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ABSTRACT Reaction-equilibrium constants determine the metabolite concentrations necessary to drive flux through meta-
bolic pathways. Group-contribution methods offer a way to estimate reaction-equilibrium constants at wide coverage across
the metabolic network. Here, we present an updated group-contribution method with 1) additional curated thermodynamic
data used in fitting and 2) capabilities to calculate equilibrium constants as a function of temperature. We first collected and
curated aqueous thermodynamic data, including reaction-equilibrium constants, enthalpies of reaction, Gibbs free energies
of formation, enthalpies of formation, entropy changes of formation of compounds, and proton- and metal-ion-binding constants.
Next, we formulated the calculation of equilibrium constants as a function of temperature and calculated the standard entropy
change of formation ðDfS

+Þ using a model based on molecular properties. The median absolute error in estimating DfS
+ was

0.013 kJ/K/mol. We also estimated magnesium binding constants for 618 compounds using a linear regression model validated
against measured data. We demonstrate the improved performance of the current method (8.17 kJ/mol in median absolute re-
sidual) over the current state-of-the-art method (11.47 kJ/mol) in estimating the 185 new reactions added in this work. The efforts
here fill in gaps for thermodynamic calculations under various conditions, specifically different temperatures and metal-ion con-
centrations. These, to our knowledge, new capabilities empower the study of thermodynamic driving forces underlying the meta-
bolic function of organisms living under diverse conditions.
INTRODUCTION
The First and Second Laws of Thermodynamics connect
reaction-flux directions, metabolite concentrations, and re-
action-equilibrium constants. An increasing number of sys-
tems biology methods have begun to take advantage of the
intimate connection between thermodynamics and meta-
bolism to obtain insights into the function of metabolic net-
works. These methods have been used in a number of
applications, including the calculation of thermodynami-
cally feasible optimal states (1,2), the identification of
thermodynamic bottlenecks in metabolism (3,4), and the
constraint of kinetic constants via Haldane relationships (5).

To perform thermodynamic analyses on metabolic net-
works, it is necessary to have values for the equilibrium
constants of reactions carrying flux in the network. Experi-
mentally, the equilibrium constant of a reaction is deter-
mined by calculating the mass action ratio (the ratio of
product to substrate concentrations), also called the reaction
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quotient, when the reaction is at equilibrium. A collection of
experimentally measured equilibrium constants for over 600
reactions has been published in the National Institute of
Standards and Technology (NIST) Thermodynamics of
Enzyme-Catalyzed Reactions database (TECRdb) (6).
However, the equilibrium constants of the majority of
known metabolic reactions are still unmeasured, making
computational estimation necessary. The most commonly
used approach for estimating thermodynamic constants in
aqueous solutions is the group-contribution method (7,8).
This method is based on the simplifying assumption that
the Gibbs energy of formation ðDfG

+Þ of a compound is
based on the sum of the contributions of its composing func-
tional groups, which are independent of each other. The
contribution of each group can be estimated through linear
regression, using existing data on DfG

+ and the Gibbs en-
ergies of reactions ðDrG

+Þ.
Recent iterations of group-contribution methods for reac-

tions in aqueous solutions have incorporated pH corrections
into estimations of equilibrium constants (9) and improved
accuracy by taking advantage of fully defined reaction-stoi-
chiometric loops forming First Law energy-conservation
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relationships within the training data (10). These methods
also have begun to take advantage of computational chem-
istry software to estimate the pKa-values of compounds as
part of thermodynamic parameter estimation. However, a
number of issues remain for thermodynamic estimation of
reaction-equilibrium constants in metabolic networks,
including 1) significant estimation errors in many cases,
which may be attributed to a number of factors, including
missing or erroneous reaction conditions; and 2) the lack
of an established method to handle correction of thermody-
namic data with respect to temperature changes across con-
ditions. Additionally, existing group-contribution methods
have not taken into account the substantial metal-ion bind-
ing of many metabolites at physiological ion concentrations,
although established theory exists to correct reaction-equi-
librium constants for metal-ion binding when ion-dissocia-
tion constants are available (11).

The geochemistry field has developed a sophisticated the-
ory to handle thermodynamic variables as a function of
temperature for a wide variety of compounds in aqueous so-
lutions (12–18). The parameters used to calculate thermody-
namic transformation across temperature are specific for
different compounds. However, the available literature
only covers less than half of the compounds in the NIST
TECRdb. Therefore, the estimation of a large number of
compound-specific parameters is required. It is possible to
use a group-contribution approach by incorporating these
parameters into the formulation of DrG

0+ and fitting them
against experimental data at different temperatures. How-
ever, because of the lack of data in necessary depth and res-
olution, the parameter estimation procedure on the fully
parameterized thermodynamic model can suffer from sig-
nificant error due to overfitting of parameters. Therefore, a
simplified approach with fewer parameters to transform
DrG

0+ across temperature is desirable.
In this study, we extend the capabilities of computational

estimation of reaction-equilibrium constants for metabolic
networks. We first curate the NIST TECRdb of reaction-
equilibrium constants to obtain missing reaction conditions
and correct any other errors. We further incorporate addi-
tional thermodynamic data, including DfG

+ and data related
to proton and metal-ion binding, from a number of other
sources (11,19–23). The equilibrium constants and
DfG

+-values are commonly used as the training data for
group contribution. The proton- and metal-ion-binding
data are required to transform DrG

0+ across different pH
and metal-ion concentrations. To enable the calculation of
equilibrium constants as a function of temperature, we adapt
the thermodynamic theory from the geochemistry literature
(12–18) given certain simplifying assumptions. The thermo-
dynamic parameters required for such calculation, DfS

+ of
aqueous species, are estimated through a regression model
using various molecular descriptors. Next, to fill gaps in
the magnesium-binding correction of equilibrium constants,
we estimate magnesium-binding constants for 618 com-
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pounds using molecular descriptors and magnesium-binding
groups defined based on known magnesium-binding com-
pounds. Finally, we incorporate these new data and function-
alities into the most recently published group-contribution
framework, termed the component contribution (10), to
obtain a new group-contribution estimator for reaction-equi-
librium constants with expanded capabilities.
MATERIALS AND METHODS

Workflow for estimation of equilibrium constants

We first introduce the workflow for estimation of equilibrium constants

illustrated in Fig. 1 A. The following sections expand upon the workflow

in greater detail. We collected and curated 4298 equilibrium constants

(K0) for 617 unique reactions measured under different conditions (temper-

ature, pH, ionic strength, metal-ion concentrations) as the training data set

for the current group-contribution method (Fig. 1 B). We also collected

DfG
+-values from multiple sources as the training data (11,19,20). We

collected and curated stability constants of metal-ion complexes from the

International Union of Pure and Applied Chemistry (IUPAC) Stability Con-

stants Database (SC-database) and DfS
+ from various literature sources and

online databases (11,19,20) (Fig. 1 C). To complete the necessary thermo-

dynamic transformations to reference conditions, we estimated different

thermodynamic properties for compounds for which data were not avail-

able. We estimated pKa-values using ChemAxon (Budapest, Hungary)

(http://www.chemaxon.com). We used regression models to estimate mag-

nesium binding constants (pKMg) and DfS
+ based on collected data.

First, we transformed all measurements to the same reference conditions

at 298.15 K, pH 7, 0 M ionic strength, and no metal concentration. We

applied a Legendre transform to account for the different ion-binding states

of each compound as in the previous component-contribution method (10).

The transformation of the Gibbs free energy of reaction across pH and ionic

strength is also based on the previous method. However, we used the Davies

equation rather than the extended Debye-H€uckel equation to calculate ac-

tivity coefficients of electrolyte solutions, as the Davies equation was

used in the previous work for thermodynamic transformations across tem-

perature (12–15). The transformation of Gibbs free energy of reaction

across different metal concentrations is based on the formulation described

by Alberty (11,24). The transformation of Gibbs free energy of reaction

across temperature is based on adapted thermodynamic theory from the

geochemistry literature (12–15) with simplifying assumptions. The relevant

equations and theory above can be found in the Supporting Materials and

Methods.

Using DrG
+ and DfG

+ data at reference conditions, we applied the

component contribution method by Noor et al. (10) and obtained estimates

of DrG
+ and DfG

+ at reference conditions. Using these values, as well as

the estimated DrS
+ to transform DrG

0+ across temperature (more details

in Results) and other thermodynamic transformations applied in the previ-

ous work (10), we are able to calculate the equilibrium constant of a given

reaction at defined temperature, pH, and ionic strength.
Curation of the IUPAC SC-database

The IUPAC SC-database contains ion-binding data, i.e., dissociation/bind-

ing/stability constants, under various conditions from primary literature.

Additionally, the database contains several different annotations for the

binding of protons and metal ions to specific aqueous species. When the

ligand is a proton, the related dissociation constant is a pKa constant,

whereas when the ligand is a metal ion such as magnesium, the dissociation

constant is a pKMg (modified to the specific ion) constant. For each com-

pound of interest, we categorized the available binding data specific to

each ion-bound state. We then corrected binding data to 0 M ionic strength

http://www.chemaxon.com


FIGURE 1 Estimation of reaction-equilibrium constants. (A) The workflow of data curation and parameter fitting for equilibrium constant estimation is

given. (B) The results of curation of equilibrium constants from the NIST TECRdb are given. (C) New thermodynamic properties generated, either collected

from sources shown or computationally estimated, are given. (D) A comparison between curated pKa data from the IUPAC SC-database as well as literature

with computationally estimated pKa-values from ChemAxon is shown. To see this figure in color, go online.
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using the Davies equation (25). For each ion-binding reaction, we calcu-

lated the median of all available binding data as the value utilized in the

fitting (Table S1, tabs 4, 5, and 7).
Features and data used in regression models to
estimate pKMg and DfS

+

For estimation of pKMg, we included a total of 140 data points (Table S1, tab

5) and 128 molecular descriptors as features for regression models. The mo-

lecular descriptors included magnesium binding groups identified from ex-

isting pKMg data (Table S1, tab 8), the charge of the compound excluding

any magnesium binding groups, sums of partial charge and numbers of

different types of atoms, and several additional molecular descriptors

from ChemAxon and RDkit. For estimation of DfS
+, we included 762

data points (Table S1, tab 3) and 195 features including group decomposi-

tions, sums of partial charge and numbers of different types of atoms, and

molecular descriptors from ChemAxon and RDkit. The molecular descrip-

tors of compound were estimated with Calculator Plugins, Marvin
16.11.21, 2016, ChemAxon (http://www.chemaxon.com) and RDKit:

open-source cheminformatics (http://www.rdkit.org). The full list of molec-

ular descriptors used can be found in Table S1, tab 15.
Comparison of regression methods using nested
10-fold cross-validation

We tested six different regression methods to estimate pKMg and DfS
+.

These methods are ridge regression, lasso regression, elastic net regulariza-

tion, random forests, extra trees, and gradient boosting. We applied nested

10-fold cross-validation to compare the performance of these regression

methods. The specific implementation of nested 10-fold cross-validation in-

volves generating an outer loop and inner loop of cross-validation. The

outer loop separates the whole dataset into 10 folds, with one fold for testing

and the rest for training in each iteration. The training data in each iteration

is further separated into 10 folds, and cross-validation is performed in the

inner loop to select the optimal model hyperparameters through grid search

(Table S1, tab 16). We repeated the nested 10-fold cross-validation on each
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regression method five different times by splitting the data into different

subdivisions.

We then assessed model performance through the median absolute resid-

ual of testing errors calculated from the outer loop, for a total of 50 folds

(10 folds � 5 repetitions). The testing errors calculated here also reflect

how well the model generalizes on unseen data and are thus used as a metric

to evaluate model performance. We also evaluated model stability by calcu-

lating the relative standard deviation (RSD, SD/mean) of hyperparameters

selected by the inner loop for a total of 50 folds (10 folds � 5 repetitions).

We evaluated both testing error and the RSD of hyperparameters when

selecting the final regression model to use. For every fitting procedure,

we applied standardization on both the training and testing set using the

mean and SD of features calculated from the training set.

The regression models, including linear models, tree-based methods, and

gradient boosting, were implemented using the Python package scikit-learn

0.19.1 (26).
Lasso regression for estimation of pKMg and DfS
+

Based on the evaluation of different regression methods through nested

10-fold cross-validation (more details in Results), we used lasso regression

as the model to estimate pKMg andDfS
+. Specifically, the objective function

to minimize is

min
w

1

2nsamples

ky� Xw k 2 þ akw k 1; (1)

where y is the vector of data with length nsamples, X is the matrix with fea-

tures in the row corresponding to each data point, w is the vector of coeffi-

cients of the model, and a is a constant that tunes the degree of the l1
penalty.

We repeated 10-fold cross-validation 100 times on pKMg and DfS
+ data

sets, respectively, to find the optimal a-values that lead to the lowest testing

errors. We then constructed a lasso-regression-based estimator for each

pKMg and DfS
+ dataset using the selected a-value and applying standardi-

zation on the dataset.
Comparison of previous and current group-
contribution method

We compared how the previous (10) and the current group-contribution

methods perform at different temperatures. Because the previous group-

contribution method does not involve an explicit term to correct for

DrG
0+ at different temperatures, we were only able to substitute different

temperatures in thermodynamic transformations and Legendre transform

(Eqs. S8 and S9, the RT term) as the temperature transformation on

DrG
0+. On the other hand, the current method includes an explicit term

ðDrS
+Þ besides the RT term to calculateDrG

0+ at different temperatures. Us-

ing the two methods, we calculated DrG
0+-values of all the TECRdb data

measured at different temperatures and the absolute residual of the esti-

mated DrG
0+-values against experimental data.

We then performed 10-fold cross-validation on the 432 reactions that

overlapped between the previous and the current group-contribution

method. Specifically, we first transformed experimentally measured

DrG
0+ data to the reference stateDrG

+ (298.15 K, pH 7, 0 M ionic strength),

with different sequential modifications on this procedure (based on the pre-

vious method). These modifications include updated media conditions, the

Davies equation to correct for the effect of ionic strength, new compound

groups, temperature correction, and metal correction. For each set of

DrG
+-values obtained, we calculated the median DrG

+ of all data points

in each unique reaction, and performed 10-fold cross-validation on those

432 DrG
+-values. We repeated this procedure 100 times by splitting the

data into different subdivisions. We then calculated the median absolute re-

sidual of 100 repetitions for each reaction.
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Additionally, we also compared how well the two methods perform on

the 185 new reactions collected in this work. The first method is based

on the previous work by Noor et al. (10), whereas the second method in

the current work is similar to the first but has several modifications,

including updated media conditions, the Davies equation, new compound

groups, and the temperature correction. We fit the group-contribution model

using both methods with DrG
+-values of the original 432 overlapping reac-

tions as training data and calculated the absolute residual in predicting

DrG
+ for the 185 new reactions as the testing set.
Calculation of standard entropy change of
formation

The standard entropy change of formation ðDfS
+Þ of the compound is not

directly available. Given the type of data available, it can be calculated

either from DfG
+ and the standard enthalpy of formation ðDfH

+Þ of the

compound

DfS
+ ¼ �

DfH
+ � DfG

+
��

T (2)

or from the standard molar entropy ðS+Þ of the compound

DfS
+ ¼ S+ �

XNe

i¼ 1

neS
+
e ; (3)

where S+e is the standard molar entropy of the element Ne composing the

compound and ne is the number of atoms for the element Ne.
Implementation and availability of source code

The updated group-contribution method has been implemented in Python

2.7.6. The source code is available on GitHub (https://github.com/bdu91/

group-contribution), together with detailed instructions on how to install

it and examples using the package.
RESULTS

Collection and curation of thermodynamic data

The workflow for estimating reaction-equilibrium constants
under given pH, temperature, ionic strength, and metal-ion
concentrations is demonstrated in Fig. 1 A (Materials and
Methods). To obtain the necessary data for this estimation,
we curated a number of databases and primary literature
sources. First of all, from the NIST TECRdb (https://
randr.nist.gov/enzyme) (6), we obtained measured equilib-
rium constants (K0) and enthalpies of reactions ðDrH

0+Þ for
617 and 207 unique reactions, respectively. Noticing a num-
ber of gaps in experimental conditions and other minor is-
sues, we curated a total of 4298 measured K0 data from
the NIST TECRdb. This curation effort resulted in 48.9%
corrected data entries, including updated experimental me-
dia conditions (35.78%), addition of new data (5.12%),
correction of K0-values (3.49%), removal of problematic
data (3.33%) (examples in Table S1, tab 13), and correction
of reaction formulae (1.14%) (Fig. 1 B).

Next, we collected data on standard Gibbs free energies
of formation ðDfG

+Þ, standard enthalpies of formation
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ðDfH
+Þ, and standard entropy of formation changes ðDfS

+Þ
for 312, 254, and 499 unique compounds, respectively
(Fig. 1 C). DfS

+ data are usually not directly measured
but instead are calculated from either DfG

+ and DfH
+

data or standard molar entropy (S�) of the compound (Mate-
rials and Methods). The above data are from multiple sour-
ces: Thermodynamics of Biochemical Reactions by Alberty
(11), the SUPCRT92 database (19), and the Organic Com-
pounds Hydration Properties Database (20).

Lastly, we collected and curated pKa data for 341 com-
pounds, magnesium binding constants for 126 compounds,
and other metal-type binding constants for 214 compounds
(including cobalt, iron, zinc, sodium, potassium, manga-
nese, calcium, and lithium) from the IUPAC SC-database
and primary literature (21–23) (Fig. 1 C). We also predicted
pKa data for 835 compounds using ChemAxon (http://www.
chemaxon.com) (Fig. 1 C). We compared the collected pKa

data and the predicted values from ChemAxon for the same
compounds (Fig. 1 D). We found that the differences
between the collected and predicted pKa-values can be as
large as 5.84 (unitless), with a median of 0.42 (unitless).
This error is a large enough difference to substantially alter
the major protonation states for metabolites containing
groups with pKa-values around physiological pH. We exam-
ined the specific cause of the largest discrepancies and
found that they are due to issues such as assignment of the
pKa-value to the wrong charged form by ChemAxon (e.g.,
4-oxo-L-proline) or error in calculating pKa-values related
to particular molecular moieties, such as nitrogenous bases
and nitrogen atoms on unsaturated rings (e.g., 20-deoxygua-
nosine 50-monophosphate, xanthine-8-carboxylate, deami-
nocozymase). We thus used measured pKa data when
available. All collected and curated data can be found in
Table S1, tabs 1–7.
Thermodynamic parameters for transformation of
DrG

0+ across temperature

We then sought to develop the capability to calculate stan-
dard transformed Gibbs energy of reaction ðDrG

0+Þ as a
function of temperature. Specifically, we adapted theory
from the geochemistry literature under constant enthalpy
and entropy assumptions (12–15), as well as the assumption
that the contribution of heat capacity to change in Gibbs en-
ergy over temperature is negligible compared to the contri-
bution of entropy (derivation in Supporting Materials and
Methods). Thus, we obtained a simple linear formulation
of DrG

0+ at a given temperature T using the standard entropy
change of reaction DrS

+ at a reference Tr (298.15 K) (deri-
vation in Supporting Materials and Methods):

DrG
0+
T ¼ DrG

0+
Tr
� ðT � TrÞDrS

+
Tr
: (4)

As DrS
+
Tr
(we use DrS

+ in later references because Tr is the
only condition of interest, and the same for DfS

+) of reac-
tions can be calculated from the DfS
+ of the compounds

involved, we sought to construct a regression model to esti-
mate DfS

+-values. Besides collecting 669 DfS
+-values for

499 compounds at different protonation states (Table S1,
tab 3) as training data, we also collected DrS

+-values from
multiple sources. These DrS

+-values are effectively linear
combinations of DfS

+-values and can also be used as
training data for DfS

+ estimation. From the NIST TECRdb,
we selected reactions with K0 data measured under at least
four different temperatures. We then calculated the DrS

+

of each reaction using the DrG
0+ of the reaction at different

temperatures based on Eq. 4, obtaining 51 DrS
+-values.

Next, we picked reactions in the NIST TECRdb with both
DrG

+ and DrH
+ data available and calculated their

DrS
+-values, obtaining 41 additional data points. Together,

we obtained a total of 762 data points for DfS
+ estimation.
Estimation of standard entropy change of
formation DfS

+

We found that simple molecular descriptors, notably the
number of atoms in the compound and the compound
charge, were highly useful as predictors for DfS

+. Specif-
ically, we found DfS

+ data to be highly correlated simply
with the total numbers of atoms in the compound, with an
R2 of 0.89 (Fig. 2 A). The DfS

+ data as a function of atom
number are separated into two main clusters, one of which
contains aqueous species with large atom numbers and large
absolute DfS

+-values (oxidized nicotinamide adenine dinu-
cleotide, reduced nicotinamide adenine dinucleotide,
oxidized nicotinamide adenine dinucleotide phosphate,
reduced nicotinamide adenine dinucleotide phosphate).
The other cluster contains a wide variety of aqueous species,
with a few categories labeled in Fig. 2 A. We noticed clear
separations among aqueous species with �5, �4, �3, and
�2 charge, but less so for those with �1, 0, and þ1 charge
(Fig. 2 A). We found the trend between DfS

+ and number of
atoms exists even more strongly among compounds within
the same homologous series, in which the compound
structures differ only by the number of CH2 units in the
main carbon chain. Specifically, DfS

+-value decreases by
�0.11 kJ/K/mol with every additional CH2 unit. This trend
was observed in a number of homologous series including
alkanes, alkenes, alkynes, aldehydes, single carboxylic
acids, amines, amides, and thiols. However, the change in
DfS

+ with respect to the number of atoms across different
homologous series is inconsistent, thus requiring additional
molecular descriptors.

As an additional descriptor, we found that partial charge
of atoms can help distinguish DfS

+ from different homolo-
gous series. For example, the carbon atoms in glycerol
(alcohol containing multiple hydroxyl groups) have larger
partial charges than those in methanol (alcohol containing
a single group). The prediction of glycerol DfS

+ from meth-
anolDfS

+ based on their difference in atom numbers yielded
Biophysical Journal 114, 2691–2702, June 5, 2018 2695
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FIGURE 2 Estimation of standard entropy change of formation DfS
�. (A) DfS

� versus number of atoms is shown. The compounds with different charges are

encoded with different colored symbols.We also labeled compounds belonging to the same category or containing the same functional groups. (B) Comparisons

of partial charges of atoms between compounds are shown. Each row contains a pair of compounds and their DfS
� data. In each pair, the DfS

� of the latter

compound can be predicted from that of the former compound(s) based on the difference in atom number. The partial charges of atoms that are different within

each pair are marked in blue. (C) Training and testing errors of nested 10-fold cross-validation (repeated five different times) on DfS
� data using six different

regression methods are shown. We also used relative standard deviation (RSD, SD/mean to assess the relative variability of linear regression model parameters

selected by the inner loops of nested cross-validation. (D) A selection of parameters in the lasso regression using 10-fold cross-validation on all DfS
� data is

shown. We repeated 10-fold cross-validation 100 times and calculated training (blue) and testing (red) errors at a from 10�5 to 10�3. The mean training and

testing errors are shown in dashed and solid black lines. The selected a at the lowest mean testing error is 2.26 � 10�4 (unitless). (E) A comparison of 762

measured DfS
� training data versus predicted DfS

�-values from the final lasso-regression model. To see this figure in color, go online.
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a smaller absolute DfS
+-value than the actual glycerol data

(Fig. 2 B) (calculation in Table S1, tab 9). The correlation of
larger partial charges of carbon atoms with larger absolute
2696 Biophysical Journal 114, 2691–2702, June 5, 2018
DfS
+ is also observed in other pairs in Fig. 2 B (deoxyribose

versus ribose, methanol þ formic acid versus glycolic acid,
benzeneþ formic acid versus benzoic acid). Besides carbon
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atoms, we also found differences in partial charges of oxy-
gen atoms to be associated with DfS

+ differences, as shown
between formic acid and oxalic acid (Fig. 2 B). After these
observations, we included the sums of absolute partial
charge of each type of atom as molecular descriptors for
the regression model.

In addition to partial charge, we also considered a number
of other molecular descriptors from ChemAxon and RDkit
(Materials and Methods). We obtained a total of 195
features and 762 DfS

+ data for regression models. We per-
formed nested 10-fold cross-validation to compare between
multiple regression models (Fig. 2 C). We selected lasso
regression as the final model to use, because it has signifi-
cantly smaller testing errors compared to more complex
methods and the least variation in parameters selected
from cross-validation compared to other linear regression
methods (Fig. 2 C). Using parameters selected from cross-
validation on the entire DfS

+ dataset (Fig. 2 D), we con-
structed a lasso-regression model and predicted 672
DfS

+-values (Table S1, tab 17). We obtained 121 predictive
variables from the final lasso model, including 1) the num-
ber of carbon, hydrogen, and oxygen atoms; 2) the partial
charge of hydrogen and oxygen atoms; 3) the formal charge
of the compound; 4) the presence of phosphate groups; and
5) the solvent-accessible surface area. The median absolute
residual of the lasso-regression model for DfS

+ estimation is
0.013 kJ/K/mol (Fig. 2 C). Because DrS

+-values are linear
combinations ofDfS

+-values, we used the final lasso-regres-
sion model to estimate the DrS

+-values for all 617 reactions
in the TECRdb (Table S1, tab 10).
Evaluation of temperature-dependent estimation
of DrG

0+

We next evaluated the performance of our method in esti-
mating DrG

0+ at different temperatures. We calculated
DrG

0+-values of all the K0 data measured at different temper-
atures in the TECRdb using the current method with esti-
mated DfS

+-values and the previous group-contribution
method (10). We calculated the absolute residuals of
DrG

0+ estimation and compared the two methods across
temperature. We found that our method resulted in smaller
residuals than the previous method in all temperature ranges
(Fig. 3 A). This result is also confirmed in different reactions
for which we identified series of K0 data measured at
different temperatures. In all those cases, our estimated
DrG

0+ across temperature agreed well with the experimental
data, in contrast to the estimations by the previous method
(Fig. 3, B–D). Additionally, we found the temperature-
dependent estimation of DrG

0+ to be quite robust in the tem-
perature range of available data in the TECRdb (0–90�C),
which covers the living conditions of most organisms.
Examining reactions for which DrG

+-values are predicted
to be sensitive to change in temperature (large DrS

+/DrG
+

ratio), a number of interesting cases in central metabolism
were identified, including malate dehydrogenase, amino
acid transaminase, and transketolase (Table S1, tab 14).
Estimation of unknown magnesium binding
constants

In addition to its dependence on temperature, the standard
transformed Gibbs free energy of the compound ðDfG

0+Þ
can also depend on pH and the concentrations of metal
ions because of the presence of different protonation states
and various metal bound species. Specifically, DfG

0+ can
be calculated based on the standard transformed Gibbs en-
ergies of its different ion bound states (DfG

0+
1 , DfG

0+
2 , etc.)

through Legendre transform (11).

DfG
0+ ¼ �RTln

(XNiso

i¼ 1

exp

�
� DfG

0+
i

RT

�)
: (5)

The equation can be rewritten as

DfG
0+ ¼ DfG

0+
1 � RTln

�
1þ exp

�
DfG

0+
1 � DfG

0+
2

RT

	

þ exp

�
DfG

0+
1 � DfG

0+
3

RT

	
þ.



; (6)

where DfG
0+
1 is the Gibbs energy of a particular ion-bound

state (typically with the least hydrogens and metal ions
bound). The Gibbs energy of a specific ion-bound state
ðDfG

0+
i Þ can then be written in terms of DfG

0+
1 and the bind-

ing polynomial Pi,

DfG
0+
i ¼ DfG

0+
1 � RT ln Pi; (7)

where Pi is expressed in terms of the proton concentration
and metal-ion concentration as well as the binding constants
of successive proton- and metal-ion-binding steps to obtain
the ith ion-bound state (11) (derivation in Supporting Mate-
rials and Methods). Therefore, metal-binding constants are
important parameters that affect DfG

0+ and subsequently re-
action-equilibrium constants.

We focused on magnesium binding, because the magne-
sium ion is well-known to bind to various metabolites and
its binding to ATP and other phosphate-containing com-
pounds has been characterized experimentally (27,28).
However, magnesium-binding data is still lacking for a large
number of compounds that contain similar structural groups
to those known to bind magnesium, suggesting that many
more compounds may have substantial magnesium binding
than have been measured.

Based on the structures of compounds with known mag-
nesium binding, we determined 31 magnesium-binding
groups (Table S1, tab 8), most of which are phosphate and
carboxyl groups. We were unable to determine the specific
binding groups for certain categories of compounds that
Biophysical Journal 114, 2691–2702, June 5, 2018 2697



FIGURE 3 Evaluation of temperature-dependent estimation ofDrG
0�. (A) A comparison of absolute residuals on estimatingDrG

0� at different temperatures

between the previous group-contribution method (10) and the current method is shown. For all the TECRdb data measured at different temperatures, we

estimated the DrG
0�-values using the previous method and the current method and calculated the absolute residual against experimental data. For clarity

in comparison, we divided the entire temperature range into windows with 5 K difference. (B) Estimated DrG
0�-values for the fumarate hydratase reaction

at different temperatures using the previous method and the current method are given. (C) Estimated DrG
0�-values for the 1-piperidine-2-carboxylate reduc-

tase reaction at different temperatures using the previous method and the current method are given. (D) Estimated DrG
0�-values for the xylose isomerase

reaction at different temperatures using the previous method and the current method are given. To see this figure in color, go online.
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were measured to complex with magnesium, including nu-
cleobases, ribonucleosides, and purine derivatives. To try
to capture metabolite properties responsible for Mg binding
in these cases, we added molecular properties (Materials
and Methods) as additional descriptors. Together, we used
128 features and 140 measured magnesium-binding con-
stants to construct several candidate regression models for
the prediction of magnesium-dissociation constants. We
performed nested 10-fold cross-validation to compare be-
tween multiple regression models (Fig. S2, A and B). We
selected lasso regression as the best predictor because of
its superior generalizability compared to more complex
methods (Fig. S2 A) and stable model parameters across
cross-validation replicates compared to other linear methods
(Fig. S2 B). Using 140 measured magnesium-binding con-
stants as training data, we constructed a lasso-regression
model with parameters tuned through cross-validation
(Fig. 4 A) and predicted 1707 magnesium-binding constants
for aqueous species from 618 compounds (Table S1, tab 5).
2698 Biophysical Journal 114, 2691–2702, June 5, 2018
We obtained 35 predictive variables from the final lasso
model, including the formal charge, the solvent-accessible
surface area, the presence of various phosphate groups for
magnesium binding, the partial charge of nitrogen atoms,
the compound charge excluding its magnesium-binding
groups, and the dipole moment of the molecule. We found
34 of the 618 compounds are predicted to bind to magne-
sium at physiological concentrations (2–3 mM) (29). The
median absolute residual of the lasso-regression model for
magnesium-binding-constant estimation is 0.39 (unitless),
as calculated by the nested 10-fold cross-validation
(Fig. S2 A).
Estimation of standard Gibbs free energy of
reaction

Utilizing the curated and estimated datasets mentioned
above, as well as the estimation of DrS

+, we adapted the
most recent group-contribution-based method, termed



FIGURE 4 Estimation of compound magnesium

binding constants (pKMg). (A) A selection of pa-

rameters in the lasso regression using 10-fold

cross-validation on all pKMg data is given. We

repeated 10-fold cross-validation 100 times and

calculated training (blue) and testing (red) errors

at a from 10�3 to 10�1. The mean training and

testing errors are shown in dashed and solid black

lines. The selected a at the lowest mean testing er-

ror is 0.0105 (unitless). (B) A comparison of 140

measured pKMg training data versus predicted

pKMg-values from the final lasso-regression model

is shown. To see this figure in color, go online.
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component contribution (10), to calculate reaction-equilib-
rium constants for a set of 617 unique reactions in the
NIST TECRdb. Besides the addition of transformation of
DrG

0+ across temperature, we also included 17 novel group
definitions to account for compounds with new functional
groups not covered by the previous component-contribution
method. The novel group definitions can be found in
Table S1, tab 11. Additionally, we used the Davies equation
(25) rather than the extended Debye-H€uckel equation (used
in the previous component-contribution method (10)) to cor-
rect for the effect of ionic strength, as the Davies equation
was used in the previous work on temperature-dependent
thermodynamic calculations (12–15). We also showed that
the Davies equation was slightly more effective in correct-
ing data at high ionic strength compared to the extended
Debye-H€uckel equation (Fig. S5). On top of the new func-
tionalities, we also added additionalDrG

+-values for 185 re-
actions and DfG

+-values for 178 compounds over the
dataset used in the previous method.

We compared the accuracy of the updated component-
contribution method with the previous work using repeated
10-fold cross-validation (Materials and Methods) for a set of
432 overlapping reactions (10). We applied the modifica-
tions mentioned above sequentially on the framework to
examine how each new functionality affects the estimation
error globally (Fig. S4 A). We first noted that the updated
media conditions increased the median absolute residual
of DrG

+ estimation (6.21 kJ/mol), which we found to be
due to the addition of data at high ionic strength (>0.5 M,
beyond the working range of the Davies equation). Removal
of those data resulted in similar errors as in the previous
work (5.95 kJ/mol). We found a modest decrease in median
absolute residual with the additional group definitions
(5.82 kJ/mol) and capability to transform Gibbs energy of
reaction across temperature (5.71 kJ/mol) (Fig. S4 A). Sur-
prisingly, we observed a considerable increase in error
(6.47 kJ/mol) after applying the correction on magnesium
concentration globally (Fig. S4 A). We investigated this
issue in detail and found that problems related to inconsis-
tency in measured K0 data (involving magnesium binding)
and report of total magnesium concentration can be major
sources of error, even though the correction works with
well curated data (Supporting Materials and Methods).
Therefore, we proceed by omitting the global correction
on magnesium concentration from our procedure.

Additionally, we compared our method to the most recent
method by predicting DrG

+ for 185 new reactions collected
in this work, using the 432 overlapping previous reactions as
training data. We found the median absolute residual from
the current method (8.17 kJ/mol) is notably smaller than
that from the previous work (11.47 kJ/mol) (Fig. S4 B).

To summarize, we included the Davies equation, new
group definitions, and temperature transformation capabil-
ities but not the magnesium correction in our final group-
contribution framework. We used the equilibrium constants
from the TECRdb and the collected DfG

+-values as the
training data (Table S1, tabs 1and 3). Additionally, we
used the collected pKa data from the SC-database when
possible and estimated the rest using ChemAxon
(Table S1, tab 4). Overall, our method led to improved per-
formance compared to the most recent group-contribution
method while adding the capability to correct equilibrium
constants with respect to temperature and substantially ex-
panding the scope of predictions and thermodynamic data-
sets used in estimation.
DISCUSSION

In this work, we expanded the scope of thermodynamic cal-
culations to more compounds and reactions with both
curated and estimated data and also extended the group-
contribution methods for estimating reaction-equilibrium
constants to account for variations in temperature. We first
collected and curated thermodynamic data including K0,
DrH

0+, DfG
+,DfH

+,DfS
+, and various ion-binding constants

from a number of databases. We then applied an existing
thermodynamic theory with simplifying assumptions to
enable the calculation of Gibbs free energy of reaction
across temperature and estimated the necessary parameters
ðDfS

+Þ using a linear regression model. We also estimated
magnesium-binding constants for 618 compounds using
molecular descriptors and magnesium-binding groups based
on existing binding data. With new capabilities and new
data, we utilized an updated group-contribution method to
Biophysical Journal 114, 2691–2702, June 5, 2018 2699
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calculate equilibrium constants with improved accuracy
over previous work.

The curation of the NIST TECRdb revealed that fully
specified media conditions, which influence the ionic
strength and metal-ion-concentration corrections, were
often lacking. Surprisingly, curating the literature and filling
in media conditions did not improve the resulting fit on the
estimation of equilibrium constants, with one possible cause
that we added data at high ionic strengths that exceed the in-
tended range of the Davies and Debye-H€uckel models for
chemical activity. Another possible source of error could
be related to the relatively simple model used to account
for the effect of ionic strength on activity coefficients of
aqueous electrolytes. The Davies equation fails to account
for specific interactions between various ions present in so-
lution and is unable to calculate activity coefficients at tem-
peratures other than 298.15 K. Equations with a more
comprehensive handling of these thermodynamic theories
are established (12–15,30,31) but require substantially
more data than is currently available for the vast majority
of compounds.

Utilizing reasonable assumptions of constant enthalpy
and entropy over the range of biological interest, we formu-
lated a simplified approach to calculate temperature trans-
formation of Gibbs energy of reaction and reduced the
number of parameters needed for estimation drastically.
With the incorporation of temperature transformation capa-
bilities, we obtained similar errors in estimating DrG

+

compared to the previous method (10) (Fig. S4 A). Such
similar errors seem to be largely due to the fact that most
of the data were measured not far from 298.15 K (83.5%
of the data were measured under 295.15–313.15 K), result-
ing in a minor change in correction of K0 to the reference
conditions. However, we do predict large changes in the
Gibbs energy of many reactions at high temperatures (ap-
proaching 373 K), which thus may be significant for high-
interest thermophilic organisms such as those living in hot
springs and hydrothermal vents.

The compound-specific parameter required for tempera-
ture transformation in our simplified model is DfS

+, which
is missing for a large number of compounds in the TECRdb.
Using a regression model, we predicted DfS

+ of a compre-
hensive collection of compounds with high accuracy by
identifying key chemical properties such as number of
atoms and partial charge. The linear correlation of other
thermodynamic properties (e.g., standard molar entropy,
standard partial molal volume, DfG

+) with number of atoms
has been demonstrated in previous work (32–35), but only
for compounds in the same homologous series. We found
the partial charge of atoms to be useful to distinguish
DfS

+ from different homologous series, possibly because
of the fact that the partial charge of atoms of the aqueous
species influences its interaction with surrounding water
molecules. The regression model was unable to clearly
differentiate DfS

+ of compounds within certain categories,
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however, such as monosaccharides and disaccharides. For
example, the differences in DfS

+ for fructose, mannose,
and sorbose are around 10 to 20 J/K/mol, whereas the model
only predicts up to 5 J/K/mol difference because of their
similar chemical properties. Such error is not evident
when evaluating the accuracy of DfS

+ estimation, as DfS
+

of monosaccharides are around 1000 J/K/mol. However,
when calculating DrS

+ of the isomerization reaction be-
tween monosaccharides, we found that the errors of DfS

+

prediction, though small compared to DfS
+-values, are sig-

nificant compared to the calculated DrS
+-values. We

observed this issue to be prevalent for a number of reactions
in the NIST TECRdb. Thus, identification of new molecular
properties or additional features describing group interac-
tions to more accurately differentiate these complex carbo-
hydrates can be a productive next step to improve DfS

+

estimation. Additionally, the error in DfS
+ estimation can

be incorporated into the calculation of confidence intervals
developed by the previous method (10), offering the capa-
bility to assess the error in estimating DrG

0+ at different
temperatures.

We demonstrated that magnesium-binding groups (spe-
cifically the phosphate groups) that could be identified
from known magnesium-binding compounds are useful fea-
tures to estimate magnesium-binding constants with good
accuracy. However, we found a number of compounds that
complex with magnesium do not contain the binding groups
we defined. These compounds include nucleobases, ribonu-
cleosides, deoxyribonucleosides, purine derivatives, and
small chemicals such as ammonia, thiocyanate, and urea.
Currently, we use molecular properties to describe their
binding to magnesium. Such an issue in identifying the
chemical moiety responsible for magnesium binding can
still make it difficult to extend our predictions to new com-
pounds with similar structures as the compounds described
above. The approach of estimating magnesium-binding con-
stants can also be applied to other metals. However, we did
not perform such predictions here because of the scarcity of
binding data available for other metals.

We found the overall error in estimating DrG
+ increases

with the incorporation of magnesium correction using
curated and predicted magnesium binding data (Fig. S4
A). We identified inconsistency in K0 data (with magnesium
binding involved) to be one primary source of error. Another
source of error can be due to the uncertainty in estimation of
magnesium-binding constants and missing binding data for
other metals. Additionally, most measurements only re-
ported total metal-ion concentrations, whereas the metal-
correction formulation uses free-metal-ion concentrations.
Therefore, additional effort is necessary to calculate free-
metal-ion concentrations from measured data. Because of
the lack of binding data and uncertainty in estimated data,
an iterative approach might be taken in which free-metal-
ion concentrations calculated using the current binding
data are applied to optimize the binding data, which
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are then fed into the calculation of free-metal-ion
concentrations.

The current work expands opportunities toward an under-
standing of thermodynamic factors underlying metabolic
network and function in biological systems. This area has
generated a number of exciting results, such as the discovery
that amino acid biosynthesis, which is endergonic at surface
conditions, is exergonic under the conditions of life in hy-
drothermal vents (36). Another recent effort proposed prote-
omic constraints because of thermodynamic bottlenecks as a
critical factor underlying metabolic pathway choice (4). As
methods for estimating the thermodynamic properties of
metabolic networks continue to improve, these efforts are
likely to be increasingly fruitful in uncovering the physical
constraints driving the function and evolution of metabolic
networks.
CONCLUSION

The work here provides an updated group-contribution
method with an expanded set of thermodynamic data and
extended capabilities to calculate equilibrium constants as
a function of temperature. We collected and curated thermo-
dynamic data for compounds and reactions from a number
of databases and primary literature sources. We established
a simple yet well-justified framework, which includes for-
mulations derived from existing theory and the necessary
parameters ðDfS

+Þ, to calculate equilibrium constants as a
function of temperature. We also used molecular properties
and magnesium binding groups defined from existing data
to estimate magnesium-binding constants for 618 com-
pounds through a linear regression model. Taken together,
this work fills a gap in previous group-contribution methods
to calculate equilibrium constants to temperature conditions
and better correct for magnesium-ion binding. These efforts
should facilitate the growing number of applications to
apply thermodynamic principles to better understand cell
metabolism.
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