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ABSTRACT

DEEPSIDE: PREDICTING DRUG SIDE EFFECTS
WITH DEEP LEARNING

Onur Can UNER
M.S. in Computer Engineering
Advisor: A. Erctiment Cicek
Co-Advisor: Oznur Tagtan Okan
September 2019

Drug failures due to unforeseen adverse effects at clinical trials pose health risks
for the participants and cause substantial financial losses. Side effect prediction
algorithms, on the other hand, have the potential to guide the drug design pro-
cess. LINCS L1000 dataset provides a vast resource of gene expression profiles
across different cell lines that are induced with different dosages taken at different
time points. The state-of-the-art approach in the literature relies on high-quality
experiments in LINCS L1000 and discard a large portion of the recorded experi-
ments. In this study, we investigate whether more information can be extracted
from this remaining set of experiments with a deep learning-based approach. We
experiment with 6 different deep learning architectures that use (i) gene expres-
sion data from the LINCS L1000 project, (ii) chemical structure fingerprints of
drugs, (iii) SMILES string representation of drug structure, and (iv) the atomic
structure of the drug molecules. The multilayer perceptron (MLP) based model
which uses chemical structures and gene expression features achieve 88% micro-
AUC and 79% macro-AUC, thus offering better performance in comparison to
the state-of-the-art studies on side effect prediction. We observe that the chemi-
cal structure is more predictive than the gene expression profiles despite the fact
that the features are extracted with different deep learning models. Finally, the
convolutional neural network-based model that uses only SMILES strings of the
drugs provides 82% macro-AUC, and 88%micro-AUC improvements, better per-
forming than the models that use gene expression and chemical structure features

simultaneously.

Keywords: Machine learning, deep learning, molecular biology, ADR, side effects,
drugs, CNN, MLP .
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OZET

DEEPSIDE: ILACLARIN TERS VE YAN ETKILERINI
TAHMIN ETMEK ICIN DERIN OGRENME

Onur Can UNER
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danigmani: A. Erctiment Cicek
Ikinci Tez Damsmant: Oznur Tagtan Okan
Eylil 2019

Klinik denemelerde ortaya ¢ikan ve ongoriillemeyen yan etkilerden kaynaklanan
ilag bagarisizliklari, katilimeilar igin ciddi saglk riskleri olugturur ve 6nemli fi-
nansal kayiplara neden olmaktadir. Ote yandan yan etki tahmin algoritmalarin
ila¢ tasarim siirecini yonlendirme potensiyeli vardir. LINCS L1000 veri kiimesi,
farkl hiicre hatlarinda farki zamana noklarinda bir ¢ok ilacin farkl dozda uygu-
landigi, genis bir gen ifade veri seti igermektedir. Literatiirdeki en giincel
yaklagim, sadece LINCS L1000’deki yiiksek kaliteli deneylere dayanmakta ve
farkli deneylerin biiyiik bir kismini model diginda birakmaktadir. Bu ¢aligmada,
derin ogrenme temelli bir yaklagimla geriye kalan kayitli deneylere ait verilerden
daha fazla bilginin elde edilip edilemeyecegini aragtirmaktayiz. (i) LINCS L1000
projesinden gen ifade verilerini, (ii) ilaglarin kimyasal yap1 parmak izlerini, (iii)
SMILES ila¢ yapisinin dizi gosterimini ve (iv) ilaglarin atom ¢oziiniirligiindeki
molekiiler yapilarini kullanan 6 farkli derin 6grenme mimarisi ile deneyler yap-
maktayiz. Ila¢ molekiller yapisi, kimyasal yapilar ve gen ifade ozelliklerini
kullanan ¢ok katmanl algilayici (MLP) tabanh model, %88lik mikro-AUC ve
%79’luk makro-AUC’ye ulagabilmekte ve bu sayede daha yiiksek yan etki tah-
mini imkan sunmaktadir. Her ne kadar farkli derin 6grenme modelleri ile giicli
gosterimler ¢ikarilmig olsa da, kimyasal yapinin gen ifade profillerinden daha iyi
bir tahmin giicii oldugunu da gozlemlemekteyiz. Son olarak, sadece ilaglarin
SMILES dizilerini kullanan evrigimli sinir ag1 tabanli model, hem gen ifadesi hem
de kimyasal yap1 ozelliklerini ayn1 anda kullanan modellerden daha iyi bir per-

formans sunmaktadir.

Anahtar sézciikler: Makine 6grenmesi, derin 6grenme, molekiiler biyoloji, ADR,
ilag, yan etki, CNN, MLP .
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Chapter 1

Introduction

Today, the estimated R&D cost for a new drug is ~$2.6 billion. Pharmaceutical
research is a high-risk domain as the probability of a drug passing clinical trials,
and entering into the market is only 11.8% [2]. The high failure rate (70%) in
early trial phases is perhaps justifiable. However, even the failure rate of Phase
I1T trials is typically 50% [3, 4, 5]. Failed drugs result in a substantial financial
loss for the companies. One example is Vintafolide, a platinum-resistant ovarian
cancer drug, whose failure due to the recommendation by an independent safety
board at Phase III, led to a 62% slump in the Endocyte’s share price [5].

The primary drivers of drug failures are safety and unforeseen adverse drug
reactions (ADR), which constitute 17%-30% of all failures at Phase III [6, 7]. This
is a major bottleneck in the drug discovery pipeline. More importantly, failures
due to ADRs jeopardizes the well being of the participants. For instance, in the
Phase III trials of Pembrolizumab, a trial drug targeting multiple myeloma, the
fatality rate was higher for the treated group of patients in comparison to the
control group [8]. This is not an isolated case, either. The number of patients
who participated in the clinical trials that failed at Phase III during the 2012 -
2015 period was 150k [5]. Thus, the risk is substantial.

Computational methods, on the other hand, can provide valuable guidance



in silico for predicting possible ADRs before going into the clinical trials. This
would spare the health risks and can warn researchers and companies before
focusing on a specific candidate. Several learning based methods have been pro-
posed for predicting the side effects of drugs based on various features such as:
chemical structures of drugs [9, 10, 11, 12, 13, 14, 15, 16, 17|, drug-protein inter-
actions [18, 19, 12, 13, 14, 15, 20, 17], protein-protein interactions (PPI) [12, 16],
activity in metabolic networks [21, 22], pathways, phenotype information and

gene annotations [12].

While these methods have proven useful for predicting ADRs, the features
they use are solely based on external knowledge about the drugs (i.e., drug-
protein interactions, etc.). Thus, their predictions are not cell or condition (i.e.,
dosage) specific. To address this issue, [23] utilized the data from LINCS L1000
project, which profiled gene expression changes in numerous human cell lines
after treating them with a large number of drugs and small-molecule compounds.
By using the gene expression profiles of the treated cells, [23] provided the first
comprehensive, unbiased, and cost-effective prediction of ADRs for compounds
whose gene expression profiles can be measured. The authors [23] formulated the
problem as a multi-label classification task. They [23] report that the extra trees-
based method performs the best among various classifiers they tried. Even though
the LINCS dataset contains a total of 473,647 experiments for 20,338 compounds,
the method only utilized the highest quality experiment for each drug to minimize
noise. However, this also means that most of the expression data were not used,

suggesting a room for improvement in the prediction performance.

In this thesis, we propose a deep learning framework which is called DeepSide
for ADR prediction which uses in vitro gene expression profiling experiments
along with the chemical structures of the drug compounds. Our models operate
on the full LINCS L1000 dataset and uses the SIDER dataset as the ground truth
for drug ADR pairs’ label [24]. We propose four different multi-layer perceptron
based neural network architectures: (i) a multi-layer perceptron (MLP), (ii) MLP
with residual connections (ResMLP), (iii) multi-modal neural network (MMNN),
and finally, (iv) multi-task neural network (MNN). In addition to these, we pro-
pose two convolutional neural network (CNN)-based architectures: (i) SMILES

2



convolutional neural network (SMILESConv) and (ii) Edge Convolutional Neural
Network (EdgeConv).

GEX dataset contains drug experiments based on conditions and these condi-
tions take the main role to define the drug’s side effects. Drug experiments that
are performed under different conditions, even for the same drug, may cause dif-
ferent side effects. This fact summarizes the difficulty of using the GEX dataset
for the side effect prediction. Extensive experiments with various parameters
of these architectures were performed to compare the impact of the CS, GEX
(including META data for some experiments) datasets to side effect predictions.
Our experiments show that the MLP model using chemical structure(CS) is a
robust predictor of side effects. MLP model, which uses CS features as input,
produces 10.5% macro-AUC and 12% micro-AUC improvement compared to the
state-of-the-art result. Using GEX features along with CS fingerprints provides
performance improvement by just using MMNN architecture which is the best
model among MLP-based architectures. MMNN model, which uses CS, GEX and
META features, achieves 0.79 macro-AUC and 0.877 micro-AUC while the MLP
model with CS features achieves 0.784 macro-AUC and 0.866 micro-AUC. These
results between MLP models show that using pertinent chemical structure fea-
tures (CS) along with the context-related features (gene expression) can increase

the performance of the classifier just by using the MMNN architecture.

The other way to represent the chemical structure of drugs is to use SMILES
strings format. We apply a character-level convolutional neural network to
SMILES string for the side effect prediction. This model is called SMILESConv
and achieves better performances in all metrics compared to all other architec-
tures including MMNN.

The other proposed model is EdgeConv. EdgeConv is a convolutional neural
network that uses the atomic relation dataset which is created by us. The atomic
relation dataset contains properties of atoms and bonds in the drugs. EdgeConv
is a novel method that is open to improvement, although performance results of

this method are behind the other architectures.



Chapter 2

Background Information

In this section, we provide a detailed account of the data collection processes and

deep neural network (DNN) approaches that are used in this study.

We start by noting that despite the subtle distinction between the terms side ef-
fects and adverse drug reactions these phrases are generally used interchangeably,
and we adopt this view as well. Side effects are generally defined as undesired yet
previously noted and mostly foreseen consequences of taking a prescribed medica-
tion. Adverse drug reactions (ADRs), on the other hand, include all the foreseen
and unforeseen side effects and just like the side effects they can be dependent

on dose and patient drug intolerance.

To compare our ADR prediction performance, we follow [23] and we adopt

their data collection and process pipelines.

2.1 Data Collection

We use multiple datasets on drugs. The LINCS L1000 dataset contains gene
expression (GE) profiles of different cell lines when treated with different small-

molecule compounds. It covers 20,413 small-molecule compounds. There are
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different experiments, wherein each of these small-molecule compounds are ad-
ministered with a different dose on different cell lines and gene expression levels

of 978 landmark genes are recorded.

The LINCS L1000 dataset incorporates two development phases: Phase 1 and
Phase two. Phase-1 refers to the drugs whose studies have been fully completed
whereas Phase-2 incorporates drugs which are at an experimental stage in de-
velopment. [23] uses the Phasel of the LINCS L1000 set. We also focus on
Phase 1 compounds. The authors of [23] report that their best result is obtained
with the feature set that is a combination of gene ontology (GO) transformed
gene expression profiles and chemical structures (CS). Their dataset that with
this feature set (GO+CS) contains 791 drugs and 1052 side effects. To be able
to compare our results with the state-of-the-art, we use these 791 drugs to build
our models. In total, there are 18,832 experiments for these 791 drugs in LINCS
1000 dataset. We use 3-fold cross-validation to evaluate our models as also done
in [23].

Side effect information is obtained from the SIDER Database [24]. SIDER
contains data for 1430 drugs (whether they cause 5868 side effects). We use 1052
side effects that are also used in [22] for a fair comparison, as explained above.
Note that [23] ends up with 1052 side effects by removing the side effects which

have less than 10 positive samples - side effects that occur for less than 10 drugs.

Chemical structure features (CS) are computed with OpenBabel Chemistry
Toolbox [25] to create a 166-bit MACCS chemical fingerprint matrix for each
drug (a binary vector of length 166).

A SMILES string is an efficient data format which represents the 2D molecular
graph of a drug/small molecule as a 1D string. In this simplified representation,
the lack of some chemical descriptors such as chemical bond angles means that
different drugs/small molecules can be represented with the same string. The
SMILES strings for used drugs are downloaded from PubChem. The SMILES
strings are used for two purposes in this study: (i) to create atomic relation tensor

to used as input for the EdgeConv method, and (ii) to create chemical fingerprints



of the drugs for 1D convolution used in SMILESConv method.

2.2 Side Effect Prediction in the Literature

The emergence of the unintended side effects of a new drug is a crucial factor
that affects its discovery and development processes. Side effects of a new drug
may occur at the end of these long processes and may still exist some hidden side
effects. These facts make drug side effect prediction with computational methods
important. There exist many computational approaches to predict side effects in
the literature. In this section, side effect prediction approaches that use machine

learning are reviewed.

DrugClust [26] is the one of the side effect prediction approaches. This method
is an R package. DrugClust has different benchmark datasets including chemical
and biological features. This method clusters drugs according to the similarity
of their features. Probability scores of each side effects are calculated by using
the Bayesian approach for each cluster. After drug-side effect probability scores
obtained, the enrichment analysis is performed to validate clusters and investigate

interactions between similar side effects and similar biological pathways.

The other side effect prediction approach that uses several machine learning
methods is [27]. This approach gathers the chemical and biological properties
of drugs to create drug representation features as an input of the classifiers.
Chemical substructures, target proteins and therapeutic indications of the drugs
are used to form drug representation features. In this approach, statistical-based,
distance-based and ensemble learning methods are employed. Side effect labels
are obtained from SIDER [24]. Since side effect labels are an imbalanced dataset,
they split side effects into 3 splits according to the number of associated drugs

and the different prediction method is used for each different split.

Drug similarity can give an intuition to predict side effects since similar drugs

tend to have the same side effects. Most of the existing side effect prediction



approaches including [26, 27| are based on this assumption. The inverse of
that assumption can be also meaningful for side effect prediction since dissimilar
drugs probably have different side effects. One of the other side effect prediction
approaches [28] is built based on that perspective. They use four different drug
properties that are chemical structures, drug substituents, target proteins, and
drug therapeutic information. They use machine learning methods to classify
drugs. Each side effect has its own binary classifier. There are different similarity
measurements for each type of feature. According to the obtained similarity score,
they extract highly-reliable negative samples for each side effect. Thanks to that
way they avoid class imbalance issues since they have highly-reliable negative
samples that have an equal number of the positive samples for each side effect

classifier.

Deep learning models are also employed to predict side effects in recent stud-
ies [29, 30]. [30] uses chemical structure as drug feature. ECFP [31] algorithm
is used to extract chemical fingerprints from the chemical structure. Their deep
network architecture contains 1D-convolutional layers and attention mechanism.
They [30] compare their neural fingerprints that are extracted from the deep net-
work with the chemical fingerprints that are calculated from different algorithms
to evaluate side effect prediction performance. They [30] also interpret the side
effect predictions of the network to map chemical substructures with the groups
of related ADRs.

The other deep learning approach [29] uses multilayer perceptron architecture
to predict side effects by using biological, chemical and semantic information
as combined features. This study enriches drug features by using clinical notes
and case reports of the drugs. Word2Vec [32] embedding method is employed to

extract semantic features from the biomedical literature text dataset.



2.3 Deep Neural Networks

2.3.1 Multilayer Perceptron

Multilayer perceptrons are feedforward networks that consist of several linear
layers of three categories: the input layer, the hidden layers, and the output
layers [33]. To extract non-linear features, activation functions are applied be-
tween linear layers. The output of each layer is used as input for the next layer.
Feedforward operation of the single layer with matrix notation is represented in
Equation 2.1. W, X and, b notations represent weight matrix, input matrix, and
bias term vector, respectively. o is an activation function for the Equation 2.1.

An example of a multilayer perceptron network is shown in Figure 2.1.

Multilayer perceptron (MLP) is the stack of several succisive linear layers [33].
By increasing the number of linear layers, the network learns more complex fea-
tures. MLP is also a feedforward network. In the forward propagation phase of
the training, the input features of the neural network pass from the input layer
through the hidden layers to the output layer. The output layer uses the interme-
diate features obtained from the hidden layers to make a prediction. The predic-
tions of the network are compared against the ground truth values in calculating
the loss value in accordance with a cost function. In the backward propagation
phase of the training, the weights of the neural network are updated according
to the previously calculated loss value. The network updates its weights with
a suitable gradient-based optimization algorithm such as the stochastic gradient
descent algorithm.

Z=0o(f(W'X)+0) (2.1)

2.3.2 Convolutional Neural Network

CNN is the most common method to analyze image-based contents. It consists of

convolutional layers which learn local features from the input by applying several



Input Layer Hidden Layers Output Layer

Figure 2.1: Multilayer perceptron with two hidden layers.

filters [34]. In recent works, CNNs are also applied to text-based inputs to extract

sequential information by using 1-dimensional convolutional operations [35].

For an image processing task, convolutional layer processes images through
two dimensions, which are height and width. Convolutional layers are respon-
sible for extracting pixel relations in a local spatial environment. Filters slide
over images to learn spatial information from relations between the previously
filtered patches. The receptive field of each neuron at the output layer of the
convolutional layer indicates a local patch of the previous layer which equals to
the kernel size of the convolutional operation. Increasing convolutional layers also
increases the complexity of the learned features since the receptive field expands
with the number of convolution operations. An illustrative example of the CNN

architecture to classify digit images is shown in Figure 2.2.

The convolutional layer has a kernel, stride, and padding parameters. The
kernel consists of weights to be learned. The kernel weights are learned by a
sliding filter over the input image. The sliding pixel amount of the kernel is a
stride parameter of the convolutional layer. Applying the convolution operation,
which has larger than one kernel size or 1 stride without padding reduces the
spatial dimensions of the image. In some cases, we want to keep the spatial
dimension of the image to avoid the information loss from the border pixels.
Because of this reason, a suitable padding parameter is used to add pads to the

border of the input.

1D and 2D convolutional layers have the same characteristics but only differs
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Figure 2.2: Simple CNN architecture to classify handwritten digits.

by the number of dimensions of their inputs. Just like as the 2D convolution
layer, a 1D convolution layer is applied to the input by sliding 1D kernel over the

input. How 1D convolution works is shown in the Figure 2.3.

Pooling layer is a common method for reducing the spatial dimension of in-
put. As the number of spatial dimensions gets smaller, the parameters of the
network also become fewer, and this helps to attain improvements in compu-
tational performance. Additionally, the pooling layer preserves the translation
invariance features, and it helps in avoiding overfitting. The most commonly
used pooling layers are max pooling and average pooling layers. For instance; to
down sample the input of the pooling layer by 2 times, a 2x2 kernel is applied to
the input. Max pooling layer gathers the maximum values of the kernel applied
patches from the input while average pooling gathers the average values for each
patch. A general description of the pooling layer, and max and average pooling
layers are shown in Figure 2.4. To show the difference between max pooling and
average pooling, we provide an example in Figure 2.4. The output features are
different, although both pooling methods use the same input. When we look at
the average pooling example, the average pooling layer returns 4 from each patch
since the average values of each patch are equal to 4. However, the max-pooling
layer returns different values which are obtained by taking a max operation for

each patch.
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Figure 2.3: A simple example demonstrating how 1D convolution works.

A
B) 1 2 3 4
max pooling ———
kernel: 2x2
A) s 8 e g stride: 2 e 2
1x28x28 X >
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Pool 2 e 2 ¢
v >
A
C) 1 2 3 4
Downsampling average Pooling ——
—bm 5 8 5 a4 kernel: ?xz 4 4
stride: 2
X >
7 4 1 4 4 4
2 3 5 6

Y

Figure 2.4: A) Shows the downsampling of the input image after applying the
pooling layer. B) Shows that how works the max-pooling layer. C) Shows that
how works the average-pooling layer. This figure is adopted from [1].
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2.3.3 Loss Functions

Since the side effect prediction problem is a multilabel classification task, we
use a binary cross-entropy loss function. In this section, the concept of binary

cross-entropy (BCE) and class weighted version of BCE are explained.

2.3.3.1 Cross Entropy Loss

Multi-label classification means that one sample can belong to many classes. This
should not be confused with multi-class classification, where one sample can only

belong to one class of the many classes.

The softmax activation function is used to get the posterior probabilities of the
classes. The sum of the probabilities of each class equals to 1. The mathematical
formulation of the softmax activation function is represented in the Equation 2.2.
s; is the 74, class logit value which is obtained from the output layer before the

softmax function. C' represents the set of output classes.

The network which carries out the multi-label classification uses a sigmoid ac-
tivation function which is applied to the output layer of the network. The sigmoid
activation function returns values bounded between 0 and 1 which represent the

probabilities for each. Sigmoid function formula is given in the Equation 2.3.

1) =g (2:2)
fs9) = T (23)
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Multi-class classification task can be resolved by using a categorical cross-
entropy loss function. Categorical cross-entropy or log loss function is shown in
the Equation 2.4. ¢; is the ground truth value of the iy, class and y; is the output

of the softmax function for that class.

c
CE = _Zti log (v;) (2.4)

For the binary class prediction case, cross-entropy function transforms to Equa-
tion 2.5. This loss function is defined as binary cross-entropy loss function. In
our case, there are many side effects all of which have binary labels. The sum-
mation of each loss value of the side effects produces the total loss value for the

network prediction task.

C=2
CE = — Zt log (s;) = —tylog (s1) — (1 — t1)log (1 — 1) (2.5)

The Equation 2.6 shows binary cross-entropy loss function, which is used in this
study as the loss function. N represents the number of side effects, ¢, represents
the label value of the class k£ and y; shows the prediction probability of the kth
class. Since our side effect dataset is imbalanced, we also apply class weights to
the binary cross-entropy loss function. wy represents class weights. Class weights

are adjusted as inversely proportion of the class sample count.

N
1
Weighted BCE = — > wp (tlog (i) + (1 — i) log (1 — yi)) (2.6)
k=1
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Chapter 3

Methods

3.1 Datasets

The LINCS L1000 project consists of gene expression (GEX) of 978 landmark
genes in different cell lines when perturbed by 20,413 small molecule compounds
under different conditions such as time and dosages. The LINCS project provides
two phases within the L1000 dataset. We confine our analyses to Phase I of
the L1000 dataset in order to compare our results with the [23]. Additionally,
there are 5 different data process levels in the L1000 dataset. We use Level
5, which contains signature experiments with the preprocessed data amongst
its replicates. The metadata is also provided for all experiments in the L1000
project. This metadata comprises the measurement time, cell line, and dosage

value information for the gene expressions.

The chemical structures of the drugs/small molecule compounds(CS) are ob-
tained from [23], which converts SMILES represented chemical structures into the
binary 166-bit Molecular ACCess System (MACCS) chemical fingerprint format
using the Open Babel cheminformatic toolbox [25].

ADR labels for the drugs/small molecule compounds are downloaded from the

14



SIDER [24]. The dataset contains 5868 side effects, 1430 drugs, and 139,756
drug-ADR relations. To make a meaningful comparison between our results and

those in [23], we use the same data content pre-processed in [23], which is a
version of SIDER labels.

ADRs are grouped into related groups by using ADR ontology database
(ADReCS) [36]. ADReCS is a comprehensive ADR ontology database that con-

tains 6,847 ADR terms in a four-level hierarchical tree.

SMILES is a data format which converts the chemical structure of molecules
into strings of ASCII characters [37]. Since the chemical structure encodes valu-
able characteristic properties of the molecules, it is plausible to use SMILES
Strings when investigating the side effects of the drugs. SMILES Strings of the
drugs annotated by SIDER are downloaded from PubChem [38]. RDKit Chem-
informatics toolbox is used to extract extended SMILES Strings of the drugs [39].
The extended SMILES Strings contain all the primary chemical bonds as well as
the hydrogen bonding information explicitly. Adding these data as extra charac-
ters into SMILES Strings gives longer text representations for the drugs. Zero-
padding is applied to bring all the sequences to the longest sequence size found
among the SMILES Strings. In this dataset, the alphabet contains 33 unique char-
acters, including the end of sequence character. We filter out SMILES Strings
that have less than 100 characters and more than 400 characters. After this filter-
ing 615 out of 791 are kept. For these drugs, side effects (target classes) are also
filtered due to the limitation of positive sample count. As a result, 651 drugs and
1042 side effects are included in SMILES Strings dataset. These side effects form
a subset of the 1052 side effects culled from the CS, GE datasets. In this study,
character vocabulary of the SMILES strings consists of the following characters:
T+ /,1,2,3,4,5,6,7,8 = C,F,H I[N, OP S |[\,]c Cl Br, n,
o0, s”. Characters that occur less than 2 among all SMILES strings are removed

7

from the character vocabulary and ”_” character is used instead of them.

SMILES Strings are also used to create the atomic bond dataset. Thanks
to SMILES Strings, we can extract existing atom and bonding types between

each atom. Similar bond properties for the drugs are used in the [40] study as
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an attention weights of their GCN [41] model. They [40] applied atomic bond
features to a different architecture than our proposed architecture. However,
they [40] have inspired us to select valuable properties of the atomic bonds. Edge
convolutional neural network is built so as to leverage the atomic bond dataset.
In this dataset, nodes correspond to atoms in the drug and the edges denote
the bonds between the pairs of atoms. The SMILES Strings of 615 drugs con-
tain 12 unique atom types. Accordingly, we have 12 different nodes in all drug
graphs. Edges between these atoms are represented as 60-dimensional feature
vector. [begin_atom_properties| and [end_atom_properties|] have 26 binary val-
ues. [bond_properties] has 8 binary values. Concatenation of these three vectors
(264-26+8) forms the feature vector (60-dimensional) for given atom pair. If
there is a bond between two atoms, then 60-dimensional vector is filled with /be-
gin_atom_properties/[end_atom_properties][bond_properties] values. If there is no
bond between two atoms, the atomic-bond (60D) features are populated with 0

values.

Atomic Properties

The atomic properties vector has a dimension of 26.

Atom number: 12-dimensional one-hot vector to describe the atomic number.
Neighbour Count: 6-dimensional one-hot vector to describe the number of
neighbours of an atom (excluding Hydrogen).

Hydrogen Count: 5-dimensional one-hot vector to describe the total number
of Hs (explicit and implicit) on the atom. (there exist 5 Hydrogens for each atom
in the SMILES String dataset maximum.)

Atomic Charge: Atomic charge as integer value.

Is Atom in Ring: Boolean value to describe whether a target atom is a ring
member.

Is Atom Aromatic: Boolean value to describe whether a target atom belongs

to an aromatic group.

Bond Properties

The bond properties vector has a dimension of 8.

Bond Type: 4-dimensional one-hot vector to describe the bond type. (Single,

16



Double, Triple, Aromatic)

Is Bond Aromatic: Boolean value to describe whether a bond belongs to an
aromatic group.

Hydrogen Count: Boolean value to describe whether a bond is considered to
be conjugated.

Is Atom in Ring: Boolean value to describe whether a bond is a ring member.

3.2 Architectures

3.2.1 Multi-Layer Perceptron - MLP

Multilayer perceptron (MLP) [33] is our baseline architecture. In this architec-
ture, we define several decision blocks which contain linear neural network layers,
batch normalization [42], and ReLU activation functions [43], in this order. The
number of decision blocks and the number of neurons that exist in the linear
layers depend on the features used. Different architectural configurations are cre-
ated for different feature types. MLP model returns the probability for each side
effect by using features that are extracted for each drug. Hence, MLP contains
neurons as much as the number of side effects at the output layer. The sigmoid
activation function is applied to the output layer of the network. An example
of the basic MLP architecture, which uses concatenated CS and GEX features is

represented in Figure 3.1.

3.2.2 Residual Multi-Layer Perceptron - ResMLP

Residual multilayer perceptron (ResMLP) possesses essentially the same archi-
tecture with the MLLP. The only difference is adding skip connections between the
hidden layers of the MLP. Although increasing the number of layers enables the

network to extract more complex features, it may also cause vanishing gradients.
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Figure 3.1: Multi-Layer Perceptron architecture developed for the concatenated
features of GEX and CS.

Therefore, skip connections are introduced between the hidden layers to overcome
this problem [44].

3.2.3 Multi-Modal Neural Network - MMNN

This approach defines two distinct MLP branches to feed two different data types.
In our experiments, we use one of them for gene expression dataset (GE - LINCS
L1000 Level 5) and the other one for the chemical structures dataset (CS). These
two separate networks are responsible for extracting features using their data
type. After the features extraction phase, feature fusion and classification phases
are followed in the pipeline. We use two different feature fusion methods: feature
concatenation and feature summation. Let B x N and B x M are two matrices
with the same row and different column size. Feature concatenation method
merges two B X N and B x M features into a B x (N + M) dimensional feature.
Feature summation method gets two features which have identical dimensions
(B x N) and makes elementwise summation over these features to obtain a fused
B x N feature. At the top of the network, there are classification layers which use
the fused feature to make side-effect prediction. Classification part of the network
is designed as a MLP. The architecture of the multi-modal neural network with

two branches is shown in Figure 3.2.
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Figure 3.2: Multi-Model Neural Network architecture has two branches to feed
network separately with GEX and CS features.

3.2.4 Multitask Neural Network - MNN

Drug side effects can be represented in a hierarchical structure. Our multitask
learning (MTL) approach splits drug side effects into the related groups by using
drug side effects ontology tree, which is obtained from ADReCS database [45].
This approach contains base and task-specific networks. Base and task-specific
network architectures are similar to the MLP architecture. The base network
is responsible for extracting features by using a combined set of GEX and CS
features. Hidden layers of the base network are shared between task-specific
networks. Since this approach extracts common features for all task-specific net-
works, overfitting risk is less pronounced [46]. Architecture details are shown in

Figure 3.3.
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Figure 3.3: Multitask Neural Network architecture that shares weights in common
layers and each of the side effect groups has its own classifier.

Each task-specific network is designed as a MLP. Each task is defined by using
drug’s parent group in the ADReCS ontology tree [45]. Thus, similar side effects
are grouped together in the same tasks. There are 24 parent groups that are
obtained from ADReCS[45] according to 1052 side effects. Similar side effects,
intuitively, needs almost similar features. Task-specific MLP networks use the
common feature which is extracted from the base network to predict side effects
between similar ones. Some of side effects can be grouped under different parent
groups like nausea. While stomach disorders can be the cause of nausea, nausea
can be also observed because of dizziness. For such cases, our model predicts
more than one probability for the same side effect from different tasks. Our final
predictions for the side effects are calculated by taking the maximum probability

for the same side effect, which can be observed from different tasks.

3.2.5 SMILES Convolutional Network - SMILESConv

Convolutional neural networks(CNN) work well for the computer vision problems
which can be solved by learning internal features from 2D images [34]. 2D Convo-

lutional kernels aim to extract relations between pixels by moving over neighbor
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pixels. 1D convolutional neural networks follow the same rule. Each character
is represented as 1D vector which can be one-hot vector or learned embedding
vector and 1D convolutional kernels are moved over these vectors. In this way,
kernels learn features from the string by seeking relations between consecutive

characters. SMILESConv architecture is shown in Figure 3.4.

Our network contains 200 1D-convolutional layers which have different kernel
sizes between 1 and 200 sequentially. Each convolutional layer has 32 output
channels. After each convolutional layer [34], batch normalization [42], ReLU
activation functions [43], and max-pooling are applied. The size of the pooling
operations is equal to that of the feature map that has been extracted after con-
volution, batch normalization, and ReLLU operations. Max pooling is used to
vectorize the feature maps. Each vector is concatenated to pass through linear
classification layers. Extracted feature vector has 6400 units which come from
32*%200. Before the classification layers, dropout is applied to the extracted fea-
ture vectors. Linear layers in the classification block contain 2000 units. Batch
normalization and ReLLU activation follow each linear layer. The sigmoid activa-

tion function is applied to the output layer, which contains 1042 units.

3.2.6 Edge Convolutional Neural Network - EdgeConv

SMILES Strings dataset contains 12 unique atoms. For a single drug and its
single atom-atom bond, the atomic relations are encoded in a vector which has a
dimension of 60. All the atom-atom relations in a single drug are represented with
a 60 x 12 x 12 3D tensor. When we take image as an input of the convolutional
neural networks, convolutional kernel extracts the relation between the center
pixel of the kernel and its neighbor pixels. In our case, instead of pixel positions,
we encoded drug features according to atoms in drugs since we need to aggregate
atom feature information of each atom in drug graph with its neighbor atoms

and atom-atom bond features.
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Figure 3.4: Architecture figure of the SMILES Convolutional Neural Network.
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Since drug molecules contain atoms and bonds between atoms, drugs can be
represented with a graph structure. Because of that fact, applying graph con-
volutional neural network (GCN) is a natural approach. We apply GCN [41]
onto the drug graph dataset, which is different from the atomic bond dataset.
The drug graph dataset contains atoms and bonds between atoms as nodes and
edges, respectively. However, the edges between the nodes do not contain any
information about bond properties. Edges are only used to describe neighbor

connectivity in a drug graph.

EdgeConv network aggregates atom features with all the neighbor atoms and
bonds between them by using a 2D-convolution operator. Since we rely on fea-
tures between atoms, we call this method as EdgeConv. There are 3 convolutional
layers which have kernel sizes of 5x5, 2-padding and a stride of 1 at the beginning
of the network. Batch normalization [42] and ReLU activation function [43] fol-
low each convolution layers. After convolutional blocks, an adaptive max pooling
is applied to vectorize the extracted features. The vectorized features are then
passed through linear layers. The number of input channels of the first convolu-
tional layer is equal to the channel size of the atomic bond dataset, which is 60.
Each of the convolutional layers contains 1024 filters. Linear layers at the end
of the network contain 4096 units. The output layer has a length of 1042, the

number of side effects. EdgeConv architecture is shown in Figure 3.5.

3.3 Implementation Details

Each neural network model is evaluated with a 3-fold cross validation. We elim-
inate ADRs which has less than 10 drug associations in training and validation
sets for each fold. 1052 ADRs are left after this preprocessing step. We use the
same 1052 ADRs for each different dataset type. The neural network models that
are trained with GEX dataset, are evaluated with two different validation sets.

One of these validation sets is GE profile replicates of 6k drugs/small molecule
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compounds in different conditions. The other one contains 263 samples which
carry the strongest signatures of GE profiles for the given drugs/small molecule

compounds.

MLP [33] models comprise blocks which contain linear layer, batch normal-
ization layer [42], ReLU activation [43], and dropout layers laid out in the said
order. The probability of an element to be zeroed for the dropout layers [47] is
set to 0.2. The number of hidden layers and the number of neurons that exist
in hidden layers affect the performance of the model directly. These numbers
are described in Table 4.1. GE, CS, GE+CS, and GE4+CS+META datasets are
applied to the MLP model. The best performance result for the MLP model is
obtained by using the CS dataset for the 263 validation samples with strongest

signatures.

MMNN and MTL models have the same linear blocks as in the MLP models
but deployed differently when building up the network architecture as explained

previously in sections 3.2.1 and 3.2.3.

We use binary cross entropy loss functions and an Adam optimizer for training
the neural networks. Initial learning rate for Adam optimizer differs depending
on the models and datasets. We decrease the initial learning rate by a factor of
0.1 at the steps 300 and 400.
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Chapter 4

Results

The predictive performance of our methods is tested with different performance
measurements. We compare our proposed models against the work of [23], which
predicts the same side effects from the same drugs of our working dataset. The
best method among our proposals is also trained with the weighted loss to miti-
gate the imbalanced dataset problem. All of the comparisons and the pertinent

results are detailed below in this section.

4.1 Performance Evaluation Metrics

3-fold cross-validation is performed to test our proposed models as in the base
model [23] for holding meaningful comparisons. Our generated fold splits are
different than the base model [23] since they did not provide their splits. Nev-
ertheless, each proposed model is trained with the same splits for comparative
fairness among our models. Side effect prediction task is multi-label classification
problem since more than one side effects can be positive for the same drug at
the same time. Micro-averaged Area Under Curve(AUC), micro-averaged mean

Average Precision(mAP) and Hamming Loss consider all predictions and labels
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globally, hence the reason that these metrics are used to calculate the perfor-
mance of the classifiers based on individual prediction for each of drugs and its
side effect label. On the other hand, macro-averaged Area Under Curve(AUC)
and macro-averaged mean Average Precision(mAP) are employed to calculate
side effect based performance. Since these metrics calculate each of the classes

performances independently we take the average of them.

As we discussed in the Dataset section 3.1, CNN-based models are trained
with the subset of the drugs which is used to train Multi-Layer Perceptron based
models since some of the drugs are pruned according to the dimension of the
SMILES String representation’s characters. Therefore Multi-Layer Perceptron
based models are compared with each other. The best model among the MLP
models is selected according to its performance. This model is trained from
scratch with the dataset which is used to train the CNN based models to hold a
fair comparison between the MLP and CNN based models.

Some of the side effects in this dataset are rare while some of them are com-
monly observed for many drugs. Presence of such an imbalance of labels is one
of the major challenges in this research. The data imbalance renders the learning
of more common side effects easier in comparison to the rare side effects by the
neural network since the more common side effects have more associated drugs
than the rare side effects. Class weighted loss function is used to train the neural
network to mitigate the imbalanced dataset problem. The class weighted loss
function is used to train only the best model among all of MLLP and CNN based
models to circumvent the imbalanced dataset problem and the performance re-
sults obtained from both the class weighted and the unweighted trainings are

presented.
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4.2 Performances of Multi-Layer Perceptron

Based Architectures

Multi-Layer Perceptron (MLP), Residual Multi-Layer Perceptron (ResMLP),
Multi-Modal Neural Network (MMNN) and Multitask Neural Network (MNN)
structures are built based on the Multi-Layer Perceptron architecture that con-
tains only linear layers. These models are trained with CS and GEX datasets.
These datasets contain 791 drugs and 1052 side effects. In the GEX dataset,
each of drugs has more than one experiment which is treated on different cells at
different times with different dosages. In table 4.1, results obtained from MLP
based models are represented. The GEX-18K training set consists of all exper-
iments of the 791 drugs. The GEX-791 training set contains only the strongest
experiments for each of the drugs which are defined for the meta-data provided
in LINCS L1000 dataset.

Using the CS fingerprints of the 791 drugs with basic MLP produces significant
predictive performance even though it is a basic network architecture. MLP model
which is trained with CS-791 dataset yields better performance than our base
results which are reported by [23]. To improve over this method, we incorporate
more complex features by adding GEX profiles along with their experimental
META information to the CS fingerprints. According to our results, multi-modal
learning approach with two branches, one of which is for the concatenated GEX
profiles and META information and the other branch is for the CS fingerprints,
produces best predictive performance for all the tested metrics except the micro

mean average precision (micro mAP).

28



4.3 Performances of Convolutional Neural Net-

work Based Architectures

As discussed previously, convolutional models are trained with the subset of the
791 drugs since there exist limitations on the character length of the SMILES
string representations. After the necessary pruning processes, 615 drugs and
1042 side effects are retained. The datasets’ statistics are represented in Figure
4.1. To compare MLP and Conv based architectures, models are trained from
scratch but this time by using the 615 drugs and trying to predict 1042 side effects.
Table 4.2 shows that using SMILESConv increases performance significantly in
all the tested metrics compared to the all other types of network architecture.
EdgeConv method produces the worst results. However, we keep in mind that
EdgeConv is a novel architecture which relies on basic features and has a simple
convolutional neural network architecture. Nevertheless, this improvable method
can achieve average success when compared to the other types of architectures.
Finally, the graph neural network-based models produce nearly random prediction
performance. Since the main disadvantage of this method is that it does not
account for the properties of the bonds between atoms, it is not possible to get

high predictive performance from GCN [41].

4.4 Performances of Class Weighted Training

Since a single drug can have more than a single side effect at the same time, binary
cross-entropy loss function is used to compute the cost for the wrong predictions.
However, the label set is imbalanced and this makes it more difficult to learn
the rarer side effects than the more common ones. To balance the importance
of the classes, we deploy a class-weighted binary cross entropy(WBCE) as the
loss function. SMILESConv is trained with class-weighted binary cross-entropy

loss function to investigate the effectiveness of the imbalanced labels on the final
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Figure 4.1: The number of samples in datasets according to method used.
performance. Slight performance increase is observed with class-weighted training

in all the metrics except for the hamming loss. Comparison of with/without class-

weighted training performances are represented as shown in Table 4.3
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4.5 The Most and The Least Predictable ADRs

According to our results of the experiments, the most predictive features are
obtained from the chemical structure of the drugs and the most predictive model
is SMILESConv. Because of these facts, we use predictions of SMILESConv
and MLP models to make a class-based comparison. In addition to that, we
visualize the effect of the using weighted binary cross-entropy(WBCE) for the
SMILESConv model. Figures 4.2, 4.3, and 4.4 show the changes in the AUC
scores according to the number of positive samples of the side-effects. Blue lines
in these figures represent the function of the regression model that fitted by
using positive number count and auc scores. These regression functions indicate
that the AUC score decreases as the number of positive samples increases. The
slope of regression which is calculated for the SMILESConv model trained with
weighted loss is bigger than the slope of the regression function of SMILESConv
trained with unweighted loss. This fact shows that when we train our classifier by
using class weights, then prediction performance is increasing for the rare classes.
Moreover, when we look at the mean AUC score in the Figure 4.2 and Figure 4.3,
although the patterns of the indicative points of the side-effects in these Figures

are similar, we see that the SMILESConv model raises side-effect prediction.

In Table 4.4 and Table 4.5, we present top-10 side effects that are predicted
easily and hardly by MLP, SMILESConv trained with BCE and SMILESConv
trained with Weighted-BCE models.
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Figure 4.2: Side effect AUC scores distribution based on the number of positive
samples. The model is the MLP model that uses CS features.
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Figure 4.3: Side effect AUC scores distribution based on the number of posi-
tive samples. The model is the SMILESConv model trained with binary-cross-

entropy(BCE).
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Figure 4.4: Side effect AUC scores distribution based on the number of positive
samples. The model is the SMILESConv model trained with weighted binary
cross entropy(WBCE).

36



4.6 Model Performance Comparison Based on

Proposed Drug-SE Relations

In this section we compare MLP, MMSum and SMILESConv models with respect
to their true positive and false positive predictions. These models are trained
and tested with the same dataset which contains 615 drugs. From 615 drugs and
1042 side effects, there exist only 62579 positive drug-SE relations in the dataset.
The number of positive drug-SE relation indicates how the dataset is imbalanced
since only 10% of the dataset have positive relations. 4.6 shows the number of
TP and FP predictions of the MLP, MMSum and SMILESConv models. When
we analyze results, it is obvious that the SMILESConv model can predict better
than the other architectures with respect to the number of TP and FP predictions.
Training with weighted binary cross-entropy is increasing TP performance while

it is decreasing FP performance.
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Side Effect # positive samples | MLP AUC | SMILESConv_bce AUC | SMILESConv_weighted_bce AUC
Skin test positive 21 1.00 1.00 1.00
Cushing’s syndrome 12 1.00 1.00 1.00
Myocardial rupture 19 1.00 1.00 1.00
Alkalosis hypokalaemic 21 1.00 1.00 1.00
Fat embolism 15 1.00 1.00 1.00
Muscle mass 21 1.00 1.00 1.00
Coombs direct test positive 10 1.00 1.00 1.00
Paraplegia 17 1.00 0.99 1.00
Lupus miliaris disseminatus faciei 23 0.99 1.00 1.00
Nitrogen balance 23 0.99 0.99 1.00

Table 4.4: The top 10-side effects predicted with the highest performance. Num-
ber of positive samples column indicates the number of drugs annotated with the
side effect.

Side Effect # positive samples | MLP AUC | SMILESConv_bce AUC | SMILESConv_weighted_bce AUC
Skin burning sensation 7 0.45 0.64 0.54
Panic attack 9 0.47 0.66 0.55
Tachypnoea 10 0.52 0.60 0.64
Sensory disturbance 8 0.52 0.57 0.50
Hepatitis fulminant 11 0.57 0.65 0.58
Ear disorder 28 0.57 0.60 0.57
Arrhythmia supraventricular 15 0.59 0.62 0.65
Respiratory disorder 87 0.61 0.65 0.64
Personality disorder 26 0.61 0.61 0.62
Congenital eye disorder 11 0.62 0.65 0.62

Table 4.5: Side effects with the lowest performance. Number of positive samples
column indicates the number of drugs annotated with the side effect.

Model # true positive samples | # false positive samples
MLP_BCE 24730 19400
MLP_WBCE 26951 20762
MMSum_BCE 25535 18235
MMSum WBCE 28535 21512
SMILESConv_BCE 27435 12652
SMILESConv_WBCE 32026 18237

Table 4.6: TP and FP prediction results of the MLP, MMSum and SMILESConv
models trained with BCE (binary cross-entropy) and WBCE (weighted binary
cross-entropy). Probability threshold: 0.5
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Chapter 5

Discussion

The pharmaceutical drug development process is a long and demanding pro-
cess. Unforeseen ADRs that arise at the drug development process can stop or
restart the whole development pipeline. Therefore, the a priori prediction of the
ADRs/side effects of the drug at the design phase is critical. At this point, our
proposed method SMILEConv can predict ADRs/side effects with high accuracy
by using the SMILES data structure which is a string representation of the drug

chemical structure.

ADRs can also be seen due to some patient related conditions such as drug
intolerance or the dosing. In this case, we use context-related (gene expression)
features along with the chemical structure to predict ADRs to account for condi-
tions such as dosing, time interval, and cell line. The context-related features are
obtained from the LINCS L1000 project which contains hundreds of thousands
treatment experiments for the thousands of the existing drugs/small molecules
in varying conditions. SIDER dataset is used as our side effect label set. Since
the SIDER contains approved side effects without depending on patient-related
conditions, we treat GE samples which are obtained from different treatment
experiments of the same drug as if they had the same side effects. While the
LINCS L1000 dataset is large-scale and contains many condition-dependent ex-

amples, our proposed model (MMNN) uses GE and CS features as combined
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features and achieves better accuracy performance compared to the models that
use the only chemical structure (CS) fingerprints. The reported accuracy is note-
worthy considering that we are only trying to estimate the condition-independent

side effects.

The other contribution of this study is that we propose a novel approach based
on a Edge Convolutional Neural Network for the side effect prediction by using
atom-atom relations including the bond type properties between the neighbor
atoms. Extracting the atom-atom relation matrix and applying a convolutional
neural network on this dataset is a new approach. EdgeConv is not the model
that produces the best result between other models. Nevertheless, this method

is open to further improvements in many ways.

There are many things that can be done as future work to attain better accu-
racy. The most important one of them is to enlarge the data set by digging the
other side effects datasets and adding the Phase-2 portion of the LINCS L1000
project. For the SMILESConv method, adding a trained embedding which is
trained for the SMILES string character prediction task at the beginning of the
network can also increase the performance of the SMILESConv method. As we
discussed before, the EdgeConv method is open to development in many direc-
tions such as creating a richer and denser atom-atom relation matrix and deploy-

ing a more complex convolutional network.
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