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Abstract: Background/Objectives: Bacteria rarely live in well-defined environment. Even in the 

biotechnological reactors cells are surrounded by hundreds of byproducts and their derivatives, let 

alone complex microbial communities in the gut or soil. Yet all modern genome-scale metabolic 

(GEM) models were developed with minimal media in mind. Methods: In this study, we propose the 

use of a novel FBA-PRCC (Flux Balance Analysis – Partial Rank Correlation Coefficient) approach for 

the analysis of GEM models under nutrient-rich conditions. This method combines flux space 

sampling with global sensitivity analysis (GSA), enabling a more comprehensive understanding of 

the metabolic behavior of organisms beyond traditional constraint-based modeling techniques. 

Results: Using FBA-PRCC, we identify two novel modes of species–metabolite 

interaction: attraction and avoidance. These concepts offer a framework to quantify and utilize 

interspecies metabolic dependencies, potentially transforming how we understand community 

function in microbiomes. Our results show that sensitivity coefficients provide complementary 

insights to standard knockout analysis, Flux Variability Analysis (FVA), and CoPE-FBA. However, 

analysis of auxotrophic mutants reveals that sensitivity coefficients are highly non-robust in the 

presence of alternative pathways: even weakly active bypasses can suppress signals from key 

metabolic routes. Conclusions: While FBA models are usually developed for well-characterized 

laboratory strains in controlled conditions, they fail when applied to bacteria in the complex 

environments like the human gut or skin. Better description of the metabolite transport and new 

modelling approaches are required to overcome this problem. 

Keywords: flux-balance analysis; global sensitivity analysis; genome-scale metabolic models; rich 

environment 

 

Introduction 

Flux-based analysis (FBA) of whole-genome metabolic reconstructions (GEM) stands as a 

computational method at the forefront of systems biology and metabolic engineering [1,2]. This 

sophisticated approach plays a pivotal role in modeling and analyzing the intricate networks of 

biochemical reactions that constitute an organism's metabolism. The essence of FBA lies in its ability 

to provide a quantitative framework, offering predictions and insights into the dynamic flow of 

metabolites through cellular metabolic pathways under specific environmental or physiological 

conditions [3]. 

Whole-genome metabolic reconstructions (GEMs) serve as foundational datasets representing 

the entirety of biochemical reactions that an organism's genome encodes. These reconstructions 

encompass a detailed inventory of metabolic pathways, including reactions, metabolites, and 

associated enzymes. GEMs are constructed based on the genomic information of an organism, and 

they serve as a comprehensive roadmap of its metabolic potential. Recent advances in the GEM 

reconstruction reviewed in [4] 
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Flux-based analysis, when applied to GEMs, takes advantage of the stoichiometry and 

connectivity information embedded within these reconstructions. It operates on the principle of mass 

balance, considering the conservation of mass, charges, elements and metabolic moieties throughout 

the network. FBA enables the determination of flux distributions, representing the rates at which 

metabolites converts by different reactions within the cellular metabolism. The process begins by 

defining an objective function, typically the optimization of a specific cellular process, such as 

biomass production, ATP generation, or substrate utilization. FBA then employs linear programming 

techniques to find the optimal distribution of flux values through the metabolic network that 

maximizes or minimizes the chosen objective function, subject to the constraints imposed by the 

system [1]. 

In practical terms, FBA allows researchers to simulate and predict how an organism's 

metabolism responds to various conditions. For example, FBA can be used to analyze how changes 

in nutrient availability, genetic modifications, or environmental factors influence the distribution of 

metabolic fluxes. This predictive capability is particularly valuable in metabolic engineering, where 

researchers aim to design or optimize microbial strains for the production of specific compounds, 

such as biofuels, pharmaceuticals, or industrial chemicals [5–9]. 

Another area of the active use of FBA models is in the medical application. Development of the 

human metabolic reconstruction [10,11] and reorganization it with tissue specific submodels into 

integrated whole-body model [12] open the avenue for a better understanding of the pathological 

processes such as cancer development [13,14]. Apart from human GEM, number of large collection 

of models were created by manual curation [2], semi-automated reconstruction [15,16], or fully-

automated reconstruction [17] techniques.  

What is common between all such reconstructions, as was noted by Van Pelt-KleinJan with 

coauthors [18], is that all of them are based on experimental flux data from limited media growth. 

This is reasonable from experimental point of view, as single carbon source experiment allows to 

compare experimental growth rate with essentiality data from the model. But that type of model 

identification impose some limitations to the interpretation of the model results in nutrient-rich set 

up. The rich environment is very common as in biotechnological application, for example in the food 

industry [19,20] and when bacteria participate in the community and interact with its members by 

production and consumption of nutrients [21]. The interaction between pathways utilizing different 

substrates make solution space more complex and increase number of non-unique solutions to the 

optimization FBA problem. In [18] authors propose the technique using enumeration of Elementary 

Conversion Modes to overcome that limitation. In this paper we propose the use of alternative 

approach [22] for analysis of the GEM FBA solution space in the nutrient-rich environment, which is 

based on sampling flux space and global sensitivity analysis (GSA),. 

The randomized sampling of the FBA solution space is widely used for analysis of model 

behaviour [23,24]. The great advantage of sampling is that it does not require any objective function 

to be optimized, so it allows to identify hidden relationships between reactions, genes and 

metabolites imposed by the physical, chemical and kinetic constraints applied to the metabolic 

network. That approach allow identification of the high-rate backbone of the model [25], analysis of 

flux correlations and identification of flux modules [26]. Number of algorithms were developed for 

the sampling solution space [27]. However, there are approaches of sampling, which are different 

from straightforward Monte-Carlo. Loghmani et al. [28] combine random flux sampling with Flux 

Variability Analysis (FVA) to separate reactions into “robust” and “sensitive” groups. In our FBA-

PRCC approach [22] we are sampling not the flux values space, but the parameter space of the FBA 

model which defines the reaction boundaries to identify reactions and enzymes that significantly 

influence the cost function via GSA techniques.  

The Global Sensitivity Analysis (GSA) is an approach used in dynamic modelling to evaluate 

the impact of parameters on the model output [29–32]. Application of GSA techniques to the FBA 

GEM models recently gain interest, for example Damiani and co-authors implement Sobol’s variance 
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based indices to understand how variation of exchange reaction constraint influences the growth rate 

[33,34].  

In FBA-PRCC we apply Partial Rank Correlation GSA technique [29] to the FBA model by vary 

flux bounds and estimate its influence on target objective function. We called reaction sensitive if at 

least one of its bound values show statistically significant effect on the objective function. Like 

Damiani we optimized biomass production and restrict ourselves by estimate sensitivity coefficients 

of exchange reactions constraints to identify which exometabolites influence the growth of bacteria.  

There are two key differences between Sobol’s variance-based indices and Partial Rank 

Correlation coefficients: (i) Sobol’s method is extremely computationally expensive, and (ii) it 

provides only value of the index, while PRCC gives both value and sign of the influence. Later, we 

will discuss how sensitivity coefficient sign could be interpret in terms of specie-metabolite 

interaction. Another difference is that PRCC suppose the monotonicity in relationships between the 

variable value and the target function. That type of dependence is difficult to prove, but we must 

clarify that the lack of monotonicity would blur dependence and make PRCC insignificant, but if 

PRCC is already significantly differ from zero the monotonicity could be considered proven. In other 

word we could miss some sensitive variable due to non-monotonic dependency, but if the target 

function is already sensitive to the variable it will stay sensitive. 

In this paper we will use growth rate as the FBA target function and restrict ourselves to the 

analysis of media components, i.e. we will estimate sensitivity indices for the exchange reactions 

boundaries to understand which components of the rich media significantly influence the growth of 

the bacteria despite the presence or absence of other components. 

Materials and Methods 

The metabolic network with 𝑚  metabolites and 𝑟  reactions is described by a 𝑚 × 𝑟 

stoichiometry matrix 𝑁 . The (𝑖, 𝑗)-th entry of 𝑁 , nij , is the stoichiometric coefficient of the 𝑖-th 

metabolite in the 𝑗-th reaction. Any reaction flux vector 𝑣 that satisfies equation 𝑁𝑣 =  0 contains 

reaction fluxes describing some steady state of the system. In Flux Balance Analysis [1] the 

optimization problem is solved to identify unique solution vector vosuch that 𝑤vo  =  max
v

𝑤𝑣 for 

vl ≤ v ≤ vu, where 𝑤 is the objective coefficient vector, and reaction bounds are vl and vu. 

There is a special type of reaction in the constraint-based modelling called 'boundary reactions', 

which usually describe the exchange of metabolites between the extracellular compartment next to 

the cell and the external bulk environment. Usually, such reactions represent availability of the 

components of the media the bacteria growth in. We are interested in the estimation of the sensitivity 

of the objective function to the values of boundary reaction bounds to analyze role of various media 

components in bacteria growth and survival. 

Our approach consists of three steps: 

1. Define parameter space: for irreversible boundary reactions only one parameter (vu or  vl ) is 

created, for reversible boundary reactions two parameters created for each reaction --  vl and 

vu. 

2. Generate a set of quasi-random low-discrepancy points in the parameter space. Update 

parameters (reaction bounds) and find the optimal objective value for each point in the 

parameter space. 

3. Remove from parameters bounds of reactions, which have unique flux value in all solutions. 

4. Calculate Partial Rank Correlation Coefficient (PRCC) for each parameter and objective values. 

The statistical significance of the PRCC value is estimated by as described by Marino et al [29]. 

The sufficiency of the sample size for reliable PRCC estimation is controlled by the top-down 

coefficient of concordance (TDCC): when TDCC between PRCC vectors calculated at different 

sample sizes exceed the threshold of 0.9, sample size is considered sufficient for analysis. 

The GEM model of E. coli str. K-12 substr. MG1655 was taken from the AGORA2 collection [16] 

in SBML format. Mutant model hisD was created by removing reactions HISTLOX and HISTDOX 

which controlled by hisD gene, encoding Histidinol dehydrogenase. Mutant model hisD with no 
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AlaHis transport was created by removing ALAHIStex to prevent assimilation of the AlaHis 

dipeptide. Mutant model trpB was created by removing reactions TRPS1, TRPS2, and TRPS3, which 

depends upon trpB gene encoding tryptophan synthase -chain. 

The random sampling of the exchange model constraint was performed with the Sobol quasi-

random low-discrepancy sequence [29,35] that was generated with the python Quasi-Monte Carlo 

submodule of the SciPy v.1.7.3 [36]. Model simulation was performed with the Cobrapy v.0.25.0 [37]. 

All calculations are performed with Python version 3.10.2. 

PRCC calculations were performed with R package ‘sensitivity’ version 1.28.0 [38]. TDCC values 

are calculated by ‘ODEsensitivity’ R package version 1.1.2 [39]. All calculations are performed with 

R version 4.2.1 [40]. 

All simulations were performed on the OIST HPC cluster with 8CPU and 64GB per job. Sobol 

points generation, application to the reaction boundaries and optimization of objectives were 

performed in chunks of 8192 per job. Calculations of the PRCC sensitivity coefficients were 

performed on 524288 Sobol points, obtained from 64 jobs per model, in chunks of 10 features per job. 

Convergence of the calculation was controlled by TDCC between consecutive datasets different in 

8192 Sobol points. The TDCC value between 516096 and 524288 was 0.979 (Supplementary Table1). 

The average execution time is 30 minutes per job for the Sobol point calculations. Average models, 

such as `Escherichia_coli_BW25113`, with number of exchange boundaries around 500 needs about 

hour to calculate ten PRCC values over 500K Sobol points on the node with 16 CPUs and 256Gb of 

memory. The large model, such as ̀ Escherichia_coli_str_K_12_substr_MG1655`, which has more than 

1100 exchange boundaries, need 14 hours to calculate ten PRCC values over 500K Sobol points on the 

node with 16 CPUs and 256Gb of memory. Memory footprint growth rapidly with the number of 

Sobol points: 262K points fits into 32Gb of memory, while 390K requires 64Gb and 450K requires 

128Gb. 

Results 

For the analysis of the role of nutrient availability on the bacterial growth FBA uses so-called 

extracellular metabolites and exchange reactions. Flux through exchange reaction represents 

consumption of the compound if its value is negative and production if it is positive. So, for all 

metabolites that could be consumed by the cell exchange reactions have negative lower bound and 

for all metabolites that could be exported from the cell corresponding exchange reaction have positive 

upper boundary. To visualize this, we could draw arrow from cell to metabolite for production flux 

and from metabolite to cell for consumption flux (Figure  1A).  

The exchange reaction in the standard FBA paradigm represents passive diffusion so 

interpretation of the positive PRCC values is straightforward. Positive sensitivity of the upper bound 

indicate that the growth positively correlates with the rate of metabolite production, so we could call 

such metabolite product. In a similar manner positive sensitivity coefficient of lower bound means 

that growth significantly depends upon consumption of the corresponding metabolite (Figure 1A).  
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Figure FBA-PRCC sign interpretation. A – correspondence between bounds and flux directions; B – free 

diffusion interpretation of bounds with negative PRCC coefficients. 

Interpretation of the negative coefficient is more challenging. Negative PRCC value for the 

upper/lower bound indicate that increase in rate of the metabolite diffusion from/to the cell 

corresponds to decrease of the growth. In that situation cell would try to decrease the corresponding 

diffusion rate, and as the diffusion rate is defined by the concentration gradient the obvious way to 

decrease the rate is to decrease the gradient. For the upper bound it would mean to find the niche 

with high concentration of the corresponding metabolite, so cell could still produce it but won’t lose 

it via diffusion. For the lower bound it would mean to find the niche with low concentration of the 

correspondent metabolite, so there is nothing to consume. According to this line of reason we will 

call metabolites with negative upper bound PRCC value attractant and metabolites with negative 

lower bound PRCC – repellent (Figure  1B).  

We sampled absolute value of each non-zero constraints of exchange reactions and analyzed 

nutrient sensitivity of the Escherichia coli K12 sub-strain MG1655 GEM from AGORA2 collection [16] 

together with two autotrophic mutants hisD and trpB, which are deficient in biosynthesis of 

histidine and tryptophan correspondently [21]. Analysis of the autotrophic mutants shows that in the 

rich media condition hisD mutant is not sensitive to the presence of L-histidine in the media. It 

appears that the model contains another source of histidine available: it can use dipeptide AlaHis as 

the external source of L-histidine. To analyze the true autotrophic histidine-dependent model it is 

possible to remove AlaHis exchange reaction from the model, but it would change the dimensionality 

of the model parameter space and makes it impossible to calculate solutions of this model at the same 

set of Sobol points as the other three models. To keep parameter space undisturbed, we block the 

AlaHis assimilation by removing ALAHIStex reaction from the hisD mutant model.  

3.Analysis of the wild-type model behavior 

For each boundary we have estimate its PRCC value significance and kept only those with p-

value below 0.The size of the sampling was controlled by the top-down coefficient of concordance 

(TDCC) and estimation of a significance of the difference between PRCC coefficients obtained in 

consecutive jobs of 8192 Sobol points as described in [29]. The TDCC values are plotted on the 

Supplementary Figures S1-S5 and the significance of the difference for the selected parameters are 

plotted on the Supplementary Figures S6-S7.  

Out of 1120 constraints in the model about 53% (594) correspond to reactions, which are blocked 

(have zero flux value) in the solution of all simulated Sobol points (Supplementary Table S23). This 

means that processing of the corresponded metabolites would require that both boundaries for the 

exchange reactions should have the same sign. Negative if we enforce consumption or positive to 
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enforce production. However, most of these reactions describe drug metabolism and corresponding 

metabolites could not be considered as media components anyway. Parameters of the blocked 

reactions were removed from consideration. 

Table Sign distribution among sensitivity coefficients for the wild-type model. 

Sign/Boundary Lower Upper 

Negative 3 4 

Positive 31 30 

Among remaining parameters only 6% (68) have PRCC value significantly different from zero 

with p-value below 0.Out of these 68 constraints 31 exchange reactions have lower bound sensitive 

(Table 1, Supplementary Table S4) and 30 have upper bound sensitive (Table 1, Supplementary Table 

S5). There is one metabolite, which have both constraints significantly sensitive: Glycerol 3-

phosphate, which means that both production and consumption significantly influences growth rate.  

From Supplementary Table S4 it could be seen that set of substrates is quite different from what 

usually returned by knockout analysis. Highest PRCC value (0.73) is shown by the consumption of 

Nicotinamide ribotide (NMN), which is NAD precursor. Next thre positions are occupied by 2-

Oxobutanoate (0.24), L-threonine (0.19), and Citrate (0.05) which are not often found in the list of 

essential metabolites. Some aminoacids such as lysin, arginine, proline, and glutamate are sensitive 

substrates with relatively low PRCC value. All ions, which comes directly to the biomass formation 

reaction within the model, are also among significantly sensitive metabolites, but their PRCC values 

are quite small. Among unexpected substrates are several drugs. Some of them, such as 

Norverapamil Glucuronide, could be metabolized by bacterial glucuranidase and used up by the cell 

or excreted and reabsorbed by the host. Appearance of other drugs among highly sensitive substrates, 

such as Neoprontosil and 1,2,4-Triaminobenzene, are complete mistery, because they are involved in 

the complex network of interconversions which require NADH/NADPH.  

The Supplementary Table S5, which shows the most significantly sensitive products, contains 

more interesting results. Highest PRCC value (0.70) is shown by the Propionate, which followed by 

Acetate (0.55) and Acetoacetate (0.52). Theese metabolite are known to participate in signalling 

interaction between gut epithelium and microbiota, their high sensitivity coefficients could also show 

that the metabolism overflow [41,42] is not the exception strategy, but quite common regime. The 

CO2, which is most expected product, is located on the sixth place with PRCC value 0.Sulfanilamide 

(0.03) and Prontosil (0.01) are products of metabolisation of Neoprontosil and 1,2,4-Triaminobenzene, 

while Norverapamil (0.005) is the product of Norverapamil Glucuronide hydrolysis. Some 

metabolites, such as Succinate and Glycerol 3-phosphate, are listed as both product and substrate, 

which means that the parameter space contains areas, where growth coupled with production or 

consumption of such compounds. Our analysis shows that those areas are non-ovelapping. 

Metabolites that belong to the two new types Attranctants and Repellents ( Negative row of the 

Table 1) are shown in the Supplementary Tables S6 and S7 correspondently. As expected PRCC 

values in those tables are much smaller in the absolute value compare to the Substrates and Products. 

It is also expected that all 3 Repellents are drug molecules. Interesting that L-serine (-0.003) and 

Glycerol (-0.0025) are two Attractants. It would be more naturally to see them among Substrates. 

3.Analysis of the Auxotrophic Mutant Model Behavior 

To check how sensitivity coefficients reflect changes in the structure of the metabolic network 

we have created two auxotrophic mutant models of E. coli: trpB and hisD, in which we block the 

biosynthesis of Tryptophan and Histidine correspondently.  

The Supplementary Tables S19, S20, S21, and S22 shows Substrates, Products, Attractants and 

Repellents for the trpB model. As expected, L-tryptophan become significantly sensitive substrate 

with PRCC value 0.The rest of the substrate table remains the same with slightly smaller PRCC values 

and minor changes in order at the end of the table. Similar rearrangements could be seen in the 

Products table. The D-glucitol appears in the Repellents table with PRCC value -0.003 and three new 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 April 2025 doi:10.20944/preprints202504.1004.v1

https://doi.org/10.20944/preprints202504.1004.v1


 7 of 12 

 

metabolites become significantly sensitive Attractants: Thiamin (-0.008), Riboflavin (-0.004), and 

calcium (-0.0025). That makes calcium both substrate and attractant in this model. 

 

Figure Influence of the Histidine (A and C) and AlaHis (B and D) influx boundary on the biomass production 

in the wild-type (A and B) and ∆hisD (C and D) models. Sobol points where the boundary was active shown in 

red and placed on different panels. Boundary considered active if its move cause change in the objective 

functions. 

The Supplementary Tables S9, S10, S11, and S12 shows Substrates, Products, Attractants and 

Repellents for the hisD model, and comparison with the wild-type results from Supplementary 

Tables S4, S5, S6, and S7 shows that they are almost the same apart from tiny variation in PRCC 

values. Careful analysis of the model shows that there is another source of the histidine in the media 

definition: cell can import AlaHis dipeptide. To check that this influx makes model insensitive to the 

presence of L-histidine in the media we modify the hisD model by removing ALAHIStex to prevent 

assimilation of the AlaHis dipeptide. The naïve approach of removing exchange reaction EX_alahis(e) 

would change the structure of the parameter space and render modified model results incomparable 

with other models in this analysis, so blocking ALAHIStex keeps the EX_alahis(e) active and at the 

same time makes pool of periplasmic AlaHis empty.  

The Supplementary Tables S14, S15, S16, and S17 shows Substrates, Products, Attractants and 

Repellents for the hisD model with blocked AlaHis assimilation, and as expected L-histidine become 

the fourth sensitive substrate with PRCC value 0.In a way similar to the trpB model Products table 

did not change, but Attractants remains the same as in the wild-type model and from Repellents 

disappear one drug. 

Our analysis is implemented in such a way, that all four models are simulated in the same set of 

524288 Sobol points representing different media compositions. That makes it possible to compare 

not only cost function values between model, but optimal flux through any selected reaction. To 

check is the presence of AlaHis in the media and its influx really render the hisD model insensitive 

to the presence of L-histidine in the media, we check the “activity” of the EX_his_L(e) and 

EX_alahis(e) reactions boundaries. Concept of the boundary activity was introduced in [18] but could 
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be traced to the Palsson book [43], where active constraints were called dominant and inactive 

redundant. Activity of the boundary is calculated by changing its value and checking changes in the 

cost function. If extension of the boundary cause increase in the cost function the boundary 

considered active. Figure 2 shows how the values of low bounds of the L-histidine and AlaHis 

exchange reactions influence the growth rate. It could be seen that the presence of L-histidine controls 

the growth rate only of wild-type model in the narrow interval of its values, while AlaHis constraint 

is barely ever active. What is surprising is that the picture does not change in the hisD model. This 

keeps the question why presence in the model of insignificant bypath render model insensitive to the 

presence of L-histidine in the media open. Despite that the second mutation gave expected results 

exact explanation why PRCC coefficient of the low bound of the EX_his_L(e) reaction in the hisD 

model is missing. 

Discussion 

Mechanistic understanding of the role of different components of the rich media for the growth 

and physiology of microorganisms is of paramount importance for solving both scientific and 

technological problems. Overflow metabolism, which cause overproduction of byproducts in the 

nutrient-rich environment, could decrease yield in biotechnological reactor and make specie the 

keystone in the complex microbial community. In this paper we have shown how global sensitivity 

analysis could be used to address this problem. We have used Sobol low-discrepancy sequence 

[30,35,44] to create wide range of media compositions by sampling 524288 quasi-random points from 

the 1120 dimensional space of the exchange reaction boundaries from the E. coli str. K-12 substr. 

MG1655 model, which was taken from the AGORA2 collection [16]. Using the same set of Sobol 

media, we find the optimal growth rate for four models: wild-type model, hisD model, which was 

created by removing reactions HISTLOX and HISTDOX which controlled by hisD gene, encoding 

Histidinol dehydrogenase, hisD model with no AlaHis transport, which was created by blocking 

ALAHIStex reaction in the hisD model to prevent assimilation of the AlaHis dipeptide, and  trpB 

model, which was created by removing reactions TRPS1, TRPS2, and TRPS3, which depends upon 

trpB gene encoding tryptophan synthase -chain. It should be noted that unlike the traditional flux 

space sampling [45,46] we sample reaction boundary values thus changing the shape of the solution 

polytope and analyzing the influence on the growth rate. We have calculated Partial Rank Correlation 

Coefficient (PRCC) [29] between exchange reaction bounds and growth rate as the sensitivity 

measure of influx or outflux of particular metabolite. 

We have shown that the set metabolites, which influx/outflux to the model is important for the 

growth rate is quite different from what usually considered as essential metabolites. For example, 

four most important outflux metabolites demonstrates that the owerflow of the metabolism is the 

common situation in rich media, containing a lot of different metabolites ready to be consumed. 

Being correlation coefficient PRCC provides not only magnitude of the sensitivity, but the 

direction as well. Interpretation of the positive PRCC values is straightforward: those metabolites are 

substrates and products of the bacterial metabolic network. To interpret the negative PRCC values 

we have introduced two new modes of specie-metabolite interaction could be added to the standard 

consumption and production. Avoidance interaction describes the interaction in which cell looking 

for the environment with low concentration of the metabolite, for example, some microaerophile 

strains demonstrate avoidance link with the oxygen (data not shown). Attraction interaction on the 

other side makes cell look for the environment with high concentration of the metabolite, for example 

to prevent loss of the important intermediate via passive transport. We provide names for the 

negative sensitivity interactions (attraction and avoidance) based upon passive diffusion 

interpretation, which of course could be wrong due to regulation that is not included in the model. 

For example, attraction interaction (negative sensitivity of the upper bound) could be due to exchange 

reaction in the model, which normally blocked either transcriptionally, like lactose transporter, or by 

other means. But we will keep those names, as they easy to remember and interpret in the case of 

uncontrolled exchange. 
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Our results show that sensitivity coefficients provide complementary insights to standard 

knockout analysis, Flux Variability Analysis (FVA), and CoPE-FBA. Apart from ions, which directly 

incorporated into the biomass production reaction none of essential molecules appears in the 

significantly sensitive metabolite lists identified by the FBA-PRCC. However, analysis of auxotrophic 

mutants reveals that sensitivity coefficients are highly non-robust in the presence of alternative 

pathways: even weakly active bypasses can suppress signals from key metabolic routes. 

Conclusions 

This section is not mandatory but can be added to the manuscript if the discussion is unusually 

long or complex. 
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