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Table S1: Kinetic mechanism, inhibitors, activators, allosteric effectors and number of subunits for each allosteric reaction. Note: the number of 

subunits is only indicated for allosteric enzymes. In most cases, the enzyme properties were obtained from [Schomburg et al. 2002; King et al. 

2016; UniProt Consortium, T. (2018); Wang et al. 2021].  
reaction 
ID 

Enzyme Name EC 
Number 

kinetic mechanism substrates products inhibitors 
negative 
effectors 

positive 
effectors 

allosteric 
(Yes-1) 

catalytic 
subunits 

Additional 
References 

ACONTm Aconitate hydratase 4.2.1.3 UniUni cit 
icit 
h2o     1  

ACSm 
Acetyl CoA 
synthetase 6.2.1.1 orderedTerTer ac coa atp 

ppi amp 
accoa 

    1  

ACt2r 
Acetate reversible 
transport via proton 
symport 

- UnUni ac_e ac_c     1  

Actm Acetate transport 
mitochondrial 

- UniUni ac ac     1  

ADK1m Adenylate kinase 2.7.4.3 randomBiUni amp atp 2adp     1  

AKGDam 
Oxoglutarate 
dehydrogenase  1.2.4.2 orderedBiBi akg lpam sdhlam co2     1  

AKGDbm 

Oxoglutarate 
dehydrogenase 
dihydrolipoamide S 
succinyltransferase 

2.3.1.61 orderedBiBi sdhlam coa dhlam 
succoa 

    

1 
(multimer 

which 
forms 1 
catalytic 
subunit) 

 

ALCD2irm 
Alcohol 
dehydrogenase  1.1.1.1 orderedBiBi acald nadh  etoh nad     1  

ALDD2y 

Aldehyde 
dehydrogenase 
(acetaldehyde, 
NADP) 

1.2.1.5 orderedBiBi nadp 
acald  

ac nadph      1 Bostian & 
Betts 1978 

ALDD2ym 

Aldehyde 
dehydrogenase 
acetylaldehyde 
NADP 
mitochondrial 

1.2.1.5 orderedBiBi nadp acald ac nadph     1 Bostian & 
Betts 1978 
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ATPtm_H ADPATP transporter 
mitochondrial 

- orderedBiBi adp_c 
atp_m 

adp_m 
atp_c 

    1  

CO2tm 
CO2 transport 
diffusion 
mitochondrial 

- UniUni co2_m co2_c     1  

CSm Citrate synthase 2.3.3.16 orderedBiBi oaa accoa coa cit     

1 
(homodi
mer, the 

monomer 
is 

inactive) 

 

ENO Enolase 4.2.1.11 UniUni 2pg pep     2  

ETOHt 
Ethanol reversible 
transport - UniUni etoh_e etoh_c     1  

ETOHtm 
Ethanol transport 
to mitochondria 
diffusion 

- UniUni etoh_c etoh_m     1  

FBA 
Fructose-
bisphosphate 
aldolase 

4.1.2.13 orderedUniBi fdp dhap  g3p     2  

FBA3 

Sedoheptulose 1,7-
bisphosphate D-
glyceraldehyde-3-
phosphate-lyase 

 orderedUniBi s17bp dhap  e4p     1  

FUMm Fumarase 
mitochondrial 

4.2.1.2 UniUni fum mal__L     4  

G3PD1ir 

Glycerol 3 
phosphate 
dehydrogenase 
NAD 

1.1.1.8 randomBiBiCompIn
hibitS1S2 nadh  dhap glyc3p nad nad+ pi atp adp  1 1 Cai et al. 

1996 

G3PT 
Glycerol-3-
phosphatase 3.1.3.2 orderedUniBi glyc3p glyc pi     1  

G6PDH2r 
Glucose 6-
phosphate 
dehydrogenase 

1.1.1.49 orderedBiBi g6p nadp 6pgl nadph     1  
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GAPD 
Glyceraldehyde-3-
phosphate 
dehydrogenase 

1.2.1.12 orderedTerBi nad pi g3p 
nadh 
13dpg 

    4 
McAlister 

and Holland 
1985 

GCC2cm 
Glycine cleavage 
complex lipoamide 
mitochondrial 

1.8.1.4 orderedBiBi dhlam nad nadh lpam      1  

GLCt1 
Glucose transport 
uniport - UniUni glc__D glc__D     1  

GLYCt2 
Glycerol transport 
via symport - UniUni  glyc_c glyc_e     1  

GND Phosphogluconate 
dehydrogenase 

1.1.1.44 orderedBiTer 6pgc nadp ru5p__D 
nadph co2 

    2  
He et al. 

2007 

HEX1 
Hexokinase (D-
glucose:ATP) 2.7.1.1 

orderedBiBiCompIn
hibS1 atp glc__D g6p adp adp  

(cit_c is not in 
the model)  1 

Hynne et al. 
2001; 

Mulcahy et 
al. 2002; 
Gao and 

Leary 2003 

ICDHxm 
Isocitrate 
dehydrogenase 
NAD 

1.1.1.41 orderedBiTer icit nad 
nadh akg 
co2 

  amp_m 1 4 
Lin & 

McAlister-
Henn 2003 

MDHm 
Malate 
dehydrogenase 
mitochondrial 

1.1.1.37 orderedBiBi 
nad 
mal__L oaa nadh     2  

ME1m 
Malic enzyme NAD 
mitochondrial 1.1.1.38 orderedBiTer 

nad 
mal__L 

pyr nadh 
co2 

    1  

PC 
Pyruvate 
carboxylase 6.4.1.1 orderedBiTer pyr atp pi adp oaa     4  

PDHm Pyruvate 
dehydrogenase 

1.2.1.104 orderedTerTer pyr coa 
nad 

accoa nadh 
co2 

    1  

PFK Phosphofructokinas
e 2.7.1.11 orderedBiBi f6p atp adp fdp  

atp, 
(cit_c not 
in the 
model) 

adp pi (cit_c 
and amp_c 
not in the 
model) 

1 4 Przybylski et 
al. 1985 

PFK_3 
Phosphofructokinas
e (s7p) 2.7.1.11 orderedBiTer s7p atp 

adp s17bp 
h+        1  
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PGI 
Glucose-6-
phosphate 
isomerase 

5.3.1.9 UniUni g6p f6p     2  

PGK 
Phosphoglycerate 
kinase 2.7.2.3 

orderedBiBiCompIn
hibS1 3pg atp adp 13dpg 

adp 
(amp_c 
not in the 
model) 

   1 
Rojas-Pirela 
et al. 2020 

PGL 
6-
phosphogluconolac
tonase 

3.1.1.31 UniUni 6pgl 6pgc     1  

PGM Phosphoglycerate 
mutase 

5.4.2.11 UniUni 2pg 3pg     4  

PYK Pyruvate kinase 2.7.1.40 orderedBiBi pep adp atp pyr   fdp 1 4 

Xu et al. 
2012; 

Jurica et al. 
1998 

PYRDC 
Pyruvate 
decarboxylase 4.1.1.1 

orderedUniBiCompI
nhib pyr acald co2 pi    4 

van Urk 
1989 

PYRt2m 

Pyruvate 
mitochondrial 
transport via proton 
symport 

- UnUni pyr_c pyr_m     1  

RPE 
Ribulose 5-
phosphate 3-
epimerase 

5.1.3.1 UniUni ru5p__D xu5p__D     2  

RPI 
Ribose-5-phosphate 
isomerase 5.3.1.6 UniUni r5p ru5p__D     1  

SUCCt2r Succinate transport 
via proton symport 

- UniUni succ_c succ_e     1  

SUCCtm Succinate transport 
mitochondrial 

- orderedBiBi succ_c 
pi_m 

succ_m 
pi_c 

    1  

SUCD2_u6
m 

Succinate 
dehydrogenase 
ubiquinone 6 
mitochondrial 

1.3.5.1 orderedBiBi q6 succ fum q6h2     1  
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SUCOASm 
Succinate CoA 
ligase ADP forming 6.2.1.5 orderedTerTer 

succ coa 
atp 

adp pi 
succoa     

1 (one 
heterodi

mer) 
 

TKT1 Transketolase 2.2.1.1 pingPongBiBi 
xu5p__D 
r5p g3p s7p     2 

Sevostyanov
a 2009, 

Solovjeva 
2019 

TKT2 Transketolase 2.2.1.1 pingPongBiBi xu5p__D 
e4p 

g3p f6p     2 

Sevostyanov
a 2009, 

Solovjeva 
2019 

TPI Triose-phosphate 
isomerase 

5.3.1.1 UniUni dhap g3p     2  

Exchange Reactions Mass Action         

Metabolite drains Mass Action         
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Figure S2: Visualization of the metabolic pathways included in the model. The figure was made using 
Escher web (King et al. 2015).  
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Metabolic control analysis heat-maps for nine different conditions, 100 sampled 
models for each condition 

Plots S3-S11 were made with seaborn (Waskom 2021) and Matplotlib (Hunter 2007). 

 

 

 

 

Figure S3: Metabolic control analysis heat-maps for cells growing in a glucose-limited medium with a 
dilution rate of 0.05 1/hr, 100 sampled models. Positive values of 𝐶!

" are indicated in blue, negative 
values are indicated in red. 
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Figure S4: Metabolic control analysis heat-maps for cells growing in a glucose-limited medium with a 
dilution rate of 0.11 1/hr, 100 sampled models. Positive values of 𝐶!

" are indicated in blue, negative 
values are indicated in red. 

 

 

Figure S5: Metabolic control analysis heat-maps for cells growing in a glucose-limited medium with a 
dilution rate of 0.16 1/hr, 100 sampled models. Positive values of 𝐶!

" are indicated in blue, negative 
values are indicated in red. 
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Figure S6: Metabolic control analysis heat-maps for cells growing in a glucose-limited medium with a 
dilution rate of 0.22 1/hr, 100 sampled models. Positive values of 𝐶!

" are indicated in blue, negative 
values are indicated in red. 

 

 

Figure S7: Metabolic control analysis heat-maps for cells growing in a glucose-limited medium with a 
dilution rate of 0.30 1/hr, 100 sampled models. Positive values of 𝐶!

" are indicated in blue, negative 
values are indicated in red. 
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Figure S8: Metabolic control analysis heat-maps for cells growing in a phosphate-limited medium with 
a dilution rate of 0.11 1/hr, 100 sampled models. Positive values of 𝐶!

" are indicated in blue, negative 
values are indicated in red.  

 

 

Figure S9: Metabolic control analysis heat-maps for cells growing in a nitrogen-limited medium with a 
dilution rate of 0.11 1/hr, 100 sampled models. Positive values of 𝐶!

" are indicated in blue, negative 
values are indicated in red. 
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Figure S10: Metabolic control analysis heat-maps for cells growing in an uracil-limited medium with a 
dilution rate of 0.11 1/hr, 100 sampled models. Positive values of 𝐶!

" are indicated in blue, negative 
values are indicated in red. 

 

 

Figure S11: Metabolic control analysis heat-maps for cells growing in a leucine-limited medium with 
a dilution rate of 0.05 1/hr, 100 sampled models. Positive values of 𝐶!

" are indicated in blue, negative 
values are indicated in red.   
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The Effect of Sample Size on the Performance of GRASP 

Plots S12-S14 were produced with seaborn (Waskom 2021) and Matplotlib (Hunter 2007). 

(A)  
 

(B) 

 

Figure S12: Metabolic control analysis heat-maps for cells growing in a glucose-limited medium with 
a dilution rate of 0.16 1/hr. Positive values of 𝐶!

" are indicated in blue, negative values are indicated in 
red. A) Median values for 100 sampled models, B) Median values for 1000 sampled models.  
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Figure S13: Distribution of the metabolic control coefficients for HEX1 on ethanol transport, carbon 
dioxide transport, and on the flux through PYRDC for cells growing in five different dilution rates of a 
glucose-limited medium. Blue: The first 100 sampled models out of a 1000, Grey: All 1000 sampled 
models. 
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Kolmogorov-Smirnov (K-S) test  

We conducted a Kolmogorov-Smirnov test (Massey et al. 1951) to assess whether the 
distribution of control coefficients differs for each enzyme-flux pair when comparing 50, 75, 
125 and 1000 sampled models to a baseline of 100 sampled models. For most pairs, the p-
value was above 0.05, failing to reject the null hypothesis that the distributions belong to 
different populations. The tests were conducted using SciPy (Virtanen et al. 2020). Figure 
S14A presents the K-S test p-values for cells grown in a glucose-limited medium at a dilution 
rate of 0.22 hr⁻¹. 

Out of the 6,724 enzyme-flux pairs, only a few showed p-values below 0.05, indicating 
significant differences in distribution. Specifically, when comparing 50 to 100 sampled 
models, 112 pairs had p-values below 0.05. This number dropped to zero when comparing 75 
and 125 sampled models to the baseline. When comparing 1000 to 100 sampled models, 28 
pairs (approximately 0.42%) showed significant differences. This result is not unexpected, as 
the K-S test is sensitive to sample size. When applying the Benjamini-Hochberg False 
Discovery Rate correction (Benjamini & Hochberg, 1995), none of the 6,724 corrected p-
values was found to be below 0.05 (FDR level Q: 0.05). We therefore conclude that an 
ensemble of 100 sampled models is sufficient. 

Median metabolic control coefficients vs. number of sampled models 

In Figure S14(B), the median control coefficients for PYRDC across several fluxes are 
presented. As shown, the median values exhibit only small changes as more models are 
sampled. Moreover, we did not observe any meaningful shifts—such as substantial increases 
or decreases in the median values, or changes in their sign. 

 

Figure S14: (A) Kernel Density Estimation Plot showing the K-S test results (p-values) for comparison 
of metabolic control coefficient distributions between ensembles of 50, 75, 125 and 1000 models 
versus 100 models. In total 6,724 enzyme-flux pairs were analyzed. Data shown for cells growing in a 
glucose-limited medium (dilution rate of 0.22 hr-1). (B) Median metabolic control coefficients for 
selected PYRDC-flux pairs (Red: 𝐶#$%&'(')*+ , Orange: 𝐶#$%&'('(,&) , Blue: 𝐶#$%&'#$%&' , Green: 𝐶#$%&'

(,&&*- ,  Purple: 
𝐶#$%&'(').  ,  Brown: 𝐶#$%&'!/01), Pink: 𝐶#$%&'('2. ). Data shown for cells growing in a glucose-limited medium 
(dilution rate of 0.22 hr-1). 
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Figure S15 shows the relative change in control coefficient values versus the number of 
sampled models. The median control coefficients were calculated for each enzyme-flux pair 
every 10 sampled models. Hence, the first median was calculated for the first 10 sampled 
models, and the 2nd median was calculated for the first 20 sampled models and so on. Then, 
the relative change in median control coefficient was calculated and plotted against the 
number of sampled models. As can be seen, the relative change in the values of the median 
control coefficients decreases as we sample more models. 

 

Figure S15: Relative changes in median control coefficients vs. number of sampled modes for the five 
glucose-limited growth conditions (grey: dilution rate of 0.30 1/hr; blue: dilution rate of 0.22 1/hr; red: 
dilution rate of 0.16 1/hr; orange: dilution rate of 0.11 1/hr; and green: dilution rate of 0.05 1/hr). (A) 
Ten to 1000 sampled models, (B) Ten to 200 sampled models. The shaded areas mark 95% confidence 
intervals. The plots were made with seaborn (Waskom 2021) and Matplotlib (Hunter 2007). 

 

To further examine the convergence of the median control coefficients we decided to 
normalize them by dividing the median control coefficients calculated for each enzyme-flux 
pair after sampling further 10 models, by their final median control coefficient (calculated for 
1000 sampled models). As can be seen, in Figure S16, while there are still small changes in 
median control coefficient after reaching 100 sampled models, these changes are minor and 
will most likely not influence the design strategy of metabolic engineers using the framework. 

Figure S16: Normalized median 
control coefficients vs. number 
of sampled models for the five 
glucose-limited growth 
conditions (grey: dilution rate of 
0.30 1/hr; blue: dilution rate of 
0.22 1/hr; red: dilution rate of 
0.16 1/hr; orange: dilution rate 
of 0.11 1/hr; and green: dilution 
rate of 0.05 1/hr).The shaded 
areas mark 95% confidence 
intervals and the solid line 
marks mean values. The plot 
was made with seaborn 
(Waskom 2021) and Matplotlib 
(Hunter 2007). 
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Allosteric effectors in our model  

Allosteric effectors are molecules that bind to a regulatory site on an enzyme (not its active 
site) and influence the reaction rate. Four enzymes with allosteric effectors are included in our 
model: PFK, PYK, G3PD1 and ICDHxm (Isocitrate dehydrogenase NAD). In Figure S17 we 
show how the removal of the negative allosteric effect of ATP on PFK changes the control of 
PFK and HEX1 on glycerol secretion.  

When the glucose concentration in the media is high, ATP has an important role in decreasing 
the activity of PFK (Larsson et al. 2000). The removal of ATP as an allosteric effector allows 
PFK to convert D-Fructose 6-phosphate into D-Fructose 1,6-bisphosphate without this 
important regulation. Thus, the control PFK has on glycolysis increases while the control of 
HEX1 decreases. In the case of a low glucose concentration in the media, the same removal 
of ATP as an allosteric effector will again lead to an increase in the control of PFK but will 
not decrease the control of HEX1, probably due to the lack of accumulation of glucose-6-
phosphate.  

 

 

Figure S17: Kernel Density Estimation Plot showing the influence of ATP as an allosteric 
effector of PFK on the control of PFK and HEX1 over the secretion of glycerol. In this figure 
two examples are given, one when there is high concentration of glucose in the media and 
another when the concentration is low. The plot was made with seaborn (Waskom 2021) and 
Matplotlib (Hunter 2007). 
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