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SUMMARY

Our understanding of metabolic thermodynamics is limited by the lack of genome-scale data on the standard

Gibbs free energy change (ΔrG
◦) of metabolic reactions. Here, we present dGbyG, a graph neural network

(GNN)-based model for predicting ΔrG
◦ with superior accuracy, versatility, robustness, and generalization

ability. Integration of dGbyG predictions into metabolic networks facilitated model curation, improved flux

prediction accuracy, and identified thermodynamic driver reactions (TDRs) with substantial negative values

of the reaction Gibbs free energy change (ΔrG). TDRs showed distinctive network topological features and

heterogeneous enzyme expression, implying coupling between reaction thermodynamics and network to-

pology for efficient metabolic regulation. We also discovered a universal pattern of thermodynamics in linear

metabolic pathways, explained by a multi-objective optimization model balancing the needs to maximize

pathway flux and minimize enzyme and metabolite loads. Our work expands accessible thermodynamic

data and elucidates optimality principles in metabolism at the genome scale. A record of this paper’s

transparent peer review process is included in the supplemental information.

INTRODUCTION

Thermodynamics is the primal determinant of the feasibility of all

processes in nature, including a variety of biological processes

on various temporal and spatial scales, from evolution spanning

geological epochs1 to biochemical reactions2 and protein folding

and allosteric regulation processes3,4 at the time scale of milli-

seconds. Recent studies have demonstrated that all aspects of

cellular metabolism, including but not limited to the control of

metabolic fluxes,5 the efficiency of metabolic enzymes6 and

metabolic pathways,7 and the allocation of cellular resources

into different metabolic activities,8 are profoundly affected by

thermodynamic features of metabolites, reactions, and meta-

bolic pathways. Moreover, quantitative knowledge about ther-

modynamic parameters of metabolic reactions is indispensable

for accurate reconstruction9 and curation10,11 of genome-scale

metabolic models (GEMs), which are instrumental for predicting

metabolic phenotypes,12–14 designing synthetic pathways,15

and developing theory about the operation of metabolism.16

Therefore, quantitative thermodynamic data for metabolic reac-

tions at the genome scale are indispensable in pursuing a sys-

tematic and quantitative understanding of metabolism.17

To achieve a quantitative understanding of the thermody-

namics of cellular metabolism, knowledge about both standard

Gibbs free energy change (ΔrG
◦) and reaction Gibbs free energy

change (ΔrG) under physiological conditions is necessary.

These two quantities are linked by the relationship ΔrG =

ΔrG
◦ + RTlnQ, in which R is the universal gas constant, T is the

temperature, and Q is the reaction quotient determined by con-

centrations of the substrates and products. While ΔrG
◦ reflects

the difference in thermodynamic stability of the reactants and

products, the reaction Gibbs free energy change ΔrG indicates

the thermodynamic feasibility of the reaction when the actual

concentrations of metabolites are given.

In cellular metabolic networks, ΔrG have multi-faceted roles in

defining how they operate beyond determining the feasibility of

reaction steps. For instance, the mode of flux control (i.e., how

the pathway flux responds to perturbation of single enzymes)

for linear reaction chains7 and branched metabolic pathways5

is largely determined by the distribution of ΔrG over reactions

in the pathway. In canonical metabolic pathways such as glycol-

ysis, reactions with substantial negative ΔrG values, such as

those catalyzed by hexokinase (HK), phosphofructokinase

(PFK), and pyruvate kinase (PK), are considered rate-limiting

steps serving as critical control points of the pathway flux, while

a few other reactions can also exert significant flux control when

they have substantial negative ΔrG under certain condi-

tions.18–20 On the other hand, reactions with ΔrG values close
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to zero are sensitive to changes in metabolite concentrations,

thereby enabling efficient adaptation of the pathway flux.21 It

has also been hypothesized that the total Gibbs free energy

dissipated through all metabolic reactions is constrained by an

upper limit at the whole-cell level, suggesting that thermody-

namics is a global regulator that governs the allocation of meta-

bolic activity into different pathways.8

However, while it is intriguing to explore the principles

regarding thermodynamics and metabolic regulation, most

work focuses on small pathways such as glycolysis instead of

the genome-scale metabolic network. This is largely due to the

limitation in our quantitative knowledge about both ΔrG
◦ and

ΔrG. While the most up-to-date human GEMs, Recon3D and Hu-

man1, both contain about 4,000 metabolites and over 10,000

metabolic reactions,9,22 experimentally measured values for

ΔrG
◦ in public databases such as the Thermodynamics of

Enzyme-Catalyzed Reactions Database (TECRDB)23 and other

databases for standard Gibbs energy of formation24–26 are only

available for a few hundred reactions and metabolites, thereby

greatly limiting the scope of study on thermodynamics of meta-

bolism. Estimation of the ΔrG requires measurements of abso-

lute concentrations of metabolites18 or 13C-metabolic flux anal-

ysis (MFA) models to quantify the ratio between the forward and

backward fluxes,21,27 which is challenging at the genome scale.

This can be partially addressed by assuming more realistic intra-

cellular concentrations of metabolites instead of those consid-

ered in the standard condition (i.e., each metabolite has the con-

centration of 1 mol/L)28 or by integrating ΔrG
◦ of reactions with

genome-scale metabolic networks to estimate feasible regions

for the metabolite concentrations and corresponding ΔrG

values. Interdependence between ΔrG, ΔrG
◦, concentrations

of metabolites, and direction of a reaction29 provides a natural

point to integrate thermodynamics into GEMs. Several algo-

rithms30–32 have been developed to achieve this goal.33 Previous

studies14,34,35 have shown that thermodynamics-based meta-

bolic modeling has unparalleled advantages in metabolic

network reconstruction,10,11 prediction of phenotypes,12 discov-

ery of biological principles,8 and so on. Nevertheless, the appli-

cation of these approaches is greatly limited by the lack of accu-

rate thermodynamics data at the genome scale36 as well as the

limited focus on topics beyond the curation of GEMs by elimi-

nating thermodynamically infeasible reactions. For instance,

although ΔrG is tightly related to the regulation of metabolic

fluxes, our knowledge about its distribution in a genome-scale

metabolic network, which defines the mode of metabolic control

at the genome scale, is still limited. To answer these questions,

both models for accurate prediction of ΔrG
◦ and algorithms for

reliable estimation of ΔrG in realistic intracellular metabolic net-

works are indispensable.

Several computational methods for prediction of ΔrG
◦ of

metabolic reactions have been developed based on the addi-

tivity rules for the estimation of molecular properties, i.e.,

approximation of molecular features by summing up different

parts of a molecule.37 Among those methods, the most note-

worthy one is the group contribution (GC) method, which relies

on an expert-defined set of chemical groups to decompose

the structure of molecules and estimates the standard Gibbs

free energy using a linear regression model. The GC method

has been applied in predicting standard Gibbs free energy of

molecules and reactions in the gas phase,37–39 liquid and solid

phase,40 and biochemical reactions in aqueous solutions.41

Several algorithms, such as the component contribution (CC)

method,42 fingerprint contribution (FC) method,43 and auto-

mated fragmentation method,44 have been developed to

improve the accuracy of prediction42,45–47 and bypass the

requirement of expert-defined chemical groups.43,44 Neverthe-

less, the scope of prediction is still limited to metabolites that

only contain chemical groups included in molecules in the

training set. For example, eQuilibrator 3.0, the most up-to-date

database for Gibbs free energy of metabolic reactions predicted

using the CC method, provides standard Gibbs free energy of

about 5,000 human metabolic reactions, covering only one-third

of the 13,543 reactions in the human GEM, Recon3D.36 Ab initio

quantum chemical computation can calculate standard Gibbs

free energy change of biochemical reactions48–50 without the

need of training datasets, yet the applicability of these methods

to metabolites with complex molecular structure is still limited by

the extremely high computational cost.

Because of the limitation of existing methods, developing an

algorithm that can efficiently and accurately predict the standard

Gibbs free energy of metabolic reactions is an urgent need of the

field. The most important reason behind the limitation of the ex-

isting methods, almost all of which are derivatives of the GC

method, is the dependence of these methods on the ability to

decompose the molecular structures in the training set and the

molecules to be predicted using the same set of chemical

groups. Deep learning models based on graph neural networks

(GNNs) offer a promising possibility to address this problem.

Instead of considering a molecule as a linear combination of pre-

defined groups, GNN-based models directly treat the molecular

structure as a graph and preserve important chemical informa-

tion at the level of atoms. Hence, GNN-based methods have

been continually creating new records on various tasks of pre-

dicting properties of molecules51–55 with broad applications in

chemical property prediction,56 molecular modeling,57 and

drug discovery.58,59 However, to the best of our knowledge, its

application for Gibbs free energy prediction has never been

reported.

To address these limitations of existing methods and under-

stand the design principles governing thermodynamics of meta-

bolism on a genome scale, we develop a GNN-based machine

learning model, dGbyG, for prediction of ΔrG
◦ of metabolic reac-

tions from the molecular structure of metabolites. We apply two

strategies, error randomization and weighing of training data, to

improve the accuracy and robustness of our model and offer a

quantitative estimation of the uncertainty in the predicted values.

An unbiased comparison benchmarking the performance of

dGbyG and previous models shows that dGbyG outperforms

all existing methods in both accuracy and versatility with less

training data. ΔrG
◦values predicted by dGbyG can be used to

curate two state-of-the-art human GEMs, Recon3D9 and Hu-

man1.22 Despite being the most up-to-date genome-scale

models for human metabolism, these models still have inaccur-

acies in reaction directionality and chemical equations. More-

over, integration of dGbyG predictions with metabolic network

models can also improve the accuracy of metabolic flux predic-

tions, highlighting the potential for thermodynamic data to refine

and enhance metabolic modeling.
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To investigate the thermodynamic properties of metabolism at

the genome scale, we further develop an algorithm that takes

ΔrG
◦ predicted by dGbyG as the input to estimate ΔrG of reac-

tions in genome-scale metabolic networks and identify a set of

reactions with substantial negative values of ΔrG, which we

term thermodynamic driver reactions (TDRs). We find a signifi-

cant association between network topological features and

ΔrG of metabolic reactions, suggesting that the thermodynamic

parameters of reactions might be optimized to achieve certain

metabolic objectives. TDRs have distinctive network topological

properties and higher variability in abundance of the associated

metabolic enzymes, consistent with their potential roles in con-

trolling metabolic fluxes. The association between ΔrG and

network topology can be explained by a multi-objective optimi-

zation model on the trade-off between the maximization of

pathway flux, minimization of enzyme cost, and minimization of

metabolite load in metabolic pathways. These findings elucidate

the design principles of metabolic networks: that reaction ther-

modynamics, network topology, and enzyme abundance are

jointly optimized to improve the efficiency of metabolism.

RESULTS

Development of dGbyG

Experimental data of standard Gibbs free energy for metabolites

and metabolic reactions used for training the model were ob-

tained from two sources: the TECRDB23 published by the Na-

tional Institute of Standards and Technology (NIST) and a table

of standard Gibbs free energy of formation of a set of mole-

cules.42 To generate a high-quality training dataset robust to

variability across different measurements, we conducted a se-

ries of pre-processing steps (Figure 1A), in which we removed re-

actions with undefined or incomplete molecular structures or

missing equilibrium constants, curated unbalanced reactions,

and standardized the experimental conditions for the measure-

ments (STAR Methods; Table S1). To assess the quality of the re-

sulting training set, we computed the standard deviation (SD) of

different measurements for the same reaction or the same

metabolite and found that the variation across measurements

was substantially reduced by the pre-processing procedures

(median SD = 1.2 kJ/mol in the pre-processed data compared

with 1.9 kJ/mol in the raw data, Wilcoxon’s rank-sum

p = 0.0001; Figure S1A). Finally, we computed the average

values over different measurements of the same reaction or

metabolite, thereby generating 671 data points consisting of

449 ΔrG
◦ and 222 ΔfG

◦ related to 643 unique metabolites, which

were used as the training set (Table S2).

We developed a GNN-based model, dGbyG, to predict the

standard Gibbs free energy of formation (ΔfG
◦) for a metabolite

from its molecular structure and estimate the uncertainty in the

predictions. We converted the topological structure of molecules

to a molecular graph, in which nodes represent atoms and edges

represent bonds in the molecule, and parameterized the nodes

and edges using chemical features of the atoms and bonds

(Table S3). An embedding layer, two message passing (MPNN)

layers, three feedforward neural network (FNN) layers, and a

pooling layer (Figure 1B) were then included in the GNN model,

accepting the molecular graph as the input and computing the

ΔfG
◦ of the molecule by summing up features of all nodes in

the pooling layer. The standard Gibbs free energy change of

metabolic reactions, ΔrG
◦, was then computed from the

weighted sum of the ΔfG
◦ of the substrates and products with

the stoichiometric coefficients as the weights (STAR Methods).

To estimate the uncertainty in the model prediction caused by

noises in the training set and parameter uncertainty of the model,

we developed a bootstrapping-based error randomization

approach. Briefly, we assumed a Gaussian distribution for the

experimental measurements of the standard Gibbs free energy

of each reaction and metabolite, estimated the mean and SD

of those distributions from the training data, and then randomly

sampled 100 data points from those distributions and used

them to train the model separately (Figure 1C). We also

computed a variability index α for each data point in the training

set and assigned weights to different terms in the loss function

accordingly (Figures S1B–S1E). This procedure resulted in 100

sets of model parameters and relevant predictions, which were

finally used to estimate the mean and variance of the predictions

(Figure 1D; STAR Methods).

Taken together, our model integrates several approaches to

provide a high-quality dataset for model training, allows simulta-

neous prediction of ΔfG
◦ and ΔrG

◦, and characterizes the uncer-

tainty in the model predictions. To facilitate the application of

dGbyG to GEMs in various scenarios, we implement dGbyG as

a Python package that offers user-friendly modules for predic-

tion with GEMs and accepts a variety of molecular identification

types—including Simplified Molecular Input Line Entry System

(SMILES), International Chemical Identifier (InChI), Kyoto Ency-

clopedia of Genes and Genomes (KEGG) entries, and MetaNetX

IDs—as well as input formats such as MOL and RXN files.

dGbyG outperforms previous models in accuracy and

versatility

To evaluate the performance of dGbyG, we performed 10-fold

cross-validation to assess its accuracy and compared its perfor-

mance with those of other methods.42–44 We first tested several

metrics for the accuracy of prediction, including Pearson’s corre-

lation coefficient (Pearson’s R), mean absolute error (MAE), and

root-mean-squared error (RMSE). The comparison shows that

dGbyG improved the accuracy compared with the previous

models, including eQuilibrator,42 dGPredictor,44 and FC43

(MAE = 9.18 kJ/mol compared with 16.02 kJ/mol for the best

of previous models, RMSE = 25.88 kJ/mol compared with

47.85 kJ/mol for the best of previous models, and Pearson’s R =

0.997 compared with 0.994 for the best of previous models;

Table S4). We then confirmed that the accuracy of dGbyG has

been improved by the introduction of the variability index α in the

loss function, while the error randomization approach, which gives

an estimate of the uncertainty in the prediction, did not impair the

accuracy (Figure 2A). We then compared the distribution of predic-

tion error between dGbyG and other models and again confirmed

that dGbyG outperformed all previous models in accuracy (median

of absolute prediction error = 4.11 kJ/mol for dGbyG compared

with 5.33 kJ/mol for the best of previous models, Mood’s median

p value = 1.16×10− 33; Figures 2B and 2C). We also confirmed that

the MPNN architecture implemented in dGbyG performed the best

among three variants of MPNN (Table S5), including the original

MPNN (MPNN), directed MPNN (D-MPNN),60 and atom-bond

transformer-based MPNN (ABT-MPNN).61

ll
Article

Cell Systems 16, 101393, October 15, 2025 3

Please cite this article in press as: Fan et al., Unraveling principles of thermodynamics for genome-scale metabolic networks using graph neural net-

works, Cell Systems (2025), https://doi.org/10.1016/j.cels.2025.101393



A

B

C

D

Figure 1. Development of dGbyG

(A) Workflow for pre-processing the training data, which includes 671 experimentally measured standard Gibbs free energy changes associated with 643 unique

metabolites.

(B) The architecture of the GNN model used in dGbyG.

(C) The method for error randomization and data weighing used in training the model.

(D) The method for estimating the uncertainty in predictions.
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A major limitation to the previous GC-based methods is that

they cannot predict the Gibbs free energy for metabolites with

chemical groups unseen in the training set. Therefore, we as-

sessed the versatility of dGbyG and other models by testing their

predictive coverage (i.e., ability to make predictions for all reac-

tions) in two up-to-date human GEMs, Recon3D9 and Hu-

man1.22 We found that dGbyG can predict the standard Gibbs

free energy for nearly all reactions in both GEMs, with only

14.80% of reactions in Recon3D and 12.61% in Human1 remain-

ing uncovered (Figure 2D). This is a substantial improvement in

predictive coverage compared with eQuilibrator (42.58% uncov-

ered reactions in Recon3D and 40.98% in Human1; Figure 2D)

and dGPredictor (21.89% uncovered reactions in Recon3D

and 45.15% in Human1; Figure 2D). The reason that prediction

by dGbyG is unavailable for a minimal set of reactions is that

the molecular structure of at least one metabolite involved in

those reactions is either missing or incorrect; hence, structure-

based predictions of Gibbs free energy for these reactions are

impossible (Figure S2). Therefore, dGbyG has reached the upper

bound of reaction coverage for these GEMs. This is because the

GNN-based architecture implemented in dGbyG directly models

the fundamental atoms and bonds of metabolites instead of

relying on predefined chemical groups or moieties, allowing it

to generalize better to structurally diverse metabolites in GEMs.

These results together highlight the versatility of dGbyG, ex-

tending beyond molecular structures and chemical groups in

the training data. To the best of our knowledge, dGbyG has

achieved the highest accuracy among all existing machine

learning models and the highest possible coverage of reactions

in GEMs.

dGbyG outperforms previous models in robustness and

generalization ability

We next benchmarked the robustness of dGbyG and other

methods by testing the dependence of their accuracy on the

size of the training set. We conducted 10-fold cross-validation,

5-fold cross-validation, and 2-fold cross-validation for dGbyG

and two previous models, eQuilibrator and dGPredictor. In a

k-fold cross-validation, the entire dataset is randomly split into

k subsets with equal sizes, and the model is then trained k times,

each using k− 1 subsets as the training set and the remaining

subset as the test set. In other words, it means that the propor-

tion of total available data used for training the model was nar-

rowed down to 90%, 80%, and 50%, respectively. We found

that when the size of the training set shrunk, the accuracy of

dGbyG was not impaired, while both eQuilibrator and dGPredic-

tor continually lost their predictive power (Pearson’s R in

the 2-fold cross-validation = 0.997 for dGbyG compared

with − 0.075 for eQuilibrator and − 0.082 for dGPredictor;

Figure 3A). In fact, using only half of the available data for

training, dGbyG still outperformed the accuracy that eQuilibrator

and dGPredictor achieved using all available data for training the

model, highlighting its robustness in the situation of few

training data.

To test whether dGbyG can generate reliable predictions for

reactions with mechanisms unseen in the training set, we further

performed leave-one-group-out cross-validation for dGbyG and

previous methods, in which the reactions were categorized into

six groups according to their mechanisms defined by the

enzyme commission (EC) codes of the associated enzymes

(1 for oxidoreductases, 2 for transferases, 3 for hydrolases, 4

for lyases, 5 for isomerases, and 6 for ligases). In each round

of cross-validation, one group of reactions was used as the vali-

dation set, while reactions in the other groups were used to train

the model. This approach ensures that the accuracy of the model

is evaluated on a set of reactions with mechanisms absent in the

training set to test its generalization ability. The accuracy of

dGbyG in such cross-validation not only substantially exceeded

those of eQuilibrator and dGPredictor but also became compa-

rable to that of ab initio quantum chemistry computations based

on the density functional theory48 (DFT), which directly models

the electronic structure of the atoms and bonds using principles

A B C

D

Figure 2. dGbyG outperforms previous

methods in accuracy and versatility

(A) Comparison of the mean of median absolute

error across different combinations of data

weighting and error randomization (n = 10 inde-

pendent replicates for each condition). W, with

weighing; R, with error randomization; NW, no

weighing; NR, no error randomization. ns: no sig-

nificance (p >= 0.05), *0.05 > p >= 0.01, **p < 0.01,

two-tailed Student’s t test.

(B) Distributions of prediction error for dGbyG,

eQuilibrator, and dGPredictor. The prediction error

of dGbyG was calculated using 10-fold cross-vali-

dation, while eQuilibrator and dGPredictor were

evaluated using leave-one-out cross-validation.

(C) Distributions of absolute prediction error for

dGbyG, eQuilibrator, and dGPredictor. The cross-

validation methods were the same as those in (B).

Mood’s median test was used to compute the p

value.

(D) Percentage of reactions in the human

GEMs Recon3D and Human1 for which the ΔrG
◦

can be predicted by dGbyG, eQuilibrator, and

dGPredictor.
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of quantum mechanics without the need of a training set and is

believed to be the most reliable approach for molecular modeling

(dGbyG resulted in lower MAE than that of DFT in three out of six

groups; Figure 3A; Table S6). However, DFT-based predictions

are only available for a minimal set consisting of 150 reactions,

while for eQuilibrator and dGPredictor, the removal of reactions

with the same mechanism from the training set greatly impaired

the accuracy. These results demonstrate that dGbyG outper-

forms previous GC-based machine learning methods in general-

ization ability, which allows dGbyG to achieve accuracy compa-

rable to that of first-principles quantum chemistry without

requiring training data with similar reaction mechanisms.

dGbyG facilitates genome-scale metabolic modeling

The Gibbs free energy change determines whether a process,

such as a metabolic reaction, can occur through a specific direc-

tion. For a metabolic reaction, its Gibbs free energy change ΔrG is

A

B

Figure 3. dGbyG outperforms previous

methods in robustness and generalization

ability

(A) Scatterplots comparing actual and model-

predicted ΔrG
◦ for dGbyG (left), eQuilibrator

(middle), and dGPredictor (right) under 10-fold

(top), 5-fold (middle), and 2-fold (bottom) cross-

validation. p values were computed using two-

sided t test.

(B) Distributions of prediction error for dGbyG,

eQuilibrator, and dGPredictor under leave-one-

group-out cross-validation as classified by

enzyme commission (EC) codes. p values were

computed using the Alexander-Govern test.

determined by the standard Gibbs free

energy change, ΔrG
◦, and concentrations

of the substrates and products. There-

fore, by integrating ΔrG
◦ of metabolic re-

actions with a genome-scale metabolic

network, additional thermodynamic con-

straints on the flux configurations can be

introduced32,62 to address the limitations

of the flux balance analysis (FBA) method,

which often results in non-unique optimal

solutions. A common application of this

approach is to assign reversibility and

directionality of reactions during recon-

struction of GEMs.63 Its accuracy is

limited by the scope and quality of avail-

able thermodynamic data for metabolic

reactions, but such limitations can be ad-

dressed by the thermodynamic data, that

is, ΔrG
◦ of reactions, predicted by dGbyG

at the genome scale.

To demonstrate the potential of dGbyG

predictions in curating GEMs, we em-

ployed a thermodynamic-based FBA

(TFBA) approach that incorporates a set

of thermodynamic constraints that link

the metabolite concentrations, ΔrG
◦ and

ΔrG of reactions, and directionality of

fluxes (STAR Methods). We applied

TFBA to predict the reversibility and directionality of reactions

in the human GEM Recon3D9 using dGbyG-predicted values

of ΔrG
◦ and compared the predictions with built-in labels of re-

action directionality in Recon3D. We found that for 13 reactions,

their directionalities in the original Recon3D model were incon-

sistent with predictions by TFBA, suggesting that the directions

of these reactions originally labeled in Recon3D are thermody-

namically infeasible (Figure 4A; Table S7). We then performed

the same analysis on Human1, identifying 12 reactions that are

thermodynamically infeasible based on their original chemical

equations and directionalities in the model (Figure S4A;

Table S8). Only a subset of these potentially inaccurate reactions

can be identified with ΔrG
◦ values predicted by eQuilibrator (7

out of 13 for Recon3D and 9 out of 12 for Human1; Figure 4B),

as ΔrG
◦ predictions by eQuilibrator for the remaining reactions

were either unavailable or impaired by extremely high uncer-

tainty (Tables S7 and S8). This underscores the importance of
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obtaining accurate predictions of ΔrG
◦ at the genome scale for

the curation of GEMs.

We examined these reactions individually and found that for

some of these reactions, their original directionalities in the

GEMs contradicted literature-based evidence; hence, their orig-

inal directionalities might be incorrectly labeled. For example,

these reactions include the production of prostaglandin F2alpha

(PGF2α) from prostaglandin H2 (PGH2) in arachidonic acid meta-

bolism, a process known to occur in many different types of hu-

man cells, such as endothelial cells and adipocytes.64,65 While

A B

C D

E

F

G

H

Figure 4. dGbyG facilitates genome-scale metabolic modeling

(A) Comparison between directionalities of reactions in Recon3D predicted by thermodynamics-based flux balanced analysis (TFBA), flux balance analysis (FBA),

and their original labels of directionality in the model.

(B) Numbers of thermodynamically infeasible reactions identified by TFBA in Recon3D and Human1 according to ΔrG
◦ values predicted by dGbyG and

eQuilibrator, respectively.

(C) An example of a reaction with a potentially incorrectly labeled directionality.

(D) An example of a reaction with a potentially inaccurate chemical equation.

(E) Number of irreversible reactions predicted using FBA or TFBA for the GEMs iML1515 (E. coli), Yeast9 (S. cerevisiae), Recon3D, and Human1.

(F) A reaction with a potentially incorrect chemical equation identified in Yeast9 by TFBA.

(G) Left: central carbon metabolism of CHO cells; right: metabolic fluxes experimentally measured using MFA, computationally predicted using FBA or TFBA. The

whiskers of the box plot represent the 5th and 95th percentiles.

(H) Comparison of experimentally measured growth rate of CHO cells to those predicted by FBA and TFBA.
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the original directionality in both Recon3D and Human1 contra-

dicts with the evidence in literature, TFBA correctly predicted

that the reaction should happen in the direction of producing

PGF2α from PGH2 (Figure 4C). For some other reactions, their di-

rectionalities in the original GEMs result in de novo production of

oxygen (Tables S7 and S8), which is only known to occur through

photosynthesis in non-human species such as plants. These re-

actions can be corrected by reversing their original labels of

directionality.

Some other reactions predicted to be infeasible by TFBA

might have improper stoichiometric coefficients, substrates,

and products in their chemical equations, which can be ad-

dressed by correcting the chemical equation. For example,

predictions by TFBA suggested that a reaction in Recon3D

that adds four glutamate molecules onto 5,6,7,8-tetrahydrofo-

late (THF) to form THF-glutamate4 (THF-[Glu]4) while

consuming only one ATP is thermodynamically infeasible.

Experimental evidence in literature suggests that the formation

of poly-glutamate derivatives of THF consists of multiple reac-

tion steps, in which a single ATP molecule is consumed in each

step.66,67 Thereby, correction of the chemical equation of

that reaction can address the thermodynamic infeasibility

(Figure 4D; Tables S7 and S8).

To demonstrate the broad applicability of dGbyG and TFBA

to metabolic networks of other organisms, we applied our

approach to the most up-to-date GEMs, iML151568 for

E. coli and Yeast969 for S. cerevisiae. The irreversible reac-

tions predicted by TFBA for these GEMs were highly consis-

tent with the built-in directionality annotations (Figure 4E). In

addition, we identified one reaction in Yeast9 predicted to

be thermodynamically infeasible by TFBA. This reaction had

multiple issues: an unbalanced charge, a non-integer stoichio-

metric coefficient for oxygen, and an implausible reaction

mechanism. However, it can be corrected based on the

KEGG database entry for the oxygen-dependent conversion

of pyridoxamine to pyridoxal (Figure 4F; Table S9). These re-

sults suggest that genome-scale thermodynamic data pre-

dicted by dGbyG combined with TFBA provides a highly

effective protocol for identifying potential thermodynamically

infeasible reactions in a variety of GEMs, therefore facilitating

the manual curation of these models.

Finally, to evaluate how the thermodynamic data provided by

dGbyG affects the accuracy of metabolic flux prediction, we

compared metabolic fluxes and growth phenotypes predicted

by dGbyG and TFBA to experimentally measured values. While

13C-MFA27 remains the gold standard for experimental flux

determination, its reliance on isotope tracing and computa-

tional modeling70 limits scalability to GEMs due to high costs

and sparse genome-scale isotopic data. To address this diffi-

culty, we focused our analysis on central carbon metabolism

in Chinese hamster ovary (CHO) cells71 using a reduced meta-

bolic network, enabling direct comparison of FBA-, TFBA-, and

13C-MFA-derived intracellular fluxes. The results showed that

while FBA-predicted fluxes exhibited substantial uncertainty,

TFBA can effectively constrain the range of fluxes and yield pre-

dictions closely aligned with experimental data (Figure 4G). We

further evaluated growth rate predictions using the GEM

iCHO176672 for CHO cells, finding that the TFBA prediction

aligned substantially better with experimental measurement

than that from FBA (Figure 4H). These results together under-

score how integrating accurate thermodynamic constraints im-

proves the accuracy of metabolic flux and growth phenotype

predictions.

Oxygen is a key determinant of substantial negative ΔrG
◦

of metabolic reactions

The accuracy, robustness, and versatility of dGbyG make it a

promising tool to characterize the thermodynamic properties of

metabolic networks at the genome scale. Hence, we analyzed

the ΔrG
◦ values of metabolic reactions in the human GEM Re-

con3D predicted by dGbyG. We first confirmed that the predic-

tive error of dGbyG (defined as the difference between ΔrG
◦ pre-

dicted by dGbyG and experimentally measured values) was

independent of the ΔrG
◦ of reactions, and that large predictive

errors were not associated with any specific metabolites

(Figure S3). We then studied the distribution of ΔrG
◦ of reactions

in the model, which clearly showed a bimodal distribution with

one large peak near 0 kJ/mol and a minor one located near

− 400 kJ/mol (Figure 5A), suggesting that these reactions are

far from thermodynamic equilibrium under standard conditions.

To characterize the features of the subset of reactions with large

negative ΔrG
◦ values, we first investigated the substrates and

products participating in these reactions. It has been reported

in previous studies with a small set of NAD(P)-related oxida-

tion-reduction reactions that the oxygen-dependent ones tend

to have larger negative ΔrG
◦ compared with the oxygen-inde-

pendent ones, but whether this rule applies to reactions with

all possible mechanisms remains unknown.73

To identify key metabolites participating in these reactions, we

selected metabolites that appear in more than 100 reactions and

ranked them by the median absolute ΔrG
◦ of the reactions asso-

ciated with that metabolite (Figure 5B), showing that oxygen,

NADPH, NADP, and hydrogen peroxide are key participants of

reactions with large negative ΔrG
◦ values. Next, for the subset

of reactions with ΔrG
◦ < − 300 kJ/mol, we counted the numbers

of reactions in that subset involving oxygen, NADP, NADPH, and

hydrogen peroxide, respectively. We found that although NADP/

NADPH are frequently included in these reactions (401 out of 619

reactions), almost all NADP/NADPH-coupled reactions also

require oxygen (400 out of 401; Figure 5C). Interestingly,

although hydrogen peroxide is also involved in a small set of re-

actions with substantial negative ΔrG
◦ values (20 reactions;

Figure 5C), reactions involving both oxygen and hydrogen

peroxide have ΔrG
◦ values closer to zero compared with those

reactions involving oxygen but not hydrogen peroxide

(Figure 5D). Similar trends were also observed for ΔrG
◦ of reac-

tions in Human1 (Figures S4B and S4C).

Furthermore, comparison of ΔrG
◦ across reactions catalyzed

by different classes of enzymes showed that the minor peak in

the distribution near − 400 kJ/mol was predominantly associated

with oxidoreductases (Figure 5D). While a small number of reac-

tions annotated to other types of enzymes also exhibited large

negative ΔrG
◦, many of these reactions were associated with

genes encoding oxidoreductases according to their gene-reac-

tion (GR) rules in the model (Figures 5E and 5F; Table S10).

This inconsistency suggests potential misannotation of EC

numbers for these reactions (Figure 5D). Nevertheless, these re-

sults again highlight that the accurate thermodynamic data
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generated by dGbyG is crucial for identifying potential inaccura-

cies in GEMs.

Taken together, these results indicate that oxygen is the key

determinant of thermodynamic driving force of metabolic reac-

tions, rendering oxygen-dependent reactions thermodynamically

irreversible and potentially rate-limiting steps controlling meta-

bolic fluxes through a pathway.5 However, since the thermody-

namic parameter directly affecting directionality of reactions

and mode of flux control is the reaction Gibbs free energy ΔrG

that relies on both ΔrG
◦ and the physiological concentrations of

metabolites, whether these reactions truly serve as key control

points of metabolic networks needs further investigation.

Network topological and proteomic features of TDRs

Our previous work5 and other related studies7 have theoretically

demonstrated that reactions with substantial negative ΔrG tend

to become the rate-limiting step of a linear metabolic pathway,

Figure 5. Oxygen is a key determinant of

substantial negative ΔrG
◦ of metabolic re-

actions

(A) Distribution of ΔrG
◦ for reactions in the human

GEM, Recon3D.

(B) Distribution of absolute value of ΔrG
◦ in re-

actions involving different metabolites.

(C) Number of reactions involving oxygen,

hydrogen peroxide, and NADP/NADPH in the set

of reactions with ΔrG
◦ < − 300 kJ/mol.

(D) Distributions of ΔrG
◦ in reactions catalyzed by

different categories of enzymes and involving

different combinations of oxygen and hydrogen

peroxide.

(E) Numbers of reactions with large negative ΔrG
◦

values that are likely oxidoreductase-catalyzed

reactions but potentially misannotated with other

types of enzymes in the Recon3D model.

(F) Examples of reactions with potentially mis-

annotated EC numbers in the Recon3D model.

thereby playing an important role in regu-

lating local metabolic fluxes. Such a rela-

tionship was confirmed by numerical

simulation of thermodynamics and flux

control in a kinetic model of glycolysis5

(Figure S5; STAR Methods). Studies

based on control theory have also re-

ported that, to effectively control a dy-

namic network to evolve to a desired

state, the selection of driver nodes, i.e.,

a minimal set of nodes in the network

that is perturbed to control the dynamics

of the entire system, largely depends on

the topology of the network.74,75 It is

thus tempting to speculate that, for effi-

cient control of metabolic fluxes, reac-

tions with large negative valuesΔrG

should have specific topological features

distinct from that of non-thermodynamic-

driver reactions in the genome-scale

metabolic network. To test this hypothe-

sis, we developed an algorithm to sample thermodynamically

and biologically feasible metabolic fluxes and the corresponding

ΔrG values of metabolic reactions based on GEMs and ΔrG
◦

values predicted by dGbyG (Figure 6A; STAR Methods). Briefly,

the flux balance, thermodynamic, and osmotic constraints used

in the TFBA framework were combined with random objective

functions to sample generation flux configurations, optimizing

these objective functions. We then define the set of reactions

with ΔrG < − 200 kJ/mol and at least one non-zero flux in all

flux configurations as TDRs. Comparison between the sets of

TDRs and non-TDRs (NTDRs) identified based on ΔrG
◦ pre-

dicted by dGbyG and those predicted by eQuilibrator shows

that dGbyG identified more TDRs than eQuilibrator (Figure 6B).

We next sought to investigate whether TDRs have specific

network topological features compared with other reactions.

Because a metabolic network is a bipartite graph including two

types of nodes corresponding to reactions and metabolites,
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A B C

D

E F G

Figure 6. TDRs have distinguished network topological and proteomic features

(A) Workflow for identification of thermodynamic driver reactions (TDRs).

(B) Sankey plots comparing TDRs in Recon3D identified by ΔrG
◦ predicted by dGbyG and eQuilibrator. Reactions identified as NTDRs by both dGbyG and

eQuilibrator are not shown.

(C) Construction of the reaction connectivity map from a metabolic network.

(D) Violin plots comparing the distributions of log-transformed node degree, closeness, and betweenness between TDRs and NTDRs in Recon3D. p values were

computed using the two-sided Wilcoxon’s rank-sum test.

(E) Structure of the quantitative proteomics data for human cancer cell lines in the CCLE database and the method for calculating the PCA-based heteroge-

neity score.

(legend continued on next page)
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we converted it into a unipartite graph that only includes reac-

tions as the nodes, which we named the reaction connectivity

map (Figure 6C; STAR Methods). An edge connecting two reac-

tions in the reaction connectivity map means that velocities of

the two reactions are coupled by at least one metabolite that is

involved in both reactions. We first compared several metrics

for node importance between the TDRs and other reactions,

including node degree, closeness, and betweenness. Consistent

with a previous study,76 different categories of enzymes have

distinct distributions of these topological features (Figure S6).

We found that TDRs tend to have significantly lower degree (Wil-

coxon’s rank-sum p = 1.33 × 10− 3; Figure 6D) as well as the

other two node importance metrics (Wilcoxon’s rank-sum p =

9.83 × 10− 4 for closeness and 3.43 × 10− 6 for betweenness;

Figure 6D). It is worth mentioning that driver nodes identified

solely based on network topology using control theory also

tend to avoid the high-degree hubs in the network,74 suggesting

that TDRs identified based on reaction thermodynamics share

similar topological features of the driver nodes predicted using

control theory. Therefore, we hypothesize that TDRs might be

key control points that determine the state of metabolic net-

works. Consequently, metabolic enzymes catalyzing TDRs

should have higher expressional heterogeneity compared with

those catalyzing NTDRs. To confirm that abundances of the en-

zymes catalyzing TDRs can determine the metabolic phenotype

of a cell, we obtained quantitative proteomics datasets for 378

human cancer cell lines from the Cancer Cell Line Encyclopedia

(CCLE) database77 and computed a principal-component anal-

ysis (PCA)-based heterogeneity score to quantify the contribu-

tion of each enzyme to the metabolic heterogeneity of cancer

cell lines78 (Figure 6E). We found that although enzymes cata-

lyzing TDRs have lower abundance compared with other reac-

tions (Wilcoxon’s rank-sum p = 1.76× 10− 9; Figure 6F), these en-

zymes have a higher heterogeneity score (Wilcoxon’s rank-sum

p = 2.06 × 10− 7; Figure 6F), suggesting that the variation in

expression of enzymes catalyzing TDRs indeed dominates the

metabolic heterogeneity. These results emphasize that the posi-

tioning of TDRs within the genome-scale metabolic network is

not random, potentially enhancing their ability to regulate the

metabolic activity of a cell. To further validate this, we built a

random forest regression model that can successfully predict

whether a metabolic reaction is a TDR from four variables

describing its topological features, including node degree,

betweenness, closeness, and distance to nutrient uptake

reactions (5-fold cross-validation area under curve [AUC] =

0.75; Figure 6G). These findings were robust to the selection of

ΔrG threshold for TDRs, as using a different threshold,

− 250 kJ/mol, did not change the conclusions (Figure S7).

Taken together, by integrating reaction thermodynamics,

network topology, and proteomics data, we have shown that

TDRs may have important roles in determining the metabolic

phenotypes of cells. We also repeated the analysis of TDRs

with another human GEM, Human1, and confirmed that TDRs

identified for Human1 have the same topological and proteomic

features as those in Recon3D, suggesting that the association

between thermodynamics, network topology, and enzyme

abundance is robust to the selection of GEM (Figure S8). TDRs

identified based on ΔrG
◦ values predicted by eQuilibrator do

not show such distinctive network topological (Figures 6D and

6G) and proteomic (Figure 6F) features compared with NTDRs,

highlighting the importance of accurate predictions of ΔrG
◦ in

studying thermodynamic properties of genome-scale metabolic

networks.

Multi-objective optimization of flux, enzyme, and

metabolites shapes the distribution of ΔrG
◦ in linear

metabolic pathways

In theoretical analysis of metabolism, the simplest and most

thoroughly explored model is a linear chain of reactions.79 With

the genome-scale thermodynamic data generated by dGbyG,

it is therefore intriguing to study the pattern of thermodynamic

properties of reactions in linear metabolic pathways. We first

used glycolysis as an example of linear metabolic pathway to

illustrate the distribution of ΔrG
◦ over different reaction steps

and confirm that ΔrG
◦ values predicted by dGbyG are very close

to their actual values (Figure 7A). Next, for each reaction in the

human GEMs Recon3D and Human1, we computed its distance

to nutrient uptake reactions in the model as a surrogate for the

location of that reaction in a linear metabolic pathway. A reaction

with a shorter distance to nutrient uptake reactions is more likely

located upstream of a metabolic pathway. We then compared

the distribution of ΔrG
◦ and ΔrG across reactions with varying

distances to the nutrient uptake reactions and found that both

ΔrG
◦ and ΔrG exhibited an inverted U-shaped trend against

the distance to nutrient uptake reactions in both Recon3D

(Figures 7B–7D) and Human1 (Figure S9). This relationship sug-

gests that in the human GEMs, reactions at the beginning and

end of metabolic pathways are more likely to be driven by stron-

ger thermodynamic forces and may exert stronger control over

the pathway flux. On the other hand, reactions located in the

middle of the pathway are closer to thermodynamic equilibrium.

This is consistent with the thermodynamic property and regula-

tion mode of glycolysis (Figure 7A), in which the upstream reac-

tions HK and PFK and the downstream reaction PK are known to

have large negative ΔrG
◦ and ΔrG values, often considered as

rate-limiting steps, and under tight control by allosteric regula-

tions.80 Such an inverted U-shaped trend can be seen by visual-

ization of ΔrG
◦ of reactions on several representative metabolic

networks that involve local linear pathways, such as nucleotide

and histidine biosynthesis in E. coli, branched-chain amino

acid (BCAA) metabolism, and central carbon metabolism in hu-

mans (Figure 7E).

However, it is still unclear why the distribution of ΔrG
◦ of reac-

tions in the metabolic pathway follows such an inverted

U-shaped pattern, in which reactions with stronger thermody-

namic driving forces tend to locate in the beginning and the

(F) Violin plots comparing log-transformed enzyme abundances and PCA-based heterogeneity scores between TDRs and NTDRs in Recon3D. p values were

computed using the two-sided Wilcoxon’s rank-sum test.

(G) Receiver operating characteristics (ROC) curves showing the performance of the random forest model predicting TDRs in Recon3D from the network to-

pological features of reactions. TDRs are either identified based on dGbyG (blue curve, AUC = 0.75) or eQuilibrator (yellow curve, AUC = 0.55).
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end of metabolic pathways. Previous studies have shown that

the configuration of cellular metabolic networks is shaped by

multiple metabolic objectives, including maximization of yield

(e.g., production of biomass and ATP) and minimization of cost

(e.g., load of metabolites and metabolic enzymes,81–83 dissipa-

tion of energy,8 and perturbation of fluxes84). Hence, we hypoth-

esize that optimization of multiple metabolic objectives in a linear

metabolic pathway might result in such a pattern of ΔrG
◦ distri-

bution. To test this hypothesis, we developed a mathematical

model of a linear metabolic pathway consisting of five metabo-

lites and four reactions (Figure 7F) using reversible Michaelis-

Menten kinetics (STAR Methods). Within this model, the concen-

trations of inner metabolites (Met2, Met3, and Met4), ΔrG
◦ of all

reactions, and abundance of enzymes can be optimized,

whereas concentrations and ΔfG
◦ of the initial metabolite

(Met1) and the final metabolite (Met5) were fixed as boundary

conditions for the model. We considered three metabolic objec-

tives that have been extensively explored in previous research:

maximizing pathway flux, minimizing total enzyme abundance,

and minimizing total metabolite concentrations. The first objec-

tive focuses on maximizing yield represented by the pathway

flux, while the other two aim to minimize the costs associated

with the load of enzyme and metabolites. These three objectives

inherently involve trade-offs, as reducing the abundance of

A B C D

E F

G

Figure 7. Multi-objective optimization of flux, enzyme, and metabolites shapes the distribution of ΔrG
◦ in linear metabolic pathways

(A) Comparison of ΔrG
◦ values for reactions in the glycolysis pathway from the literature and those predicted by dGbyG.

(B) Distributions of average ΔrG in reactions at varying distances from nutrient uptake reactions in Recon3D.

(C) Distributions of ΔrG
◦ in reactions at varying distances from nutrient uptake reactions in Recon3D.

(D) Median values of ΔrG
◦ and median values of average ΔrG for reactions at varying distances from nutrient uptake reactions in Recon3D.

(E) Visualization of ΔrG
◦ on representative metabolic pathways.

(F) Schematic of the linear metabolic pathway model consisting of 5 metabolites and 4 reactions (left), and the algorithm for generating Pareto solutions using the

ε-Constraint method (right).

(G) Pareto optimal solutions for ΔrG
◦ values of reactions in the linear metabolic pathway model in (F) under different combinations of upper limits on total enzyme

abundance and total metabolite concentration. Red frames indicate cases with the inverted U-shaped trend of ΔrG
◦ distribution along the pathway.
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metabolic enzymes or metabolites generally leads to a decrease

in the pathway flux.

The trade-off between these objectives can be characterized

by constructing the Pareto front, which represents metabolic

states where improvement in one objective (e.g., increasing

metabolic flux) requires a compromise in at least one other

objective (e.g., increasing enzyme or metabolite load). To

construct the Pareto front, we applied an ε-constraint approach

(Figure 7F) in which maximizing pathway flux was treated as the

primary objective function, while the other two objectives, mini-

mization of metabolite concentration and enzyme abundance,

were converted to inequality constraints with varying upper limits

cu (upper limit on total metabolite concentration) and eu (upper

limit on total enzyme abundance). We then solved the resulting

constrained optimization problems to compute the distribution

of ΔrG
◦ over the pathway that maximizes the pathway flux J un-

der different combinations of upper limits cu and eu (Figure 7F;

STAR Methods).

Our results showed that the Pareto optimal solution of ΔrG
◦

varies along with changes in the upper limit of total metabolic

concentration, cu, regardless of the amount of total available en-

zymes, eu (Figures 7G and S10). An inverted U-shaped trend,

which echoes the pattern of ΔrG
◦ values in the GEMs

(Figures 7B–7E and S9), emerged when the upper bound of total

metabolite concentration cu falls in the range of 10− 4.5 to 10− 3.5

mol/L. Such an inverted U-shaped trend in the Pareto optimal

solution of ΔrG
◦ for cu around 10− 4 mol/L was unaffected by

altering the parameters Km (Figures S10A and S10B), ΔfG
∘
Met1,

and ΔfG
∘
Met5 (Figures S10C and S10D). Changes in concentra-

tions of Met1 and Met5 had a greater effect on the Pareto optimal

solution of ΔrG
◦, but the range of cu that led to the inverted

U-shaped trend still fell in the range of roughly 10− 5 to 10− 3

mol/L (Figure S11). Interestingly, this is very close to the actual

absolute concentration of metabolites in human cells (median

concentration of metabolites around 10− 4 mol/L18,85), further

validating our model. These results suggest that the trade-off be-

tween maximizing pathway flux and minimizing metabolite and

enzyme load robustly drives the emergence of the inverted

U-shaped ΔrG
◦ distribution in real metabolic pathways.

DISCUSSION

The goal of this study is to understand the quantitative principles

governing the distribution of thermodynamic driving force in

genome-scale metabolic networks. For this aim, we develop a

powerful machine learning model, dGbyG, for predicting ΔrG
◦

of metabolic reactions at the genome scale. The model has

several remarkable advantages compared with previous

models: first, the application of GNN in modeling the molecular

structures of metabolites enables the model to efficiently extract

information at the levels of atoms and bonds and make accurate

predictions for metabolites with chemical groups unseen in the

training data and metabolic reactions of mechanisms distinct

from those in the training data. Second, with the strategies of er-

ror randomization and data weighing that address the uncer-

tainty in the training data and predicted values, we were able

to further improve the robustness of our model and give an esti-

mation of the uncertainty in the prediction without impairing the

accuracy. The comparison with previous methods demonstrates

that dGbyG has achieved state-of-the-art performance in accu-

racy, robustness, versatility, and generalization ability. Further-

more, the combination of dGbyG and thermodynamics-based

analysis of GEMs can improve the accuracy of predicted meta-

bolic fluxes and identify potential inaccuracies in these models,

hence facilitating the improvement of the quality of them. Since

the reconstruction of high-quality GEMs is crucial for a quantita-

tive understanding of metabolism, we believe that the applica-

tion of our approach could greatly benefit the community.

Leveraging the versatility of dGbyG, we achieved the upper

bound of reaction coverage for predicting ΔrG
◦ of metabolic re-

actions in GEMs. These predictions enable us to address key

questions regarding the design principles of metabolic networks.

Although some results of our analysis align with previous studies,

such as the association between substantial negative value of

ΔrG
◦ and oxygen-dependent reactions,73 our analysis of TDRs

revealed that these reactions have topological features that are

distinct from other reactions and dominate the metabolic hetero-

geneity of human cancer cells. These findings suggest that the

distribution of thermodynamic driving force in the human meta-

bolic network is skewed toward these TDRs. This is potentially

for efficient control of metabolic fluxes through regulating en-

zymes catalyzing TDRs, as a strong thermodynamic driving

force—the feature of TDRs—is often linked to larger flux control

coefficients (FCCs) in the context of metabolic control analysis

(MCA), meaning that metabolic fluxes are sensitive to changes

in abundance or activity of enzymes catalyzing these reactions.

It is important to note that the regulation of metabolic networks

has previously been investigated from two distinct theoretical

perspectives. The first is MCA, which focuses on calculating

the FCCs that quantify how changes in individual enzymes influ-

ence the overall pathway flux.86 The second perspective,

network controllability, assesses the structural controllability of

complex networks, identifying whether the network can be

directed toward a desired final state by modulating a subset of

reactions serving as the driver nodes.75 While MCA and network

controllability are distinct theories that have historically been

developed by researchers in different fields, they are inherently

connected. First, both aim to identify critical reactions for con-

trolling a metabolic network. MCA highlights reactions with

larger FCCs, while network controllability analysis focuses on

driver nodes. Second, these two frameworks address comple-

mentary aspects of metabolic regulation. To efficiently drive

the metabolic network to a desired state by targeting the driver

nodes, it is also necessary for the flux through these driver

node reactions to be sufficiently responsive to perturbations of

enzymes catalyzing them. In other words, driver nodes identified

by network controllability analysis should also have large FCCs.

Two findings in this study support this hypothesis: TDRs—reac-

tions that likely have large FCCs—and driver nodes share similar

network topological features, and metabolic enzymes associ-

ated with TDRs dominate the proteomic heterogeneity of human

cell lines. Further theoretical work is needed to integrate the two

aspects of metabolic regulation and determine the optimal ther-

modynamic pattern for efficient control of metabolic networks.

Optimality is an important topic in discussions about design

principles of biological processes, including metabolism. As re-

action thermodynamic parameters such as ΔrG
◦ and ΔrG

change with alterations in network topology and concentrations
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of metabolites, their choice should be shaped during optimiza-

tion of the topology and parameters of metabolic networks. In

this study, we found an inverted U-shaped pattern of ΔrG
◦ and

ΔrG in the human metabolic network, in which reactions with

stronger thermodynamic driving forces tend to be at the begin-

ning and end of metabolic pathways. This pattern can be ex-

plained by a multi-objective optimization model on the trade-

off between maximizing pathway flux and minimizing enzyme

cost and metabolite load in linear pathways. However, due to

the topological complexity of the GEM, our theoretical analysis

is limited to the simplest linear metabolic pathways. Further anal-

ysis with more complicated network structures is needed to

extend the relationship between multi-objective optimality and

thermodynamics to non-linear metabolic pathways.

Since optimality of biological systems is often investigated

from an evolutionary perspective, an intriguing question is

whether the thermodynamic patterns we have identified in hu-

man metabolic networks in this study are conserved across

different phylogenetic lineages, especially for species that are

evolutionarily distant from humans. Our analysis focused on hu-

man metabolism because high-quality human GEMs and omics

datasets are readily available from public databases, while data

for less-studied species are much scarcer. However, despite the

evolutionary conservation of certain specific metabolic path-

ways, metabolic networks exhibit significant diversity across

species. For instance, anaerobic organisms use alternative elec-

tron acceptors such as sulfate, nitrate, and sulfur instead of ox-

ygen.87 Since these molecules have lower reduction potential

than oxygen, reactions using them as electron acceptors may

have lower thermodynamic driving forces compared with oxy-

gen-dependent reactions in human metabolism, resulting in a

different distribution of ΔrG
◦ and ΔrG within their metabolic net-

works. Application of dGbyG to GEMs of other species, such as

those available at public databases,88 will help characterize the

thermodynamic properties of non-human metabolic networks

and determine whether evolutionary constraints influence the

thermodynamics of metabolic networks.

In summary, our work offers a powerful computational tool to

obtain high-quality thermodynamic data for metabolic reactions

at the genome scale and illustrates the possibility to discover

design principles of metabolic networks about the relationship

between thermodynamics and network topology.
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84. Segrè, D., Vitkup, D., and Church, G.M. (2002). Analysis of optimality in

natural and perturbed metabolic networks. Proc. Natl. Acad. Sci. USA

99, 15112–15117. https://doi.org/10.1073/pnas.232349399.

85. Bar-Even, A., Noor, E., Savir, Y., Liebermeister, W., Davidi, D., Tawfik, D.

S., and Milo, R. (2011). The Moderately Efficient Enzyme: Evolutionary and

Physicochemical Trends Shaping Enzyme Parameters. Biochemistry 50,

4402–4410. https://doi.org/10.1021/bi2002289.

86. Rapoport, T.A. (2024). A Berlin-sided retrospective of the origins of meta-

bolic control theory. Interface Focus 14, 20230024. https://doi.org/10.

1098/rsfs.2023.0024.

87. Leng, H., Wang, Y., Zhao, W., Sievert, S.M., and Xiao, X. (2023).

Identification of a deep-branching thermophilic clade sheds light on early

bacterial evolution. Nat. Commun. 14, 4354. https://doi.org/10.1038/

s41467-023-39960-x.

88. Schellenberger, J., Park, J.O., Conrad, T.M., and Palsson, B.Ø. (2010).

BiGG: a Biochemical Genetic and Genomic knowledgebase of large scale

metabolic reconstructions. BMC Bioinformatics 11, 213. https://doi.org/

10.1186/1471-2105-11-213.
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We first mapped different types of molecular identifiers to SMILES formulas and removed reactions that involved metabolites without

clearly defined molecular structures (e.g. tRNA), or lacked chemical equations or equilibrium constants. We then balanced the reac-

tions by adding water molecules to either side of the unbalanced reactions, and discarded reactions that cannot be balanced using

this procedure. Based on the pKa values of the molecules predicted by Calculator plugins, Marvin 24.3.1, ChemAxon (https://www.

chemaxon.com), we next applied the Legendre transformation90 to compute the standard Gibbs free energy of the reactions under

the same condition of pH = 7.0, T = 298.15 K, ionic strength = 0.25 mol/L, and pMg = 14.0. Finally, we computed the mean and
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standard deviation (SD) of standard Gibbs free energy change averaged over different measurements of each reaction, ΔrG
◦

Observed,

and the mean and SD of standard Gibbs free energy of formation averaged over different measurements of each molecule,

ΔfG
◦

Observed. The mean and SD values were used for the training.

Legendre transformation

We applied Legendre transformation to convert all Gibbs free energies experimentally measured under non-standard conditions into

the standard condition. Here, we defined pH = 7.0, T = 298.15 K, ionic strength = 0.25 mol/L, and pMg = 14.0 as the standard con-

dition, ΔfG
◦ as standard Gibbs free energy of formation under the standard condition, and ΔfG

′◦ as standard formation Gibbs energy

under a non-standard condition.

In solutions, metabolites can dissociate into various forms, i.e. pseudoisomers, by losing different numbers of protons. ΔfG
◦ of a

metabolite was computed using a Boltzmann-weighted average of ΔfG
◦ of its pseudoisomers47:

ΔfG
◦ = − RTln

∑

j

e−
Δf G◦ (j)

RT

where ΔfG
◦ (j) is the standard Gibbs free energy of formation for pseudoisomer j. The Legendre transformation can be therefore

applied to each pseudoisomer to compute its ΔfG
◦ (j) from the value of ΔfG

′◦ under non-standard conditions:

ΔfG
ꞌ ◦ (j) = ΔfG

◦ (j)+ ΔΘH (j) + ΔΘMg (j) + ΔΘI (j)

where

ΔΘH(j) = NH(j)RT(pH − 7)ln (10)ΔΘMg(j) = NMg(j)RT(pMg − 14)ln (10)

ΔΘI(j) = − 2:91482
(
z2 − NH

)
( ̅̅

I
√

1+1:6
̅̅
I

√ −

̅̅̅̅̅̅̅̅̅̅
0:25

√

1+1:6
̅̅̅̅̅̅̅̅̅̅
0:25

√

)

In which ΔΘH(j) reflects the contribution of protons to the Gibbs energy, NH (j) is the number of protons associated to this

pseudoisomer, ΔΘMg
(j) reflects the contribution of Mg2+ ions to the Gibbs energy, NMg

(j) is the number of Magnesium ions

associated to this pseudoisomer. ΔΘI(j)reflects the contribution of ionic strength to the Gibbs energy and is defined based

on the extended Debye-Hückel equation, which works well in the 0.05 to 0.25 M range of ionic strengths.47 z is the total charge

of this pseudoisomer. I is the ionic strength of the solution. Let [Mj] represent pseudoisomer with j hydrogen atoms and [Mj+1]

represent pseudoisomer with j + 1 hydrogen atoms. When the disassociation constant Ka (j) is known, the relationship

below holds:

ΔfG
′ ◦

(j + 1) = ΔfG
′ ◦

(j) + Δf G
′ ◦

(H+) − RT ln (10)pKa(j)

where ΔfG
′ ◦

(H+) is the standard Gibbs free energy of formation for a proton, which is set to be 0 kJ/mol in this framework.

Therefore, the difference in Gibbs free energy of formation between the standard and non-standard conditions can be

computed as follows:

ΔΔfG
′∘ = Δf G

′∘ − ΔfG
∘ =

⎛

⎝ − RT ln
∑

j = m

e
ln (10)

∑j

i = m

pKa(i) −
ΔΘH (j)+ΔΘMg (j)+ΔΘI (j)

RT

⎞

⎠ −

⎛

⎝ − RT ln
∑

j = m

e
ln (10)

∑j

i = m

pKa(i)

⎞

⎠

= − RT

⎛

⎝ln
∑

j = m

e
ln (10)

∑j

i = m

pKa(i) −
ΔΘH(j)+ΔΘMg(j)+ΔΘI(j)

RT

− ln
∑

j = m

e
ln (10)

∑j

i = m

pKa(i)

⎞

⎠

For experimental values in the training set measured at non-standard conditions, these values were transformed to the standard

condition during the pre-processing steps using the following formula:

ΔfG
∘ = ΔfG

′∘ − ΔΔfG
′∘

As the direct prediction of Gibbs free energy by dGbyG is under the standard condition, predictions for non-standard con-

ditions (e.g. standard Gibbs free energy change for a reaction in a certain cellular compartment) can be calculated as follows:

ΔfG
′∘ = ΔfG

∘ + ΔΔfG
′∘

Structure of GNN model

dGbyG first obtains molecular structures of metabolites from SMILES or InChI strings, or retrieves the corresponding MOL files based

on their database IDs using RDKit (https://www.rdkit.org/) if SMILES or InChI formulas are unavailable for the metabolite. The
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molecular structures were processed through standardized transformations using the rdkit.Chem.MolStandardize.rdMolStandard-

ize.Normalize function in RDKit to adjust functional groups and optimize charge distributions. This included charge neutralization

through protonation and deprotonation steps, followed by the addition of missing hydrogen atoms. dGbyG next converted all struc-

tures to molecular graphs with atoms as nodes and bonds as edges, recording atomic number, hybridization, aromaticity, and charge

of atoms as node features and type of bonds as edge features. The neural network model begins with one-hot encoding of the mo-

lecular graph, which is then transformed into a 300-dimensional latent space for both nodes and edges using embedding layers.

Next, two message passing neural network (MPNN) layers propagate and aggregate the message from bonds and neighboring

atoms for each atom together with a residual of its own features. This process produces the features of each atom without changing

the dimensionality of the latent space. Subsequently, three feedforward neural network (FNN) layers consisting of a ReLU activation

function followed by linear layers with input and output dimensions of (300,300), (300,150), and (150,1), respectively, are used to

transform the feature vector of each atom to a single value. An additive pooling layer sums up all single values of the atoms to

compute the ΔfG
∘ as the final output of the neural network. Finally, we compute the standard Gibbs free energy change for a meta-

bolic reaction with the following chemical equation from the model-predicted values of ΔfG
∘ of the substrates {Si} and products {Pi}

and the stoichiometric coefficients {ai} and {bi}:

∑m

i = 1

aiSi ↔
∑n

i = 1

biPi

ΔrG
∘ =

∑n

i = 1

biΔfG
∘
Pi

−
∑m

i = 1

aiΔfG
∘
Si

The whole framework is implemented based on PyTorch91 and PyG.92

Estimation of uncertainty in the prediction

To define a metric to quantify the variability in experimental measurements of Gibbs free energy, we quantified the relationship

between its standard deviation (SD), standard error of the mean (SEM), absolute value, and sample size (i.e. number of different

measurements) for each reaction. We did not observe strong correlation between the standard deviation (SD) of experimentally

measured Gibbs energy values and other data features (Figures S2A and S2B), but the significant positive correlation between

the standard error of the mean (SEM) and number of measurements suggests that the variability in the mean values decreases

as the sample size increases, in other words, measurements with lower SEM are more reliable than the other ones

(Figure S2C). Hence, we define a variability index α to assess the variability in the experimental measurements of standard Gibbs

energy for each reaction:

αi =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

SEM
2

i +
SD

2

mean

Ni

√

where SIMi is the SEM of the i-th reaction, SDmean is the mean SD of all reactions in the training set, Ni is the number of different mea-

surements for the i-th reaction. The design of α aims to stabilize the variability in the data point by approximating it according to the

average SD of all reactions when the sample size N is small. Otherwise, when the sample size N is large, the variability index con-

verges to the actual SEM of the reaction. Under the assumption that the error in the mean value of experimentally measured standard

Gibbs energy for each reaction follows a normal distribution with standard deviation α equals to the variability index defined above,

we randomly sampled 100 error terms from that distribution for each reaction and added it to the original value in the training set to

generate 100 different training sets. We then used those 100 training sets to train 100 different networks, resulting in an ensemble of

models with different parameters and predictions. The predictions made by 100 networks in the ensemble of models were used to

estimate uncertainty in the prediction.

Computation of ΔrG
◦

for multi-compartment reactions in GEMs

Electrostatic potentials difference between cellular compartments could affect the free energy change of metabolite transport and

multi-compartment reactions that involve movement of charged metabolites between compartments. This effect was quantified

by computing the contribution of charged species movements between compartments to ΔrG
◦ using the relationship ΔG∘

e =

Ncharge FΔΨ, where Ncharge is the net charge of the molecule moving between compartments, F is the Faraday’s constant, and

ΔΨ is the membrane potential difference between compartments. This term ΔG∘
e was added to the dGbyG-predicted ΔrG

◦ value

to compute the total ΔrG
◦ of multi-compartment reactions.

Thermodynamics-based Flux Balance Analysis (TFBA)

We developed the framework of TFBA by introducing additional constraints linking fluxes, metabolite concentrations, and re-

action thermodynamics to the original mathematical problem of flux balance analysis (FBA). Briefly, we incorporated variables

corresponding to ΔfG
◦ of each metabolite, ΔrG

◦ and ΔrG of each reaction, and logarithms of the metabolite concentrations,

z = log10(c), into the original FBA modelΔrG
◦. ΔrG

◦ was constrained in the range of uncertainty of ΔrG
◦

p for reactions predicted
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by dGbyG. Thermodynamic constraints on ΔrG of each reaction that require the net flux v and the free energy change ΔrG to

have opposite signs were then added to ensure thermodynamic feasibility of the reactions. Finally, an osmotic constraint on the

upper bound of total metabolite concentration in each compartment, and a growth constraint that ensures non-zero biomass

production, were added to the model.

The first part of constraints included in the TFBA framework sets the conditions of flux balance and lower and upper bounds of flux

for each reaction:

Sv = 0;

vl ≤ v ≤ vu

where S is a m × r stoichiometric matrix, v is an r × 1 flux vector, m is the total number of metabolites and r is the total number of

reactions. vl and vu are two r × 1 vectors representing the lower and upper bounds of fluxes.

The next part of TFBA constraints determines directionalities of the reactions. This was done by introducing these con-

straints below:

a ∈ {0; 1};

(a − 1) × 1000 ≤ v ≤ a × 1000; − a × M + τ < ΔrG ≤ (1 − a) × M − τ;

where a is an r × 1 vector of binary instrumental variables indicating the directionality of each reaction, ΔrG is an r × 1 vector of

Gibbs free energy change of reactions, M is a sufficiently large positive number, τ is a small positive number that sets a non-zero

lower bound of absolute values of ΔrG. As a is binary, these constraints become v ≥ 0 and ΔrG ≤ − τ when a = 1, indicating

that the reaction occurs through the forward direction. On the other hand, when a = 0 these constraints become v ≤ 0 and

ΔrG ≥ τ, meaning that the reaction takes the backward reaction. Here we used the constraints ΔrG ≤ − τ or ΔrG ≥ τ instead

of ΔrG < 0 or ΔrG > 0 because TFBA is intrinsically a mixed integer linear programming (MILP) problem, and an inherent property

of this kind of mathematical problem is that its solution lies in the boundary of its feasible region. Therefore, using constraints of

ΔrG ≤ − τ or ΔrG ≥ τ ensures mathematical consistency (i.e. the feasible region contains its boundary) while preserving ther-

modynamic constraints. We have also confirmed that the selection of this parameter τ did not affect the predictions of TFBA

(data not shown).

The next part of TFBA constraints links reaction Gibbs free energies, ΔrG, to standard Gibbs free energies, ΔrG
◦, and 10-base

logarithms of metabolite concentrations, z:

ΔrG = ΔrG
∘ + RT ln (10)STz;

z = log10 (c);

zl ≤ z ≤ zu;

where zl and zu are the lower and upper bounds of log10-transformed metabolite concentration z.

The standard Gibbs free energy change ΔrG
∘ of most reactions were predicted by dGbyG or retrieved from experimental data.

For those reactions, we computed the confidence intervals of the ΔrG
∘ values based on the estimation of uncertainty made by

dGbyG or experimental data available from multiple sources. According to the confidence intervals, the following constraints

were added:

μl;i ≤ ΔrG
∘
i − ΔrG

∘
p;i ≤ μu;i;

{
i = 1; 2;⋯; n

⃒
⃒
⃒ΔrG

∘
p;i is known

}

where ΔrG
∘
p;i are the known values of standard Gibbs energy change available from computational prediction and experimental mea-

surement, and ΔrG
∘
p;i represents possible real value of standard Gibbs energy change of reaction i. μl;i and μu;iare the lower and upper

bounds of the error in prediction made by dGbyG or other tools of reaction i.

It is also worth noting that the ΔrG
∘ of reactions can be computed from ΔfG

∘ of its reactants and products. For this reason, we have

the linear equality constraint linking these two:

ΔrG
∘ = ST ΔfG

∘

We also introduced an osmotic constraint that sets the upper limit of total metabolite concentration in each cellular compart-

ment. To ensure the linearity of this constraint to the logarithm of metabolic concentration, z, this was done by approximating

the concentration of each metabolite, cappr , using a piecewise linear function of the logarithm of metabolite concentration z

(Figure S12):

b1;b2;b3 ∈ {0; 1};

b1 + b2 + b3 = 1; − 2b1 − 3b2 − 11b3 ≤ z ≤ − b1 − 2b2 − 3b3;

cappr =
(
0:09b1 + 0:009b2 − 1:25 × 10− 4b3

)
z +
(
0:19b1 + 0:028b2 − 1:375 × 10− 3b3

)
;

∑

k

cappr;k ≤ Cupper ;

where Cupper is the upper limit of total metabolite concentration in each compartment.
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Finally, a lower bound of the biomass biosynthesis flux was set as vbiomass ≥ 10 to ensure non-zero cell growth. Taken together,

the TFBA model contains the following constraints:

Sv = 0;

vl ≤ v ≤ vu;

ΔrG
∘ = ST Δf G

∘;

ΔrG = ΔrG
∘ + RT ln (10)STz;

zl ≤ z ≤ zu

a ∈ {0; 1};

(a − 1) × 1000 ≤ v ≤ a × 1000; − a × M + τ ≤ ΔrG ≤ (1 − a) × M − τ;

μl;i ≤ ΔrG
∘
i − ΔrG

∘
p;i ≤ μu;i;

{
i = 1; 2;⋯; n

⃒
⃒
⃒ΔrG

∘
p;i is known

}
;

b1;b2;b3 ∈ {0; 1};

b1 + b2 + b3 = 1; − 2b1 − 3b2 − 11b3 ≤ z ≤ − b1 − 2b2 − 3b3;

cappr =
(
0:09b1 + 0:009b2 − 1:25 × 10− 4b3

)
z +
(
0:19b1 + 0:028b2 − 1:375 × 10− 3b3

)
;

∑

k

cappr;k ≤ Cupper ;

vbiomass ≥ 10;

Here we set M = 4000 , τ = 0:0001, and Cupper= 1. The objective function is defined based on the task requirements.

Predicting directionality of reactions in GEM

All labels of directions of non-boundary reactions in the GEM were removed before predicting directionalities of reactions in GEM.

Next, we computed the ranges of net flux carried by reaction i by maximizing or minimizing its flux vi upon the FBA:

min or max vi

s:t:

⎧
⎨

⎩

Sv = 0;

vl ≤ v ≤ vu;

vbiomass ≥ 10;

or TFBA framework:

min or max vior ΔrG

s:t:

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Sv = 0;

vl ≤ v ≤ vu;

ΔrG
∘ = ST ΔfG

∘;

ΔrG = ΔrG
∘ + RT ln (10)STz;

zl ≤ z ≤ zu;

a ∈ {0; 1};

(a − 1) × 1000 ≤ v ≤ a × 1000;

− a × M + τ ≤ ΔrG ≤ (1 − a) × M − τ;

μl;i ≤ ΔrG
∘
i − ΔrG

∘
p;i ≤ μu;i;

{
i = 1; 2;⋯;n

⃒
⃒
⃒ΔrG

∘
p;i is known

}
;

b1;b2;b3 ∈ {0; 1};

b1 + b2 + b3 = 1;

− 2b1 − 3b2 − 11b3 ≤ z ≤ − b1 − 2b2 − 3b3;

cappr =
(
0:09b1 + 0:009b2 − 1:25 × 10− 4b3

)
z +
(
0:19b1 + 0:028b2 − 1:375 × 10− 3b3

)
;

∑

k

cappr;k ≤ Cupper ;

vbiomass ≥ 10;
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A positive maximum value of flux vi means that the i-th reaction can happen in the forward direction, and a negative minimum value

of flux vi means it can happen in the backward direction.

Note that the flux direction of a reaction in TFBA framework was determined by two factors, thermodynamics and topology of

network. The latter affects whether the metabolites that participate in the reaction could be produced or consumed by other reactions

while satisfying all flux balance constraints in the model. Considering the imperfections of the metabolic network, we also computed

the range of Gibbs energy change for reaction i by solving another two optimization problems with objectives of maximizing or mini-

mizing its Gibbs free energy change Δr Gi under the TFBA framework. The potential directions of reactions could be inferred by the

range of Δr Gi. A positive minimum value of Δr Gi indicates that the reaction can only happen in the backward direction, while a nega-

tive maximum value of Δr Gi means that the reaction can only happen in the forward direction. The Gurobi93 solver was used for solv-

ing those MILP problems. According to the directionalities inferred based on the range of vi and Δr Gi, we screened all non-boundary

reactions in the GEM, compared the built-in labels with the reaction directionalities inferred by FBA and TFBA, and assigned the di-

rection manually if they were incompatible.

13C-Metabolic flux analysis (13C-MFA)

To compute intracellular metabolic fluxes, we constructed an Elementary Metabolite Unit70 (EMU) model to predict 13C mass iso-

topomer distributions (MIDs) of pyruvate and lactate from steady state metabolic fluxes in a network representing central carbon

metabolism of CHO cells. The model was fitted to isotope tracing data obtained from a previously published study.71 To exclude

the possibility of solutions being trapped in local minimums, we applied Latin hypercube sampling to generate 100 distinct flux

sets. These flux sets were used as initial solutions for minimization of a loss function defined by the discrepancy between simulated

and experimental data with flux balance constraints:

min
v

Φ = (x(v) − xexp)
T ⋅
∑− 1

x

⋅(x(v) − xexp)

s:t: Sv = 0

The objective function Φ is the covariance-weighted residual sum of squares (RSS), x(v) is the vector simulated measurements,

xexp is the vector experimental measurements including 13C MIDs and extracellular fluxes,
∑

x

is a diagonal matrix of variances in

the experimental measurements, Sis the stoichiometry matrix, and v is the flux vector. We employed the interior-point method to

solve the above optimization problem, which is implemented as the default algorithm for the MATLAB built-in function fmincon[].

The solution with the smallest loss function among those 100 candidate flux configurations was used as the final solution of the

MFA problem. This approach enabled estimation of intracellular fluxes across key metabolic pathways, including glycolysis, pentose

phosphate pathway, tricarboxylic acid (TCA) cycle, and amino acid metabolism. Quality of fitting was evaluated using a chi-square

goodness-of-fit test, and 95% confidence intervals for the fluxes were estimated by analyzing the sensitivity of the covariance-

weighted RSS to the change in each single flux, thereby providing a statistical measure of uncertainty in the fluxes.

Identification of TDRs

Sampling of thermodynamically feasible metabolic fluxes and Gibbs free energy changes of reactions in GEMs includes two steps.

First, we computed possible ΔrG
o values of reactions that allow the GEM to be thermodynamically feasible with as little deviation

from the ΔrG
o values predicted by dGbyG as possible. This was done by solving the optimization problem below under the TFBA

framework:

min
∑

⃒
⃒
⃒ΔrG

∘
i − ΔrG

∘
p;i

⃒
⃒
⃒

1+εi

;
{

i = 1; 2;⋯; n

⃒
⃒
⃒ΔrG

∘
p;i is known

}
;

where ΔrG
∘
p;i and εi are the value of standard Gibbs energy change and its SD predicted by dGbyG for reaction i, respectively. Solving

this optimization problem yields values of ΔrG
∘
i that were used in the following steps and we use ΔrG

∘′
i to refer to these values below.

Second, we generated random sets of metabolic fluxes and Gibbs free energy changes of reactions that satisfy all flux balance,

thermodynamic, and osmotic constraints in the framework of TFBA. Here, we add the constraints below to the original TFBA

constraints:

ΔrG
∘
i = ΔrG

∘′
i ;
{

i = 1; 2;⋯; n

⃒
⃒
⃒ΔrG

∘
p;i is known

}
;

Flux configurations and corresponding ΔrG values of reactions in the GEMs were then generated by optimizing random linear

objective functions under the TFBA framework. Briefly, the objective function takes the form below:

max ωT v

where v is the vector of metabolic fluxes, ω is a vector of linear coefficients randomly sampled from the standard normal distribution

N (0;1). This procedure was repeated 200 times using 200 randomly sampled vectors of coefficients, ω, resulting in 200 values of v

and ΔrG for each reaction. TDRs were defined as reactions with all 200 ΔrG values below -200 kJ/mol and at least one non-zero value

for the flux.
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Topological analysis of metabolic networks

MATLAB.mat files implementing the human GEM Recon3D and Human1 were retrieved from the online resources http://vmh.

life/ and https://github.com/SysBioChalmers/Human-GEM, respectively. For each model, an undirected graph named reaction

connectivity map was then constructed based on the stoichiometric matrix S of the model. In constructing the reaction connec-

tivity map, reactions were treated as nodes, and two reactions were considered to be connected with each other if at least one

non-hub metabolite is involved in both reactions. Non-hub metabolites were defined by metabolites that are not ions and mol-

ecules that participate in many reactions, such as proton, water, phosphate, NAD/NADH, NADP/NADPH, carbon dioxide, and

so on. Degree, closeness and betweenness of each reaction node in the reaction connectivity map were computed using the

MATLAB built-in functions degree[] and centrality[]. Distances between reactions in the reaction connectivity map were

computed using the MATLAB built-in function distances[]. Exchange reactions for glucose, glutamine, homoserine, isoleucine,

leucine, lysine, methionine, phenylalanine, serine, threonine, tryptophan, tyrosine, and valine were defined as nutrient uptake

reactions. The random forest model predicting thermodynamic driver reactions from topological features of reactions was built

with the degree, betweenness, closeness and distance to nutrient uptake reactions as four independent variables, and the bi-

nary label of a reaction being a thermodynamic driver reaction or not as the dependent variable. The model was implemented

using the MATLAB built-in function fitensemble[], and its performance was evaluated by 5-fold cross-validation using the

MATLAB function predict[]. ROC curves were generated using the MATLAB function perfcurve[]. Visualization of ΔrG
o values

on metabolic maps was done using the Escher tool.89

Analysis of enzyme abundance in human cancer cell lines

Quantitative proteomics data of human cancer cell lines measured by mass spectrometry were retrieved from the non-normal-

ized protein data available at https://gygi.hms.harvard.edu/publications/ccle.html, and proportionally scaled by the sum of in-

tensities of all proteins detected in each cell line. We mapped the gene symbols in the proteomic dataset to Entrez IDs using the

online tool SynGO,94 and computed abundances of enzymes associated with each reaction based on the gene-protein-reaction

mapping matrix in Recon3D and Human1. We then classified the enzymes into two categories based on their association with

the TDRs: one TDR-group consists of enzymes associated with at least one TDR, while the other NTDR-group contains en-

zymes that are not associated with any TDR. We performed Z-score normalization of the enzyme abundance matrix so that

the distribution of enzyme abundance across cell lines for each reaction has the mean value of zero and the standard deviation

of one. Principal component analysis (PCA) was then performed with the Z-score normalized enzyme abundance matrix, and a

heterogeneity score for each enzyme was computed by squared sum of the loadings of that enzyme in the top 200 principal

components.

Kinetic model of glycolysis

Ordinary differential equations (ODEs)-based model for glycolysis was retrieved from our previous work.5 For computational simu-

lation of this model, 10,000 random sets of kinetic parameters were generated by Latin hypercube sampling, which were used

together with dGbyG-predicted ΔrG
o values of reactions in glycolysis to parameterize the model. The flux control coefficient of

the glycolytic flux with respect to each reaction was estimated using the finite difference approximation:

CJ
vi

≈
log

[
J
(
1:01Vmax;i

)]
− log

[
J
(
Vmax;i

/
1:01

)]

2 log 1:01

In which J is the glycolytic flux and Vmax;i is the maximal velocity of the enzyme catalyzing the i-th reaction. For each reaction, its

Gibbs free energy change was computed from its ΔrG
o and concentrations of the substrates and products:

ΔrG = ΔrG
∘ + RT ln

∏

i

[Pi]
bi

∏

i

[Si]
ai

Simulation of the model was done with the ODE solver gsl_odeiv2_step_msbdf in the GNU Scientific Library.

Linear metabolic pathway model

The linear metabolic pathway model consists of five metabolites, Met1 to Met5, and four intracellular reactions, R1 to R4, as illus-

trated in Figure 7E. The model includes a sequence of flux-balanced unimolecular reactions:

vi = vj = J; ∀i; j ∈ {1; 2;…; r};

In which r is the number of reactions, vi is the rate of the i-th reaction, J is the steady-state pathway flux. Within this model, the two

reactions at the beginning and end of the pathway are defined as boundary reactions that represent the uptake of the first metabolite

and secretion of the last metabolite, while the remaining reactions are defined as intracellular reactions that convert the i-th metab-

olite to the i+ 1-th metabolite. The model employed in this study includes five different metabolites and six reactions (4 intracellular

reactions and 2 boundary reactions).
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Next, we introduce thermodynamic constraints to the model:

ΔrGi = ΔrG
∘
i + RT ln (10)(zi+1 − zi);

ΔrG
∘
i = ΔfG

∘
i+1 − ΔfG

∘
i ;

zi = log10 (ci);

cl ≤ ci ≤ cu;

where ΔrG and ΔrG
o are rin × 1vector of Gibbs energy change and standard Gibbs energy change of reactions, rin = r − 2 is the

number of intracellular reactions in the model, R is the gas constant, T is the temperature,m = r − 1 is the number of metabolites in

the model, ΔfG
o is a m × 1 vector representing for the standard formation Gibbs energy of metabolites, c is a m × 1 vector of the

concentrations of metabolites, and z is the base-10 logarithm of c. The lower and upper bounds for metabolite concentration are

set as ci = 10− 9 mol/L and metabolite concentration upper limit cu = 10− 1 mol/L.

For each reaction, the ratio between the forward and backward fluxes is determined by the Gibbs free energy change of this re-

action, ΔrG, through the flux-force relationship:

ΔrGi = − RT ln

(
v+

i

v−
i

)

;

vi = v+
i − v−

i ;

where v+
i is the forward flux and v−i is the backward flux for the i-th reaction. Furthermore, the forward flux is determined by the kinetic

parameters of the enzyme and the concentrations of the substrate and enzyme participating in this reaction through Michaelis-

Menten kinetics:

v+
i =

Kcat;i⋅ei⋅ci

Km;i+ci

;

ei ≥ 0

where ei is the concentration of the i-th enzyme, Kcat;i and Km;i are kinetic parameters of that enzyme. Overall, the linear metabolic

pathway model contains the following constraints:

vi = vj = J; ∀i; j ∈ {1;2;⋯; r};

ΔrGi = ΔrG
∘
i + RT ln (10)(zi+1 − zi);

ΔrG
∘
i = ΔfG

∘
i+1 − ΔfG

∘
i ;

zi = log10 (ci);

cl ≤ ci ≤ cu;

ΔrGi = − RT ln

(
v+

i

v−
i

)

;

vi = v+
i − v−

i ;

v+
i =

Kcat;i⋅ei⋅ci

Km;i+ci

;

ei ≥ 0;

For simplicity, we use the literature-based median values85 for these parameters, Kcat = 10 s− 1 and Kcat = 1.3 × 10− 4 mol/L for all

enzymes included in the model.

Constructing Pareto front for the linear metabolic pathway

The multi-objective optimization for maximizing flux while minimizing enzyme and metabolite loads in the linear metabolic

pathway is converted to a constrained nonlinear optimization problem to construct the Pareto front. The sum of the concentra-

tions of the intermediate metabolites (Met2, Met3, and Met4) is constrained by the upper limit for total metabolite concentra-

tions, denoted as cu. Similarly, the total abundance of all enzymes (E1 to E4) must not exceed the upper limit for enzyme con-

centration, eu. The Pareto front for this multi-objective optimization problem was constructed by systematically varying the

combinations of {eu; cu}, spanning the ranges eu ∈ [10− 4, 10− 2] and cu ∈ [10− 6, 10− 2]. Plus, for the two metabolites at the

beginning and end of the pathway, Met1 and Met5, their concentrations and ΔfG
o values are set as constant values. The reason

for doing so is that the concentrations of metabolites at the beginning and end of a metabolic pathway usually depend on the

concentration of nutrients and wastes in the environment and the ΔfG
o values are determined by the molecular structures of the
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nutrients and wastes, which cannot be optimized by the cell. Therefore, given the values of these two upper limits, cu and eu, a

Pareto optimal solution can be calculated by maximizing the pathway flux J as follows:

maxJ

s:t:

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

vi = vj = J; ∀i; j ∈ {1;2;⋯; r};

ΔrGi = ΔrG
∘
i + RT ln (10)(zi+1 − zi);

ΔrG
∘
i = ΔfG

∘
i+1 − ΔfG

∘
i ;

zi = log10 (ci);

cl ≤ ci ≤ cu;

ΔrGi = − RT ln

(
v+

i

v−
i

)

;

vi = v+
i − v−

i ;

v+
i =

Kcat;i⋅ei⋅ci

Km;i+ci

;

ei ≥ 0;

∑m − 1

i = 2

ci ≤ cu;

∑rin

i = 1

ei ≤ eu;

c1 = cMet1;

c5 = cMet5;

ΔfG
∘
1 = ΔfG

∘
Met1;

ΔfG
∘
5 = ΔfG

∘
Met5;

Here in analysis of Figure 7G, we set cMet1 = 10-5 mol/L and cMet5 = 10-4 mol/L as the concentrations of Met1 and Met5, and

ΔfG
∘
Met1 = 0 kJ/mol and ΔfG

∘
Met5 = -10 kJ/mol as their standard Gibbs free energy values of formation.
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