[2002], and by [Maria et al., 2002], while the study of the WCVV properties is given by Maria [2002, 2003, 2005, 2006, 2007, 
2009, 2014b, 2017, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c]; Maria and Scoban [2017,2018]; Maria and Luta 
[2013].

Such a WCVV modelling framework, to develop cell kinetic models in a holistic approach (whole-cell, WC) (see the above 
references) it is not only more realistic, but it presents a large number of advantages (sections 2.3, and 2.3.2). The WCVV approach is 
used to construct cell kinetic models that ensure the natural simulation of the cell processes homeostasis, and the individual / holistic 
GRC regulatory properties, by including in a natural way the constraints related to the cell system isotonicity, and the variable-cell-
volume (in an exponential increase) in direct relationship to the species mass balances and the lumped proteome/ lumped genome 
replication [Maria, 2017a, 2017b, 2018]; [Maria and Luta, 2013](see as examples, i) the brown GERM lumped proteome/genome 
module G(PP)1] in Figure 2-19, for the mercury-operon expression in E. coli, and ii) the blue GERM simple module [G(P)1] lumped 
proteome/genome module, to simulate the lumped genome (G1) and proteome (P1) regulated replication, in Figure 2-42 of a genetic 
switch of E. coli.

In the both models, the simple module [G(PP)1] simulates the lumped genome (G1) and proteome (P1) regulated replication. 
This GERM unit was added to fulfi l the cell isotonicity constraints Eq.(10-13). Besides, the P1/G1 high concentrations ensure the 
“cell ballast”, and “inertial” positive effect on cell processes regulatory effi ciency (section 2.2.4-VI). In other words, the use of 
lumped genome/proteome in the WCVV models is necessary because the isotonicity constraint imposes that all the cell species to 
be considered in the model (individually, or lumped) because all contribute to the cell volume (see the above Pfeiffers’ law, Eq.(6, 
10-13)). On the other hand, such an isotonicity constraint is required to ensure the cell membrane integrity, but also to preserve 
the homeostatic properties of the cell system, not by imposing “artifi cial” constraints like “the total enzyme activity” or the “total 
enzyme concentration” as suggested in the literature [Heinrich and Schuster, 1996]. The concepts and the basic hypotheses of WCVV 
dynamic modelling framework in living cells of variable volume are briefl y summarized in (Table 2-1). As proved in the cited 
references of this paragraph “P2”, this novel modelling framework WCVV is leading to accurately simulate a lot of cell metabolic 
intrinsic processes, such as the relationships between the external conditions and the inner cell metabolic processes, like: a). 
species net synthesis reactions, b). osmotic pressure, c). cell content (ballast) infl uence on smoothing the continuous perturbations
in the external nutrient concentrations, etc. See the examples of the point no. 5 of this section 2.3.2, and [Maria, 2017a, 2018, 2023]. 
An example is provide by section 3.2.

P3 By contrast to the classical WCCV, by imposing in the WCVV formulation a constraint accounting for the cell-volume growth 
while preserving a constant osmotic pressure and membrane integrity (see the WCVV model hypotheses in Table 2-1), dr. 
Maria proved step-by-step the importance of using modular WCVV cell kinetic models when developing GRC dynamic models 
with including a variable number of GERM-s (see sections 2.2.4, 3.2).

Another major/essential and of high impact contribution of dr. Maria in Bioinformatics and Systems Biology, concerns the 
construction in a WCVV framework of a MATH LIBRARY including lumped kinetic models, for various types of individual GERMs 
(Figure 2-12), in a modular template format, ready to be used to construct GRCs (operon expression, genetic switches, genetic 
amplifi ers, etc., see applications of Maria [2018,2023], by linking individual GERMs.

Maria [2005, 2017a, 2018] also derived the rules to link such GERM-s in GRC-s (section 2.2.4; with the example of section 3.2)

Maria [2005, 2017a, 2018] also studied the regulatory properties of various GERMs in relation to their model structure. And he 
developed “regulation effi ciency performances indices (P.I.-s) of individual GERM-s” (section 2.2.4).

P3 By contrast to the classical WCCV, by imposing in the WCVV formulation a constraint accounting for the cell-volume growth 
while preserving a constant osmotic pressure and membrane integrity (see the WCVV model hypotheses in Table 2-1), Maria [2005, 
2017a, 2018] proved step-by-step the importance of using modular WCVV cell kinetic models when developing GRC dynamic models 
with including a variable number of GERM-s. (see sections 2.2.1.2, 2.3, 2.3.2).

P4 By using this modular, structured, and deterministic (reaction mechanism based, of continuous state variables for the cell 
key-species), dr. Maria developed hybrid SMDHKM kinetic models, by linking the nano-scale essential parts of the CCM 
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(glycolysis, ATP recovery system, TCA cycle, GLC import system, etc.), to various operon expression GRC modules, and to the 
macro-scale bioreactor state-variables (section 3.2). Such hybrid complex dynamic models have been used for in-silico design 
of GMOs [Maria, 2021; Maria and Renea, 2021], or to in-silico, off-line derivation of the bioreactor optimal operation/control 
policy, with a higher accuracy and degree of details (no. of considered state variables) (section 3.2) See the examples provided 
by Maria [2018, 2021, 2023]; [Maria and Renea, 2021; Maria and Gheorghe, 2024].

P5 The developed novel concepts and rules, introduced together with the novel WCVV modelling framework by dr. Maria [2002, 
2005, 2017a, 2018] and described in this work, are, in fact, translated from those of the (bio)chemical engineering and of the 
nonlinear systems theory (Figure 1-5 and Figure 1-6, sections 1.1, and 2). They are better explained, proved, and exemplifi ed 
by Maria [2002, 2003, 2005, 2006, 2007, 2009, 2014b, 2017, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c]; Maria and 
Scoban [2017,2018]; Maria and Luta [2013].

P6 By contrast to the classical (“default”) (constant-volume) WCCV cell dynamic models (section 2.1), Maria [2002], and 
[Maria et al., 2002], and Maria [2002, 2003, 2005, 2006, 2007, 2009, 2014b, 2017, 2017A, 2017B, 2018, 2023, 2023a, 
2024, 2024b, 2024c]; Maria and Scoban [2017,2018]; Maria and Luta [2013] introduced a novel kinetic modelling WCVV 
framework (section 2.2), by including the thermodynamic isotonicity relationships/constraints (see its hypotheses in 
Table 2-1), and, proved step-by-step in a mathematical way how such constraints can reproduce (simulate) the cellular 
intrinsic regulatory properties in a natural way, by using simple reduced kinetic models (that is not derived from artifi cially 
imposed hypotheses/constraints) {see [Maria, 2005, 2017a, 2018], and section 2.2 }. The novel WCVV approach, explicitly 
linking the volume growth, external conditions, osmotic pressure, cell content “ballast”, and the net reaction rates 
for all cell-components (individual or lumped, Eq. 6, 10-15; Table 2-1) is very suitable for predicting local and holistic 
regulatory properties of the GERM-s / GRC-s, and of the CCM metabolic network, leading to more realistic predictions of
some cell properties (for instance, evaluation of the regulatory effi ciency indices of individual GERM-s, or GRC-s; cell 
content “inertial/smoothing” effect (section 2.2.4-VI) in treating perturbations, etc.). Among the considered GRC regulatory 
effi ciency indices, the most important are reviewed and discussed in the sections 2.2.3, and 2.2.4. The regulatory properties 
of complex GRC-s and individual GERM-s were defi ned by using quantitative measures imported from the nonlinear system 
control theory (section 2.2.3).

P7 By contrast to the classical (“default”) WCCV “constant-volume” kinetic modelling approach (section 2.1), the novel WCVV 
math modelling framework (section 2.2) of cell dynamic processes proposed by Maria [2002], and by [Maria et al., 2002], 
and studied by Maria [2002, 2003, 2005, 2006, 2007, 2009, 2014b, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c]; 
[Maria and Scoban, 2017, 2018; Maria and Luta, 2013], imposes the isotonicity constraint [that is the Pfeffers’ law, Eq.(6,11-
15)] to ensure the cell membrane integrity (see the differences between these two approaches when modelling the kinetics 
of a simple GERM in the section 2.3.1. Such a major constraint requires that all species (individual or lumped) have to be 
considered in the dynamic cell model [see the proof given by Maria [2002, 2003, 2005, 2006, 2007, 2009, 2014b, 2017A, 2017B, 
2018, 2023, 2023a, 2024, 2024b, 2024c]; [Maria and Scoban, 2017, 2018; Maria and Luta, 2013]. Due to such reasons, Maria 
included in all their applications with using WCVV kinetic models the lumped genome, proteome, and metabolome. See the 
followings two examples in this respect: i) the brown module [G(P)1] in Figure 2-6, concerning simulation of the induced 
mer-operon expression in E. coli [Maria, 2010; Maria and Luta, 2013], and ii) the blue module [G(P)1] in Figure 2-42, Figure 
2-43, and Figure 2-44, concerning in-silico simulation and design of a genetic switch in E. coli with the role of a biosensor for 
detecting molecular inducers of micro-/nano-level concentrations [Maria, 2014b, 2018]. Such a mandatory WCVV modelling 
approach is necessary because all these big lumps of metabolites, nutrients, genome, and proteome contribute to the cell 
volume Eq.(6,11-14), and to its dynamics via the isotonicity constraint (adopted Pfeiffers’law of diluted solutions, Eq.(6)). For 
details see also the review books of Maria [2017a, 2017b, 2018, 2023], and the papers of Maria [2002, 2003, 2005, 2006, 2007, 
2009, 2014b, 2017A, 2017B, 2018, 2023, 2023a, 2024, 2024b, 2024c]; [Maria and Scoban, 2017, 2018; Maria and Luta, 2013].

Repeated in-silico analyses of a large number of GERM-s systems approached in a WCVV modelling framework lead to derive 
a large number of conclusions, all pointing-out the advantage of using the novel WCVV “variable-volume” modelling framework 
when reproducing the cell self-regulatory properties (impossible to be simulated by using the default / classic WCCV “constant-
volume” modelling framework)(see sections 2.2.2, 2.2.3, 2.2.4).

The briefl y reviewed GERM-s regulatory properties, in this work (sections 2.2.2, 2.2.3, 2.2.4), proves the same idea: it is only 
the WCVV modelling framework (section 2.2) which makes possible the quantitative evaluation of the performance indices (P.I.-s) 
of various GERM-s / GRC-s (section 2.2.3). Such an evaluation would be impossible by using the classical (“default”) constant-
volume WCCV modelling framework (section 2.1). Such regulatory properties, such as the cell “inertial effect”, and “ballast effect”, 
presented in this work (section 2.2.4-VI), and others and studied in detail by Maria [2002, 2003, 2005, 2006, 2007, 2009, 2014b, 
2017, 2017a, 2020c]; Maria and Scoban [2017,2018]; Maria et al. [2017, 2018d, 2018g]; Maria and Luta [2013], are presented in sections 
2.2.2, 2.2.3, 2.2.4), and proved by the example given in section 3.2.
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There are lot of positive outputs when using the novel WCVV modelling framework (sections 2.2.1.2, 2.3. 2.3.2). At the risk of 
repeating some ideas mentioned in various sections, below are underlined only some of them.

Issue-1).- Application of chemical engineering principles, rules, and algorithms (Figure 1.-5, Figure 1.-6 , and section 1.3.4) 
as well as those of the nonlinear system control theory, together with model lumping techniques (section 2.1 - lumping rules) 
to elaborate modular kinetic models of various cell processes, especially those concerning the GRC-s (genetic switches, operons 
expression, genetic amplifi ers of external signals, etc., section 2.2.2). Over the all above mentioned publications, dr. Maria promoted 
all time the concept of the best trade-off between simplicity and model quality/adequacy.

Issue-2).- Development of new concepts and promotion of a novel dynamic/structured math modelling framework , that is 
“the mechanistical silicon cell”, and its resulted WCVV kinetic modelling framework (the so-called “variable-volume-whole-
cell” approach of modular, structured metabolic pathways for isotonic cell systems) to simulate the metabolic cell processes, and 
especially the GERM / GRC regulatory ones.

The WCVV replaces the classical (“default”) constant-volume (WCCV) kinetic modelling (section 2.1), by 
explicitly including equations linking the cell volume growth, the quasi-constant osmotic pressure (isotonic cell
system), environmental conditions, the cell-content (the so-called “cellbalast”), with the net reaction rates of all cell components 
(accounted individually or lumped)(that is WCVV in section 2.2). Compared to the “default” / classical WCCV kinetic models where 
the cell volume growth is neglected, or sometimes considered through an average dilution constant (Dm), the novel WCVV math 
(kinetic) modelling framework of cell processes was proved to offer more realistic predictions of local and global regulation properties 
of GRC controlling the metabolic syntheses, by employing an “instant” cell dilution rate (Di, see Eq.(11-14), section 2.2). Thus, the 
WCVV models can simulate, in a more realistic way, the effi cient treatment of stationary or dynamic environmental perturbations, 
species connectivity, cell homeostasis stability and multiplicity, responsivity to perturbations, etc.) {see sections 2.2.3, 2.2.4, 2.3}. 
See the proof of section 2.3.1. The most studied applications of WCVV kinetic models are related to the GERM-s (protein synthesis), 
and GRCs. Among the large number of contributions in this area of Maria [2017a, 2017b, 2018, 2023] are to be briefl y mentioned the 
followings:

a. The WCVV approach, explicitly linking the volume growth, external conditions, osmotic pressure, cell content ballast, and 
the net reaction rates for all cellcomponents. Such a kinetic modelling framework is more suitable for predicting local and 
holistic properties of the metabolic network, leading to more realistic predictions of some cell properties (e.g. evaluation of 
the regulatory effi ciency (dynamic or stationary, section 2.2.4) of individual GERM-s, or GRC-s; evaluation of cell content 
inertial/smoothing effect in treating external perturbations, section 2.2.4-VI). The regulation effi ciency performances indices 
(P.I.-s) of individual GERM-s, section 2.2.3), that is: stationary regulation, dynamic regulation, regulatory robustness, species 
interconnectivity, quasi-steady-state (QSS, homeostasis) stability, QSS stability strength, and others.

b. Promotion of the holistic and modular approach in dynamic modelling of GRC-s; elaboration of various math/kinetic models 
for GERM-s, organized in a GERM-LIBRARY (Figure 2-12); in-silico study of GERM chain properties in a genetic regulatory 
network (GRC) by in-silico “placing” them in a growing cell, and by mimicking (by numerical simulation) the cell behaviour 
under in-silico simulated environmental conditions (stationary or perturbed, section 2.2.4);

c. Development of a methodology for GERM assembling to obtain a GRC-s (e.g. to simulate a defi ned operon expression [Maria, 
2010; Maria and Luta, 2013]). This GERM linking methodology (section 2.2.4) is useful for in-silico design of GMO-s with 
desired motifs for industrial or medical applications;

d. Applications of the modular WCVV variable-volume holistic modelling approach for the in-silico design of GRC-s, such as 
genetic switches acting as biosensors (Figure 2-42, Figure 2-43, Figure 2-44)[Maria, 2007, 2009, 2014b, 2018]. A case study 
to design a modifi ed E. coli cloned cell, with a genetic amplifi er circuit to maximize the mercury uptake from wastewaters is 
reviewed in section 3.2;

e. Study of the criteria associated to gene knockout strategies for in-silico design of optimal metabolic fl uxes allowing 
the cell growth with maximizing chemical production targets (a case study for succinate and biomass production
concomitant maximization in E. coli cells, is given by Maria et al.[2011]; Maria [2018, 2023]).

Issue 3). Building-up hybrid mathematical models, that is structured, modular, deterministic, hybrid kinetic models (SMDHKM). 
Such deterministic kinetic models, with continuous variables, structured and modular, based on the cell metabolic reaction 
mechanisms, allow linking structured WCVV nano-scale cell-level kinetic models (of GERM / GRC-s, and of the central carbon 
metabolism CCM) with the macro-scale dynamic models (including macro state-variables) of the industrial bioreactors [Maria, 
2020a, 2021; Maria and Renea, 2021].

Issue 4).- Development and promotion of novel concepts for the kinetic structured math modelling of metabolic processes in 
living cells That is the “mechanistic silicon cell novel concept” materialized in promoting the novel WCVV modelling framework 
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(“whole-cell, variable cell-volume of isotonic cell systems”). As proved in this work and cited publications, this novel computational 
tool is very suitable to develop extended / reduced models for the protein synthesis, that is gene expression (GERM), for the lumped 
genome/proteome replication, genetic regulatory circuits (GRC), central carbon metabolism (CCM), etc., in a holistic approach (of 
„whole cell’ type). Details about WCVV, are given in the section 2.2, while applications are given by Maria [2002, 2003, 2005, 2006, 
2007, 2009, 2014b, 2017, 2017a, 2020c]; Maria and Scoban [2017,2018]; Maria et al.[2017, 2018d, 2018g]; Maria and Luta [2013].

The “mechanistic silicon cell novel concept”, and the novel WCVV math modelling concept (section 2.2) replaces the classical 
(“default”) constant-volume (WCCV) kinetic modelling from the current literature (section 2.1). By contrast, Maria [2018d] (section 
2.3.1) proved that application of the classical math modelling approach WCCV to simulate cell processes is wrong, leading to distorted/
incorrect predictions (section 2.3.1). The novel WCVV structured kinetic model explicitly includes equations linking the cell volume 
growth, the quasi-constant osmotic pressure (isotonicity), the environmental conditions, the cell-content (the so-called ,,cell-
balast”), and the net reaction rates of all cell components (accounted individually or lumped, section 2.2). Compared to the classical 
WCCV kinetic models (section 2.1) where the cell volume growth is neglected, or sometimes considered through an average dilution 
constant (Dm), the novel WCVV was proved to offer more realistic predictions of local and global regulation properties of GERM-s/
GRC-s controlling the metabolic syntheses (e.g. effi cient treatment of stationary or dynamic environmental perturbations, species 
connectivity, cell homeostasis stability and multiplicity, responsivity to perturbations, etc., sections 2.2.3, 2.2.4).

Issue 5). The volume-growth diluting effect explicitly quantifi ed [see the instant “Di” in Eq.(11-15) ] in a WCVV kinetic model 
formulation (section 2.2) acts as a continuous stationary perturbation of all species concentrations, and can formally be assimilated 
with a fi rst order decay rate of all cellular species during the cell-cycle Maria [2002, 2003, 2005, 2006, 2007, 2009, 2014b, 2017, 
2017a, 2020c]; Maria and Scoban [2017,2018]; Maria et al.[2017, 2018d, 2018g]; Maria and Luta [2013].

Issue 6). The use of the WCVV framework to develop and promote structured lumped kinetic models concerning the gene 
expression individual regulatory lumped modules (GERM). These GERM modules kinetic models, of different complexity have been 
organized in a LIBRARY (Figure 2-12) including template lumped math (kinetic) models of GERMs, easy to be used to build-up 
modular genetic regulatory circuits (GRC) (e.g. operon expression, genetic switches, genetic amplifi ers, etc., section 2.2.4 [Maria, 
2009, 2010, 2014b, 2018, 2023]). These GERM lumped kinetic modular deterministic models can be in-silico analyzed concerning their 
regulatory effi ciency and properties, by using quantitative measures (that is regulation performance indices (P.I.-s), section 2.2.3). 
The quantitative (P.I.-s) have been introduced by Maria [2005, 2017a, 2018] to characterize the GERMs kinetic models. The GERM 
LIBRARY includes individual GERMs in a template form, ready to be used to construct complex GRCs by using building blocks rules 
of the Systems Biology and Synthetic Biology (section 2.2.4, with the examples of Maria [2010, 2013, 2014b]). Rate constants of GERM-s/ 
GRC-s kinetic models are estimated from the homeostatic cell species concentrations (section 2.2.1.3), , by solving the cell kinetic 
model rewritten for the quasi-steady-state conditions Eq.(11-15), and from mimicking the GRC response to dynamic or stationary 
perturbations to optimize the GERM / GRC regulatory properties (section 2.2.3). The GERM, GRC, and CCM kinetic models of WCVV 
type can be used for the in-silico design and test of GMOs of desired characteristics (some examples are given by Maria [2017a, 2018, 
2023], and in section 3.2).

Issue 7). The cell system isotonicity constraint in a WCVV formulation is leading to accurately simulate a lot of cell metabolic 
effects, such as (see section 2.2.4): relationships between the external conditions, species net synthesis reactions, osmotic pressure, 
cell content (“ballast”) infl uence on smoothing the continuous perturbations in external nutrient concentrations, etc. (see section 
2.2.4-VI, and the above P7 paragraph).

Issue 8). By contrast to the classical (“default”) WCCV cell kinetic modelling approach (section 2.1), the novel proposed WCVV 
kinetic modelling framework allows a more realistic study of the regulatory properties of complex GRC-s and individual GERM-s 
by using quantitative measures of their effi ciency (P.I.-s in section 2.2.3) derived from the nonlinear system control theory [Maria, 
2005, 2017a, 2017b, 2018, 2023]. Based on these P.I.-s quantitative measures, dr. Maria developed rules of linking individual GERM-s 
to construct GRC-s following a “building-blocks” strategy (section 2.2.4), thus allowing development of WCVV kinetic models for 
GRC-s (operon expression, genetic swiches, etc.), useful for in-silico design of GMO-s [Maria, 2017a, 2018, 2023].

Issue 9). The WCVV formulation of various GERM-s in different cells allowed to Maria [2005, 2007, 2014b, 2017a, 2018] to 
develop a GERMs LIBRARY of reduced kinetic models for various GERM-s types of modules given in (Figure 2-12), ready to be use 
for the in-silico study of the regulatory properties of individual GERM-s in respect to stationary or dynamic perturbations in the cell/
environment, as done in this work (sections 2.2.3, 2.2.4, 2.3). This library of GERM-s lumped kinetic model of all types is ready to 
be used for the Synthetic Biology purposes when designing novel GMO-s of desired characteristics (“motifs”). See some examples in 
sections 2.2.4, 3.2, provided by Maria [2010, 2014b]; [Maria and Luta, 2013].

Issue 10). In-silico prove by using the WCVV models the cooperative vs. concurrent linking of GERM-s in a GRC, and species close 
interconnectivity by preserving specifi c functions of proteins inside the cell [section 2.2.4.-VIII]. The WCVV kinetic models are 
also very suitable to study the GERM-s interactions in various GRC-s of different functions (e.g. toggle-switch, amplitude fi lters, 
modifi ed operons, etc). [Maria, 2018, 2023]. See the example given in section 3.2.
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Issue 11). Maria [2005, 2017a, 2017b, 2018]; Maria and Scoban [2017,2018] exemplifi ed how the kinetic model rate constants 
can be separately identifi ed for each GERM module of the analysed cell, by using the experimental stationary (homeostatic) 
concentrations of the species included in the WCVV kinetic model (see section 2.2.1.3), and by imposing some regulatory properties, 
and then extrapolating them when simulating the whole GRC, by assuming that linking reactions are relatively slow compared to the 
individual module core reactions. See the developed GERM-s linking rules in section 2.2.4.

In such a manner, linked modules are able to respond to changes in the common environment such that each module remains 
fully regulated [Maria, 2003, 2005, 2006, 2007, 2014b]; [Maria and Scoban, 2017, 2018; Maria et al., 2018 g]. The advantage of such 
a modular approach comes from the possibility to reduce the model complexity for the central carbon metabolism (CCM), or large 
pathways of complex GRC-s, and the size of the identifi cation problem, by assuming, for instance, the gene expression response 
to a perturbation as the response of a few genetic regulatory loops instead of the response of thousands of genetic circuits in the 
metabolic pathway [Styczynski and Stephanopoulos, 2005; Zak et al., 2005].

Issue 12). Such a WCVV holistic modelling framework and isotonicity constraint imposes that all species (individual or lumped) 
have to be considered in the dynamic cell model Eq.(6, 11-15). Due to such reasons, Maria [2007, 2009, 2014b, 2018, 2023] included 
in all their WCVV applications with linking GERM-s to build-up complex GRC-s, the lumped genome, lumped proteome, and lumped 
metabolome, because all these big lumps (of high copynumbers / concentrations) substantially contribute to the cell volume, and 
volume dynamics Eq.(11-15) via the isotonicity constraint (adopted Pfeiffers’law of diluted solutions, Eq.(6), section 2.2).

Thus, the WCVV approach is used to construct cell kinetic models that ensure the natural simulation of the cell processes 
homeostasis, and the individual / holistic GRC regulatory properties, by including in a natural way the constraints related to the cell 
system isotonicity, and the variable-cell-volume (in an exponential increase) in direct relationship to the species mass balances 
and the lumped proteome/ lumped genome replication [Maria, 2017a, 2017b, 2018]. As examples see: i) the brown GERM lumped 
proteome/genome module G(PP)1] in Figure 2-19, for the mercury-operon expression in E. coli, [Maria and Luta, 2013], and ii) 
the blue GERM simple module [G(P)1] lumped proteome/genome module, to simulate the lumped genome (G1) and proteome (P1) 
regulated replication, in Figure 2-42 of a genetic switch of E. coli.

In the both models, the simple module [G(PP)1] simulates the lumped genome (G1) and proteome (P1) regulated replication. This 
GERM unit was added to fulfi l the cell isotonicity constraints Eq.(10-13). Besides, the P1/G1 high concentrations ensure the “cell 
ballast”, and “inertial” positive effect on cell processes regulatory effi ciency (section 2.2.4-VI). In other words, the use of lumped 
genome/proteome in the WCVV models is essential and necessary because the isotonicity constraint imposes that all the cell species 
to be considered in the model (individually, or lumped) because all contribute to the cell volume (see the above Pfeiffers’ law, Eq.(6, 
10-13)). On the other hand, such an isotonicity constraint is required to ensure the cell membrane integrity, but also to preserve 
the homeostatic properties of the cell system, not by imposing “artifi cial” constraints like “the total enzyme activity” or the “total 
enzyme concentration” as suggested in the literature [Heinrich and Schuster, 1996]. The concepts and the basic hypotheses of 
WCVV dynamic modelling framework in living cells of variable volume are briefl y summarized in (Table 2-1). As proved in the cited 
references of this paragraph “P2”, this novel modelling framework WCVV is leading to accurately simulate a lot of cell metabolic 
intrinsic processes, such as the relationships between the external conditions and the inner cell metabolic processes, like: a) species 
net synthesis reactions, b) osmotic pressure, c) cell content (ballast) infl uence on smoothing the continuous perturbations in the 
external nutrient concentrations, etc. See the examples of the point no. 5 of this section 2.3.2, and [Maria,2017a, 2018, 2023]. An 
example is provided by section 3.2.

Issue 13). By solving a certain number of case studies, Maria [2006, 2007, 2009, 2014b, 2017a, 2018] derived a certain number of 
rules to be followed for the in-silico build-up a GRC dynamic math model under the WCVV framework (section 2.2.4). By using simple 
reduced WCVV kinetic models, various types of lumped kinetic models of GERM modules can individually be analyzed as mechanism, 
reaction pathway, regulatory characteristics, and regulatory effectiveness (sections 2.2.3, 2.2.4). As a limited number of regulatory 
module types governs the protein synthesis [Maria, 2005, Sewell et al., 2002; Yang et al., 2003], it is computationally convenient to 
step-by-step build-up the modular GRCs by applying certain principles and rules {section 2.2.4), and then adjusting the network 
holistic regulatory properties by means of the reestimated kinetic constants, by also accounting not only on the stationary (known) 
species concentrations, but also on objectives concerning the GRC regulatory effectiveness [Maria, 2005, 2014b, 2017a; Maria and 
Scoban, 2017, 2018; Maria and Luta, 2013]. In other words, it is desirable to focus the metabolic regulation and control analysis on 
the regulatory/control features of the holistic GRC-s, and of the functional GERM-s subunits than to limit the analysis to only kinetic 
properties of individual enzymes acting over the synthesis pathway.

Issue 14). Maria [2021, 2023], and [Maria and Luta, 2013] introduced hybrid structured, modular, deterministic, kinetic models 
(SMDHKM), derived under the WCVV novel modelling framework for various purposes: i) in-silico design of GMOs [Maria and Luta, 
2013; Maria, 2021, 2023], and ii) bioreactor optimization with a higher accuracy and degree of detail [Maria and Renea, 2021; Maria, 
2020a, 2023]. See an example in the below section 3.
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The novel WCVV modelling framework is very suitable to develop hybrid SMDHKM structured kinetic models of cell processes, 
of following essential characteristics [Maria, 2021, 2023; Maria and Luta, 2013; Maria and Renea, 2021; Maria, 2020a] (see also 
sections 3.1, 3.2): hybrid kinetic models able to predict the key-species dynamics at the cell level (excretable or not cell species), in an 
explicit connection to the predicted macroscopic state-variables at the bioreactor level, (presented in the bioreactor bulk-phase); 
structured models, by including the cell key species involved in the studied bioprocess (belonging to the central carbon metabolism 
CCM, or to a target GRC); of a modular construction, the reaction pathway of modules being interconnected; deterministic models (with 
continuous variables, based on the cell metabolic reaction mechanisms). These cell mathematical SMDHKM kinetic models present 
a detailing degree (that is the number of involved cell key species and reactions, taken individually, or lumped) depending on the 
each approached case study, but incomparably larger (by orders of magnitude) than the un-structured (global / apparent) (Monod / 
Michaelis-Menten) kinetic models.

Examples of developed hybrid SMDHKM structured kinetic models (bilevels), of cell processes and bioreactors, are briefl y 
summarized below. An example is provided in section 3.2.

To realize these ambitious objectives, Systems Biology uses a wide range of tools, but mainly complex mathematical simulation 
models linked to omics databanks [Maria, 2017a, 2017b, 2018]; [Heinemann and Panke, 2006; Myers, 2009; Qian et al., 2017].

Issue 15-ex.1). -- A case study refers to the mercury-operon (mer-operon) expression in Gram-negative bacteria (such as E. coli, 
Pseudomonas sp.) to uptake the mercury ions from wastewaters [Maria, 2010; Maria and Luta, 2013; Maria et al., 2013]. The structured 
WCVV hybrid SMDHKM kinetic model was used to design GMO-s with cloned mer-plasmids (“mer” denotes mercury here) to result 
a globally effi cient mer-operon (i.e. a GRC) leading to optimize the fed-batch bioreactor (FBR) productivity. This extended hybrid 
math dynamic model was proved to be useful for several purposes: i) the process design and ii) bioreactor optimal control, thus 
allowing predicting the wild/cloned bacteria metabolism adaptation (i.e. the response of mer-operon expression) over hundreds of 
cell generations under variable operating conditions of the bioreactor as studied by [Maria. 2010; Maria and Luta, 2013; Maria et al., 
2013]. This cell structured hybrid dynamic model can in-silico predict the maximum level of mer-plasmids that can be added to the 
GMO cell genome for improving the mercury uptake rate without exhausting the cell resources (that is not putting in danger the cell 
survival). It is to underline that the parameters of the structured WCVV hybrid SMDHKM kinetic model have been estimated based on 
experimental data. Also the predictions of associated bioreactor optimization, by using this WCVV hybrid SMDHKM kinetic model, 
have been check on an experimental basis.

Issue 15-ex.2). Another example refers to the in-silico design of a GMO E. coli including a genetic switch (GS) of adjustable 
characteristics, amplifying exogeneous stimuli to act as a molecular-level biosensor, or involved in signal transduction [Maria, 
2007, 2009, 2014b, 2018]. The developed mechanistic modular WCVV kinetic models are proved to be valuable tools in studying 
and modulating the design desirable GS with fully interpretable parameters, thus avoiding unstructured apparent Hill-type lumped 
models of low quality.

An example was provided by Maria [2009] in the case of a genetic switch (GS) in E. coli cell, modelled under the WCVV approach. 
The two considered self- and cross-repressing gene expression modules in (Figure 2-42) are of the following type (see the GERM 
library of Figure 2-12) [G2(P2P2)1(P3P3)1] + [G3(P3P3)1G3(P2P2)1]. The principle of a GS is briefl y illustrated in Figure 2-43 and 
Figure 2-44. The two self- and cross-repressed gene expression coupled modules GERM ensure replication of the pairs P2/G2 and 
P3/G3 respectively. Proteins P2/P3 expression is activated by the specifi c inducers I2 and I3 respectively, and repressed by the R2 and 
R3 proteins produced by each GERM module. The GERM module of simple [G(P)1] type mimics the lumped genome and proteome 
replication during the cell cycle. Such a module is absolutely necessary to fulfi ll the isotonicity constraint of the WCVV model Eq.(6,11-
15) requiring that all cell species to be considered in the kinetic model (individually or lumped). Beside, the large concentrations 
(copynumbers) of the lumped genome/proteome P1/G1 will lead to preserve a high cell load (“ballast”), thus smoothing the small 
perturbations in the environment (section 2.2.4-VI).

These well chosen GERM-s type models are very fl exible, allowing adjusting the regulatory properties of the GS (i.e. switch 
certainty, good responsivity to inducers, good dynamic and stationary effi ciency [Maria, 2009, 2014b]). Besides, based on adequate 
kinetic WCVV models Maria [2009] proved that it there exists an optimal low level of the TF-s (that is [P2P2]s, or [P3P3]s for the GS 
model) that are associated to the optimal holistic regulatory properties of the GRC (low sensitivity vs. external nutrients, but high vs. 
inducers). Besides, Maria [2009, 2014b] proved that these TF-s are rather dimmers than monomeric molecules, in order to maximize 
the resulted GS performance indices. An optimal 0.1-4nM was found to ensure such goals [Maria and Luta, 2013; Maria, 2009, 2014b]. 
These in-silico obtained results have been confi rmed by the literature experimental data. Such cell GS-s are very suitable to be used 
as a molecular biosensor [Maria, 2018, 2023], being able to detect environmental inducers of micro-/nano- molar concentrations, 
with application in airports, civil / military industry, etc.

Issue 15-ex.3).- Such WCVV hybrid SMDHKM structured reduced modular and bi-level kinetic models were proved to be effective in 
developing kinetic models to simulate the dynamics of the essential reaction pathway modules, all belonging to the central carbon 
metabolism (CCM), in an extended or reduced (lumped) formulation, and in direct relationship to the bioreactor macro-scopic state 
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variables. Examples includes: a) stationary or oscillatory glycolysis, ATP recovering system, PTS system, TCA cycle, and many other 
modules (iron metabolism in mitochondria, TRP operon expression, SUCC synthesis, etc.) [Maria, 2018, 2023]. As above mentioned, 
the hybrid dynamic models of WCVV- SMDHKM bi-level type in fact are linking the structured cell CCM / GRC models (of a nano-
scale representation of the key-species mass balances) to the dynamic model of the bioreactor (of a macro-scale representation of 
their state variables). [Maria, 2021; Maria and Renea, 2021; Maria and Gheorghe, 2024].

By using the same novel WCVV concept, [Maria, 2014, 2020c; Maria et al., 2018b] proposed a structured reduced 
dynamic model to simulate the glycolysis in prokaryote cells under stationary or oscillating dynamic conditions of the 
bioreactor. The model can be further used as the core of a hybrid modular SMDHKM dynamic model used to simulate 
the central carbon metabolism (CCM) and the regulation of a target metabolite synthesis (that is the tryptophan - TRP), 
[Maria, 2021; Maria and Renea, 2021, Maria et al., 2018a, 2018c; Maria and Gheorghe, 2024], with applications for the in silico 
reprogramming of the cell metabolism and design of GMO-s of various applications [Maria et al., 2019; Maria, 2018, 2023].
Thus, based on this extended MCSMD hybrid dynamic model for the TRP-synthesis in E. coli, a GMO E. coli was in-silico designed and 
then experimentally realized in order to improve the tryptophan (TRP) synthesis in a fed-batch (FBR) bioreactor. Thus, compared to 
a simple batch bioreactor (BR) using a “wild” E. coli cell culture, the TRP production was increased with 73% (53%due to the novel 
GMO E. coli strain better performances, and 20% due to the FBR optimization using a hybrid modular SMDHKM dynamic model. 
[Maria, 2020c, 2021, 2023, 2014a; Maria and Renea, 2021; Maria et al., 2018a, 2018c, 2018b; Maria and Gheorghe, 2024]

Issue 15-ex.4).- Hudder, Maria, et al. [2002](see the caption of Figure 1-40) proposed a simplifi ed (lumped) WCVV modular 
structured kinetic model to simulate the iron metabolism in mitochondria with applications in medicine to simulate the heme 
synthesis regulation.

3. Importance of the structured, modular, deterministic, hybrid kinetic models (SMDHKM), 
derived under the WCVV novel modelling framework for the in-silico GMOs design and bioreac-
tor optimization

3.1. Hybrid, multi-level SMDHKM dynamic models

Ac cording to the previous Issue 14 of section 2.3.2, Maria [2023, 2021]; [Maria and Luta, 2013] introduced the so-called hybrid 
structured, modular, deterministic, kinetic models (SMDHKM), derived under the WCVV novel modelling framework for various purposes: 
i) the in-silico design of GMOs [Maria and Luta, 2013; Maria, 2021, 2023], and ii) bioreactor optimization with a higher accuracy and 
degree of detail (that is a higher number of considered species in the dynamic model)[Maria and Renea, 2021; Maria, 2021, 2020a, 
2023].

Even if very effective, the disadvantages of the hybrid SMDHKM kinetic models are related to their high 
complexity (number of considered species), leading to estimation diffi culties of the all rate constants, and to
a higher computational time, and additional diffi culties to manipulate the model for quick engineering analyses.

The main motivations of developing hybrid SMDHKM kinetic models, despite the above mentioned disadvantages of the hybrid 
SMDHKM kinetic models, are related to the important advantages of using such math models in engineering evaluations, which 
fully justify their use for the above listed purposes (i-ii). Such strong motivations are related to the huge development over the last 
decades of the industrial biosynthesis, and its involved problems, as followings:

1). The industrial biosynthesis has become one of the most signifi cant branches of the pharmaceutical and food industry, having 
a major economic/social impact. Enzymatic and biological production of chemicals is of the order of 102 – 106 t/year, being 
extremely profi table, with an average cost of approx. 100 – 1000 $/kg. Biosynthesis successfully replaces complex, energy-
consuming chemical syntheses that generate toxic waste. Biosynthesis proceeds with very high selectivity in conditions close 
to the ambient ones.

2). An essential engineering problem refers to the in-silico (mathmodel based) optimization of the biological reactors;

3). The current (“default”) approach in bioengineering for in-silico solving the design, optimization and control problems of 
industrial biological reactors is the use of un-structured (global, apparent) kinetic models of the Monod type (bioreactors, cell 
cultures), or MichaelisMenten (enzyme reactors), that ignore the details of the cellular processes, or the interactions between 
multiple cell enzymatic reactions. These global models provide only an approximate representation of the bioprocess and 
can not make any correlation between the bioreactor operation and the continuous adaptation of the biomass metabolism. 
Their predictions are imprecise, with a low degree of detail (number of considered species dynamics), being unsuitable for 
an effective bioreactor optimization.

The novel WCVV modelling framework is very suitable to develop hybrid SMDHKM structured kinetic models of cell processes, by 
considering the following essential characteristics [Maria, 2021, 2023; Maria and Luta, 2013; Maria and Renea, 2021; Maria, 2020a]:
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Process kinetics. A set of ordinary differential equations, characterizing the differential mass balances of cellular species 
(considered individually or grouped). Such a hybrid (bi-level) kinetic model is able to predict the key-species dynamics at the cell 
level (excretable or not cell species), in an explicit connection to the predicted macroscopic state-variables at the bioreactor level, 
(presented in the bioreactor bulk-phase). According to the WCVV hypotheses (Table 2-1), and to the isotonicity constraint Eq. (6,11-
15), such models should include all the cell species (individually, or grouped).

Deterministic. Kinetic mmodels with continuous variables, based on the mechanism of the cell metabolic reactions, that is 
on the cell reaction pathway (all reactions taken individually, or lumped). The hybrid SMDHKM kinetic models present a detailing 
degree (that is the number of cell key species and reactions, considered in the model, individually, or lumped) depending on the 
each approached case study, but incomparably larger (with orders of magnitude) than the un-structured (global / apparent) (Monod 
/ Michaelis-Menten) kinetic models.

Modular. The model contains reaction modules that characterize the essential considered sub-processes of the central carbon 
metabolism (CCM), or of GERM-s, or GRC-s. The modules are considered as being inter-connected (directed, via the common species 
/ reactions, or indirect, via the cell volume to which all species contribute).

Structured. The model includes the cell key species involved in the studied bioprocess (belonging to the central carbon metabolism 
CCM, or to a target GRC). Ideally, the kinetic SMDHKM model must includes the essential steps of the CCM, (individual, or lumped 
[Maria, 2021]), plus the target metabolite synthesis module (for instance, the TRP synthesis in Issue 15-ex.3, of section 2.3.2). The 
cell species are interconnected to the environmental (bioreactor) species directly (via the imported nutrients), or indirectly (via the 
excreted species / metabolites).

Hybrid. The model should include at least two levels of bioprocess representation: i) species dynamics at the cellular level; ii) 
species dynamics at the macroscopic level (bioreactor state variables, in the “bulk” liquid phase).

In-silico. A numerical analysis and process simulation by using the SMDHKM kinetic model of the bioprocess / bioreactor.

Examples of CCM modules: PTS system (phosphotransferase system of the glycolysis, that is the fi rst steps of the glucose GLC 
import into the cell); glycolysis; (TCA, citric acid cycle), or (Krebs cycle); ATP (Adenosine triphosphate) regeneration system; TRP 
(tryptophan) synthesis and operon expression, etc. [Alberts et al., 2002; Schellenberger et al., 2011; Maria, 2021]

In the case of the biological reactor (with free cell cultures or immobilized on a porous solid support), the trend in the industry 
is to use complex systems, with genetically modifi ed microorganisms (GMOs), and effi cient immobilization systems (which prevent 
biomass inactivation due to mechanical and chemical stress in the culture medium). These biosyntheses successfully replace energy-
consuming and polluting chemical syntheses, by using milder reaction conditions and generating very little waste [Gavrilescu and 
Chisti, 2005; Hempel, 2006; Buchholz and Hempel, 2006]. Thus, modern biological processes together with enzymatic ones prove to 
be effi cient in the biosynthesis of numerous chemical compounds, competing in terms of effi ciency with organic chemical synthesis, 
proceeding with high selectivity and specifi city, producing fewer by-products, reducing energy consumption and generating less 
environmental pollution (Figure 2-45). This characteristic of industrial biosynthesis is exploited for various economic purposes 
(industry, medicine, environment, agriculture, fuel production) [Buchholz and Hempel, 2006; Hempel, 2006; Moulijn et al., 2001].

However, industrial bioprocesses still have a limited spread due to the high costs of isolating and stabilizing the biomass on 
a suitable support, as well as its high sensitivity to operating conditions, the rather low reproducibility of the biological process 
due to biomass changes from one cell cycle to another, and the diffi cult controllability of the bioreactor (Figure 2-45). Many of 
these drawbacks can be overcome by an effi cient immobilization of the biomass on suitable supports, by using GMOs with superior 
catalytic activity or/and by optimizing the working conditions and the operating mode of the selected biological reactor, using 
advanced mathematical models of the bioprocess and bioreactor.

The present section 3 is dealing with this last aspect of the engineering problem, by using original and modern computational 
techniques, by following the current trend of using hybrid, multi-levels dynamic models of SMDHKM kinetic model type (see the 
below section 3.2) [Maria, 2023; Maria and Luta, 2013; Maria, 2010]. In this way, by solving some important engineering problems 
with using adequate SMDHKM kinetic models, the industrial biosyntheses become more effi cient valuable alternatives for obtaining 
a wide range of products in the food and pharmaceutical industries, being also used in various medical applications.

In this context, the present work makes a remarkable contribution to solving engineering problems that arise when scaling up 
new biological processes, knowing that the engineering part (bioreactor/plant design and their optimal operation, all performed 
in-silico, off-line, through engineering calculations based on a mathematical models) is perhaps the most diffi cult stage in the 
development of a new bioprocess, and in the operation of an industrial bioreactor. As has been proven in the dedicated literature, in-
silico numerical analysis (based on mathematical / kinetic models) of biochemical (enzymatic), or biological processes (the present 
work case) has proven to be not only an essential tool, but also extremely benefi cial for the engineering assessments aimed at 
determining optimal operating policies for biological reactors [Maria, 2020a; Maria and Renea, 2021; DiBiasio, 1989; Maria et al., 
2018C; Scoban and Maria, 2016; Maria et al., 2024d, 2025b; Renea and Maria, 2025].
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The current (“default”) approach in the bioengineering practice for insilico solving design, optimization and control problems 
based on mathematical models of the industrial biological reactors is the use of unstructured Monod-type models (for cell culture 
bioreactors) or Michaelis-Menten-type models (if only enzymatic reactions are considered) that ignore a detailed representations 
of cellular processes. The applied engineering rules are similar to those used for chemical processes (section 1.3.4) and are inspired 
by the theory of nonlinear systems control. However, by only considering the macroscopic process key variables (biomass, substrate 
and product concentrations), these unstructured (apparent, global) models do not adequately refl ect metabolic changes at the 
biomass level in the bioreactor, being unsuitable for accurately predicting the cellular response to external perturbations of the 
culture medium through self-regulated cellular metabolism. These unstructured models may be satisfactory for an approximate 
mathematical modelling of the biological processes, but not for math modelling of cellular metabolic processes, as they cannot 
make any correlation between the operation of the bioreactor and the continuous adaptation of biomass metabolism to the variable 
conditions in the bioreactor. Also, the accuracy of the predictions of these global kinetic models is quite low, and often unsatisfactory.

The current trend. The present work, and the hybrid, multi-levels kinetic models of SMDHKM type, under the WCVV modelling 
framework proposed by Maria [2010, 2013, 2018, 2023], follows the current trend for solving such engineering problems with an 
improved precision, namely the use of the novel hybrid structured, modular, deterministic (with continuous variables and based on 
cellular metabolic reaction mechanisms), kinetic models (SMDHKM), derived under the WCVV novel modelling framework. These 
mathematical models are structured on several levels of detail of the bioprocess, according to the addressed application, which 
concomitantly consider the following bioprocess aspects:

a). The dynamics of key cellular species involved in the studied bioprocess at the cellular (nano-scopic) level. These concerns the 
essential modules of the cell central carbon metabolism (CCM) reactions, the GRC controlling the target metabolite sysnthesis 
(e.g. TRP of [Maria, 2021; Maria and Renea, 2021], or mercury-operon of [Maria, 2010, 2023; Maria and Luta, 2013] );

b). The dynamics of key cellular species involved in any GRC linked to the target metabolite of interest;

c). The dynamics of some key cellular species involved in the analysed bioprocess, should be connected with the dynamics of 
macro-scopic state variables of the bioreactor. That is because the cell import nutrients/ substrates (e.g. glucose - GLC), and 
releases into the environment some metabolites, and metabolic waste.

It is to remark that, if the above cell kinetic model is formulated under the novel WCVV approach, all cell species should be 
considered individually, or lumped to fulfi l the istonicity constraint Eq.(6,11-15), (Table 2-1).

These multi-level hybrid SMDHKM models can numerically simulate, with a high precision, both the key steps in the cell CCM, at 
the cellular scale, responsible for the synthesis of cellular metabolites of industrial interest, as well as the dynamics of the bioreactor 
state variables, at the macro-scopic level.

In this way, more accurate predictions are obtained for both the dynamics of the biological process at the cellular level and for 
the dynamics of the state variables of the analyzed industrial bioreactor. The immediate application of hybrid SMDHKM models is the 
more accurate determination of the optimal operating regime of an industrial bioreactor. An example is provided in section 3.2, and 
others by [Maria, 2021; Maria and Renea, 2021].

Thus, the use of complex hybrid SMDHKM models, taking into account all key species of the cellular bioprocess, coupled with 
advanced numerical multi-objective optimization procedures offers the guarantee of obtaining superior performances for the 
industrial bioreactor. The use of hybrid SMDHKM models taking into account multiple control variables and multiple opposing 
objectives increases the diffi culty of the optimization problem, but, by using the Pareto front technique and by comparing a larger 
number of optimal operating alternatives, signifi cantly superior were obtained compared to the classical approaches to optimize the 
bioreactor operation by using unstructured (apparent/global) kinetic models [Maria, 2021; Maria and Renea, 2021].

According to the reviews of Maria [2018, 2023], basically, the hybrid SMDHKM models taking into account multiple control 
variables, are valuable computing tools useful to: 1) Easily evaluate the cell metabolic fl uxes (that is the biochemical reaction rates 
under stationary / homeostatic) conditions; 2) derive the fl ux balance analysis (FBA) aiming to design GMO-s of desired characteristics 
(‘motifs’); 3). Derive numerical simulations of the bioreactor dynamics with a higher precision, and with a higher degree of details 
(number of considered species in the model); 4) Allow the use of hybrid SMDHKM models for the in-silico, off-line optimization of 
the bioreactor operation; 5) Allows to more accurately predict the biomass response to environmental perturbations, and 5) Allows 
to predict the biomass adaptation to the variable environmental conditions over hundreds of cell cycles.

Maria [2023, 2018] proved the feasibility and the advantages of using the novel WCVV concept to develop hybrid SMDHKM models 
to couple extended cell-scale CCM-based (central carbon metabolism) structured deterministic kinetic models with bioreactor 
classical dynamic models (including macro-scale state variables). Thus the work of Maria [2023, 2018] presents a holistic ‘closed 
loop’ approach for the development of models of biological systems.
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The ever-increasing availability of experimental (qualitative and quantitative) information, at the cell metabolism level, but 
also on the bioreactors’ operation necessitates the advancement of a systematic methodology to organise and utilise these data. The 
resulted hybrid SMDHKM dynamic models were proved to successfully solving more accurately diffi cult bioengineering problems 
[Maria, 2023]. In such SMDHKM kinetic models, the cell-scale model part (including nanolevel state variables) is linked to the 
biological reactor macro-scale state variables for improving the both model prediction quality and its validity range. The three 
examples approached by [Maria, 2023] include development of SMDHKM kinetic models able to:

i). Case study no.1. Simulate the dynamics and optimize the mercury uptake from wastewaters in a semi-continuous fed-batch 
(FBR) threephase fl uidized bioreactor (TPFB) (below section 3.2);

ii). Case study no.2. Simulate the dynamics of a fed-batch bioreactor (FBR) at both cell- and bulk-phase species levels, aiming to 
maximize the tryptophan (TRP) production [Maria, 2021; Maria and Renea, 2021]; 

iii). Case study no.3. Optimize the both production of biomass and succinate (SUCC) in a batch bioreactor (BR) [Maria et al., 2011].

In all the above case studies, in-silico designed genetically modifi ed (GMO) E. coli, or other bacteria cultures have been used. As 
proved, there are multiple advantages of using extended SMDHKM-s. Thus, in the case study (no.1), a higher prediction detailing 
degree is reported, that is prediction of the dynamics of [26(cell species) + 3(bulk species)] vs. only [3 (bulk species)] by a classical 
macroscopic FBR- TPFB model, while covering a wider range of input [Hg2+] loads, with using cloned E. coli cells with various 
amounts of mercury-plasmids [Gmer]. Also, the SMDHKM model offers the possibility to predict the bacteria metabolism adaptation 
to environmental changes over dozens of cell cycles, and the effect of cloning cells to modify their behaviour under stationary or 
perturbed FBR operating conditions. In the case study (no.2) the SMDHKM realizes a higher prediction detailing degree, by predicting 
the dynamics of [11] (cell species) +4 (bulk species)] vs. only   [3 (bulk species)] by a classical macro-level FBR model, while covering 
a wider range of control variables, and various GMO E. coli cells strains. Eventually this latter SMDHKM model was used to derive the 
optimal operating policy of a FBR leading to the TRP production maximization. Besides, the SMDHKM fl exibility is high enough to 
consider a larger number of control variables for the studied bioreactors, that is: (i). biomass concentration, the inlet feed fl ow-rate, 
the inlet [Hg2+], and the [Gmer] concentration in the used cloned cells for the case study (no.1) and, (ii). the inlet feed fl ow-rate, and 
inlet substrate concentration [GLC] for the case study (no.2). (iii). In the case study (no.3), the SMDHKM generates a Pareto-front of 
optimal operating alternatives of a BR, by using various in-silico design E. coli mutants. This approach uses the SMDHKM model and 
a mixed-integer nonlinear programming (MINLP) rule, coupled with an effective adaptive random search to determine the optimal 
metabolic fl uxes of a GMO in respect to multiple economic objectives associated to the gene knockout strategies. Exemplifi cation 
is made for the case of designing an E. coli GMO that realizes maximization of both biomass and succinate production in a BR by 
using an extended structured central carbon metabolism (CCM) model from literature. Comparatively to the linear procedure LP 
that solves a combinatorial problem in a bi-level optimization approach, LP of dimensionality sharply increasing with the number 
of removed genes, the MINLP alternative using the SMDHKM model includes the nonlinear infl uence of fl uxes, and the number of 
checked knockout genes to the main goals. Besides, in case study (no.3), the SMDHKM realizes a higher prediction detailing degree, 
by predicting the metabolic fl uxes dynamics of [72(cell species), involved in 95 reactions +1 (bulk species, i.e. the biomass)] vs. only 
[1 (bulk species)] by a classical macroscopic BR unstructured model, while covering a wider range of control variables, and GMO E. 
coli strains.

3.2. Case study. Optimization of a fed-batch bioreact or (FBR) with immobilized E. coli cells, cloned with mer-plasmids, 
used for the mercury uptake from wastewaters by using a hybrid SMDHKM dynamic model under WCVV modelling 
framework

3.2.1. Symbols used in section 3

aG - G-L specifi c in terfacial area

aL - L-G specifi c interfacial area (identical to aG
)

as- - L-S specifi c interfacial area

Aj- - atomic (molecular) mass of species ,,j”

a,b - rate constants in the Hill-type kinetic expression

Cj- - species, j” concentration

Dj - difussivity of species 'j' in a certain phase"

D = Dm - cell content dilution rate (i.e. cell-- content dilution rate (i.e. cenvolume logarithmic growing rate)
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db- - bubble average diameter

dp- - particle diameter

dr- - reactor diameter

F - feed fl ow rate

FL - Liquid feed fl ow-rate

g - gravitational acceleration

[
2
LHg 

] - Concentration of the mercury ions in the liquid (bulk) phase of the bioreactor

Km - Michaelis-Menten constants

kG -  G-L mass transfer coeffi cient (on gas side)

kH - Henry constant

kL - L-G mass transfer coeffi cient (on liquid side)

ks - L-S mass transfer coeffi cient (on liquid side)

k - rate constant

nH  - Hill-coeffi cient

nPD , NPR- - partial orders of reaction

nj - - number of moles of species ,,j”

ns  - number of species in the cell

NA - Avogadro number

p - overall pressure

pj - partial pressure of species j

 4 3 3
LRe = /p L LL

d    - Reynolds number (liquid)

Rg - universal gas constant

rj - species j reaction rate

ScL = μL/(LDS,L) - Schmidt number (liquid)

( ) / ,Sh k d Ds p S L  - Sherwood number

T - temperature

T - time

tc - cell-cycle time

uG - gas superfi cial velocity

uL - liquid superfi cial velocity

V - volume

vm - maximum reaction rate

X - Biomass in the bioreactor 

Yj - molar ratio of species j to the rest of species in the mixture
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Greeks

 - stoichiometric coeffi cients

 - constant s used in evaluation of particle effectiveness in Table 3-3

G - volume fraction of the gas in the bed

L - volume fraction of the liquid in the bed

p - particle porosity

s - volume fraction of particles in the bed

- optimisation objective function

φ-Thiele modulus 

c- Carman shape factor [Trambouze et al., 1988]

j- effectiveness factor of reaction j

μL - dynamic viscosity of the liquid

- density

π - osmotic pressure

 - interfacial tension

- power dissipated per unit mass of liquid

p - particle tortuosity

Superscript

* - saturation

Index

app - apparent

cell - referrin g to the E. coli cell

cyt - cytoplasma

ef - effective

env - environment

G - referring to gas, or at G-L interface

In - inlet

L - referring to liquid, or at the L-G interface

max - maximum

o - initial

p - particle

ref - reference value 

s - referring to particle, or at liquid (L) - solid (S) interface, or referring to the steady-state

trans - referring to the trasport
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Abbreviations

BR - batch reactor 

CCM - Central carbon metabolis m

FBR - Fed- batch reactor

G-L - gas-liquid

G• - Gene (DNA)

GERM - Individual gene expression regulatory module of reactions

 Gmer - mer plasmids generating mer operons into the cell DNA

GmerX (or GX) - mer genes (X = R,T,A,D)

GRC - genetic regulatory circuit

SMDHKM - structured, modular, deterministic, hybrid kinetic models

L-S - liquid-solid

Mer - mercury

MetG, MetP - Lumps of metabolites used for the G (gene, DNA) and P (protein) synthesis, respectively

M-M - Michaelis Menten

NADPH - Reduced nicotinamide adenine dinucleotide phosphate

NutG, NutP - Lumps of nutrients used for the MetG and MetP synthesis, respectively

P• - protein

PmerX - mer proteins expressed by the mercury (mer) operon

QSS - quasi-steady-state (stationary cell homeostasis)

RSH - compounds including thiol redox groups

S - substrate

SCR - semi-continuous reactor

TF - transcription factor

TPFB - three-phase fl uidized bioreactor

WCVV - whole-cell variable volume modelling framework of Maria [2002,2005,2017a]

X - biomass

[.] - Concentration”

3.2.2. Section 3.2 purpose

This section 3.2 exemplifi es the use of  a complex hybrid SMDHKM kinetic model to solve an engineering problem at an industrial 
pilot scale, that is to insert a complex cell WCVV structured kinetic model of the mer-operon GRC expression in E. coli (Figure 
2-6) into a SMDHKM model, in order to optimize a pilot-scale FBR-TPFB bioreactor (Figure 2-46) used for mercury uptake from 
wastewaters by immobilized E. coli cells cloned with mer-plasmids. The developed SMDHKM dynamic model is linking the cell-scale 
model part (simulating the dynamics of the nano-scale state variables/species) to the biological reactor macro-scale state variables, 
aiming at improving the both model prediction quality and its validity range. Eventually, the SMDHKM model was used to in-silico 
design a GMO (i.e. an E. coli cloned with mer-plasmids in a degree to be determined) for improving its capacity for mercury uptake 
from wastewaters (Figure 2-47).
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The cell SMDHKM dynamic model of the E. coli cloned bacterium is able to simulate the self-control of the GRC responsible for 
the mer-operon expression, and to predict:

(a). the infl uence of the TPFB bioreactor control variables {such as, the feed fl ow-rate (FL), the mercury ions concentration 
2
LHg    , in the feeding liquid, and of the biomass concentration in the bioreactor [X]}; (b).- the infl uence of various bioreactor 

running parameters { such as, the size of the solid porous particles ( dp) of pumice on which the biomass is immobilized; the 
concentration [Gmer] of the mer-plasmides used in the cloned E. coli cells} on the bioreactor performance to uptake the mercury ions 
from wastewaters, and in eliminating them as mercury vapours by the continuously sparged air into the reactor [Maria, 2009b, 2010; 
Maria and Luta, 2013; Maria et al., 2013; Scoban and Maria, 2016; Maria and Scoban, 2017d].

This hybrid SMDHKM dynamic model is also a worthy example of applying WCVV models (section 2.2), and the GERM-s 
properties (P.I.-s) described in section 2.2.3 to adequately represent a complex modular GRC-s as it is the mer-operon expression in 
gram-negative bacteria (such as E. coli cells). The structured GRC-WCVV model was proposed by Maria [2009b, 2010] to reproduce 
the dynamics of the mer operon expression in Gram-negative bacteria (E. coli, Pseudomonas sp.) to uptake the mercury ions from 
wastewaters under various environmental conditions. The model was constructed and validated by using the Philippidis et al. [1991a, 
1991b, 1991c] experimental data, and the Barkay et al. [2003] information on the mer-operon expression characteristics.

Later, based on this information, Maria and Luta [2013] included this cellular GRC kinetic model of the mer-operon expression 
in a hybrid SMDHKM dynamic model of the experimental FBR-TPFB bioreactor of Deckwer et al. [2004] in order to simulate its 

dynamics over a wide range of operating conditions, that is: FL = [0.01-0.04] L/min.; 
2
LHg    in= [10-40] mg/L; [X] = [250 - 1000] 

mg/L; dp = [1 - 4] mm; [Gmer] = [3- 140] nM.. Comparison with predictions of a global unstructured model was made by Maria et 
al. [2013].

As evidenced by this application, the current trend in bioengineering is to use multi-layer (hybrid) kinetic models to extend 
the detailing degree of the developed bioreactor dynamic models, by also including the dynamics of the concerned key-species of 
the cell metabolism. Exemplifi cation is made by coupling an un-structured dynamic model of a FBR-TPFB, used for mercury uptake 
from wastewaters by immobilized E. coli cells on porous pumice granular support (small particles of  1-4 mm), with a structured cell 
simulator of the GRC controlling the mercury-operon expression, and the mercuric ion reduction in the bacteria cytosol. After its 
cytosolic reduction, the metallic mercury leaves the cell by membranar diffusion, and then it is entrained (in the form of vapor) by 
the air continuously bubbled into the bioreactor (Figure 2-46).

Table 3-1: Un-structured (apparent, reduced) kinetic model of Michaelis-Menten type for mercury ions reduction by E. coli (after [Philippidis et al., 1991a-c]). Notations: 
substrate LS Hg Hg2 2

  _
;env

   PT  lumped permease for the membranar transport of Hg2
 env

  into cytosol Hg2
cyt
  PA = lumped reductase to reduce cytosolic mercury ions  Hg2

cyt
  

to metallic mercury Hg0
cyt  ; RSH = low molecular-mass thiol redox cytosolic buffers; NADPH = (reduced) nicotinamide adenine dinucleotide phosphate; subscripts: 'env' = 

environmental; 'cyt' = cytosol. Other notations are given in the symbols list of section 3.2.1. Atfer [Maria and Luta, 2013].
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The obtained results reported a signifi cant improvement in the model prediction quality (ca. 3-12% in state variables, and up 
to 40% in reduction rate vs. experimental information) and in the detailing degree [i.e. simulation of 26 + 3 (cell+bulk) vs. only 3 
(bulk) variable dynamics]. The major advantages of the hybrid model come from the possibility to predict the bacteria metabolism 
adaptation to environmental changes over several cell generations, and also the effect of cloning cells with certain plasmids to 
modify its behaviour under stationary or perturbed conditions.

Basically, this section 3.2 exemplifi es the possibility to couple an unstructured TPFB dynamic model with macro-scale state 
variables [Deckwer et al., 2004] used for mercury uptake by E. coli cells immobilized on pumice millimetric size support, with a 
structured GRC cell model simulating the mercury(mer)-operon expression. The advantages of the hybrid SMDHKM model developed 
by Maria [2009b, 2010], and extended by Maria and Luta [2013] are related to: i) the improvement of the prediction accuracy, and 
of the degree of detail (number of considered species), of the reactor performance / state variable dynamics; ii) the prediction of the 

bacteria metabolism adaptation to environmental ‘step’-like changes in the environmental mercury content 2
LHg     env through 

the modelled cell GRC related to the mer-operon expression, and by mimicking the whole-cell growth under balanced conditions. If 
promising, such an approach can support the idea of (i) improving the quality of process monitoring (control), that is optimize the 
bioreactor operation, and (ii) in-silico design cloned E. coli with an increased content of mer-plasmids to maximize the FBR-TPFB 
reactor performances in uptake the mercury ions from the waste-waters, without exhausting the cell resources. And all these by 
using complex hybrid SMDHKM dynamic model of increased predictive power. The investigation is also supported by the tremendous 
improvement in the computing power over the last decades, and by the continuous expansion of the available information from 
cellular bio-omics databanks, in spite of steady efforts necessary to elaborate detailed cellular numerical simulators.

Exemplifi cations of such modular GRC models used for the insilico design of GMO-s of industrial use includes several published 
case studies by Maria [2018, 2023] (Figure 2-49). Due to the cell metabolism complexity, and existence of control variables at 
both cell-level, together with the bioreactor macro-level, in-silico optimization of an industrial bioprocess by using GMO-s often 
translated in a multi-objective optimization problem [Maria, 2021; Maria and Renea, 2021; Maria and Luta, 2013; Maria et al., 2011; 
Maria et al., 2018b; Maria, 2014b], diffi cult to be solved by using common numerical algorithms. A couple of case studies exemplify 
the own positive experience with applying hybrid SMDHKM dynamic models, also including the cell structured models of CCM, and of 
various GRC-s, used for optimization of the industrial bioreactors operation, or for design GMO-s for improving certain bioprocesses 
of practical interest. See examples of [Maria, 2021; Maria and Renea, 2021; Maria, 2018; Maria and Luta, 2013; Maria et al., 2011; Maria 
et al., 2018c; Maria et al., 2018a].

3.2.3. Mercury ion reduction in bacteria cells - the apparent (unstruct ured) kinetics

Bacteria resistance to mercury is one of the most studied metallic ion uptake and release process (see the review of Barkay et al. 
[2003] ) due to its immediate large-scale application for mercury removal from industrial wastewaters [Deckwer et al., 2004; Wagner-

Döbler et al., 2000; Leonhäuser et al. 2006]. The bacteria response to the presence of toxic mercuric ions in the environment 
2

 Hgenv


 

is apparently surprising. Instead of building carbon- and energy-intensive disposal ‘devices’ into the cell (like chelate-compounds) 

to ‘neutralize’ the cytosolic mercury 
2

 Hgcyt


 and thus maintaining a tolerable level, a simpler and more effi cient defending system 

is used. The metallic ions 
2

 Hgcyt


 imported into cell cytosol are catalytically reduced to the volatile metal 
0
cytHg , less toxic and easily 

removable outside the cell (as 
0

LHg   in the liquid environment of the TPFB) by simple cell membranar diffusion. Such a process 

involves less cell resources and is favoured by the large content (millimolar concentrations) of low molecular-mass thiol redox 

buffers (RSH) able to bond and transport 
2

 cytHg 
 in cytosol as Hg(SR)2, and of NAD(P)H reductants able to convert it into neutral metal 

0
 cytHg . (see the overall reactions of Table 3-1). A genetic regulatory circuit (GRC) responsible for the involved mer-operon expression 

controls the whole process, by including seven genes of individual expression levels of 5 encoded proteins, of which expression is 
induced and adjusted according to the level of mercury  Hg(SR )2, and other metabolites into cytosol (Figure 2-6). The whole process 
is tightly cross- and self-regulated to hinder the import of large amounts of mercury into the cell, which eventually might lead to 
the blockage of cell resources (RSH, NADPH, key-metabolites, and key-proteins), thus compromising the whole cell metabolism.

While the role of each mer-genes and mer-proteins in the mercury ion reduction process is generally known, not all the 
regulatory loops of the mer-operon expression are perfectly understood, and also the way by which the cell adapts itself 

to variations of mercuric ion concentrations 2
 Hgenv

  in the environment. Philippidis et al. [1991a-c] proposed a reduced 

apparent (un-structured) kinetic model, of Michaelis-Menten (M-M) type, to quickly simulate the global (apparent) 

mercury uptake process by E. coli, that is: the membranar transport of environmental 
2

 Hgenv


 into the cell (of rt rate), and its 

reduction (rP rate, see Table 3-1). To highlight the slowest process step, separate experiments have been conducted with
cultures of intact cells or ‘permeabilized’ cells (with a more permeable cell membrane to metallic ionic species). The results clearly 
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showed that membranar permeation is the rate controlling step, being of one order of magnitude slower than the cytosolic mercuric 
ion reduction. Identifi cation of rate constants of the two main reactions for cloned E. coli cells with an increasingly copynumbers 
of mer-plasmids (of concentration denoted by [Gmer]), in the range of [Gmer] = 3-140nM, comparatively to [Gmer] = 1- 2nM (for 
wild-types of E. coli) reveals the following aspects (Table 3-1):

(i). The rate constants are strongly dependent on the mer-plasmids (genes) level into the cloned E. coli cells, the reaction 
mechanism being more complex than those suggested by the two apparent reaction rates (rt and rP) of Philippidis et al. [1991a-c];

(ii). Such reduced kinetic models can only represent very approximately the overall mercury uptake by the cells, and the steady-
state process effi ciency, being useful for quick bioprocess scale-up, and rough engineering calculations [Deckwer et al., 2004];

(iii). The un-structured models (of M-M type) can not represent the mer operon (that is the associated GRC) response to various 

environmental inducers, or the cell response to stationary or dynamic perturbations in the mercury level ( 2 2
L  Hg Hgenv
  ) in the 

bioreactor liquid-phase, or the cell response to variations in the mercury concentrations HgL
2+ in the FBR-TPBR feeding. Also, the 

apparent M-M kinetic model can not explain and simulate/predict the selfregulation of the whole membrabar transport - reduction 
process, and how the mer-gene expression is connected to the cell volume growth and the cell content replication;

(iv). The cellular uptake process may be improved by increasing the mer-permease content into the cell, up to a limit of ca. 
[Gmer] = 80nM mer-plasmids [Philippidis et al., 1991a-c], higher than the permeation rate remains unchanged, thus preventing 
exhaustion of the cell metabolic resources, and its death. From the same reason, the cell regulatory system maintains an upper limit 

for the membranar transport of environmental 
2

 Hgenv


 into the cell (rt) irrespectively to th
2

 Hgenv


 concentration in the environment, 

the cytosolic 
2

 Hgcyt


 concentration never exceeding a 3,500-5,00nM) level, due to the mentioned reasons.

Table 3-2: Nominal operating conditions and characteristics of the fed-batch (FBR) three-phase fl uidized bed reactor (TPFB) used for mercuric ions uptake by the immobilized 
E. coli cells on pumice porous support (Footnote a)[Deckwer et al., 2004; Maria, 2010; Maria and Luta, 2013]. Notations are given in section 3.2.1.
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Table 3-3: Three-phase fl uidized bed (TPFB) reactor model of [Maria, 2009b, 2010, 2012]; [Doran, 1995; Maria and Luta, 2013; Moser, 1988; Trambouze et al., 1988]. Index 
„s” = concentration at the particle surface (considered identical to those in the bulk-phase). Notations are given in section 3.2.1.
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Table 3-4: The structured variable cell-volume whole-cell (WCVV) model proposed for the reduction of cytosolic mercury ions 2
cytHg    to metallic mercury  0

cytHg  in cloned 
E. coli cells. Adapted from [Maria, 2009b, 2010; Maria and Luta, 2013]. Notations are given in section 3.2.1. TF= transcription factor.

To model and explain these unsolved aspects, an extended structured cell model has been developed by Maria [2009b, 2010], of 
a WCVV type (see section 2.2) to simulate the mer-operon expression in the “wild”, or modifi ed (cloned) E. coli. The GRC dynamic 
model includes seven GERM-s linked by following the rules described in section 2.2.4, and by accounting the few experimental 
information of Philippidis et al. [1991a-c], and of Barkay et al. [2003]. The derived GRC is able to simulate the mer-operon expression, 
and the process self-control at a molecular level under isothermal and isotonic conditions.

3.2.4. The TPFB bioreactor model and its nominal operating conditions

To exemplify the co nstruction of the hybrid SMDHKM dynamic structured model for the analysed mercury removal process, 
the TPFB bioreactor of Deckwer et al. [2004] was approached. The main characteristics and the nominal operating conditions of 
this TPFB bioreactor under a semi-continuous (FBR) operation are presented in the Table 3-2. As a fi rst step, in the engineering 
analysis of this TPFB bioreactor, it is important to emphasize, by using the model-based numerical simulations, its mercury removal 
performances under various operating conditions. Thus, it resulted that the most infl uential factors on the mercury uptake effi ciency 
are ranked to be used for the further operating decisions.

The used lab-scale TPFB bioreactor of (Figure 2-46, and Figure 2-47, up-right) includes a resistant E. coli cell culture. The bioreactor 
is completely automated being able to maintain its control parameters of (Table 3-2) at their optimal set-point, by ensuring a constant 

pH , temperature, a constant feed fl ow-rate, and inlet mercury concentration [
2
LHg 

]in, a constant sparkling air feed fl ow-rate, and a 

constant concentration of nutrients used as C/N/P source for the biomass optimal growth. Initially, to study this bioprocess, Deckwer 
et al. [2004] used E. coli bacteria immobilized on alginate beads, but further tests have been extended by using porous pumice granules 
of 0.9 mm to 4 mm diameter. The pumice carrier checked in the present paper is particularly attractive, the carrier exhibiting a high 
BET area and porosity, a large pore size (even higher than 10 μm), thus allowing a good diffusion of the substrate (mercuric ions) to 
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Table 3-4a: ●Seven GERM-s: two modules for mediated transport of [Hg2+]env into cytosol (catalysed by PT lump) and its reduction (catalyzed by PA); four GERM-s for 
mer-operon expression including successive synthesis of PR (transcriptional activator of other protein synthesis), lumped PT permease, PA reductase, and the control 
protein PD; one GERM for lumped proteome P and lumped genome G replication control; 
● This GRC including 7 GERM-s for mer-operon expression is in-silico “placed” in a simulated growing E.coli cell to mimic the cell homeostasis and its response to 
stationary and dynamic perturbations;
● NADPH and RSH are considered in excess in the E. coli cell, of ca. 140 μM NADPH [Philippidis et al., 1991a-c];
● isothermal, iso-pH, homogeneous bulk liquid. 
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Table 3-5: E. coli cell characteristics and the considered cell key-species stationary concentrations at homeostasis. After [EcoCyc, 2005; Maria, 2009b, 2010; Maria and 
Luta, 2013].
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the cells from inside the support, and of the resulted metallic mercury in the bioreactor bulk. The operating conditions are tightly 
controlled, that is the liquid fl ow rate, the aeration rate (pO2), pH, and temperature to ensure an equilibrated bacteria growth (Table 3-2). 
The supplied oxygen is suffi ciently enough to guarantee a good cell metabolism, and a high content of cytosolic NADPH necessary for
mercuric ions reduction in the cell cytosol. Beside, the continuously bubbling air plays also the role of a carrier for the resulted 
volatile metallic mercury, by removing it from the liquid system. Eventually, the mercury vapours from the air leaving the system are 
condensed and recovered [Deckwer et al., 2004]. A background pollution of ca. 100 nM is considered in the input water (that is ca. 0.02 
mg/L, which is smaller than the metabolic regulation threshold of 0.05 mg/L), thus maintaining active the mer-operon into the E. coli 
cell. The biomass content (X) of the support is variable (ca. 0.6-3 gX/L, according to [Deckwer et al., 2004; Berne and Cordonnier, 
1995], but a quasi-constant level of ca. 1gX/L can be maintained by employing a purge/renewal system for the solid particles. At an 
industrial-scale, when treating polluted waters, the outlet gas (air) from the bioreactor, containing the volatile metallic mercury, 
is passed through an adsorption device, or through a desublimator system allowing the recover of metallic mercury [Ledakowicz et 
al., 1996].

To simulate the (semi-)continuous TPFB bioreactor performance, a dynamic ideal model was considered [Moser, 1988; 
Trambouze et al., 1988], by assuming homogeneous (perfectly mixed) liquid and gas phases, and an uniform distribution of the solid 
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particles (of uniform characteristics) in the G-L-S fl uidized bed. By accounting for only the apparent mercury uptake rate (rapp) by the 
immobilized bacteria (of concentration cx in Table 3-1) in the spherical solid carrier (of s), the mercury mass balance in the liquid and 
gas phases is presented in the (Table 3-3). The TPFB reactor dynamic model includes terms referring to the mass balance in the bulk 
(liquid, L) phase, the gas phase (G), the interphase L-G transport (rtrans) of the volatile mercury, and the bioprocess inside the solid 
particles (rapp). The former one, also includes the diffusional resistance of the substrate (mercury ions) / product (dissolved metallic 
mercury) transport through the pumice support pores.

More specifi cally, the mercury dfferential mass balance in the TPFB given in (Table 3-3) includes the following terms:

(i). The apparent mercury reduction rate, evaluated at the solid interface;

(ii). The substrate (that is 2 2
L  S Hg Hgenv
   ) diffusional transport in the particle, expressed by the effectiveness factor () evaluated 

using the Thiele modulus for an apparent Michaelis-Menten type reaction [Doran, 1995], the effective diffusivity ( Ds,ef ) 
accounting for the molecular diffusion (DS,L), the particle porosity (p) and the tortuosity () (other resistances being neglected 
[Narasimhan et al., 1999];

iii). The apparent rate rj,app was evaluated from solving (on every time-increment, for the considered species “j”) the quasi-steady-
state equality of mass fl uxes at the solid-liquid (S-L) external interface (also including the external diffusion coeffi cient ksas 
[Doraiswamy and Sharma, 1984];

iv). The liquid-to-gas transport rate rtrans of the metallic mercury (
0 0
L G to Hg Hg ), evaluated from the quasi-steady-state equality 

of mass fl uxes at bubbles interface, by accounting for the mass transfer coeffi cients kLaL (on the liquid fi lm side; experimental 
value adopted), and kGaG (on the gas fi lm side; value from application of the Sharma’s relationship given by Trambouze et al. 
[1988]).

The resulted hybrid dynamic model of (Table 3-3), with the apparent MM kinetics of (Table 3-1) allows simulating the transient 
operating conditions of the TPFB bioreactor by using an apparent MichaelisMenten kinetics of Philippidis et al.[1991a-c]. This 
apparent model of (Figure 2-50) can only give a rough idea on the bioreactor dynamics, but it is unable to describe the biomass 
adaptation to environmental changes, that is variations in the both inlet feed fl ow-rate and inlet mercury load in the infl uent. To 
offer a prediction to such engineering requirements, a structured kinetic model of the mercury uptake in the E. coli bacteria at a 
cellular level is necessary. The next section describes the WCVV structured cell model proposed by Maria [2009b, 2010] to simulate 
the dynamics of the mer-operon expression self-regulation in the “wild”, or modifi ed E. coli under various environmental (bioreactor 
operating) conditions.

By using the reactor model and the apparent Michaelis-Menten kinetics of Table 3-1, the TPFB dynamics has been simulated 
under the nominal operating conditions of Table 3-2, but every time varying one operating parameter, that is:

(a). The inlet 
2
LHg     in concentration from the background pollution level (0.02mg/L) to successively 1,5 , or 10mg/L  levels 

(Figure 2-51);

(b). The inlet liquid fl ow rate FL of 0.01, 0.02, and 0.04 L/min (Figure 252);

(c). The biomass load cx on the solid support taken as 0.1, 0.25, 1.0 gX/L (referred to the liquid volume) for a constant fraction of 
the solid in the reactor (Figure 2-53);

(d). The use of particle average diameter dp of 1 mm, or 4 mm respectively (Figure 2-54).

The results of these TPFB simulations over ca. 50 min. running time reveal that the liquid residence time in the reactor [defi ned 
as the ratio between the inlet liquid fl ow rate, FL (equal to the liquid exit fl ow rate), and the quasi-constant liquid volume in the 
bioreactor], and the biomass content (cx) are the most infl uential operating parameters, being directly responsible for the realised 
mercury uptake conversion. For instance, by doubling the feed fl ow rate FL (from 0.02 to 0.04 L/min), the uptake conversion is 
reduced with aprox. 5%. The particle size is also important, an increase in the average dp leading to a higher resistance to the 
diffusional transport in pores and to a particle effectiveness () diminishment (from 0.51 for dp = 1 mm, to 0.15 for dp = 4 mm, under 
nominal conditions).

On the other hand, the biomass average load in the reactor can be adjusted by employing a continuous purge-renewal system 

of the solid particles. As another remark, the mercury content in the input fl ow, 2
L  Hg ]in
  can vary in the range of 1- 40mg/L, and 

it presents a signifi cant infl uence on the mercury reduction effi ciency and on the mercury vapour content in the output gas (Figure 
2-51). As further proved, this last parameter is also of tremendous importance for adaptation of bacteria metabolism when using wild 
or cloned cells with an increased copynumbers of mer-plasmids (denoted here by [Gmer]).
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3.2.5. E. coli cell structured dynamic model for mercury uptake, and its use to optimize the TPFB  bioreactor

3.2.5.1 Generalities on the proposed extended hybrid SMDHKM model

A fi rst approach to derive a kin etic model for this complex bioprocess / bioreactor is those of Maria [2009b, 2010]. 
The resulted hybrid dynamic model of (Table 3-3), with the apparent M-M kinetics of (Table 3-1) allows simulating the 
transient operating conditions of the TPFB bioreactor, but of a low quality prediction about the bioreactor dynamics. The 
main drawback of this TPFB apparent model is coming from its inability to describe the biomass adaptation to environmental 
changes, that is variations in the both inlet feed fl ow-rate and mercury load in the infl uent. And, self-understood this 
rough model can give no information about the dynamics of the inner cell species related to the mer-operon expression. 
To offer a prediction to such engineering requirements, a structured kinetic model of the mercury uptake in the E.
coli bacteria at a cellular level is necessary. The next section describes the WCVV structured cell model proposed by Maria [2009b, 2010] 
and valorised by Maria and Luta [2013] in a SMDHKM kinetic model able to simulate the dynamics of the mer-operon expression self-
regulation under various environmental (bioreactor) conditions. This model was constructed and validated by using the experimental 
data of Philippidis et al. [1991a-c], and the experimental information of Barkay et al.[2003] on the mer-operon characteristics. The 
WCVV cell model was built-up by accounting the GERM-s library of Maria [2005,2017a], and their relative performance indices ( 
P.I.-s) of section 2.2.3, and the linking rules presented in section 2.2.4.

The E. coli cell WCVV kinetic model proposed by Maria [2009b, 2010] includes the all GRC-s responsible for the control of the mer- 
operon expression and for the whole process of mercury ions removal. The proposed GRC includes 4 lumped genes (denoted by GR, 
GT, GA, GD in (Figure 2-19, Figure 2-46, Figure 2-47, Figure 2-55) of individual expression levels induced and adjusted according 
to the level of mercury and other metabolites into cytosol. The whole process is tightly cross- and self-regulated to hinder the 
import of large amounts of mercury into the cell, which eventually might lead to the blockage of cell resources (RSH, NADPH, other 
metabolites, and proteins), thus compromising the whole cell metabolism. This GRC model includes four linked GERM-s of simple 
but effective [G(PP)1] type (see the discussion of sections 2.2.3, and 2.2.4) as follows (see Figure 2-55 and Figure 2-56):

(i). a GERM to regulate (calibrate) the 2Hg   transport across the cellular membrane, mediated by three proteins (PmerP, PmerT, 
and PmerC) from the periplasmatic space, considered as a lumped permease PT in the model. Phillippidis et al. [1991a-c] 
found this transport step as being energy-dependent and the rate-determining step for the whole mercury uptake process. 
Once the mercuric ion complex arrives in the cytosol, thiol redox buffers (such as glutathione of millimolar concentrations) 
form a dithiol compund Hg(SR)2. Almost instantly, the GT, that is the lumped gene encoding PT, starts its expression induced 
by the regulatory protein PR. Any other perturbation is easily ‘smoothed’ by the large ‘ballast’ effect of the proteome lump 
P. (see section 2.2.4-VI).

(ii). a GERM to control the expression of the PR protein that induces and controls the whole mer-operon expression 
in the presence of cytosolic 2Hg  (even if they are present in traces, that is low nM concentrations). This 
GERM acts as an amplifi er of the merexpression leading to a quick (over ca. 30 s) cell response by starting
the mer-enzymes production [Barkay et al., 2003]. The encoding GR gene expression to obtain PR is tightly controlled by the 
control protein PD, present in small amounts into the cell. The GR gene expression starts almost instantly in the presence of 
even small mercury concentrations in the cytosol.

(iii). a GERM to control the expression of PA enzyme responsible for the Hg(SR)2 (that is 
2

 Hgcyt


) reduction to metallic mercury 

( 
0

 Hgcyt ) into cytosol. The metallic mercury is relatively non-toxic for the cell, being easily removable through membranar 

diffusion into the bioreactor bulk liquid-phase. From here, metallic mercury ( 
O
LHg  ) is continuously removed by the sparged 

air as mercury vapours  o
GHg , to be later recovered. The encoding GA gene expression is induced and controlled by the PT 

protein.

(iv). a GERM controlling the control protein PD synthesis. This protein has a complex role, by maintaining a certain level of GR 
expression even when the mercury is absent in the cytosol [Barkay et al., 2003].

(v). a GERM controlling the replication of the lumped cell proteome (P) and genome (G) (of concentrations 107 nM, and 4500 
nM , respectively) in the immobilized E. coli cells. These data are based on the Ecocyc [2005] databank (Figure 2-57), thus 
mimicking the cell ‘ballast’ effect on the cell genes expression, and on the all considered reactions (see section 2.2.4-VI). 
The need to include the cell content lump (the so-called ‘cell ballast’, see section 2.2.4-VI) in the WCVV model is due to the 
isotonicity constraint Eq.(6,11-15), that imposes to include in the model the all cell species, individually, or lumped. This 
lumped proteome/genome regulated module is legitimated by the possibility offered by such a structured WCVV cell model 
to ‘mimics’ the cell response to dynamic/stationary perturbations (section 2.2.3), and to reproduce the “smoothing effect” 
of perturbations leading to more realistic transient times (comparing to a cell with a ‘sparing’ content), the synchronized 
response to certain inducers, and the ‘secondary perturbation’ effect transmitted via the cell volume to which all cell 
components contribute {see Eq. (6,11-15), and the discussion of section 2.2.4-VI; Maria [2017a, 2018; Maria and Scoban, 2017, 
2018]}.
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In total, the GRC dynamic model describing the mer-operon expression includes only 26 individual 
or lumped cellular species involved in 33 reactions (Figure 2-55, and Figure 2-56). The structured
cell WCVV model is presented in the (Table 3-4). The cell model is coupled with the FBR -TPFB in a SMDHKM dynamic model (Table 

3-3) through the ,  j appr  linked to the  ,j j sr c  occurring inside cell, and by the imported 
2

 cytHg 
 and excreted 

0
 cytHg  mass balances. 

The WCVV cell model includes not only the reactions and the dynamics of the mer-GRC, but also the enzymatic reactions directly 

responsible for the environmental mercury 
2

 envHg 
 (also denoted by 

2
LHg 

) import into the cell as 
2

 cytHg 
, and for its reduction to 

cytosolic metallic mercury 
0

 cytHg  in cloned E. coli cells.

All reactions in the cell model of (Table 3-4) are considered elementary, excepting some of them for which extended experimental 
information exists; see the discussion of [Maria, 2009b, 2010; Maria and Luta, 2013]:

(a). a Michaelis-Menten rate expression for the mercuric ion permeation through the membrane into the cell;

(b). a Michaelis-Menten rate expression for the mercuric ion reduction in cytosol;

(c). a Hill type quick induction of the GR expression that can rapidly initiate the production of permease PT (through the control 
protein PR) when mercuric ions are present in large amounts.

(d). Dimmerization reactions of TF-s are considered to be much rapid than the enzyme synthesis, while equal concentrations 
of active gene (G) and inactive (GPP) forms of the generic gene G are considered at homeostasis to maximize the GERM 
effi ciency (see section 2.2.4.-III) (Figure 2-55, and Figure 2-56).

(e). The lumped proteome P, present in a large amount, is included in all gene expression rates, thus leading to a more realistic 
evaluation of the GERM regulatory effi ciency indices (P.I.-s) (section 2.2.3).

(f). The model rate constants are estimated from solving the cell stationary mass balances for using the known nominal 
concentrations of observable species, with a rule presented by Eq.(11-15), and by the section 2.2.1.3. , but also from optimizing 
the GERM-s regulatory indices, as described in the mentioned paragraph. The E. coli cell characteristics and the considered 
cell key-species homeostatic concentrations used in the rate constants estimation are given in (Table 3-5).

Exceptions are the Michaelis-Menten rate constants for the mercury transport and its reduction in cytosol adopted from the 
Phillipidis et al.[1991a-c] based on experimental kinetic data. Thus, the M-M rate constants depends on the amount of [Gmer] 
plasmids in the cloned E. coli cells (Figure 2-56, and Figure 2-50). Simple correlations are used to include this essential aspect 
in the model. Some stationary concentrations of species of little importance in the model (e.g. [GRPRPR]) have been estimated 
together with the model rate constants, by imposing the GRC optimal regulatory (P.I.-s). For instance, by estimating some unknown 
stationary concentrations of few number of intermediates, and by adjusting the optimum TF level of gene expression, to obtain the 
minimum recovering times after a 10% dynamic perturbation in the key species, and smallest sensitivities of the homeostatic levels 
vs. external perturbations (see sections 2.2.1.3, and 2.2.4).

As extensively discussed in the section 2.3, such a cell WCVV structured model presents a large number of advantages, being able 
to:

(1). Simulate the cell metabolism adaptation when the environmental mercury level changes. Such a reconfi guration of the levels 
of mergenes and mer-proteins is presented in the (Figure 2-58) as a step response after a, step’-like perturbation in the 

mercury level from [ 2
 Hg s 0.1 Menv     to 10 μM (ca. 2 mg/L), in a cloned E. coli cell with mer-plasmids of [Gmer] = 140 nM, 

compared to a cell cloned with only [Gmer] = 3 nM. The transient state toward the cell new homeostasis of adapted mer-gene/
protein levels stretches over 15-20 cell cycles (of ca. 0.5 h each) as long as the environmental perturbation is maintained. 
Clearly, an E. coli cell with a higher content of merplasmids reacts much strongly to the perturbation, by quickly starting to 
produce the enzymes responsible for the mercury removal.

(2). Because the Hg2+ reduction rate constants are dependent on the mer plasmids level into the cell, the WCVV GRC model can 
predict the maximum level of mer-plasmids that can be added to the cell genome for improving its mercury up-taking rate 
(and capacity) without exhausting the internal cell resources, thus putting in danger the cell survival. Consequently, it follows 
that this cell model allows the insilico design of modifi ed E. coli cloned with a suitable amount of merplasmids to improve its 
possibility of cleaning wastewaters by improving its capacity to uptake the environmental mercury. As an example, in the 
(Figure 2-59) are presented the cell key-component stationary levels, and concentration of mercuric ions in the bioreactor 
bulk-phase for two analysed GMO-s: one cloned with 67 nM, and another one cloned with 140 nM. Simulations of Maria and 
Luta [2013] revealed that as the mer-plasmids level is increasing, as the mercury uptake capacity in increasing. However, an 
upper limit exists (around 140 nM) over which the cell resources will be exhausted, putting its metabolism in danger. The 
present SMDHKM – WCVV kinetic model put in evidence such a tendency (see Figure 4 of [Maria, 2010]).
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(3). By coupling the structured cell model of (Table 3-4) with the threephase continuous bioreactor model FBR-TPFB of Table 3-3 
(with immobilized E. coli cells on pumice beads; see also the bioreactor model in the Figure 2-50), Maria and Luta [2013], and 
Maria et al. [2013] have been able to determine the optimal operating policies of the bioreactor in relationship to the culture of 
cloned cells characteristica. Similar studies are reported by Scoban and Maria [2016, 2017d], but using a global (unstructured) 
kinetic model.

3.2.5.2. Extended SMDHKM - WCVV model structure

To model the mercury uptake by E. coli bacteria at a cellular level , Maria [2009b, 2010] proposed a WCVV structured model that 
reproduces the dynamics of the mer-operon expression under various environmental conditions (this section 3.2). The model was 
constructed and validated by using the Philippidis et al. [1991a-c] experimental data, and the Barkay et al. [2003] experimental 
information on the mer -operon characteristics. The proposed GRC, of modular construction, includes seven GERM-s “placed” in an 
E. coli cell (by also including the lumped genome/proteome replication) of known characteristics (size, cell cycle, copynumbers of all 
individual or groups of components from EcoCyc databank [2005]). The whole-cell approach allows predicting the dynamic response 
of the involved mer-operon considered species and of the other lumped cell components to various perturbations, by mimicking the 
cell growth and its response to external stimuli.

The mer-GRC acts by adjusting the expression level of individual mer-genes (self-regulation), but also by balancing the 
expression of related genes through various regulatory loops activated by certain exo-/endogeneous inducers. The basic unit 
of the construction is the semi-autonomous GERM (sections 2.2.1 and 2.2.2) that control one gene expression [Maria, 2005, 
2007; Savageau, 2002]. To not complicate the GRC dynamic model, the GERM module must include the minimum number 
of individual/lumped species/reactions necessary to adequately represent the experimental information. For instance, 
the gene expression general schema of (Figure 2-60) can be translated into a modular structure of reactions, more and more 
reduced depending on the GERM representation importance. Maria [2005], and Yang et al. [2003] proposed a nomenclature 
of the GERM units that includes negative feedback regulatory loops and a cascade control [see section 2.2.4-III, and Eq.
(19)], thus allowing application of the control theory principles to quantitatively evaluate the individual GERM and the whole GRC 
regulatory performance indices ( P.I.-S, see section 2.2.3), such as: stationary effi  ciency to treat ‘step’-like perturbations in key 
species concentrations; dynamic effi  ciency to treat ‘impulse’-like perturbations (translated by the species recovering times of the 
steady-state / homeostasis); responsiveness to stimuli (expressed by the transient times from one steady-state to a new one); species 
connectivity (expressed by a synchronised response to perturbations); system stability region and strength (see [Maria, 2017a, 2007; Wall 
et al., 2003] for details).

The GRC lumped reaction pathway for mercury uptake in E. coli proposed by Maria [2009b, 2010] is schematically illustrated in 
(Figure 255). It contains seven linked GERM-s, as follows: (i) a GERM to regulate the Hg2+ transport across the cellular membrane, 
mediated by a lumped permease PT, which is synthesized by the GT gene expression induced by the regulatory protein PR. Once the 
mercuric ions arrive in the cytosol, thiol redox buffers (such as glutathione of millimolar concentrations) form a dithiol derivative 
Hg(SR)2; (ii) a GERM to control the synthesis of the PR protein that induces and controls the whole mer-operon expression in the 
presence of cytosolic Hg2+ (even in nM concentrations). This GERM acts as an amplifi er of the mer expression leading to a quick 
(over ca. 30 s [Barkay et al., 2003]) cell response, by starting production of mer-enzymes. The gene GR expression to obtain PR is 
controlled by the protein PD, present in small amounts into the cell; (iii) a GERM to control the synthesis of PA reductase responsible 
for the Hg(SR)2 reduction to metallic mercury (relatively non-toxic for the cell, easily removable through membranar diffusion). 
The encoding gene GA expression is induced and controlled by the PT protein; (iv) a GERM controlling the protein PD synthesis, 
having the role of maintaining a certain GR expression level in the absence of mercury [Barkay et al., 2003]; (v) a GERM controlling 
the replication of the lumped cell proteome (P) and genome (G) (of large concentrations), thus mimicking the cell ‘ballast’ and 
‘smoothing’ effect of perturbations on the other gene expressions and reactions of the cell (see section 2.4.-VI); (vi) two reaction 
modules, characterizing the Hg2+ import into the cell (activated / saturated by the environmental Hg2+, mediated by PT and RSH), and 
its cytosolic reduction mediated by PR in the presence the renewable co-enzyme NADPH (present in excess in the cell).

The WCVV model equations for the mercury uptake in E. coli, together with the general hypotheses of 
the WCVV model are presented at the top of (Table 3-4). Basically, the cell is considered an open system,
of uniform content and negligible inner gradients. To not increase the number of parameters, the structured model includes GERM-s 
of simple form, but of better regulatory effi ciency (see sections 2.2.3, 2.2.4, and Figure, 2-9, Figure 2-13, Figure 2-16, and Figure 2-37) 
for all mer-genes, by using dimeric TF-s (of Protein:Protein type) to increases the GERM regulatory effi ciency, as in-silico proved in 
the above mentioned sections and fi gures, and by [Maria, 2009, 2017a; Salis and Kaznessis, 2005]. The resulted SMDHKM - WCVV 
kinetic model includes 26 individual or lumped cellular species and 33 reactions. All reactions are considered elementary, except 
some for which extended experimental information exists, that is the Michaelis-Menten rate expressions for mercury permeation 
into the cell, and its reduction in cytosol. A Hill type induction of the GR expression is adopted to rapidly amplify the mer operon 
expression when mercuric ions are present in signifi cant amounts inside cell. Dimmerization reactions of TF-s are considered to be 
much rapid than the enzyme synthesis, while equal concentrations of active (G(i)) and inactive (G(i):TFTF) forms of the generic gene 
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G(i) are considered at homeostasis to maximize the GERM effi ciency (see sections 2.2.3, 2.2.4, and Fig, 2-9, Figure 2-13, Figure 2-16, 
and Figure 2-37) [Maria, 2005, 2017a, 2018]. The homeostatic characteristics of E. coli cells (belonging to a uniform culture) from the 
reactor, and the adopted species concentrations are presented in (Table 3-5).

Phillippidis et al. [1991a-c] have proved, on an experimentally basis, that the membranar permeation step is the rate-determining 
step for the mercury uptake by the bacteria, and they used cloned E. coli cells with a higher amount of mer-plasmids (Gmer from 3 
to 140 nM) to increase the content of mer-genes producing mer-enzymes responsible for the mercury uptake process. However, the 
increased mercury reduction effi ciency is obtained up to a certain limit of mer-plasmids (with imported mercury ions controlled by 
the permease PT) to not exhaust the internal cell resources thus putting in danger the cell survival. This limit will be determined here 
by using the SMDHKM - WCVV kinetic model of Maria [2009b, 2010].

When simulating the TPFB reactor performance (of nominal conditions given in the Table 3-2) by employing a classical unstructured 
reactor model (see section 3.2.3), the biomass adaptation to variable input loads is not accounted for, that is the maximum rates vm,t, 
vm,p, and the Michaelis inhibition constants Km,t, Km,p,, and Kip of (Table 3-1) are kept constant (eventually depending only on the Gmer 
plasmid level). In fact, vm,t and vm,p rate constants depend on the cell enzyme average levels of PA (reductase) and PT (permease) 
(Figure 2-55),

which vary during the bacteria adaptation in the bioreactor under stationary or transient conditions.

To solve this problem by also offering a more detailed and robust prediction on the cell system dynamics, the TPFB bioreactor 
and the mer-GRC of E. coli cell models were coupled in a hybrid structured SMDHKM - WCVV kinetic model. The linked differential 

mass balance equations (i.e. ODE set) are solved simultaneously, by applying a mutual exchange of input/output parameters 

2 0
  { Hg ], Hgenv env

     , enzymes PT and PA concentrations} on every small time increment throughout the solution (integration) of the 
SMDHKM model, as graphically represented in (Figure 2-55).

The solving rule involves successive integration steps with an adopted time-step-interval equal to the cell cycle (ca. 30 min 
), enough to obtain the steady-state of the TPFB reactor on every time-interval, as following: ((i)The rule starts with solving the 
extended hybrid SMDHKM E. coli cell model by using the known initial conditions (that is the cell species initial state, or those from 

the end of the previous integration cycle), and by considering the current concentration of 
2

 Hgenv
 ] in the bioreactor liquid phase 

(the nutrients are considered in excess and of constant levels, not included in the SMDHKM model). Thus, the cell species dynamics 
over one cell cycle is obtained from solving the WCVV cellular model. (ii) Then, the TPFB reactor model is solved over the current 
time-interval by using the known initial condition (i.e. the reactor state variables from the end of the previous time-interval), and by 
considering the enzymes PT and PA concentrations resulted from the E. coli model solution. [PT] and [PA] are necessary for setting 

the maximum reaction rates , 7m tv k cPT  and , 8m Pv k cPA in the reactor model (Table 3-4-a). The biomass level on the support is 

taken constant in the simulated case study, but an additional mass balance can be easily added to the reactor model if necessary.

The procedure is repeated of a large number of times, over hundreds of cell cycles. For instance, (Figure 2-58) displays 

the E. coli cell adaptation after a ‘step’-like perturbation in the environmental 
2

 Hg senv
   (that is in the bioreactor bulk-

phase) from the background level of 0.1 μM to 10μM (ca. 2 mg/L), for the case of cell cloned with [Gmer] = 3 nM (full 
line), or with [Gmer] = 140 nM (dash line) mer-plasmids. The transient state toward the cell new homeostasis usually 
lies over 15-20 cell cycles as long as the environmental stationary perturbation is maintained. The simulated species 
dynamic trajectories in this (Figure 2-58) reveal a vigorous response of the cell mer-species (especially of PT, and

PA) to the perturbation in the environmental 2
 Hgenv

   s (i.e. liquid bulkphase).

3.2.5.3. Fitting the extended HSMDM model parameters from experimental data

To overcome the high computational effort nece ssary to fi t the large number of rate constants of this extended WCVV - 
SMDHKM model, and to increase its confi dence and physical meaning, a three-steps procedure was employed based on the available 
experimental data and additional information from literature, as followings.

(a). Mass transport parameters of the TPFB reactor, that is interfacial partial transfer coeffi cients ( , ,S S L L G Gk a k a k a ), effective 

diffusivity (Def), and particle effectiveness factor () have been estimated by using the experimental data of Deckwer et al. 
[2004], and based on common correlations from the chemical engineering literature (Table 3-3) evaluated for the specifi ed 
reactor operating conditions of (Table 3-2).

(b). Cell model parameters are estimated by using the Philippidis et al. [1991a-c] kinetic data obtained from separate batch 
experiments with notcloned (“wild”) E. coli cells. By using the defi ned cell nominal characteristics of (Table 3-5) (the key 
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notations are the followings: tc = cell cycle time; Vcyt,o born cell volume; cX = biomass concentration in the bioreactor; P = cell 
lumped proteome; G = cell lumped genome; NutG, NutP = lumped nutrients for the G and P synthesis, respectively; [Gmer] = 
mer-plasmid level in the nucleus. The stationary levels of the essential cell mer-proteins (PA, PR, PD), and for the involved TF-s 
(PRPR, PTPT, PAPA, PDPD) are taken from the literature data, and by maximizing the GERM-s regulatory effi ciency P.I.-s (see 

section 2.2.1.3). The resulted rate constants of (Table 3-4) have been estimated for the most severe experimental conditions 

of 
2

 s 120 MenvH     , and [Gmer] = 140nM, to broaden the model adequacy domain. The used fi rst guess of Hill-induction rate 

constants ( 1, 0.5, 2,PD PR Hn n n a     3) have been adopted at values recommended in the literature, by similarity with the 

Hill-induction of gene expression in genetic switches (see the remarks included in Table 3-4), while the Michaelis-Menten 

rate constants of mercury membranar transport ( max, ,t mtr K ), and its reduction rates’ constants (  , , ,max mP iPr P K K ) have been 

kept at the fi tted values of Philippidis et al. [1991a-c] (Table 3-1). The reference concentration cHg2cy, ref was adopted at the 

average cytosolic level of mercuric ions detected by Philippidis et al. [1991c]. During model estimation, the GERM regulatory 
indices have been kept at their optimized levels, which corespond to: (i) Equal concentrations of catalytically active/inactive 
forms [G(j)]s = [G(j)TFn]s adopted at steady-state to ensure GERM maximum regulatory effi ciency vs. perturbations (i.e. 
smallest sensitivities of the homeostatic levels vs. external perturbations, see section 2.2.3, and Figure 2.20, Figure 2-32); (ii) 
adjustable optimum [TF]s level (ca. 4 nM here; Table 3-5) involved in the gene expressions to obtain the minimum recovering 
times after a dynamic perturbation in the key species (section 2.2.1.3, and [Maria, 2009, 2017a, 2018; Maria and Scoban, 2017, 
2018]). Other adjustable parameters, such as the cell concentration in biomass (ccell, are tuned to fi t the experimental cellular 
mercury reduction rate of Philippidis et al. [1991a].

(c). The model validity is extended over a wider experimental range, by covering the input 
2
LHg 0 100mg / L    

, and plasmid levels of [Gmer] = 3 - 140 nM. All these have been realised by adjusting some keyparameters 
of the extended WCVV - SMDHKM model, and by applying two concomitant fi tting criteria, that is: (1) the 
cytosolic mercury reduction rate should fi t the experimental values of Philippidis et al. [1991a-c], obtained for 

,permeabilized’ cells (that is using the estimation criterion of “Min ,exp 8,modelr rHg , see r8 of Table 3-4); (2) the

TPFB reactor output cHg, out predicted by the unstructured model (Table 3-1, and Table 3-3, and chap. 3.2.3) with using 
the Philippidis et al. [1991c] Michaelis-Menten parameters and the mass transfer terms, in order to fi t with those of the 
structured hybrid (cell + reactor) SMDHKM dynamic model of (Table 3-3, and Table 3-4). The Hill parameter b = 2a4 was 
adjusted by using the following approximate linear dependence on the inlet mercury load:

    min max min
min max min , , , ,/ ,Hg in Hg in Hg in Hg ina a a a c c c c    

(see the fi tted values amin and amax in Table 3-4 - footnote d). The above simplifi ed correlation tries to account for 
the infl uence of the environmental mercury on the induction characteristics of the mer-operon expression, that is a 
slow induction in the presence of low levels of Hg2+ inducer, and a sharp (sigmoidal) mer-operon expression response 

to high levels of 
2

 Hgcyt
    inducer. When a certain saturation level is reached, the limited cell resources will impose 

a ‘reduction’ of the metabolic synthesis of mer-proteins, and a decrease of their levels into the cell, irrespectively
to the increased amount of mercury in the environment [Philippidis et al., 1991a-c].

The extended hybrid SMDHKM model predictions are in a satisfactory agreement with the experimental data. Thus, the predictions 
of rHg of (Figure 2-61, A-C) (curves ‘2’) roughly fall within the confi dence band (that is the standard deviation limits) [,Eup’, 
Elow’] of the experimental curves (,E’) of Philippidis et al. [1991a] for three different cloned cell cases (confi dence curves being 
plotted by taking constant the reported maximum relative error of ca. 20%). The unstructured model (section 3.2.3, Table 3-1 , and 
Table 3-3) predictions (that is curves ‘1’ ) reported apparent  rHg of low adequacy, that is lower values due to the rough bioprocess 
representation by the Michaelis-Menten global model, and due to the inclusion of the mass transport resistance between the three-
phases in contact (as also done by the hybrid SMDHKM model). The extended hybrid SMDHKM model adequacy in terms of standard 
error ‘Std’ / average observed value ‘ Obs’ ratio is evaluated for every cloned cell culture, leading to Std/Obs of 22.3%, 16.7%, 20.4%, 
19.9%, 18.8% for [Gmer] levels of 3, 67, 78, 124, and 140 nM respectively, that is acceptable values comparable to the maximum 
experimental error (of 20%). The structured vs. unstructured model outputs, in terms of outlet mercury concentration (cHg, out) are 
also in a fair agreement (curves not display here), that is Std/Obs values of 3.0%, 4.7%, 3.7%, and 12% for [Gmer] levels of 67, 78, 

124, and 140 nM respectively. The model poor adequacy for the [Gmer = 3nM data set and low 
2
LHg     in the environment (input) 

might be explained by the use of a less adapted E. coli cell than probably those studied by Phillipidis et al. [1991a], refl ected by a 
smaller [PA] initial level of 600 nM (see the PA-curve in Figure 2-61-D). Once a higher level of Gmer - plasmids are introduced into 

the cell, and a higher 
2
LHg 

stimulus level is present, then the cytosolic PA level is tripling.
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The extended hybrid SMDHKM structured model rate constants (see the above point (b), and Table 3-4) are in a good agreement 
with the reported data from literature, as pointed-out in the same (Table 3-4). The fi tted rate constants multiplied by the reactant 
lead to reaction rates of the same order of magnitude with those reported in the literature for similar genetic processes, such as 
the TF (repressor monomer) dimmerization, the TF binding to gene operator, or the mRNA (genes) synthesis reactions (Table 3-4) 
[Maria, 2009b, 2010]. This observation sustains the physical meaning of model parameters, thus increasing the SMDHKM structured 
model robustness.

By extending the detailing degree of the bioreactor dynamic model at a cellular level, the resulted hybrid SMDHKM structured 
model preserves the fair adequacy of the unstructured model, but adding the possibility to predict the cell species/fl uxes dynamics, 
and the biomass adaptation to the environmental changes [Maria, 2010]. By offering details on the cell metabolism adaptation, on 
the ‘intrinsic’ reduction rate, and possibilities to in-silico predict the modifi ed cell response to various stimuli, such hybrid SMDHKM 
structured models are clearly superior to the unstructured (apparent) bioreactor dynamic models. Consequently, even if complex, 
extended hybrid SMDHKM structured models worth the supplementary experimental and computational effort to derive them.

3.2.5.4. Prediction of the bioreactor dynamics by using the extended HSMDM model compared to the unstructured 
model

Simulation of the TPF B bioreactor with the unstructured model (including only 3 bulk variables, that is [Hg2+], [Hg0], X) of (Table 
3-1 , and Table 3-3) can predict the dynamics of the mercury uptake ( 3 bulk variables) by the biomass and the resulted metallic 
mercury transfer in the liquid and gas phase of the TPFB, as displayed in (Figure 2-62) after a ‘step’-like perturbation in the Hg2+ 
level of the input fl ow (Figure 2-62, up-left) from traces of mercury ( 100 nM ) up to 20 mg/L(curves ‘1’). These predicted trajectories 
are neither identical, nor close to those predicted by the structured hybrid SMDHKM WCVV cell and reactor model (including 26 
cellular +3 bulk variables) (curves 2’ ) for two types of cloned cell cases (with [Gmer] = 67 nM and [Gmer] = 140 nM, respectively). 
Also, against the unstructured model, the hybrid SMDHKM WCVV reactor model correctly predict the [Hg2+] quick increase in the 
reactor outlet.

The difference between the two process models (structured vs. unstructured) are even bigger. Thus, the structured SMDHKM 
WCVV model is able to ‘visualise’ the dynamics of the involved metabolic processes over several cell cycles and the response and 
the adaptation of the cell target metabolism (mer-operon expression here) to the external stimuli. As plotted in (Figure 2-63), the 
structured bi-level SMDHKM WCVV model can predict the sharp increase in the mer-genes (GR, GT, GA, GD) levels and, the encoded 
mer-proteins (PR, PT, PA, PD), and cytosolic (‘intrinsic’) reduction rate, as well as the cytosolic content of mercury for both cloned 
cell cultures following a step-perturbation in the infl uent Hg2+ load (at an arbitrary time t = 9000 min). As the plots indicate, the 
transient period is of ca. 450 min (over the interval marked [9000, 9450] min on the time-axis), that is over ca. 15 cell cycles. The 
cell levels of the involved mer-genes and of their encoded proteins are continuously changing, while the genetic information is 
transmitted from one cell generation to the next one. In accordance to its structure, the cell model can also predict the effect of 
increasing the content of some genes (or of removing them by gene knock-out technique, not approached here). Such modelling 
aspects are impossible to be represented by an overall / unstructured model. Moreover, the structured SMDHKM WCVV model can 
predict the cell characteristics and operating conditions required to obtain an imposed effi ciency of the bioreactor (not presented 
here; see an example for another process given by Maria and Renea [2021]).

One disadvantage of the structured hybrid SMDHKM WCVV models is related to the large amount of required experimental 
information on the cell metabolism and on the studied GRC necessary to adequately fi t the model parameters. Another disadvantage 
is related to the required large computational time (up to hours on a common PC using a ‘stiff’ integrator) to obtain a reasonable 
prediction of the cell bioprocess evolution. However, this last constraint is not very strong for the process monitoring purposes, 
as long as most of the industrial biological processes are slow, with a time constant much larger than the required simulation 
time. Beside, for quick control purposes, a reduced hybrid unstructured model can be used instead, being adjusted by using the 
experimental data (see the example of Maria [2023]).
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