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Abstract

Atom- or bond-level chemical properties of interest in medicinal chemistry, such as drug
metabolism and electrophilic reactivity, are important to understand and predict across arbitrary
new molecules. Deep learning can be used to map molecular structures to their chemical
properties, but the data sets for these tasks are relatively small, which can limit accuracy and
generalizability. To overcome this limitation, it would be preferable to model these properties

on the basis of the underlying quantum chemical characteristics of small molecules. However,

it is difficult to learn higher level chemical properties from lower level quantum calculations.

To overcome this challenge, we pretrained deep learning models to compute quantum chemical
properties and then reused the intermediate representations constructed by the pretrained network.
Transfer learning, in this way, substantially outperformed models based on chemical graphs alone
or quantum chemical properties alone. This result was robust, observable in five prediction tasks:
identifying sites of epoxidation by metabolic enzymes and identifying sites of covalent reactivity
with cyanide, glutathione, DNA and protein. We see that this approach may substantially improve
the accuracy of deep learning models for specific chemical structures, such as aromatic systems.
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INTRODUCTION

Acrtificial intelligence, driven by a collection of techniques known as deep learning, has
made significant strides in solving important problems in a wide range of scientific and
technical fields.1 In the chemistry domain, deep learning has found applications in drug
metabolism, 2 toxicity,19-12 chemical reactions,13 material design,141° catalyst design,16
and drug design.1”18 In quantum chemistry, deep learning has been shown to calculate
quantum chemical properties in a fraction of a second and at a level of accuracy previously
seen only with time-consuming methods,1%-21 such as density functional theory (DFT)22 or
coupled cluster analysis,2% which sometimes take hours to compute the properties of a single
molecule.

Higher-level chemical properties are practically important but are much more difficult

to compute from first principles. Though molecule-level properties, such as toxicity and
bioactivity, are commonly studied, we are most interested in site-level (atom- and bond-
level) properties, which can give insight into which specific parts of a small molecule

are mechanistically important, which in turn can guide chemists in altering a molecule’s
properties. Atom- and bond-level properties include whether a site is metabolized by liver
enzymes, whether it covalently reacts with biological macromolecules, or if it causes
interference with high throughput screening assays. These sorts of properties emerge

from underlying quantum phenomena, and predicting these chemical properties across new
molecules is practically important. By training on data sets where the properties are known
from experiments, deep learning models can be built to predict these properties.®10 These
data sets, however, are relatively small, which can limit accuracy and generalizability of
models.

To overcome this limitation, it would be best to model high-level atom and bond properties,
where data is sparse, from lower-level and easily computable quantum chemical features.
Encouragingly, some relationships between QC and higher-level properties have been
reported in prior work. For example, in the case of spontaneous covalent reactivity,
electron deficient atoms of a molecule have a propensity to form bonds with electron rich
atoms of proteins.2 This spontaneous electrophilic reactivity can lead to severe adverse
drug reactions such as drug-induced liver failure.2> Likewise, carbon-hydrogen bonds
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with exceptionally high energy are easily broken by P450 enzymes, allowing oxygen
substitution.28 These oxidation reactions sometimes lead to the formation of reactive,
electrophilic species.2” As such, quantum measurements of properties such as bond energy
and electrophilic delocalizability often correlate with these behaviors.?10 These correlations
can be used to construct quantitative structure activity relationships (QSAR) to study how
chemical modifications may reduce or eliminate these phenomena.28 Unfortunately, in
practice, lower-level quantum chemistry and these chemical properties have not yet proven
effective in improving the accuracy over learning from chemical structures directly on
limited data sets.

In this paper, we investigate using transfer learning to make use of quantum chemistry
information to improve models of higher-level chemical properties, such as metabolism and
reactivity. We hypothesize that these properties can be better modeled using representations
derived from models first trained on quantum chemistry data sets. We hypothesize that
deep learning models trained to compute quantum chemical observables will learn an
intermediate representation that improves modeling of higher-level chemical properties.

Our approach is understandable as an example of “transfer learning”, where information
from one task is used to improve performance on another, related task. This approach has
been successfully used to model molecule-level properties in the past,29 and we expect

this approach might also work for individual atoms and bonds within a molecule. We also
find a close analogy to our specific approach in image recognition. Here, large networks
are commonly trained on large databases of images. The trained network’s intermediate
representation, sometimes called its “bottlenecks”, is used to model for more specialized
imaging tasks. Analogously, we will train a network to model lower-level quantum
properties using very large databases of computed results. Then we will use the bottlenecks
of this network to model higher-level chemical properties, where data sets are smaller and
the task is harder. One major advantage of this approach is that knowledge from one task,
where there is a great deal of data, can improve modeling of another related task, where data
are more difficult acquire.

Our approach to transfer learning closely matches how transfer learning is leveraged in
image analysis, by pretraining networks on large databases of images.3° The hidden layers
of the network are then reused on differing imaging tasks, which might have far less data. In
this way information learned in the first task is transferred to the second. In our approach, a
model is trained to map molecule structures to the output of a QM simulation, where very
large data sets can be computationally generated. The network’s trained hidden layers is then
reused to build a model of higher-order biochemical properties such as drug metabolism or
reactivity, where data sets are much smaller.

Our approach also parallels how quantum operators understood in quantum mechanics to
operate on a hidden wave function. Theoretically, the wave function represents the complete
information about the chemical properties of a molecule. Observables, such as total energy,
dipole moment, or polarizability, are mathematically related to the wave function by
“operators”.3! Operators, in this way, are a powerful theoretical connections between the
hidden quantum representation of a molecule and its properties. However, operators for
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predicting higher-level chemical behaviors are not easy to derive. In the case of this study,
the network learns a shared hidden representation of the molecule analogous to a wave
function, and it also learns operators to reduce this representation into observable properties.

We hypothesize, nonetheless, that site-level chemical properties can be better modeled by

a network that transfers information, encoded in an atom- and bond-level latent space,

from quantum mechanics data. We test our hypothesis in two ways. First, we show that
deep learning representations trained on a subset of quantum chemical properties can be
used to predict other quantum chemical properties not observed during training. Second,
we show how deep learning representations trained on quantum chemical properties can be
used to predict higher-level chemical properties including epoxidation by enzyme-mediated
metabolism and covalent reactivity with important biochemical substrates including cyanide,
deoxyribonucleic acid (DNA), glutathione (GSH), and protein. These transfer models
outperform comparison models using calculated quantum chemical properties as input.
These experiments suggest that the quantum chemical representation derived by deep
learning is generalizable between lower-level and higher-level chemical properties using
straightforward, data-driven methods.

DATA AND METHODS

Epoxidation Data Set.

We collected epoxidation data from previously published work by Hughes et al.® Briefly,
this data set consisted of 523 molecules with labels for each bond indicating whether an
epoxide was observed to form as a result of oxidation by drug metabolizing enzymes

in in vitro or in vivo experimental data compiled in the Accelrys Metabolite Database
(AMD). To construct cross-validation holdout sets, molecules were grouped by metabolic
networks (common metabolic descendants of the same parent molecules) and molecules
were included in the same cross-validation fold if they shared a metabolic network, as
described by Hughes et al. This process resulted in 384 cross-validation folds.

Reactivity Data Set.

We collected reactivity data from previously published work by Hughes et al.32 Briefly, this
data set contained a total of 1364 molecules with labels for each atom indicating whether

it was observed to form covalent bonds with cyanide, DNA, GSH, or protein. These labels
were derived /n vitroand in vivo experimental data compiled in the Accelrys Metabolite
Database (AMD). To cross-validate their results, we used the same 10-fold cross validation
scheme from Hughes et al., wherein molecules were grouped by pairwise similarities so that
similar molecules were included in the same cross-validation fold. Models trained on this
data set used a multitarget structure, and sites with missing labels for either cyanide, DNA,
GSH, or protein were masked during training. We excluded molecules containing atomic
numbers greater than 18, due to limitations of the 6—-31G basis set used to compute QC
properties for our transfer learning training data (see below). This resulted in the exclusion
of several molecules containing the larger halogens bromine and iodine.
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Computing Quantum Chemical Representations with Deep Learning.

We trained a graph-based deep learning model of quantum chemical properties using
training data extracted from PubChemQC.33,2 The PubChemQC project aims to perform
DFT calculations on all of PubChem. Their calculations were carried out at the B3LYP
level using the 6-31G* basis set. For our training set, we selected 500 000 diverse
molecules covering a range of atom types and molecule sizes. We constructed and trained
a message passing neural network (MPNN)34 to predict these calculated quantum chemical
properties. The MPNN took as input simple descriptors of the atom type (one-hot encoding
of atomic number) and formal charge (integer from -2 to +2). The MPNN used five steps
of message passing, an atom, bond, and global state vector size of 64 for transfer learning
on epoxidation and reactivity tasks and 128 for transfer learning on quantum chemical
properties. The state update function was a fully connected layer with exponential linear
unit (eLU) activation. The atom states output from this network were further processed by
additional networks, which were trained to predict up to three molecule-level properties
(total energy, highest occupied molecular orbital energy or HOMO, and excitation gap
energy), four atom-level properties (Mulliken charge and population, total and bonded
valence), and two bond-level properties (Mayer order and bond length). The molecule-
level properties were predicted by first applying a set2set encoder to the atom states, as
described in previous work.3*35 The resulting molecule-level state was then passed to

a fully connected layer with linear output to predict the molecule-level properties. The
atom-level properties were predicted directly from atom states by a neural network with
one hidden layer of 32 units and exponential linear activation (eLU) and linear output.

The bond-level properties were predicted from atom states by first producing a bond-level
encoding according the formula B= f{A1,Ay) + A,,A1), where fis a single hidden layer
neural network with 32 units and eLU activation. This bond representation was then used to
predict bond-level properties using a fully connected layer with linear output.

The model was constructed and trained using Tensorflow,38 DeepMind GraphNets,3” and the
tflon deep learning toolkit.? Models were trained by minibatch stochastic gradient descent
on the mean square error using the Adam optimizer38 for 250 000 iterations with a learning
rate of 1073, a continuous learning rate decay of 0.99, and a minibatch size of 64 molecules.

After training on the PubChemQC data set, each model was used to compute graph-based
encodings for each atom in the epoxidation and reactivity data sets. These graph-based
encodings included just the final atom state of the MPNN, prior to the quantum property
decoder networks. In addition, the MPNN trained on the complete set of 15 properties was
used to compute quantum chemical properties for each atom, bond and molecule in the
epoxidation and reactivity data sets.

Models for Transfer Learning from Quantum Chemistry (TLQC).

We constructed two simple neural network architectures to perform transfer learning from
quantum chemistry (TLQC) for both the epoxidation and reactivity data sets.

apreprocessed version available at https:/bitbucket.org/mkmatlock/coordinate_free_quantum_chemistry.
bAvailable at https://bitbucket.org/mkmatlock/tflon/.
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After computing graph-based encodings of quantum state for each atom, we trained a neural
network to predict bond-level epoxidation labels for each bond in the epoxidation data set.
This neural network contained three layers. First, a weave layer3%40 computed a bond-level
intermediate encoding from atom-level encodings derived from the deep learning quantum
chemistry model. Given atom-level encoding vectors A; and Ay, a bond-level encoding B
was computed by B = f{A1,A,) + A, A1), where fis a single hidden layer neural network
with 16 units and tanh activation. The bond encoding was then passed to an additional
hidden layer of 8 units with tanh activation and finally to an output layer with one unit and
sigmoid activation. The neural network was trained via gradient descent with the OpenOpt
L-BFGS optimizer.4! This architecture and training strategy is similar to the architecture
used to predict epoxidation in the original publication analyzing this data set.®

We also trained a neural network to predict atom-level reactivity labels for each atom in the
reactivity data set. This neural network had three layers. Atom encodings derived from the
deep learning quantum chemistry model were passed to a neural network with two hidden
layers of 32 and 16 units and tanh activation and finally to an output layer with 4 units

and sigmoid activation. Each of the four outputs correspond to predictions of reactivity with
cyanide, DNA, GSH, and protein. This neural network was trained via gradient descent with
the OpenOpt L-BFGS optimizer. This architecture and training strategy is similar to the
architecture used to predict reactivity in the original publication analyzing this data set.10

Topological and Quantum Chemistry Models.

We compared models with two different inputs, graph-based topological descriptors (Top)
or quantum chemical descriptors (QC). These models were used to predict both bond-level
epoxidation and atom-level reactivity sites. The architectures used for these models were
similar to those used for the TLQC approach, with appropriate changes to the input
representation.

For the Top model, the atom-level input descriptors were the same as those used to train

the quantum chemical representations, a vector encoding atom type and formal charge.
Topological representations of local atom neighborhoods were constructed automatically

by the neighborhood network component of the model. This architecture generalizes

and optimizes the graph-based descriptors that we used in the past to build the highest
performing models in site-of-metabolism and site-of-reactivity modeling.®-1° This approach,
however, is distinct from algebraic topological descriptors, which are used widely in
chemical informatics to summarize whole molecules.*2-46 As effective as are these
descriptors, they have not been widely used to model individual atoms or bonds within

a small molecule context.

For the QC model, the input atom-level quantum properties were processed similarly to the
Top models. For the epoxidation task, bond-level and molecule-level quantum properties
were concatenated with the bond-level representation constructed from atom-level properties
by the weave network. For the reactivity task, bond-level properties were summed over
bonds incident to each atom and concatenated to the atom-level representation along with
molecule-level properties. These neural networks were trained via gradient descent with the
OpenOpt L-BFGS optimizer.
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Unlike our prior work, which included detailed comparisons with every published model,%:10
the goal of this study is not to produce the most performant models. Rather, our goal

is to understand, with well-controlled experiments, how deep learning can make use of

QC information from very simple descriptors. Though we found that the performance was
similar to that of the most performant models, performance was not directly comparable
because we did not use exactly the same data because we excluded molecules with element-
types where QC parameters were not available.

Representation Optimization.

Input representations for Top and QC models were constructed by neighborhood
convolution, a standard approach in machine learning for chemical informatics.*® For
topological descriptors, individual atoms are initially described by a vector consisting

of the atom type (one-hot encoding) as well as formal charge with total vector size s.
Neighborhood convolution appends to each atom vector the sum of these initial vectors over
successively larger neighborhoods around an atom, where a neighborhood is defined as all
other atoms at a given distance, specified in the number of bonds, from the target atom. This
process results in atom descriptions consisting of the total number of atoms of a given type
at a given depth for all depths up to a specified depth D, with total vector size sD. For Top
and QC models we experimented with D=2, 3, 4, 5 and chose the models with the best
average accuracy on all the tasks.

Model Evaluation.

We chose the top-2 metric as our primary accuracy metric. Top-2 measures the proportion

of molecules for which an observed site of metabolism or reactivity is ranked in the top

2 among all sites in the molecule. This metric is commonly used in machine learning
applied to metabolism and chemical reactions.8-10.324748 Top-2 is particularly relevant to
medicinal chemists, as it measures a model’s ability to identify the most metabolically

labile or chemically reactive sites within a given molecule and evaluate metabolism enzyme
regioselectivity. To measure each model’s ability to perform intermolecular comparisons, we
also evaluated and reported area under the receiver operator curve (AUC) statistics in the
Supporting Information.

Statistical Methods.

Comparison statistical tests for top-2 scores, AUCs and Z-scores were performed using the
paired McNemar test, %9 paired Z-test,%9 and Welch’s ttest,5! respectively.

RESULTS AND DISCUSSION

In the following sections, we discuss the design and implementation of the TLQC approach.
First, we demonstrate that it achieves good accuracy in predicting QC properties. Second,
we demonstrate that TLQC computes unobserved QC properties with minimal increase in
error and substantially better than an alternative approach not utilizing transfer learning.
Third, we demonstrate that TLQC can be used to predict higher-level chemical behaviors
including epoxidation of small molecules and covalent reactivity between small molecules
and nucleophilic trapping agents (cyanide and GSH) or biological macromolecules (DNA
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and protein). These tasks are both important in medicinal chemistry. Further, we demonstrate
that TLQC is stable under variations of the QC properties used during training and that

these variations are all generalizable across tasks. Finally, we examine a case where TLQC
provides benefits relative to a standard approach to deep learning in chemistry.

Transfer Learning Computes Unobserved Quantum Chemical Properties.

Representations of quantum chemistry trained on one set of computed QC properties can
generalize to compute other QC properties (Figure 1A). We trained a message passing neural
network deep learning model (Data and Methods) to predict the following four groups

of quantum chemical properties: (1) total energy, (2) highest occupied molecular orbital
energy (HOMO) and gap energy, (3) Mulliken population, charge, bonded valence and total
valence, (4) Mayer bond order and bond length. We then trained four additional networks,
leaving out one group of properties in each case. We computed graph-based molecular
representations from the final message passing layer of these four networks and then trained
new decoders for each of the left out property groups. Evaluating these transfer models on
each of the property groups demonstrates only a small increase in error compared to the
model trained on all the properties simultaneously. The increase in error is 1% or less for all
the tested properties except Mulliken charges. Furthermore, these transfer learning networks
perform significantly better on seven of the nine properties when compared to a network

in which topological descriptors of the molecule are used as input to the decoder network
instead of a representation learned from quantum chemistry. These results demonstrate

that the intermediate representations learned by deep learning on QC properties contain
information required to compute other, unobserved QC properties.

Transfer Learning Predicts Sites of Epoxidation and Reactivity.

We used two previously published data sets to test whether TLQC could predict metabolism
and chemical reactivity of small molecules. When bioactivated by metabolism, small
molecules can form chemically reactive species that covalently bind with biological
macromolecules such as proteins and DNA. These complexes can cause clinically evident
toxicity through cellular dysfunction or immune-mediated hypersensitivity.2> The first data
set comprised 523 small molecules with labels at each bond where an epoxide was observed
to form by oxidative metabolism® (Data and Methods). Epoxides are an important class

of chemically reactive metabolites. The second data set comprised 1364 molecules with
labels at each atom indicating whether that atom was observed to form a covalent bond
with cyanide, GSH, DNA, or protein.10 We trained neural network architectures to predict
these five chemical behaviors, with different architectures for the epoxidation models and
reactivity models to account for the difference in output prediction (atom-level vs bond-
level; see Data and Methods).

For each neural network, we varied the molecular representations used as input between
three alternatives: topological descriptors (Top), QC descriptors, and transfer learning

from quantum chemistry (Data and Methods). Topology-based descriptors are known to
perform well on these and other chemical prediction tasks®-1047:48 and typically outperform
representations based on a limited set of QC descriptors. Topological representations are

an important experimental comparison, as bridging the performance gap between topology-
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based deep learning approaches and approaches based on quantum chemical calculation is
an open problem. To select optimal representations, we varied the size of the neighborhood
used to construct the atom representation vectors (Data and Methods). We present results
from the QC and topological models with the best average performance across all five tasks
(Supplementary Table S2, Supplementary Table S3). No optimization of neighborhood depth
was performed for the TLQC models. To minimize the number of parameters of TLQC
models, we decreased the state size of the quantum representation to 64. This size was
chosen by evaluating the accuracy drop with decreasing state sizes (128, 96, 64, 48, 32), for
which we observed a large increase in error with state sizes below 64 (Supplementary Table
S4). The final models produce well-scaled probabilistic predictions on each of the five tasks
(Supplementary Figure S2).

Representations of quantum chemistry derived from deep learning can be used to

predict higher-level chemical behaviors (Figure 1B). On the epoxidation task, TLQC
outperforms models trained with QC representations (85.4% vs 78.9% top-2 accuracy, p

= 0.002 McNemar test) in leave-one-out cross-validated experiments and also outperforms
topological representations (85.4% vs 81.1% top-2 accuracy, p = 0.036 McNemar test).
Furthermore, TLQC outperforms topological representations on three of the four reactivity
tasks: cyanide (top-2 accuracy 80.4% vs 62.7%, p= 0.035 McNemar test), GSH (top-2
accuracy 69.5% vs 65.5%, p=0.018 McNemar test), and protein (top-2 accuracy 83.2% vs
79.6%, p=0.541 McNemar test). Importantly, TLQC also improves on the overall accuracy
of the topological approach on the task of protein reactivity (AUC 92.9% vs 90.2%, p=
0.038, AUC Z-test, Supplementary Figure S1). Accurate predictions of protein reactivity are
key to predicting /n vivotoxicity, and there is a relative paucity of data to construct deep
learning models for this task (Figure 1). Additionally, TLQC outperforms the QC model

at all the reactivity tasks by a substantially wider margin. Together, these data suggest that
TLQC can achieve similar or better performance compared to topological representations
when predicting higher-level chemical behaviors.

Transfer Learning from Quantum Chemistry Is Stable and Generalizable.

TLQC representations produce stable performance in predicting epoxidation and reactivity
under varying choices of QC properties used for representation training (Figure 2). We
varied the number of QC properties used to train quantum representations across all

15 combinations of the four categories of QC properties. The quantum representations
computed in each of these domains perform comparably, with no relationship between
number of included QC properties and top-2 accuracy for four of the five prediction tasks.
These data suggest that quantum representations learned from even one QC property are
robust enough to decode higher-level chemical behaviors. Some tasks may benefit from
increasingly accurate quantum representations afforded by training on more than one QC

property.

TLQC representations built from various sets of QC properties do not show clear
performance benefits in all tasks (Figure 3). Using the quantum representations constructed
in the previous experiment, we plotted the pairwise top-2 accuracy on each of the five
prediction tasks. Accuracy on one task does not predict accuracy on the others, as evidenced
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by the absent or weak correlations between pairs of tasks. These data suggest that quantum
representations may be generalizable across tasks regardless of the set of QC properties used
to construct these representations.

Transfer Learning from Quantum Chemistry on Specific Chemical Moieties.

Transfer learning may also yield improvements in our ability to model important chemical
moieties with deep learning (Figure 4). For example, aromatic systems can sometimes be
identified topologically by graph-based algorithms.4? However, these systems arise due

to delocalization of electrons within molecular orbitals, a process explictly modeled by
quantum chemistry. Properties of aromatic systems vary and two aromatic systems labeled
by graph-based algorithms may exhibit substantially different electronic structures.>? Sites
of epoxidation occurring on bonds within topologically identified aromatic systems are
better identified by TLQC compared to a topology representation (top-2 score 83.9% vs
78.7%, p=0.080 McNemar test, Figure 4B). Furthermore, TLQC models assign higher
scores to the correct aromatic bonds relative to scores assigned to nonepoxidized bonds
(mean Z-score 4.36 vs 3.95, p=0.169 ttest, Figure 4C). Example molecules 1-3 show three
compounds for which TLQC provides higher confidence predictions of sites of aromatic
epoxidation compared to topological models. These predictions are similarly supported by
the QC model, suggesting that transfer of knowledge from the QC domain plays a role in
improving the model’s understanding of these structures.

LIMITATIONS

Important limitations on TLQC arise from the choice of the training data when constructing
quantum chemical representations. For example, the choice of basis set affects the
capabilities of the model. In our work, the 6-31G* basis set was used to compute

quantum chemical properties. This basis set only covers atoms up to atomic number 18.

In drug design, larger halogens such as bromine and iodine can increase the strength

of halogen bonding interactions between proteins and drug ligands.>3 Metalloporphyrins
(metal coordinating complexes containing porphyrin and either cobalt, copper, and iron)
play important enzymatic roles in material design®* and in a variety of biological processes
including photosynthesis, xenobiotic metabolism, and oxygen transport.5%:56

Another important limitation of TLQC is the volume of data required to train new decoders
for other chemical properties or higher-level chemical behaviors. Deep learning methods
are notoriously data hungry. The transfer learning approach can significantly decrease the
data required to train new models by transferring information between related problems,>’
provided the problems are closely related. However, data on hundreds or even thousands of
molecules may still be necessary to derive decoders of sufficient accuracy to be useful.

CONCLUSIONS

In this paper, we trained deep learning models to compute site-level quantum chemical
properties. Using transfer learning, we reused intermediate representations constructed by
deep learning to (1) compute other initially unobserved quantum chemical properties and (2)
predict site-level chemical behaviors with high accuracy. In particular, transfer learning from
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quantum chemistry substantially outperformed models that were derived using the computed
QC properties alone in five prediction tasks: identifying sites of epoxidation by metabolic
enzymes and identifying sites of covalent reactivity with cyanide, GSH, DNA, and protein.
We further investigated the relative strengths of these approaches in predicting epoxidation
of aromatic chemical moieties.

This work shows that both lower-level quantum chemical properties and higher-level
chemical behaviors, such as metabolism and reactivity, can be computed from deep learning
models that only use a very simple input representation. Deep learning models trained

to compute quantum mechanical observations learn an intermediate, graph-based latent
representation that captures information about the quantum state of a molecular system.
Transfer learning allows us to reuse this representation by providing it as input to a second
neural network trained to compute other properties. This approach is analogous to the use of
wave functions and operators in quantum mechanic.

Constructing quantum representations and operators in a data driven manner allows us to
bridge the gap between the theory of quantum mechanics and the chemical behaviors of
interest to medicinal chemists. This is a general approach, which might extend to compute
chemical synthesis reactions and other chemical properties.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

Transfer learning from quantum chemistry can calculate quantum chemical properties and
predict higher-level chemical behaviors. (A) Transfer learning using graph representations
learned from quantum chemistry (TLQC) can be used to calculate values of unobserved
QC properties by training new decoders. TLQC performs better than decoders trained

on topology-based graph representations for most QC properties. (B) TLQC predicts

the formation of epoxides by P450-mediated metabolism as well as reactivity of small
molecules with four important substrates: cyanide, glutathione (GSH), DNA, and protein.
This approach improves accuracy on four of the five tasks compared to models using just
topological descriptors (TOP) or using quantum chemical descriptors (QC). *p-value <0.05,

**p-value <0.001.
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Figure2.

The accuracy of TLQC is stable with respect to the choice of quantum chemical descriptors
used during pretraining. Each data point represents transfer learning from one of 20 subsets
of the 15 calculated quantum chemical descriptors. For four of the five targets, most TLQC
models performed better than TOP (dashed line). The accuracy on most targets is not
correlated with the number of quantum chemical descriptors used for transfer learning,
suggesting a robust quantum chemical representation can be built even from one molecule-
level quantum chemical descriptor.
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Figure 3.
Quantum chemical representations used in transfer learning are generalizable. Correlation

between accuracies on all pairs of the five. Each data point represents transfer learning from
one of 20 subsets of the 15 calculated quantum chemical descriptors. No pair of tasks is
correlated, suggesting that each quantum transfer model is generalizable across different
tasks, and no choice of QC properties improves performance on all tasks equally.
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Figure 4.
Quantum transfer learning improves identification of epoxidation sites within aromatic

systems. (A) Predicted and actual sites of epoxidation for example molecules 1-3 are shown
for the Top, QC, and TLQC models. (B) Top-2 accuracy for aromatic sites. (C) Mean
Z-score for sites of epoxidation within aromatic systems relative to the distribution of scores
assigned to nonsites.
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