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ABSTRACT: Absolute stereochemical configurations and optical
rotations were computed for 121,416 molecular structures from the
QM9 quantum chemistry data set using density functional theory. A
representation for the molecules was developed using Cartesian
coordinate geometries and encoded atom types to serve as input for
various machine learning algorithms. Classifiers were developed and
trained to predict the chirality and signs of optical rotations using a
variety of machine learning methods. These methods are compared,
and the results demonstrate that machine learning is a viable tool
for making predictions of the stereochemical properties of
molecules.

■ INTRODUCTION
The application of quantum theory to chemistry and the
development of quantum chemistry software have demon-
strated excellent utility for understanding and predicting
experimental observations in chemistry. Historically, attempts
to make accurate predictions of molecular structure and
properties have been dominated by calculations derived from
solutions to various models of the Schrödinger equation for
electrons. As models are developed, theoretical predictions of
measurable properties have been incorporated into a variety of
quantum chemistry software.1−4

Chirality of molecules is a fundamental observable in the
natural world. While many molecules have the same chemical
composition, they can differ in the orientation of bonds around
certain atoms. This natural occurrence imparts a “handedness”
to the molecular structure for certain classes of molecules that
are defined to be chiral. These structural differences have a
direct effect on the observable properties of the molecules,
namely, their interaction with light, such as the rotation of
plane-polarized or circularly polarized light.5−7 The direction
and magnitude of this phenomenon are known observables for
chiral molecules. Theoretical descriptions of this process have
been developed that involve differences in electronic
transitions induced by left- and right-circularly polarized
light.8 Much of the theoretical development has led to the
implementation of predictions of optical rotation in quantum
chemistry software with the goal of making accurate
predictions of the interactions between optically active
molecules and light. Chiral molecules have an important

function in biochemistry and have been shown to be valuable
in medicine, including applications as disease biomarkers.9

The utility of Hartree−Fock theory in the calculation of the
sign and magnitude of the specific rotations of small organic
molecules was demonstrated by Polavarapu over two decades
ago.10 Subsequent developments using time-dependent density
functional theory (TDDFT) became (and still remains) a
popular method for the practical calculation of optical
rotations of small organic molecules and inorganic com-
plexes.11−13 It has been shown that absolute configurations can
be predicted using quantum mechanical methods.14 Additional
work has been done to develop more accurate quantum
mechanical models using coupled-cluster theory and related
approximations.15−17 The accurate and reliable prediction of
optical rotation still remains an ongoing challenge for chemists
despite significant theoretical and methodological advance-
ments.18 These calculations are often computationally
challenging and require compromises in theoretical models
in order to obtain feasible results.

The application of machine learning to a variety of problems
in science and engineering has become more common recently
due to a number of factors, including the increased availability
of data sets, ease of collecting and distributing data, and the

Received: December 20, 2024
Revised: April 17, 2025
Accepted: April 18, 2025
Published: May 1, 2025

Articlepubs.acs.org/jcim

© 2025 The Authors. Published by
American Chemical Society

4281
https://doi.org/10.1021/acs.jcim.4c02374
J. Chem. Inf. Model. 2025, 65, 4281−4292

This article is licensed under CC-BY 4.0

https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Yilin+Zhou"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Haoran+Zhu"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Yijie+Yuan"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Ziyu+Song"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Brendan+C.+Mort"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/showCitFormats?doi=10.1021/acs.jcim.4c02374&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c02374?ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c02374?goto=articleMetrics&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c02374?goto=recommendations&?ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c02374?fig=tgr1&ref=pdf
https://pubs.acs.org/toc/jcisd8/65/9?ref=pdf
https://pubs.acs.org/toc/jcisd8/65/9?ref=pdf
https://pubs.acs.org/toc/jcisd8/65/9?ref=pdf
https://pubs.acs.org/toc/jcisd8/65/9?ref=pdf
pubs.acs.org/jcim?ref=pdf
https://pubs.acs.org?ref=pdf
https://pubs.acs.org?ref=pdf
https://doi.org/10.1021/acs.jcim.4c02374?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://pubs.acs.org/jcim?ref=pdf
https://pubs.acs.org/jcim?ref=pdf
https://acsopenscience.org/researchers/open-access/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


advancement of computational hardware and software for
performing machine learning tasks. The utility of machine
learning in a variety of scientific disciplines has been shown to
yield new ways of making accurate predictions. Physics,19

Biology,20 and other fields have all benefited and continue to
advance from applications of machine learning. In 2012, Rupp
et al.21 made one of the first published attempts to apply a
variety of modern machine learning techniques to describe
ground-state energies of molecules. Subsequently, machine
learning has been applied to predict enthalpy, highest occupied
molecular orbital/lowest unoccupied molecular orbital
(HOMO/LUMO) gap energy, dipole moment, polarizability,
zero point vibrational energy, heat capacity, etc.22 Machine
learning has been used to predict molecular response
properties, such as infrared spectroscopy and polarizabilities.23

Improved techniques, including the development of molecular
descriptions for common machine learning algorithms, have
been developed. Machine learning with experimental data of
optical rotations of molecules with a single chiral center from
measurements collected in various solvents has been shown to
predict the sign of optical rotation with success.24 Recently, it
has also been shown that machine learning can be used to
predict the vibrational circular dichroism spectrum of a
molecule from its geometry.25 Specialized graph neural
networks26 have been developed to predict molecular proper-
ties and even chirality-aware graph-based neural networks have
also been developed to help in the application of QSAR
(quantitative structure−activity relationships) in computer-
aided drug discovery.27

In this work, we demonstrate the application of a variety of
machine learning models to the prediction of stereochemical
properties of molecules with zero, one, or more chiral centers
based on a ground truth developed from density functional
theory. We begin with establishing a representation of
molecules for machine learning algorithms. While many
different representations exist, including those based on force
fields, graph theory, and language-based encodings, this work
focuses on the use of a representation based on simple
Cartesian coordinates, similar to the widely used inputs for
quantum chemistry software. These representations, along with
their classification labels, are used to train various machine
learning models. We report on the validation of these models

and give an outlook for future work and the utility of using
machine learning to make stereochemical property predictions.

■ THEORY
Machine Learning. Machine learning is a subset of

artificial intelligence and emphasizes the process of training a
mathematical model with data and its appropriate classifica-
tions or outputs. Typically, a model is presented with many
examples and finds statistical structure in the data and
corresponding labels or outputs that eventually allows the
system to develop rules for accurately labeling or predicting the
output of data that have not been encountered.

In this work, a few common, relatively simple machine
learning algorithms are used to analyze a set of data based on
information contained in the geometric coordinates of atoms
and their types in molecules. Machine learning algorithms
commonly used in applications to data problems in science and
engineering include random forest (RF), gradient boosted
decision trees (GBDT), and artificial neural networks (ANN).
These methods can all be used to solve the supervised learning
problem, where the model parameters are minimized from
some loss function across a set of training data.28 Given known
features x(i), labels y(i), and model parameters θ, we can
optimize for these parameters with

y xargmax log( ; )
i

i i( ) ( )= |
(1)

This equation is derived from the maximum likelihood
estimator for a function and formalizes the supervised learning
process.28,29 The output of this equation is a set of optimized
model parameters based on the features and labels provided
from the data set used to train the machine learning model.
Random Forest (RF). Random forest (RF) is a very

powerful machine learning algorithm and consists of multiple
random decision trees. It is a well-known and useful ensemble
method for a variety of classification and regression problems
and can provide high accuracy through cross-validation.30

Random forest is an ensemble of k trees {T1(X), ···, and
Tk(X)}, where X is a set of features used for the machine
learning model. The ensemble produces k outputs {ŷ1 = T1(X),
···, ŷk = Tk(X)}. A final prediction ŷ is produced from the
aggregation of the trees. For classification problems like the
ones that are considered in this work, ŷ is the class predicted by

Figure 1. Random forest demonstration
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the majority of trees.31 Figure 1 demonstrates the algorithm.
Each decision tree generates a classification of the input, these
results are cast into a vote, and the majority vote is the final
classification. In RF, each decision tree is constructed from a
random sample of the original data, and at each tree node, a
subset of features is randomly selected to generate the best
split with the given parameters. The final prediction of any
label can be expressed by the following equation:

y X y X( ) majority vote( ( ))i= (2)

where ŷi(X) is the class prediction of the ith random forest
tree.
Gradient Boosted Decision Trees (GBDT) and XGBoost.

Boosting is where multiple simple weak models (decision trees
in this case) combine to generate a stronger model collectively.
With gradient boosting, these new models are constructed
from gradient descent. Gradient boosting sets targeted
outcomes for the next iterative model to minimize errors.
Targeted outcomes for each step are based on the gradient of
error with respect to the prediction.

XGBoost (extreme gradient boosting)32,33 is a high-
performance gradient boosted decision tree machine learning
algorithm that works well with structured data. Compared with
gradient boosting, it adds regularization to the loss function. It
is also faster by integrating parallel processing and tree pruning.
At the tth iteration, the loss function L is minimized

L l y y f x f( , ( )) ( )t

i

n

i i
t

t i t
( )

1

( 1)= + +
= (3)

where l is a differentiable convex loss function that measures
the difference between the target yi and the sum of f t and the
prediction of previous iteration, and Ω is a penalizing term for
the complexity of the model. Once the model is optimized, it
can be used for inferences. The GBDT machine learning
method is implemented in parallel using the XGBoost library.
Artificial Neural Networks. An artificial neural network

(ANN) is an interconnected group of nodes designed to
simulate the way the human brain analyzes and processes
information.34 The network consists of connections (like the
synapses in a biological brain), with connections providing the
output of one neuron as an input to another neuron. Each
connection is assigned a weight that represents its relative
importance. Deep feed-forward neural networks, which consist
of two or more hidden layers, are the quintessential deep
learning models.28 Mathematically, an ANN can be described
as a nested function corresponding to various layers in the
network:

f fx f f f x( ) ( ( ( ( ))))n nANN 1 2 1= ··· (4)

Each of the values of the subsequent layers is computed as a
function of the previous layer.

x f x b Wx( ) ( )i i i i i i1 1= = + (5)

where σ represents the activation function, which is usually a
nonlinear function (e.g., sigmoid, hyperbolic tangent, etc.).
The components of these layer functions include weights (Wi)
and biases (bi).

Typically, the features for each observation are expressed as
the initial input vector x0. The goal of training a neural network
is to find the best weights and biases that minimize the
difference between the known features and the predicted
features. This process requires the repeated calculation of

forward propagation and back-propagation through the neural
network to find the terms that provide the lowest error.

The loss function is often represented by cross-entropy loss
or mean-squared loss. For cross-entropy loss

L p x f x( )log( ( ))
x

CE =
(6)

where p is the true probability of x and f is the network output.
For mean-squared error loss, we have

L
n

y y1
( )

i

n

i iMSE
1

2=
= (7)

where yi is the true class of the sample and ỹi is the network
output class.

Time-Dependent Density Functional Theory. In order
to build a substantial data set that contains values for optical
rotation, including both signs and magnitudes, traditional
quantum chemistry software must be used. The most common
method for implementing the calculation of optical rotation is
time-dependent density functional theory (TDDFT). Begin-
ning with the time-dependent Schrödinger equation

H t i
t

( )| = |
(8)

a Hamiltonian can be constructed to represent a perturbing
parameter or multiple parameters. In the calculation of optical
rotation, the perturbing field with a frequency ω is provided by
electric field and magnetic field components.

TDDFT can be useful for providing a theoretical framework
for calculating a variety of properties for the corresponding
perturbing fields. In the case of optical rotation, the equations
can be solved to produce a tensor representing the response of
the molecule to the perturbing electromagnetic field

G
m

( )
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n n

n0

0 0
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where μ is the electric dipole moment operator and m is the
magnetic dipole moment operator. The G′ tensor can be used
to calculate the more familiar specific rotation [α]λ for a
molecule at a given wavelength of light. The optical rotation
parameter β is readily calculated from the diagonal elements of
the G′ tensor.

G
1

3
=

(10)

The specific rotation [α]λ is directly related to β

N
c M

7200
2

A
2[ ] = °

(11)

where NA is the Avogadro constant, c is the speed of light, and
M is the molecular weight of the molecule. These equations
can be implemented in traditional quantum chemistry software
using density functional theory.11,35,36

■ COMPUTATIONAL DETAILS
Selection of Molecules. In order to examine the chiral

properties and optical rotations of molecules, a data set must
be chosen that provides a good representation of many
different types of molecular structures. The QM9 data set
provides a source of organic molecules containing up to 9
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heavy atoms (defined as C, O, N, or F). Since chiral
information is not directly encoded in the QM9 data set, all
133,885 molecules from the InChI representations in the
reference data set were processed with RDKit’s MolFro-
mInchi and FindMolChiralCenters functions to
label the number and type of chiral centers (https://www.
rdkit.org). From the outputs of the program, 12,230 molecules
were not successfully identified for at least one of the potential
chiral centers. The Cartesian coordinates of the remaining
121,655 molecules were further processed with Gaussian 16.
Out of this set, successfully converged geometry optimizations
were obtained for a total of 121,416 molecules using the
B3LYP hybrid density functional37−40 and the 6−31G** basis
set.41−43 The final set of molecules can be divided into subsets
that represent the number of chiral centers found in each
molecule. In a small number of cases, where the chirality is
attributed to the intrinsic structure of the molecule, the
molecule is classified as having a single chiral center to
represent that there are two possible configurations (i.e.,
clockwise and counterclockwise). Table 1 shows the total

quantities for each subset. Each classification is represented
notationally as a set of molecules, where, for example, {0}
represents the set of all molecules with no chiral centers and
{1} represents the set of all molecules with one chiral center. A
representation of {0 and 1} would indicate the union of the set
of molecules with zero and one chiral centers.

Molecular Representation. A matrix with 27 rows and 8
columns was constructed for each of the 121,416 molecules.
Each row of the matrix stores the Cartesian coordinates of the
atom and the one-hot encoded atom type. The maximum
number of rows was set to 27 to correspond to the molecule
that has the largest number of atoms in the subset of the QM9
data set that was used in this study. Row entries for molecules
with less than 27 atoms were padded with zeros. Three
columns were used for the Cartesian coordinates of the
molecules, and the other 5 columns were used for one-hot
encoding of the atom types (H, C, N, O, and F) for the
molecules used in this work. For simplicity, we refer to this
representation of a molecule as the one-hot encoded Cartesian
coordinate (OHECC) representation.

Optical Rotation Calculations. The optical rotations of
the 121,416 molecules were calculated using Gaussian 16.1

The CAM-B3LYP range-separated hybrid density functional44

along with the 6−31G** basis set was used to calculate the
optical rotations of each molecule at 3 separate wavelengths
(355, 589.3, and 633 nm). Optical rotation values from 589.3
nm were used for all machine learning algorithms, and the

values obtained from all three wavelengths were used for
analysis of calculated optical rotation distributions. The values
obtained have been included in the data set and is the first
known published data set to our knowledge that includes
optical rotation calculations for over a hundred thousand
different molecules with optimized geometries provided by
DFT. Data for this work is provided by the newly constructed
OR-QM9 data set.45 It contains the following structure:
molecule index number; InChI representation; OHECC
representation; number, location, and type of chiral center;
and calculated optical rotation at three wavelengths.

Machine Learning. In this work, we examine six
classifications of molecules (five binary and one multilevel)
based on three machine learning models. Specifically, we are
interested in determining how well machine learning models
can predict the existence and number of chiral centers, the
appropriate (R) and (S) labels as defined by the well-known
Cahn-Ingold-Prelog (CIP) system,46 and the sign of the optical
rotation of a molecule at the standard 589.3 nm sodium-D line
transition frequency. Specifically, we define the following six
classifications:

• {0} (zero chiral centers) vs {1, 2, 3, 4, 5, 6, 7, 8} (at least
one chiral center) binary classification: The purpose of
this classification is to determine whether a chiral center
exists in a given molecule. Since the data set has 23,185
molecules with at least one chiral center and 36,247
molecules with no chiral centers, we selected 23,000
molecules from each class to form a new set of 46,000
molecules in order to keep the number of labels
balanced in accordance with good sampling methods.

• {0} vs {1} binary classification of a molecule with 0 or 1
chiral centers (0 vs 1 chiral center): This classification
compares the effectiveness of being able to label
molecules with a single chiral center from other
molecules that do not have a chiral center. To avoid a
data imbalance problem, 22,500 molecules are randomly
sampled from each class.

• Binary classification of the molecules in set {1}
partitioned into nonoverlapping sets {R} and {S},
where {R} represents all molecules with one chiral
center and an (R) configuration, and {S} represents all
molecules with one chiral center and an (S) config-
uration ((R) vs (S)): This classification problem
determines the effectiveness of machine learning for
labeling chiral centers with the Cahn-Ingold-Prelog
(CIP) rules.

• Binary classification of the molecules in set {1}
partitioned into nonoverlapping sets {+} and {−},
where {+} represents all molecules calculated to have a
positive optical rotation at 583.3 nm, and {−} represents
all molecules calculated to have a negative optical
rotation at 589.3 nm. (+ vs −): With this data set, we
can determine the accuracy of classifying molecules with
a single chiral center as dextrorotatory or levorotatory
based on optical rotations at a wavelength of 589.3 nm.

• Binary classification of the molecules in the set {0, 1, 2,
3, 4, 5, 6, 7,8} partitioned into nonoverlapping sets {+}
and {−}, where {+} represents all molecules calculated
to have a positive optical rotation at 583.3 nm, and {−}
represents all molecules calculated to have a negative
optical rotation at 589.3 nm. (+ vs − for all): This case is
an extension of the previous binary classification, and

Table 1. Cardinality of the Classes of Molecules
Corresponding to the Number of Chiral Centers in the
Subset of QM9 Molecules Analyzed for This Study

class number of molecules

{0} 36,175
{1} 22,973
{2} 25,702
{3} 19,880
{4} 11,533
{5} 3,883
{6} 1,110
{7} 134
{8} 26
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includes all molecules used in the machine learning
study derived from the QM9 data set.

• {0} vs {1} vs {2} vs {3} vs {4} Multilevel classification
of a molecule with 0, 1, 2, ···, 4 chiral centers: This
multilevel classification allows the machine learning
algorithm to determine the number of chiral centers in a
molecule. Note that 10,000 samples are randomly
chosen from each class, and that the limited data set
only allows up to 4 chiral centers due to the number of
molecules available for training.

A standard 80−20% training-validation split was employed
for each of the data sets used for machine learning. The built-in
RandomForest library implemented in Scikit-learn version
0.23.247 and XGBoost as implemented in the xgb Python
package33 were used to train the respective models. Deep
learning algorithms for the ANN models were implemented
with PyTorch version 1.8.1+cu102 (Python version 3.9.5)48

with GPU acceleration as provided by Nvidia GPUs. All other
data preprocessing and postprocessing tasks were completed
with the libraries available in version 0.23.2 of Scikit-learn.
Statistical analysis of data was performed with the 1.5.4 version
of scipy. The average training time for the random forest
classification took less than 1 min, while the XGBoost
algorithm took several minutes to complete. Each neural
network training required approximately 3 or 4 min of
computing time on a single GPU. Using grid searches for
each model, parameters for random forest models are set as
{min_samples_leaf = 2, max_features = “sqrt”}, and other
case-specific parameters are listed in Table 2. For XGBoost, the

parameters are set as {max_depth = 20}, with other parameters
listed in Table 3. For reference, Table 4 shows the grid search
results for + vs − classification for {1} with different tree
depths for random forest and XGBoost. Different random
states result in slightly different accuracies and F1 scores, but in

general, the models provide similar results when the depth is
larger than a certain threshold. The values for the number of
estimators and the maximum depths of the trees were selected
based on the output of the optimal results automatically
provided by the grid search.

For studies using neural networks, each OHECC matrix (27
× 8) was flattened to an array with length 216. A feed-forward
artificial neural network (ANN) was built based on PyTorch
with 2 hidden layers of size 500 and 200, respectively, between
the input and output layers. The ANN used AdamGrad() as
the gradient descent algorithm and CrossEntropyLoss() as the
loss function. A dropout rate of 0.05 was employed at each
hidden layer. At the output layer, a softmax function was used
to classify the output, based on the number of classes in each
task. For each training, the network was trained for at least
10,000 epochs until convergence. Figure 2 shows the structure
of the neural networks as produced by PyTorchViz visual-
ization package.49

For each one of the classification models, a confusion matrix
was generated to calculate the accuracy, recall, precision, and
F1 score to analyze the relative performance of the machine
learning models. For all confusion matrices, predicted values
are the column labels, and the row labels are the actual values.
Recall is the fraction of true positives with respect to the total
number of true positives and false negatives and attempts to
provide insight into the proportion of actual positives that are
identified correctly. Precision is the fraction of true positives
with respect to the total number of true positives and false
positives and attempts to give insight into the proportion of
positive identifications that are actually correct. The F1 score is
the harmonic mean of the precision and recall and can be used
to compare the relative accuracy of different machine learning
models. The range is from 0 to 1, with 0 indicating no
precision or no recall and 1 indicating both perfect precision
and recall.

■ RESULTS AND DISCUSSION
Data Representation. Some of the first machine learning

work for predicting properties of molecules made use of
Coulomb matrices (CM) for inputs to the algorithms.21 These
molecular representations essentially provide a table of force
fields between each pair of atoms within the molecule based on
atomic charge and distance. For any atom pair i, j, the element
Mi, j of the Coulomb matrix is calculated as

M Z
Z Z

R R
0.5 (1 )ij ij i ij

i j

i j

2.4= +
| | (12)

The size of the Coulomb matrix matches the number of
atoms in the molecule. Rupp et al. have shown the good utility
of CM representations for the purpose of predicting molecular
properties. Studies have been performed to show that accurate

Table 2. Training Parameters for Random Forest Models

chiral property molecular classes parameters

chiral center existence {0, 1, ···, 8} n_estimators = 1800
max_depth = 100

0 vs 1 chiral center {0, 1} n_estimators = 1200
max_depth = 420

number of chiral centers {0, 1, ···, 4} n_estimators = 1800
max_depth = 100

(R) vs (S) {1} n_estimators = 1800
max_depth = 100

+ vs − {1} n_estimators = 1200
max_depth = 100

+ vs − for all {0, 1, ···, 8} n_estimators = 1200
max_depth = 420

Table 3. XGBoost Parameters

chiral property molecular classes parameters

chiral center existence {0, 1, ···, 8} default
0 vs 1 chiral center {0, 1} default
number of chiral centers {0, 1, ···, 4} default
(R) vs (S) {1} default
+ vs − {1} eta = 0.13
+ vs − for all {0, 1, ···, 8} eta = 0.1

eval_metric = “error”

Table 4. Random Forest and XGBoost with Different
Depths for + vs − for {1}

random forest XGBoost

depth test accuracy test F1 score depth test accuracy test F1 Score

5 0.5869 0.6718 5 0.6373 0.6619
50 0.7140 0.7338 10 0.6988 0.7157

100 0.7150 0.7345 20 0.7158 0.7298
280 0.7150 0.7345 30 0.7128 0.7257
420 0.7150 0.7345
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energy predictions and more sophisticated predictions such as
excitation spectra are all possible through various machine
learning algorithms and CM representation of molecules.50

In this work, a simple one-hot encoded Cartesian coordinate
representation (OHECC) is introduced. It contains three
columns representing Cartesian coordinates of every atom in
the molecule and additional columns representing each of the
one-hot encoded element symbols. Since the elements of the
molecules in this work are only one of 5 different types (H, C,
N, O, and F), five columns representing the one-hot encoded
element symbol were used consistently for the representations
for each of the molecules in the QM9 data set. In this way,
each row consists of exactly 8 features. This representation is
easy to create and works well with existing representations of

molecules commonly used in computational chemistry
software. Although the representation is not necessarily unique
(similar to a generic Cartesian coordinate representation), a
simple coordinate transformation can translate one representa-
tion of a molecule into another. It is possible to extend the
representation to additional atom types, but it has been limited
here based on the molecules used to complete this study.

The OHECC representation is desirable for distinguishing
molecules with similar numbers and types of atoms and
connectivity. Unlike the Coulomb matrix and other graph-
based representations, zero changes in atom connectivity
coupled with spatial reconfiguration of a relatively small
number of atoms in a molecule can provide a sufficient
resolution of information to aid in machine learning training.
Changes in the Coulomb matrix representations between two
enantiomers are undetectable due to the isometric trans-
formation that can be used to convert a molecule to its mirror
image. However, changes in the OHECC representation are
evident because of the absolute arrangement of the atoms in
space. Cartesian coordinates can elucidate the isometric
transformation between the two isomers. As a result, the
features of the OHECC representation provide the appropriate
detail for these algorithms to label the configuration accurately.
As an example, Figure 3 illustrates the similarity between the
Coulomb matrices of the (R) and (S) enantiomers of
methyloxirane. Since the two enantiomers are represented by
the same matrices, a different approach for representing the
molecular structure is required.

The simplified molecular-input line-entry system (SMILES)
representation51 is a specification in the form of a line notation
for describing the structure of chemical species using short
ASCII strings. SMILES has been used to predict molecular
properties, either through natural language modeling, or
transformation into feature matrices followed by machine
learning.52,53 The (spatial orientation) chirality information in
SMILES is represented by an “at” symbol, but this can be
removed from the representation if there is no need to
distinguish between different arrangements around a chiral
center.

The International Chemical Identifier54 (InChI) is a textual
identifier for chemical substances. Stereochemical information
is represented through the t/m/s layer of the string. In general,
the InChI expresses the configuration of a stereogenic center
or bond as either +/- or m0/m1. These marks have no relation
to (R)/(S) tetrahedral or (E)/(Z) alkene configurations. For
example, (R)-methyloxirane and (S)-methyloxirane are
represented as InChI = 1S/C3H6O/c1−3−2−4−3/
h3H,2H2,1H3/t3-/m1/s1 and InChI = 1S/C3H6O/c1−3−
2−4−3/h3H,2H2,1H3/t3-/m0/s1, respectively. The InChI
strings are different, but there is no association between
these strings and the CIP identifiers (R) and (S). In the QM9
data set, although there is no correlation between (R)/(S)
identifiers, the InChI entries contain stereochemical informa-
tion, and it is processed by RDKit55 to derive the absolute
configurations based on the CIP rules.

Pinheiro et al. identify the importance in data-driven
approaches for machine learning and differentiate coordinate
distance-based methods from text strings/grammar-based
methods for describing molecules used as inputs to machine
learning.52 One of the benefits of coordinate distance-based
approaches is that the local (and often chemically important)
structure of a molecule is emphasized. Since enantiomers have
different labels (e.g., (R)/(S) or +/-), the differentiation

Figure 2. Neural network structure used for training models.

Journal of Chemical Information and Modeling pubs.acs.org/jcim Article

https://doi.org/10.1021/acs.jcim.4c02374
J. Chem. Inf. Model. 2025, 65, 4281−4292

4286

https://pubs.acs.org/doi/10.1021/acs.jcim.4c02374?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c02374?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c02374?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.4c02374?fig=fig2&ref=pdf
pubs.acs.org/jcim?ref=pdf
https://doi.org/10.1021/acs.jcim.4c02374?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


between these molecules is often localized by the configuration
of a few atoms or moieties around a chiral center. Furthermore,
it may be conceptually desirable to maintain the simplicity of
the models (e.g., avoiding language processing to interpret
structure). An approach based on spatial molecular geometry
in Cartesian space aligns with the well-established practice of
using this type of molecular representation in computational
chemistry with popular force field and DFT methods. We
further differentiate the utility of coordinate-based representa-
tions in our work due to the observation that the common

Coulomb matrix representation does not distinguish the
chirality of molecules. In addition, the simplicity of the
encoding allows for easy analysis of molecular structure
without having to result in more complex graph-based
representations and corresponding neural networks.26,27,56

Data Analysis. Because this work required the calculation
of the specific rotations for over a hundred thousand organic
molecules using DFT, the availability of these data allowed for
some minimal statistical analysis of the distributions. Using the
class {0} and class {1} molecules with optical rotations

Figure 3. Comparison of the xyz files and Coulomb matrix for (R)-methyloxirane and (S)-methyloxirane.

Figure 4. Distribution of calculated optical rotations for all molecules from classes {0} and {1} at the 3 wavelengths. The blue line represents the fit
of the distribution for class {0}, and the orange line represents the fit of the distribution for class {1} after filtering outliers z > 3.
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calculated at 355, 589.3, and 633 nm, distributions of the
specific rotations can be analyzed and compared. Figure 4
shows histograms for the distributions of the class {0} and {1}
data, and Table 5 shows a summary of the descriptive
parameters for the normal distributions of the calculated
values.

As expected, there are significantly more molecules with zero
chiral centers that are predicted to have optical rotations closer
to 0 at each of the wavelengths. The majority of the optical
rotations for molecules with one chiral center has nonzero
values, whereas the majority of optical rotation degrees for
molecules with zero chiral centers is near 0. The histograms
demonstrate that molecules with one chiral center have a much
broader distribution across a range of optical rotations. It
should be noted that the DFT calculation of optical rotation is
performed at a fixed geometry in the gas phase, and effects
from different conformational configurations, vibrations, and
internal rotations are not considered here. Each molecular
representation from the QM9 data set is treated as a unique
molecule.

In all three data sets separated by wavelength, there is less
than one percent of outliers whose absolute degree of rotation
is greater than 1000 degrees. The absolute value of a single
outlier can be as high as 100,000 degrees, which usually
corresponds to the calculation of the optical rotation at a
wavelength that is very close in energy to an excitation as
predicted by the DFT model.

Calculation of the normal distribution parameters for the
molecular classes {0} and {1} shows that the optical rotations
are centered near 0 and that the standard deviations increase at
shorter wavelengths. This is likely due to the larger variation in
the optical rotation values at higher frequencies for many of
the organic molecules that have excitations at shorter
wavelengths. The kurtosis for the distribution of optical
rotations for the molecules in class {0} is higher than the one
for the distribution of optical rotations for molecules in class
{1} which is consistent with the observation that molecules
with zero chiral centers are more likely to be centered around a
zero optical rotation. Finally, there is no correlation between
the (R)/(S) of a molecule and the sign of the optical rotation.
Using scipy’s Pearson correlation coefficient and p-value for

testing noncorrelation, as expected, there is only a −0.0003
correlation between (R)/(S) configuration and optical rotation
sign with a p-value of 0.96.

Machine Learning. The OHECC representations of the
molecules, along with their labels, as provided by RDKit and
Gaussian, were used to train supervised learning models using
random forest, XGBoost, and artificial neural network
algorithms. In the tables showing the confusion matrices,
downsampling may be applied to count for class imbalance,
resulting in a different number of records from the original
data set as presented in Table 1. Downsampling was chosen to
address the class imbalance problem since it avoids the
difficulty of having to repeatedly select or generate molecules
from the minority class and avoids overfitting of the models
from repeated selections in the data set.57

First, we examine the existence of zero or one chiral centers
and the existence of zero or nonzero chiral centers using binary
classification. In order to analyze the results of the machine
learning models, confusion matrices for each of the
classification models along with the labeled experiments are
presented in Tables 6 and 7. In each case, the first row
represents the true values, and the left column represents the
predicted values. The diagonals represent the number of
correct classifications, while the off-diagonals represent false
positives or false negatives. All three algorithms are relatively
successful at being able to distinguish a molecule from having
no chiral centers with others that have one chiral center or
even more than one chiral centers.

Machine learning has also been used to classify the CIP
labels (R,S) for a molecule with one chiral center. Additionally,
machine learning has been used to predict the calculated sign
of the optical rotation at 589.3 nm for molecules with one
chiral center and then again for all molecules with any number
of chiral centers. Confusion matrices for these studies with the
respective machine learning models are provided in Tables 8,
9, and 10.

A summary of the performance of each of the binary
classifications is presented in Table 11. The results in the table
demonstrate that machine learning can be successful for
classifying molecules based on chiral structure and properties.
The accuracy, precision, and recall observed are successful for
what is expected typically from machine learning algorithms
with relatively complex data. It appears that XGBoost provides
the highest F1 score for three out of the five tasks and the best
accuracies for four out of five tasks. XGBoost has been shown
to be a reliable machine learning algorithm for tabular data
when the data set size is relatively limited.32 The simple neural
networks did not perform as well relative to the other methods
likely because there is not enough data for the method to work
as well as it could.58

It is observed that predictions of chiral center existence are
more accurate compared to predictions of the (R) or (S)
configuration or the sign of the optical rotation. This may
suggest that the OHECC representation may be able to help

Table 5. Summary of Normal Distribution Parameters for
the Three Wavelengths for Molecular Classes {0} and {1}

molecular
class

wavelength
(nm) mean

Std.
Dev. skewness kurtosis

{0} 355 30.7 987.6 1.476 196.92
589 7.8 94.6 0.136 4.22
633 6.7 79.5 0.133 4.13

{1} 355 −17.4 806.0 0.041 18.37
589 −6.3 129.6 −0.069 1.08
633 −5.3 108.9 −0.068 1.00

Table 6. Confusion Matrices for Three Machine Learning Models for Binary Classification of 0 vs 1 Chiral Centersa

random forest XGBoost neural network

{0} {1} {0} {1} {0} {1}

{0} 3781 727 {0} 3967 539 {0} 3820 722
{1} 481 4011 {1} 406 4088 {1} 636 3822

aRow labels represent predicted classifications, and column labels represent true classifications.
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the machine learning models identify molecular symmetry
relatively easily. It is interesting to note that the accuracy of the
prediction of the sign of the optical rotation is not far from the
accuracy to predict properties based on pure configuration of

the molecule (e.g., chiral center existence and CIP label). This
observation suggests that machine learning can determine the
sign of rotation based on the structural configuration of the
molecule. The model inputs include the position and type of
atoms, and it appears that this information is sufficient to train
a model that has a better probability of predicting the sign of
rotation than random guesses. This implies that the sign of
optical rotation is strongly influenced by the structural
arrangement of the atoms or the machine learning models
are able to elucidate some quantum chemical behavior that
allows for a prediction that is not random or unreliable.

For predicting the sign of the optical rotation at 589.3 nm, it
is important to note that the labeled data are calculated using
DFT. It is known that there may be inaccuracies in the
calculation of optical rotation and that these machine learning
models are limited in modeling the DFT calculated optical
rotation values rather than any values that are measured
experimentally. Using a large basis set, Stephens et al. reported
the same sign for 27 out of 28 molecules where experimental
data was available for comparison.11 In general, the accuracies
are better for rigid molecules.

In order to determine the capability of these machine
learning models to predict the number of chiral centers based
on the OHECC representation, a multilevel classification can
be used. Table 12 demonstrates that machine learning labeling

Table 7. Confusion Matrices for Three Machine Learning Models for Binary Classification of 0 vs 1, 2, or More Chiral
Centersa

random forest XGBoost neural network

{0} {0}C {0} {0}C {0} {0}C

{0} 6424 750 {0} 6747 487 {0} 6593 621
{0}C 648 6578 {0}C 522 6644 {0}C 759 6427

aRow labels represent predicted classifications, and column labels represent true classifications. {0}C represents the complement of the set
containing molecules with 0 chiral centers, i.e., all molecules containing one or more chiral centers in the filtered QM9 data set.

Table 8. Confusion Matrices for Three Machine Learning Models for Classification of (R) vs (S)a

random forest XGBoost neural network

(R) (S) (R) (S) (R) (S)

(R) 1619 624 (R) 1960 599 (R) 1580 681
(S) 578 1774 (S) 543 1763 (S) 604 1730

aRow labels represent predicted classifications, and column labels represent true classifications

Table 9. Confusion Matrices for Three Machine Learning
Models for Classification of − vs + for Molecules with One
Chiral Centera

random forest XGBoost neural network

− + − + − +

− 1808 599 − 1760 647 − 1582 772
+ 708 1470 + 656 1522 + 835 1396
aRow labels represent predicted classifications, and column labels
represent true classifications.

Table 10. Confusion Matrices for Three Machine Learning
Models for Classification of − vs + for All Moleculesa

random forest XGBoost neural network

− + − + − +

− 8751 3331 − 8640 3360 − 7558 4381
+ 3444 8268 + 3514 8280 + 4439 7416
aRow labels represent predicted classifications, and column labels
represent true classifications.

Table 11. Comparison of Machine Learning Algorithms for Binary Classifications of Chiral Properties

chiral property molecular classes method accuracy precision recall F1

chiral existence {0, 1, ···, 8} RF 0.903 0.896 0.908 0.902
XGBoost 0.930 0.933 0.928 0.930
ANN 0.904 0.914 0.897 0.905

0 vs 1 chiral center {0, 1} RF 0.866 0.839 0.887 0.862
XGBoost 0.895 0.880 0.907 0.894
ANN 0.849 0.841 0.857 0.849

R vs S {1} RF 0.738 0.722 0.737 0.729
XGBoost 0.752 0.738 0.757 0.748
ANN 0.720 0.699 0.723 0.711

+ vs − {1} RF 0.715 0.751 0.719 0.735
XGBoost 0.716 0.731 0.729 0.730
ANN 0.650 0.672 0.655 0.663

+ vs − (All) {0, 1, ···, 8} RF 0.715 0.724 0.718 0.721
XGBoost 0.711 0.720 0.711 0.715
ANN 0.629 0.633 0.630 0.632
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of the molecules based on the number of chiral centers also
works well. While there are a few misclassifications, the models
are able to determine the number of chiral centers in a
molecule for most of the data set, as evidenced by the larger
numbers in the diagonals of the confusion matrices for each of
the machine learning models. Note that the number of
predicted chiral centers is limited up to 4 in this case due to
the relatively small number of molecules in the data set that
have 5 or more chiral centers. Of course, tools like RDKit can
provide this labeling with better accuracy, but the goal of this
classification is to show the possibilities that machine learning
may provide for classifying molecules based on the molecule’s
atomic positions.

For molecules whose labels are incorrectly predicted, it is
observed that the trained model predicts the labels adjacent to
the true labels. For example, if a molecule has two chiral
centers but the prediction is wrong by the model, then it is
likely that the model will give a prediction of 1 or 3 chiral
centers rather than much fewer or much greater possible
numbers of chiral centers.

For each of the machine learning models, the necessary class
of molecules needed for training was sampled at random. One
variable in this procedure that leads to additional investigation
is the relative size (or number of atoms) in a molecule that is
used for training compared to the number of atoms in a
molecule that was used for inference. It is assumed that
molecules of similar size should be used for training a model
and that models trained with similar-sized molecules should be
used for classifying unknown molecules.

To maintain a decent proportion between large and small
molecules, we set a boundary of 17 atoms in separating small
and large molecules. If a molecule from the QM9 data set has
17 or fewer atoms, then we regard this molecule as a small
molecule during the machine learning process. In summary, we
have 33,498 small molecules with 23,930 from class {0} and
25,650 large molecules with 12,245 from class {0}. Because of
the relatively fast performance of the random forest algorithm,
this method was used to test the size dependence of the
molecules on classification.

We noticed that if we use a training set consisting of small
molecules to fit a testing set of similar-sized small molecules,
we obtain a higher accuracy at around 90% compared to using
a set of small molecules for training to fit a testing set
containing large molecules. This result may suggest that the
properties found in small molecules by our model may not be
representative enough to make chirality predictions for larger
molecules. The better results obtained with smaller molecules
may be the result of a larger portion of the OHECC molecular
representation being used to describe the area of the molecule
that represents the chiral center and the attached substituents,
whose positions are modified depending on the chirality. In
this case, the part of the representation that influences the

chirality of the molecule may provide a larger “signal-to-noise”
ratio compared with larger molecules, where the functional
part is a small percentage of the overall volume of space the
molecule occupies. Finally, training a model with small
molecules and validating with big molecules provides an
accuracy of around 72% for the validation. This suggests that
using larger molecules to train a model for use in inferencing
with larger molecules will result in a reduction of accuracy.

The analysis presented here suggests that the size of
molecules is an important consideration when building
machine learning models based on inputs from Cartesian
coordinates for the properties considered in this work. Of
course, there are a limited number of smaller molecules, and
this can affect the quality of certain machine learning methods
that may require larger data sets for better fits. In this work, we
have explored a subset of the QM9 data set with about 121,000
molecules. The data set examined in this work contains only C,
H, O, N, and F atoms. Additional data sets with a greater
number of molecules are also available. The QM9 data set is a
small subset from GDB-17 database, which is a collection of all
possible molecules made up of under 17 atoms.59 Future work
may involve examining molecules sampled from the GDB-17
chemical data set, which contains over 166 billion molecules.
The larger data set will also allow further exploration of the
effect of molecular size on machine learning accuracy. In
addition to working with larger data sets, regression models
may also be used for predicting specific rotations.

■ CONCLUSIONS
Machine learning algorithms can be used to predict chiral
properties and signs of optical rotation, as determined by
quantum chemistry software based on density functional
theory. While there is room for improvement in the accuracy,
the fact that these algorithms can perform better than pure
statistical odds is a sign that they are extracting features from
the absolute spatial information on the atoms and their identity
to learn an inherent chiral property of a molecule. Of course,
DFT approximations and errors are real, and only the most
accurate machine learning models can be constructed from
experimental data. Although the more traditional random
forest algorithm performed slightly better compared to the
XGBoost and neural network models, the accuracy of the
models can be viewed as being relatively similar. As a result,
data representation for the molecules is likely more important
than the machine learning algorithm chosen.

This work has demonstrated that molecular representations
based on Cartesian coordinates are valid representations for
machine learning models that are highly dependent on the
structural configuration of molecules. Our choice of
representation is based on the principle that simple models
and simple features should be used (ideally) for applications of

Table 12. Confusion Matrices for Three Machine Learning Models for Multiclassification of 0, 1, 2, etc. Chiral Centersa

random forest XGBoost neural network

{0} {1} {2} {3} {4} {0} {1} {2} {3} {4} {0} {1} {2} {3} {4}

{0} 1588 232 98 29 13 {0} 1731 783 70 36 6 {0} 1435 303 143 44 38
{1} 268 1420 223 105 36 {1} 249 1397 220 73 15 {1} 252 1176 353 149 44
{2} 88 348 1175 212 154 {2} 64 293 1293 236 82 {2} 129 359 1042 326 154
{3} 45 103 270 1358 253 {3} 15 77 225 1503 220 {3} 43 155 371 1166 332
{4} 25 37 96 290 1534 {4} 8 20 97 202 1703 {4} 20 47 133 384 1402
aRow labels represent predicted classifications, and column labels represent true classifications.
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machine learning. The goal of the present work is to show that
machine learning is a viable tool and a worthwhile pursuit for
making predictions of chiral properties based on the results
from a set of molecules from the QM9 data set. The results
presented here demonstrate that machine learning can be used
to classify molecules based on the atom type and position
alone, whether that is a relatively simple task such as the
number of chiral centers or a more challenging one, such as the
sign of optical rotation. While the results obtained are
reasonable for initial explorations of the application of machine
learning to molecular properties, additional work will be
required to obtain more accurate results and to explore
additional possibilities and applications to chemistry.
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des fluides homogeǹes. Bull. Soc. Philomath 1815, 190, No. 1815.

(6) Pasteur, L. Memoir on the relationship that can exist between
crystalline form and chemical composition, and on the cause of rotary
polarization. CR Acad. Sci. Paris 1848, 26, 535−538.
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