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ABSTRACT: High-fidelity quantum-chemical calculations can provide accurate
predictions of molecular energies, but their high computational costs limit their utility,
especially for larger molecules. We have shown in previous work that machine learning
models trained on high-level quantum-chemical calculations (G4MP2) for organic
molecules with one to nine non-hydrogen atoms can provide accurate predictions for
other molecules of comparable size at much lower costs. Here we demonstrate that such
models can also be used to effectively predict energies of molecules larger than those in
the training set. To implement this strategy, we first established a set of 191 molecules
with 10—14 non-hydrogen atoms having reliable experimental enthalpies of formation.
We then assessed the accuracy of computed G4MP2 enthalpies of formation for these 191 molecules. The error in the G4MP2
results was somewhat larger than that for smaller molecules, and the reason for this increase is discussed. Two density functional
methods, B3LYP and wB97X-D, were also used on this set of molecules, with ®B97X-D found to perform better than B3LYP at
predicting energies. The G4MP2 energies for the 191 molecules were then predicted using these two functionals with two machine
learning methods, the FCHL-A and SchNet-A models, with the learning done on calculated energies of the one to nine non-
hydrogen atom molecules. The better-performing model, FCHL-A, gave atomization energies of the 191 organic molecules with
10—14 non-hydrogen atoms within 0.4 kcal/mol of their G4MP2 energies. Thus, this work demonstrates that quantum-chemically
informed machine learning can be used to successfully predict the energies of large organic molecules whose size is beyond that in
the training set.

Accuracy

Molecular Size

B INTRODUCTION than 1 kcal/mol accuracy, such as the Gn composite
methods,*”” the correlation-consistent composite ap-
proach,*™"* coupled cluster methods,"* Weizmann meth-
ods,”>'® and the Wuhan—Minnesota scaling method."”
Nevertheless, at present such methods are limited for
computing energies of large molecules, as they require
substantial amounts of computational power as the number
of atoms increases. Composite methods such as G4MP2, one
of the Gn composite methods, have demonstrated better than
1 keal/mol accuracy on the G3/05 test set'® and on a dataset
of 459 organic molecules with one to nine non-hydrogen
atoms.'® However, applying this method to many large
molecules, such as those with more than nine non-hydrogen
atoms, is too computationally expensive to be practical.

Predicting accurate energies is essential for determining
reaction energetics and enthalpies and stabilities of molecules
in general. Knowledge of precise thermochemical data,
particularly of organic molecules, is desired in areas such as
battery electrolytes, catalysis, drugs, etc. Specifically, for
batteries there is an urgent need to develop organic electrolytes
with improved electrochemical performance and longer-term
stability." However, screening of the electrolytes used in
batteries is challenging because there is a large pool of organic
molecules” that are of potential interest. Synthesizing and
testing each individual molecule would be extremely
challenging even with combinatorial high-throughput screen-
ing’ and is not practical. Such screening can be made more
feasible by quantum-chemical computations if the computa-
tional methods are sufficiently accurate, especially in predicting Received: February 28, 2020
chemical and electrochemical stabilities. However, one of the Revised:  June 11, 2020
challenging tasks is to choose a good computational method Published: June 15, 2020
that can be applied universally to any set of molecules in order

to screen good electrolytes. There are quite a few quantum-

chemical methods that can predict molecular energies of better
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Figure 1. Schematic of the use of A learning on G4MP4 and DFT energies on the GDB-9 set of molecules with one to nine non-hydrogen atoms to
predict energies of larger molecules with G4MP2 accuracy using only DFT energies.

Machine learning (ML), on the other hand, provides an
opportunity to predict molecular energies accurately and fast;
in turn, these energies can be used to screen millions of organic
molecules of interest on the basis of descriptors derived from
energies.”’”** Several ML models that provide a good trade-off
between accuracy and computational cost have been
published.”*™” Other studies have demonstrated success in
predicting the difference between low- and high-fidelity
calculations by integrating the information from quantum-
chemistry methods (also known as A learning)*® and training a
model on multiple properties (also known as transfer
learning).” There have also been some previous reports on
predicting the energies of large organic molecules using
machine learning.so_‘ > However, the efficacy of these methods
for predicting energies of large organic molecules has not been
assessed systematically.

Here we report an assessment of quantum-chemically
informed machine learning for the prediction of energies of
organic molecules larger than those in the training set used for
learning, as illustrated in the schematic in Figure 1. The
objective of this work is to find an ML method that can
reproduce the accuracy of G4MP2 calculations for large
organic molecules with more than nine non-hydrogen atoms,
but with much less computational expense. Previously, we used
quantum-chemical energies of a set of 130 258 molecules with
one to nine non-hydrogen atoms to train and assess the
performance of several ML methods. The assessments of the
ML methods were done on a holdout set of the dataset, i.e., a
set of molecules not used in the training of the method. The
quantum-chemical methods used for the ML were the G4MP2
composite method® and the B3LYP density functional
method.”*™** In this work, we used the two best-performing
ML methods found in that work.*® In addition, in this study we
assessed the suitability of the wB97X-D density functional
method for learning. The first part of this work involved the
development of a dataset of accurate enthalpies of formation
for molecules with 10 to 14 non-hydrogen atoms. This dataset
was derived from accurate experimental data in the Pedley
compilation®” along with the use of an isodesmic computa-
tional scheme to check for inaccuracies. Deficiencies found in
the quantum-chemical methods on certain types of the larger
molecules are also discussed. We note that in our previous
study’® the ML methods were tested on the energies of 66
sugar molecules with more than nine non-hydrogen molecules,
but these larger molecules did not have accurate experimental
energies. Having set of larger molecules with accurate
experimental energies is important for assessing the ML
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methods for larger molecules. The second part of this work
involved an evaluation of the performance of previously
reported ML models for prediction of molecular energies. Two
ML methods were used: kernel-based ridge regression
(FCHL)*® and a continuous filter convolutional neural
network (SchNet),” both combined with A learning on the
difference between the DFT and G4MP2 energies. These
methods were previously reported to predict accurate atom-
ization energies of the GDB-9 dataset, which was also used for
training.’® The overall objective of this work is to assess these
A-learning ML models for accurate prediction of the energies
of a set of molecules with a larger number of heteroatoms than
in the training set.

B COMPUTATIONAL DETAILS

Quantum-Chemical Methods. Enthalpies of formation
for the dataset of large organic molecules described below were
calculated with the G4MP2 method,” as implemented within
the Gaussian 16 package® using the standard settings. The
G4MP2 method is a composite one that replaces the fourth-
order perturbation methods in G4 theory® with reduced
perturbation theory levels to lower the computational cost.
Other parts of the G4MP2 method remain the same as in G4
theory. It has been assessed on the G3/05 test set of accurate
experimental data,'® on which it has a mean absolute deviation
of 0.77 kcal/mol for the 138 hydrocarbons and substituted
hydrocarbons in the test set.

This investigation is based on a dataset of large molecules
with 10 to 14 non-hydrogen atoms (C, N, O, and F). They
were chosen from the molecules with 10 to 14 non-hydrogen
atoms in the Pedley compilation of experimental gas-phase
enthalpy of formation data for organic molecules.”” Two
criteria were used in choosing the molecules. First, they had to
have a stated experimental uncertainty of +1 kcal/mol in the
compilation, which was the case for 225 molecules. The
G4MP2 enthalpies of formation at 298 K (AH°(298 K)) were
calculated for this set of molecules in a similar manner as in
previous work,""** where enthalpies of formation at 0 K
(AH®(0 K)) were calculated by taking the difference between
the known enthalpies of formation of the corresponding atoms
and the calculated atomization energies. The AH°(298 K)
values were then obtained by adding heat capacity corrections
to the AH°(0 K) values.*" Second, any experimental value
differing by more than 2 kcal/mol from the G4MP2 value was
examined using an isodesmic scheme® that is generally
accurate to 0.5 kcal/mol, and if the difference was also more
than 2 kcal/mol with the isodesmic scheme, we dropped that

https://dx.doi.org/10.1021/acs.jpca.0c01777
J. Phys. Chem. A 2020, 124, 5804—5811


https://pubs.acs.org/doi/10.1021/acs.jpca.0c01777?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpca.0c01777?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpca.0c01777?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpca.0c01777?fig=fig1&ref=pdf
pubs.acs.org/JPCA?ref=pdf
https://dx.doi.org/10.1021/acs.jpca.0c01777?ref=pdf

The Journal of Physical Chemistry A

pubs.acs.org/JPCA

experimental value as likely to be inaccurate for this
investigation. Since the geometries were generated from
PubChem,** we examined other possible conformers to
make sure that the source of error was not the wrong
conformer. In some cases we found that the geometries
generated from PubChem had incorrect conformers, but this
was not the cause of the errors greater than 2 kcal/mol. On the
basis of the second criterion, 34 molecules were dropped,
resulting in a dataset of 191 molecules, which is called the
PDS(10-14) dataset throughout this paper. The resulting
dataset had 71 hydrocarbons and 120 substituted hydro-
carbons. The 34 molecules that were dropped because it was
likely that they had large experimental errors are listed in Table
S1. An Excel file containing the geometries, energies, and zero-
point energies is provided in the Supporting Information.

Furthermore, we also used two density functional methods,
B3LYP*™* and @wB97X-D,"*® for both assessment of the
performance on the larger molecules in the PDS(10-14) set
and use in the ML. The B3LYP functional was chosen because
it is a widely used functional, while ®B97X-D was chosen
because it is one of the most accurate for energies. The
B3LYP method used the 6-31G(2dfp) basis set for both
geometry optimization and energy evaluation. The wB97X-D
energy calculations were done with the 6-311+G(3df,2p) basis
set at the B3LYP/6-31G(2dfp)-optimized geometries. For
both methods unscaled B3LYP/6-31G(2dfp) zero-point
energies were used. The larger basis set was used in computing
@wB97X-D energies because it gave significantly better perform-
ance for enthalpies of formation in a study of the GDB-9
dataset in our earlier published results, whereas the smaller
basis set did better for B3LYP."” We computed both standard
enthalpies of formation at 298 K and atomization energies at
the G4MP2, B3LYP, and wB97X-D levels of theory. The
generated dataset of atomization energies of the PDS(10-14)
molecules was used in assessing ML to predict energies of
larger molecules.

Machine Learning Methods. We used two ML
approaches from our previous study,’® SchNet-A and FCHL-
A, in this investigation to determine how well ML can be used
for accurate prediction of a set of molecules with a larger
number of heteroatoms than in the training set. Both use A
learning on the difference between the DFT and G4MP2
energies. Establishing the accuracies of the DFT and G4MP2
methods for the larger molecules in the Results and Discussion
is critical for the assessment of the ML methods.

The SchNet ML method is a continuous-filter convolutional
neural network method®” designed to predict molecular
energies and atomic forces. The SchNet architecture consists
of multiple continuous-filter convolutional layers. At each
layer, molecules are represented atomwise, similar to the
concept of pixels in an image. Each atomic number is mapped
to a vector to generate the initial representation of each atom.
Interactions between atoms are updated on the basis of
distances between nearby neighbors. The atomwise updates of
these representations produce the contribution of each atom. A
molecular property is then generated by the summation of all
atomic contributions. We used an open-source code available
in SchNetPack.”” SchNet-A is a variant of SchNet that learns
the difference between properties computed with high- and
low-fidelity methods. In this work, we trained the SchNet-A
model using the difference between the G4MP2 and @B97X-D
(or B3LYP) atomization energies.
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The FCHL ML method learns molecular properties using a
kernel-based ridge regression model.”® Each atom is
represented as a weighted sum of Gaussian distributions
using a many-body approach. The approach measures the
similarities between the local environments of two atoms as
well as molecules. The distance between two atomic
environments is measured using a weighted sum of the
distances between each many-body expansion. FCHL-A is a
variant of FCHL that learns the difference between properties
computed with high- and low-fidelity quantum-chemical
methods. In this work, we trained the FCHL-A model using
the difference between the G4MP2 and wB97X-D (or B3LYP)
atomization energies.

The FCHL- and SchNet-trained machine learning models
used in this work are available on DLHub," and the scripts
used to perform parameter optimization and their outputs have
been posted on GitHub.*’

B RESULTS AND DISCUSSION

Accuracies of Quantum-Chemical Methods for the
PDS(10-14) Dataset. Table 1 gives the mean absolute

Table 1. Mean Absolute Deviations (MADs) from
Experiment of the Enthalpies of Formation at 298 K for the
PDS(10-14) Dataset for the G4MP2 and DFT Methods (in
kcal/mol)

MAD of AH°(298 K) (kcal/mol)

B3LYP/ wB97X-D/
molecule type G4AMP2  6-31G(2dfp)”  6-311+G(3df2p)”
hydrocarbons (71) 1.75 4.04 3.47
non-hydrocarbons (120) 1.21 5.26 2.92
total (191) 141 481 3.13

“Calculations at the ®-B97XD/6-311+G(3df2p) level were done
using the B3LYP/6-31G(2dfp) geometries. The B3LYP energies
were calculated using a smaller basis set because the performance with
a larger basis set was worse (see the text).

deviations (MADs) of the standard enthalpies of formation at
298 K for the 191 PDS(10-14) molecules computed at the
G4MP2, B3LYP, and wB97X-D levels of theory from their
experimental values. The standard enthalpies of formation for
the 191 molecules at these three levels of theory along with
their experimental values are given in Tables S2 and S3. The
overall MADs of the G4MP2, B3LYP, and wB97X-D methods
relative to the experimental values are 1.41, 4.81, and 3.13
kcal/mol, respectively. Among these 191 molecules, there are
71 hydrocarbons and 120 substituted hydrocarbons. The
MADs of the 71 hydrocarbons at the G4MP2, B3LYP, and
@wB97X-D levels are 1.75, 4.04, and 3.47 kcal/mol, respectively,
whereas the MADs of the substituted hydrocarbons at the
G4MP2, B3LYP, and w-B97X-D levels are 1.21, 5.26, and 2.92
kcal/mol, respectively. These results indicate that the w-
B97XD functional performs better than B3LYP. Nevertheless,
the better-performing functional, @-B97X-D, has an overall
MAD that is about twice as large as that of G4MP2.

The MADs for the three methods as functions of the
number of non-hydrogen atoms are plotted in Figure 2; the
values are given in Table 2. Figure 2 also includes previously
reported data'’ for 459 molecules with two to nine non-
hydrogen atoms. The B3LYP method tends to show larger
MADs compared with the other methods, with ®B97X-D in
between B3LYP and G4MP2, except in the case of 14 non-
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Figure 2. Mean absolute deviations (MADs) from experiment for
enthalpies of formation at 298 K computed using G4MP2, B3LYP,
and wB97X-D for the PDS(10-14) molecules as functions of the
number of non-hydrogen atoms. Results for the 459 molecule test set
(one to nine non-hydrogen atoms) from ref 19 are included for
comparison.

Table 2. Mean Absolute Deviations (MADs) from
Experiment of Enthalpies of Formation at 298 K for the
PDS(10-14) Dataset for the G4MP2 and DFT Methods (in
kcal/mol) as Functions of Number of Non-hydrogen Atoms

MAD of AH°(298 K)

(kcal/mol)
no. of non-hydrogen no. of
atoms molecules G4MP2 B3LYP wB97X-D
10 80 1.10 4.24 291
11 43 1.31 4.44 2.95
12 31 1.45 6.44 4.58
13 24 1.76 5.81 2.80
14 13 2.89 3.81 2.15

hydrogen atoms, where wB97X-D actually performs better
than G4MP2. This is due to the larger percentage of aromatic
molecules in the set with 14 non-hydrogen atoms, i.e., 11 of 13
(85%) as opposed to 88 of 191 (46%) for the whole PDS(10-
14) set. The failure of G4MP2 for aromatics has not been
noted before as far as we are aware, probably because of the
smaller sizes and numbers in previous studies. We carried out
an evaluation of 54 aromatics in the PDS(10-14) set with G4
theory, which has fewer approximations than G4MP2 theory,
and found a MAD of 1.15 kcal/mol compared with 1.84 kcal/
mol for G4MP2 for this same set. For the six aromatics with 14
non-hydrogen atoms in this set of 54 aromatics, the MAD for
G4MP2 is 3.63 kcal/mol, compared with 1.65 kcal/mol for G4
theory. Thus, much of the increase in error found for G4MP2
is due to the many aromatics in the set of larger molecules
PDS(10-14) compared with previous studies on smaller
molecules. Table S4 contains a summary of the G4 energies
for the 54 selected aromatic molecules in the PDS(10-14) test
set. The failure of G4MP2 for aromatics will be considered in
more detail in a future study.

As can be seen from Figure 2, the MAD for G4MP2
generally increases with the number of non-hydrogen atoms.
This result can be attributed to the errors due to the increase
in the number of electron pairs in the molecule with size, as
shown in Figure 3, where the MADs per electron pair are
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Figure 3. Mean absolute deviations (MADs) from experiment per
electron pair for enthalpies of formation at 298 K computed using
G4MP2, B3LYP, and @wB97X-D for the PDS(10-14) molecules as
functions of the number of non-hydrogen atoms. Results for the 459
molecule test set (two to nine non-hydrogen atoms) from ref 19 are
included for comparison.

plotted as functions of the number of non-hydrogen atoms.
Despite the increase in error with increasing size of the
molecule, we observe that the G4MP2 errors per electron pair
for PDS(10-14) remain approximately the same with increased
molecule size, with the exception of the set with 14 non-
hydrogen atoms, due to the many aromatics in that set. By
comparison, the B3LYP and wB97X-D density functionals
show an irregular trend with increasing molecule size.

To further analyze the error in the various methods, we
categorized the molecules with respect to elemental con-
stituents, as shown in Table 3. The largest MADs at the

Table 3. Mean Absolute Deviations (MADs) from
Experiment of Enthalpies of Formation at 298 K for the
PDS(10-14) Dataset for the G4MP2 and DFT Methods (in
kcal/mol) as Functions of Type of Atoms in the Molecules

MAD of AH°(298 K)

(kcal/mol)
element constituency  no. of molecules G4MP2 B3LYP wB97X-D
CF 1 112 2507 14.44
HCNF 1 1.52 25.20 8.00
HCF 4 0.62 15.99 7.60
HCOF 4 0.93 15.86 8.48
HCN 14 1.97 3.37 222
HCON 21 1.15 7.19 5.04
HC 71 175 4.02 3.47
HCO 75 113 3.41 1.69

G4MP?2 level are for molecules that contain “HCN”. Among
those, specifically, the molecules that contain N—N bonds,
[e.g, cis-azobenzene (3.69 kcal/mol), trans-azobenzene (2.13
kcal/mol), and benzo[c]cinnoline (3.31 kcal/mol)] and those
that contain multiple nitrile bonds [e.g., 1,2-benzenedicarboni-
trile, 1,3-benzenedicarbonitrile, and 1,4-benzenedicarbonitrile]
have the largest deviations. Similar large errors for these types
of molecules for G4 theory were reported previously by
Dorofeeva et al.”’ The second-largest MADs at the G4MP2
level were for the hydrocarbons, especially for aromatics as
noted previously [e.g., naphthalene (3.17 kcal/mol), acenaph-
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thylene (3.07 kcal/mol), and anthracene (4.84 kcal/mol)] as
well as some polycyclic bridged systems such as adamantane
(2.04 kcal/mol). There are different trends with DFT
functionals. Larger MADs occur in the case of fluoride-
containing molecules (CF, HCNF, HCF, HCOF), although
there are few such entries. This observation is important
because fluorinated systems are dominant in energy-storage
chemistry. Of the groups with a significant number of entries,
molecules with constituents “HCON” have the largest MADs
(7.0 kcal/mol for B3LYP and 5.06 for @B97X-D).

Performance of Machine Learning for the PDS(10-14)
Dataset. In this work, we used the two best ML approaches
(SchNet-A and FCHL-A) investigated in our previous work, >
where we assessed multiple ML approaches for predicting the
atomization energies of organic molecules using the GDB-9 set
of 130258 molecules. That work applied ML on molecules
with nine or fewer non-hydrogen atoms (training set of
117 232 entries) and then tested on a holdout set (13 026
entries). The two best ML models, SchNet-A and FCHL-A,
have different accuracy/speed trade-offs and enabled the
efficient prediction of G4MP2-level energies with an accuracy
of up to 0.1 kcal/mol for the holdout set. These models were
based on energies from the B3LYP functional of the holdout
set and the G4MP2 and B3LYP energies of the GDB-9 training
set. Furthermore, the trained FCHL-A and SchNet-A methods
were assessed on 66 sugar molecules with more than nine non-
hydrogen atoms but without accurate experimental values. The
predictions of G4MP2-level energies for the 66 molecules had
MADs of 0.29 and 0.91 kcal/mol for the two methods,
respectively.

In this work, we determined how the two best models,
SchNet-A and FCHL-A, performed on the 191 larger
molecules in the PDS(10-14) dataset when trained on the
G4MP2 and DFT energies of the set of smaller molecules,
GDB-9. In the A-learning results presented here, we have also
used the better-performing functional @B97X-D in addition to
B3LYP. We used a training set of 13026 molecules chosen
randomly from the GDB-9 set of 130 258 molecules. We used
previously computed G4MP2 and B3LYP energies'’ for this
training set as well as @B97X-D energies computed in this
work. These energies were then used to perform A learning,
We randomly selected 10% (i.e., 1303 molecules) as a holdout
set to test the performance of the two ML methods as well as
the two DFT methods. The methods were then assessed on
the PDS(10-14) molecules.

Table 4 summarizes the ML results for the holdout set of
1303 molecules from the GDB-9 dataset and the 191
molecules in the PDS(10-14) dataset. For comparison, the
table also includes results from a larger holdout set of 13 026
molecules (and larger training set) done in our previous work
using B3LYP energies. The B3LYP FCHL-A results indicate
that the MAD for the smaller holdout set of 1303 molecules
increases somewhat compared with the larger holdout set
(0.18 vs 0.12 kcal/mol).”® Similar results were obtained for
SchNet-A (ie., 040 vs 0.36 kcal/mol).® This result is
expected, as a much larger number of molecules was used for
training in the latter cases.

The B3LYP-based FCHL-A results for the PDS(10-14) set
given in Table 4 for the small training set (13026) indicate that
the MAD for the predicted energies relative to the actual
G4MP2 energies is 0.47 kcal/mol, which is larger than that for
the GDB-9 molecules in the holdout set (0.18 kcal/mol). The
@B97X-D-based FCHL-A method had a MAD of 0.37 kcal/

5808

Table 4. Mean Absolute Deviations (MADs) from G4MP2
Atomization Energies for two ML Models (Each Using
Either B3LYP or ®B97X-D for A Learning); The Results
Are Given for the PDS(10-14) Dataset and Two Holdout
Sets from Different Sized Training Sets for Comparison

MAD (kcal/mol)

B3LYP wB97X-D
molecules on
which MAD is training
based set size  FCHL-A SchNet-A FCHL-A SchNet-A
1303 holdout 13026 0.18 0.40 0.12 0.31
molecules
13 026 holdout 117232° 0.12 0.36 - -
molecules”
191 molecules 13026 0.47 1.76 0.37 0.98
of the c
117232 0. 0.88 - -
PDS(10—14) 3 3
test set

“The training set was 10% (randomly chosen) of the GDB-9 set of
130258 molecules. “Results from ref 36 for comparison. “The
training set was the GDB-9 set of 130258 molecules with 10%
(randomly chosen) held out.

mol for the PDS(10-14) set, which is slightly improved
compared with the B3LYP-based FCHL-A results. This result
is expected on the basis of the improved performance of
@wB97X-D compared with B3LYP. The SchNet-A MADs for
the holdout set of 1303 molecules were 0.40 and 0.31 kcal/mol
for B3LYP and @wB97X-D, respectively, compared with 1.71
and 0.94 kcal/mol for the PDS(10-14) set. The poorer
performance of SchNet-A relative to FCHL-A is similar to
what we found previously for smaller molecules.*® Finally, we
note that when the B3LYP-based FCHL-A method from the
training set (117232) was used, the MAD was only slightly
smaller (0.39 kcal/mol).

Overall, the FCHL-A model based on wB97X-D energies
performed the best for the PDS(10-14) molecules, which are
larger molecules than used in the training set (one to nine non-
hydrogen atoms). As FCHL-A is based on the kernel ridge
regression model, it requires comparison of each test entry to
all available training entries when predicting a molecular
property. Thus, its computational cost per prediction is at least
100 times greater than that of SchNet-A but orders of
magnitude faster than that of G4MP2. Hence, we recommend
the use of FCHL-A for its greater accuracy. Both codes are
available at DLHub."® Despite the smaller number of
molecules used for training of the larger molecules, the results
in Table 4 and illustrated in Figure 4 show that the SchNet-A
and FCHL-A methods have larger errors relative to G4MP2 as
the size of the molecule increases, although the accuracy for
FCHL-A of better than 0.4 kcal/mol is still good. The
molecules contributing to the increase in this error correlate
with the failure of G4MP2 for larger molecules such as
aromatics and molecules containing N—N bonds. Thus, an
improved quantum-chemical method for predicting energies
could improve the ML performance.

B CONCLUSIONS

The use of quantum-chemically informed machine learning to

predict the energies of molecules larger than ones used in the

training set was investigated. This work extends a previously
36 . . . .

reported study”” in which machine learning was used to

predict the energies of molecules with one to nine non-
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Figure 4. MADs between G4MP2 atomization energies and FCHL-A and SchNet-A predictions based on @B97X-D energy calculations. The ML
model was trained using only molecules with nine or fewer non-hydrogen atoms to predict the MADs between wB97X-D and G4MP2 (e,
®B97X-D-A) for the 191 molecules with 10—14 non-hydrogen atoms.

hydrogen atoms on the basis of training on a set of molecules
of that size using DFT and G4MP2 energies. In that study, the
ML methods were tested on energies of 66 sugar molecules
with more than nine non-hydrogen atoms, but these larger
molecules did not have accurate experimental energies. The
current work is based on a set of 191 molecules with 10—14
non-hydrogen atoms (i.e., larger than those in the training set)
having accurate experimental enthalpies of formation. The
following conclusions can be drawn from this study:

1. The better-performing ML method investigated in this
paper, FCHL-A, gave atomization energies for the 191
organic molecules that were within about 0.4 kcal/mol
of the accurate quantum-chemical energies calculated by
the G4MP2 method. Although this level of accuracy is
less than that obtained with FCHL-A for the holdout set
of the smaller molecules, it is still promising for the use
of ML methods for molecules larger than the training
set, especially considering that it is at least 3 orders of
magnitude faster per molecule than the G4MP2 method
for predicting the large molecules considered here.

. The SchNet-A method gave atomization energies for the
191 organic molecules that were within about 0.9 kcal/
mol of the accurate quantum-chemical energies calcu-
lated by the G4MP2 method. Although this accuracy is
not as good as that seen for the FCHL-A method,
SchNet-A is a faster method.

. The analysis of G4MP2 enthalpies of formation of the
191 molecules compared with accurate experimental
data indicated that G4MP2 has a somewhat larger MAD
(1.41 kcal/mol) for the molecules with 10—14 non-
hydrogen atoms than for molecules having nine or fewer
non-hydrogen atoms (0.79 kcal/mol). This is the case
because G4MP2 does poorly for aromatic molecules and
for molecules with multiple nitrogen atoms. Full G4
theory does much better but would take too much
computer resources for generation of a large enough
dataset.

. Of the two density functional methods investigated on
the 191 molecules, the ®B97X-D functional was found
to perform better, with a MAD of 3.13 kcal/mol with
respect to experiment, compared with B3LYP, with a
MAD of 4.81 kcal/mol. Both methods have significantly
larger errors than G4MP2. The use of @B97X-D for ML
A learning gave slightly better results for predicting the
G4MP2 energies of the 191 molecules than did B3LYP.
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Thus, this work demonstrates that quantum-chemically
informed machine learning can be used to successfully predict
energies of large organic molecules with sizes beyond those in
the training set at a much lower cost in computer time.
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