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SUMMARY

Molecular energy is used to estimate the overall
favorability of the formation of a molecule, which can
be measured either directly or indirectly. However,
both methods require a chemical reaction. Molecular
energy has also been investigated computationally.
Yet, these calculations require a lot of expensive
computer resources. The purpose of this project is
to apply machine learning (ML) techniques to create
models from known molecular properties. Once the
model is created, the molecular properties of new
molecules can be predicted quickly. Feedforward
Neural Network (FNN) models were trained with two
different representations of the molecules. In the
first model, the molecules were represented by the
Coulombic force between each atom; in the second
model, the molecular structure, the bonding between
atoms, and the electron configuration of each atom
were provided as inputs. Prediction errors of the two
models were compared statistically to determine
the better representation of the molecule. The FNN
network was able to predict the molecular energy with
low errors in both models. Though, the model with
the Coulomb matrix performed better for molecules
that do not contain high electronegative atoms
and performed poorly for molecules with three or
more fluorine atoms. The effect of fluorine (or other
electronegative atoms) on the Coulomb matrix needs
to be further investigated.

INTRODUCTION

Molecular energy is useful in understanding the properties
of molecules and the behavior of chemical systems (1).
Molecular properties can tell us which isomer is favored at
equilibrium and what the rate of reaction is (2). Molecular
energy can be measured either directly from the chemical
reaction or indirectly from other known molecules. However,
both direct and indirect methods require the chemical reaction
to take place and are also time-consuming and expensive (3).
The reaction requires varying lengths of time for completion
depending on the chemical kinetics and involves expensive
reagents. Molecular energy has also been investigated
computationally. There are several methods currently in use:
1) Ab Initio Calculations; 2) Semi-Empirical Calculations; and
3) Density Functional Theory (DFT). Yet, these calculations
demand the use of limited computer resources, such as
memory and disk space (2).

The purpose of this study is to design a machine learning

model, which takes the molecular structure as the input and
returns “molecular energy” as the output (“molecular energy”
refers to the potential energy of a system of atoms that can
be calculated using the Force Field method (1). These models
can be created in a few days with cost-effective cloud-based
computing resources and prediction can be done in a few
seconds.

The Machine Learning (ML) model was trained with known
input and output values, and the network was able to build the
function (F) to determine the molecular energy of unknown
molecules (Figure 1). The molecular energy used for training
the model was calculated using the Force Field method (1).

Once the model is created, the molecular properties
(e.g., the molecular energy, the reaction rate, etc.) of new
molecules can be predicted quickly. These models can be
used in computational design and will assist in the discovery
of new molecules, compounds, and ultimately, drugs.

Feedforward neural networks (FNN) are one of the
common deep learning models. The goal of a feedforward
network is to approximate some function F. A feedforward
network defines a mapping y = F(x;0) and learns the value
of the parameters, 8, from the known input and output that
result in the best function approximation. These models are
called feedforward because information flows through the
function being evaluated from x, through the intermediate
computations used to define f, and finally to the output y.
There are no feedback connections in which outputs of the
model are fed back into itself.

In this study, FNN models were trained with two different
representations of the molecule. In Model A, the molecules
were represented by the Coulomb matrix (the Coulombic force
between each atom); in Model B, the molecular structure, the
bonding between atoms (adjacency matrix), and the electron
configuration of each atom (atom vector) were given as inputs.
The prediction error of molecular energy from two models

a F (") =-56.560

PubChem Id: dsgdb9nsd 000002 NH3 Ammonia

B. F( T_T_‘f )=?

PubChem Id: dsgdb9nsd_058617 C6H11NOZ N-Acetyl-N-ethylacetamide

Figure 1: Schematic diagram of the ML model: molecular energy
as a function of molecular structure. A) ML model represented by
function F is trained with molecular structure as input and known
molecular energy as output. B) Function F is used to estimate the
molecular energy for a new molecule with unknown molecular
energy.
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was compared statistically.

We hypothesized that Model B would predict the
molecular properties more accurately than Model A, as the
input to Model B (valence electron occupancies in atomic
orbital) retained the properties of each constituent atom.
The Coulomb matrix, as used in Model A, does not consider
the individual bonds or type of bonds, but instead assumed
electrostatic interactions of each atom in the molecule. With
proper design of the network, the model can learn about
features like sigma and pi bonding, which is possible in Model
B given that our inputs discriminate the presence of electrons
in orbitals that are available for sigma (o) and pi (1) bonding.

We also compared the results of Model B with Graph
Neural Network (GNN), which is more suitable for inputs such
as the molecular structure of each atom. We hypothesized
that Model B and GNN performance will be comparable
for predicting molecular energy as both use the electronic
configuration but GNN will be more useful for predicting
molecular structure as the spatial position of each atom is
maintained in the GNN as a connected graph.

RESULTS

In our experiment, Molecular energy is being predicted

using the ML technique using FNN and GNN network. For
the FNN network, we used two types of input to represent the
molecule: Coulomb matrix and atom vector. The error of each
prediction was calculated from the known output. Root Mean
Square (RMSE) and Mean Absolute Percent Error (MAPE)
were calculated for both models (Table 1).
The FNN network was able to predict the molecular energy
with low errors for both types of inputs: Coulomb matrices
and atom vectors. The FNN with atom vector (Model B)
performed better than the FNN with Coulomb matrix (Model
A), as we hypothesized. For Model A, the absolute value of
the prediction error varies from 0.03 KJ/mol to 30.31 KJ/mol,
while the percentage error varies from 0.01% to 29.28%. But
the majority of the error lies between +10% to -10% (Figure
2A). For Model B, the absolute value of the prediction error
varies from 0.03 KJ/mol to 43.08 KJ/mol, while the percentage
error varies from 0.01% to 37.22%. But the majority of the
error lies between +10% to -10% (Figure 2B). The prediction
errors using Model A and B for a few sample molecules are
given in Tables S1 and S2 (see appendix).

When we compared two different networks for the same
set of inputs, the FNN performed better than the GNN. Both
RMSE and MAPE are low for the FNN compared to the GNN
(Table 2). For GNN, the highest prediction error (absolute
value) was 90.93 KJ/mol, while the percentage error was as
high as 113.9%. But the majority of the error lies between
+40% to -40% (Figure 3, Table S3).

A Coulomb matrix 1.88 0.19

Adjacency matrix and _
B 1.78 0.07
atom vector

Table 1: Comparison of prediction error with FNN with different
inputs. RMSE = Root Mean Square Error, MAPE = Mean Absolute
Percent Error.

Figure 2: Scatter plot of %Error with FNN. A) FNN with Coulomb
matrix (Model A). The scatter plot is symmetric along the x-axis
indicating an equal number of positive (actual > predicted) and
negative (actual < predicted) errors. Absolute errors are within the
10% range. B) Scatter plot of %Error for ML test data: FNN with atom
vector (Model B). The number of predictions with positive errors
(actual > predicted) is more than the number of predictions with
negative errors (actual < predicted). Absolute errors are within the
10% range.

FNN 1.72 0.07
GNNMN 15.75 279

Table 2: Comparison of prediction error (FNN vs. GNN) with
adjacency matrix and atom vector input. RMSE = Root Mean
Square Error, MAPE = Mean Absolute Percent Error.

SError

Figure 3: Scatter plot of %Error with GNN. The scatter plot is
symmetric along the x-axis indicating an equal number of positive
(actual > predicted) and negative (actual < predicted) errors. Absolute
errors are within the 40% range.
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DISCUSSION

Overall, the FNN network performed better with the atom
vector and adjacency matrix compared to the Coulomb
matrix. Though, for certain molecules, the Coulomb matrix
performed better. For example, FNN with atom vector had
higher errors compared to FNN with Coulomb matrix when
molecules do not contain fluorine (F) atoms, but we saw
large errors with the Coulomb matrix for molecules with three
or more fluorine atoms, and the model underestimated the
molecular energy (Figures 4-5). The top five out of ten atoms
with the highest errors are for molecules with three or more
fluorine atoms (Figure 5). The effect of fluorine (or other
electronegative atoms) on the Coulomb matrix needs to be
further investigated.

There is another limitation of the Coulomb matrix. One
of the premises of using the Coulomb matrix is that no two
molecules will have the same Coulomb matrix unless they
are identical. But enantiomers will have the same Coulomb
matrix, even though the molecules are not chemically
identical, can exhibit very different chemical reactivity, and
can have different underlying structures. Thus, the model will
predict the same energy for the enantiomers, whereas they
are not the same (4).

While the GNN results were less accurate than those from
the FNN, the GNN is useful to predict the geometry of the
molecule. Valence-shell electron-pair repulsion (VSEPR)
theory can predict the geometry of the molecule. Yet, this
approach fails for systems with lone pairs that have some

Molecular  Molecular
Energy Energy Absolute

Molecular 20 {Actual)  (Estimated) Emor

Formula IUPAC Name Structure KJimol Kdimol KJimol 3 Error
11123 3-hexafluoropropane

CaH2Fe FHES BIEET 4738 2T
N-1iZ)-3-nitrosobut-2-en-2-yl hydroxylamine

CaHeMz02 4722 -469.54 5232 12.54]
[113C)methanel c'

CH4D o % 573 -TRES 43.08 aT.22]

N

Z-methoxypyrazine

CEHENZO v -373.89 -H13.16 4027 1063
N-methyl-3-oxobutanamide

CEHAND2 ¢ = -401.09 44078 3989 a.90)
S-methyl-1H-pyrimidine-2.4-dione

CHHENZO2 -454.08 48484 3078 £.77]
benzamide

CTHND -400.79 -429.99 2320 7.29)
2-aminophenol

CEHTMNO 36272 -330.47 2778 T.65)
2.6-diamino-(2,4 6-13C311H-1.3 5-triazin-4-01

CIHENSD s 48824 -439.92 26.31 5.64]
[3R)-3-aminopyrrolidine-3-carboxylic acid >

CEHIN2OZ ") 45854 -437.24 1830 4.23
cyclopropanimine =4,

C3HEN ! 7208 -187.26 1518 .82)
2.3-diaminoghenol

CeHaMZ0 41208 -432.82 1484 3.55)

CBHTF: 44 5-trifluorocyclohexene 53237 -518.22 415 258

Figure 4: Molecules with highest prediction error for FNN
with atom vector (Model B). Molecules are sorted by absolute
prediction error and top 13 molecules are presented in this figure.
The molecules with the highest prediction errors did not necessarily
contain fluorine atoms.

Molecular Molecular
Energy Energy Absolute
Molecular 0 (Actuah  (Estimated) Error

Formula  IUPAC Name Structure Ki/mol  KI/mol KJ/mol % Error]|

1,1,1,2,3,3-hexafluoropropane

C3H2F6 ' -714.63 -592.29 12233 17.12

CBHTF3 4,4,5-trifluorocyclohexene -532.37 -461.89 7047 13.24
2-methoxypyrazine
C5HBN2O -378.89 41349 34.60 9.13
H
'
113C)methanal H o<t
CH4O ! -115.73 -81.85 33.88 29.28

N-methyl-3-oxobutanamide

C3HINOZ -401.09 43471 3362 8.35|

N-[{Z]-3-nitrosobut-2-en-2-yl]hydroxylamine
C4HsM202

-417.22 -448.85 31.63 7.58|

benzamide
CTHTNO -400.79 -431.11 3031 7.56]
C3H2F3NOZ 3,3,3-trifluoro-2-nitroprop-1-ene -620.28' -592.05 28.23 4,55
|
C4H7F302  (35)-4,4,4-trifluorobutane-1,3-diol -606.64 -581.37 2527 417
C4H5F302  ethyl 2,2 2-trifluoroacetate T ) -605.45 -581.62 2353 3.94

Figure 5: Molecules with highest prediction error for FNN with
Coulomb Matrix (Model A). Molecules are sorted by absolute
prediction error and top 10 molecules are presented in this figure.
Most of the molecules with the highest prediction errors contain
fluorine atoms.

other factors, particularly heavy, electronegative atoms.
Instead, the exact bond angle and bond length are determined
experimentally. Still, this is expensive and time-consuming.
We would like to expand our GNN model to predict the
molecular geometry — specifically the bond length and bond
angle of heavy, electronegative molecules. The GNN will be
a good fit for this study as the spatial position of each atom
is maintained in the GNN as a connected graph. Looking at
the scatter plot for the % error in the GNN (Figure 3), it is
apparent that non-Gaussian noise is present, which can be
improved further by tuning the ML model.

Knowing the molecular energy is essential for the drug
discovery method and the traditional methods are time-
consuming and computationally intensive. As the prediction
error is small (RMSE=1.78 and MAPE=0.07) for the FNN
network (Model B), we anticipate this model can be used
to predict molecular energy for unknown molecules, which
will be important to researchers for drug discovery. Once
the model is created with training data, the prediction of an
unknown molecule can be done in a few seconds as it was
done in this experiment.

MATERIALS AND METHODS

The molecule structure and potential energy of each
molecule were downloaded from the Kaggle project, which
was originally obtained by scraping the PubChem Database
(5,7). Each file contains the properties of molecules, which
were made up of hydrogen, carbon, nitrogen, oxygen,
fluorine, silicon, phosphorous, sulfur, chlorine, bromine, and
iodine. The potential energy obtained from the database was
calculated using the Force Field method (1).

FNN:
There are three interconnected hidden layers and one
single node as the output layer that represents the molecular
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energy (Figure S1). The Input layer is fully connected to the
first hidden layer.

Model A: Coulomb matrix as the input

The Coulomb matrix describes the features of each
molecule. As every molecule has a different number of atoms
and the position of each atom is unique in every molecule,
each molecule should have a unique Coulomb matrix. The
Coulomb matrix for a given molecule is defined by

= (1 #])) Cy=27i% A=)

U= |r- Ryl
where Z,Z are the electronic charge, and |R, - R| is the
distance between two atoms | and J (6). The input layer has
an array of 1024 descriptors of the molecule. 900 of these
descriptors are from the Coulomb matrix (30x30).

Model B: Adjacency matrix and atom vector as the input

Model B uses the adjacency matrix and atom vector as
the input (Figure S2). Let us take C,H,N, as an example: The
molecular structure is represented as the adjacency matrix
in the GNN (1=> Nodes are connected; 0=> Nodes are not
connected). The suffix after the atomic symbol (C, N, H)
represents the specific atom in the molecule (Table 3). The
atom vector represents the atomic number of each atom and
the number of electrons in each atomic orbital (Table 4).

GNN: Predict molecular energy using adjacency matrix
and atom vector as the input

In GNN, each edge is represented by a Neural Network
Function (f) (Figure S3) (6). All nodes get messages from
their neighbors passing through the edge (NN function f). At
time t + 1, all nodes get messages from neighbors at time t.
The message at time t + 1 is given by a function F of node
messages at time t and the sum of all the messages received
from neighbors. This process was repeated for multiple time
instances and stopped after a fixed number of iterations. After
this, the results converged. Our network was iterated 10 times

Table 3: Adjacency matrix of C,H N,.

2
2
2
2
2

[ T R = N = |
[ T R = N = |
o oo o o o
o oo o o o
o oo o o o

—
—

[T = T = N = T 51
(=T = T = N = ]

o oo o o o
o oo o o o
o oo o o o
o oo o o o
o o o o 9o

Table 4: Atom vector of C,H/N,.

(t=0, 1,...,9), which is based on the maximum distance (in
terms of the number of atoms) between any two atoms. The
information stored at each node was used to determine the
target attribute (molecular energy).

Nodes represent atoms and edges represent bonds.
Each blue oval shape represents an atom, and the suffix
represents the position of the specific atom in the molecule as
represented in the adjacency matrix (e.g., C, H, N represents
carbon, hydrogen, and nitrogen atoms, respectively, and C2
represents the specific carbon atom which is connected to a
nitrogen atom and another carbon atom).

Each edge on the graph contains a function f, which was
generated by the ML model. Each node sent information
to the neighboring node through this function, which varies
from edge to edge. v-hat represents the transformation of
the information by function f. v at time t+1 represents the
information at each node, which is the function F of all the
information transformed from the neighboring nodes and that
node at time t.

Each node in the molecular structure was represented
as a recurrent node in the GNN. Each node was initialized
with the atom vector, which has the features of the atom it
represents (atomic number and electron configuration).

Machine Learning Training

The models were trained with 80% of the 85,000 molecules
(randomly selected) downloaded from the Kaggle Project, and
the network was evaluated with the remaining molecules to
determine the accuracy of the model using MAPE and RMSE
metrics (7). During the training phase, atom vector, adjacency
matrix, and molecular energy were used as the input. Once
the model was trained, the molecular energy was predicted
and the accuracy of different models was compared.
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APPENDIX
1024 Array of
tors
CEH10N20 3-cyanopentanamide -418.40 -418.53 0.87 0.21
CEHBO3 1-{3-hydroxyfuran-2-yl)ethanone -457.85 -457.64 021 0.04
CEHEN2O 2,3-diaminophenol -418.17 -41747 0.70 017
CEHE03 propane-1,1,3-tricar 459,08 457,86 1.21 0.26
CEHING M-prop-2-enylprop-2-enamide -363.92 -363.95 0.03 0.01
.

. % CEHINO2 1-nitrocyclohexene -438.20 -435.46 075 017
A o C7H1IN hept-6-enenitrile -328.03 32808 0.04 0.01
> g o) CTH1202 oy lic acid -475.14 -473.58 1.56 0.33
% é E CTH140 heptan-2-one -350.40 -330.73 0.33 0.0%
:':_,. |2 ‘g. CTH1402 ethyl 425,64 42545 018 0.04
E‘ E g CTHTNG benzamide -400.79 -431.11 30.31 7.56
CT7HBO2 2-methoxyphencl -421.98 -422.66 0.67 016
(EH120 1-gyclohex-3-en-1-ylethanone -387.22 -387.13 0.09 0.02
CaH14 1-butyloyclopenta-1,3-diene -351.38 -351.60 0.23 0.06
CH40 (113C)methanol -115.73 -81.85 33.88 20.28

Table S1: Predicted molecular energy and associated errors for

few sample molecules: FNN with Coulomb matrix - Model A.

Figure S1: Feedforward Neural Network (FNN). In this network,
there are three interconnected hidden layers and one single node
as the output layer that represents the molecular energy. The Input
layer is fully connected to the first hidden layer.

CEH10M20 3-cyanopentanamide 41840 -418.37 0.03 0.01

CEHEO3 1-[3-hydroxyfuran-2-yljethanone -457.85 -457.95 011 0.02

Atom CBHTF3 4 4 5-trifluorocyclohexene 53237 51822 14.15 266

vector Molecular CEHTND 2-aminophenol -362.72 -35047 2775 TES

Energy CEHENZO0 2,3-diaminophenal -418.08 -432.82 14.84 355

Adjacency CEHENZO0 2,3-diaminophenal -41817 -418.13 0.04 001
Matrix C6HE03 propane-1,1,3-tricar -459.08 -459.27 0.20 0.04

CEHIND N-prop-2-enylprop-2-enamide -363.92 -363.79 0.13 0.04

CEHIND2 1-nitrocyclohexene -438.20 -438.32 011 0.03

Figure S3: GNN representation of the molecule C,H,N,. Each CIH1IN hept-6-enenitrile -328.03 32743 061 0.18
node in the molecular structure is represented as a recurrent node CTH1202 | oy arboylic acid -475.14 -475.48 034 0.07
in the GNN. Each recurrent node is initialized with the features of the CTH140 heptan-2-one -35040 -35033 0.06 0.02
atom it represents (atom vector). CTH1402 | ethyl -425.64 -426.08 045 0.10
CTHTND benzamide -400.79 -429.59 29.20 T.29

CTHB02 2-methoxyphencl -421.98 -421.89 0.10 0.02

CEH120 1-gyclohex-3-en-1-ylethanone -387.22 -387.19 0.03 001

CaH14 1-butylcydopenta-1,3-diene -351.38 -351.30 0.08 0.02

CH40 (113C)methancl -115.73 -72.65 43.08 31.22

Figure S3: GNN representation of the molecule C,H,N,. Each
node in the molecular structure is represented as a recurrent node
in the GNN. Each recurrent node is initialized with the features of the

atom it represents (atom vector).

Table S2: Predicted molecular energy and associated errors for
a few sample molecules: FNN with atom vector — Model B.
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C2Hs ethane -79.83 -170.76 90.95 | 11350
CH40 trideuteriomethanal -115.73 -203.55 87.82 75.88
C3Hs0 propan-2-one -193.17 -252.73 59.56 30.83
C2HNO Formyl cyanide -206.74 -263.99 57.25 27.69
C2H202 ethyne-1,2-diol 22783 -282.30 5447 23.91
C3H40 cyclopropanone -191.87 -233.77 41.80 21.84
C3Hs0 propan-1-ol -194.36 -258.65 £4.29 33.08
C4H8 but-1-ene -157.22 -234.11 76.88 48.91
C4H40 but-2-ynal -229.99 -256.12 26.13 11.36
C3H402 2-oxopropanal -267.16 -308.50 4134 1547
C2HEN20 methyl-methylimino-oxidoazanium -264.59 -309.29 4470 16.89
C5H8 2-methylbuta-1,3-diene -195.27 -258.99 63.72 3263
C3H3NO prop-2-ynamide -246.07 -282.27 46.20 18.78
C2H3ND2 2-cyanoacetic acid -283.21 -330.85 4764 16.82
C3HTNO propanamide -243.90 -300.76 51.86 20.84
C4Hs0 cyclobutanone -231.18 -260.26 29.08 12.58
C3HBO2 1-hydroxypropan-2-one -268.37 -31443 46.06 17.16
C5HE 2-methylbut-1-en-3-yne -194.05 -232.41 3535 19.77
C4HSN 1H-pyrrole -210.08 -243.15 33.07 15.74
C5H10 pent-1-ene -196.54 -257.30 60.76 30.91
C4Hs0 butanal -23244 -287.53 55.09 23.70
C2HE02 ethane-1,2-diol -268.36 -31344 50.08 18.66
C2H3N3 1H-1,2,4-triazole -242.25 -304.85 62.60 25.84
C3H5NG2 2-nitroprop-1-ene -32243 -366.69 44.26 13.73
CeH14 hexane -237.10 -278.78 41.68 17.58

Table S3: Predicted molecular energy and associated errors for
a few sample molecules: GNN with atom vector.
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