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Synergy Between Embedding and Protein
Functional Association Networks for Drug Label
Prediction using Harmonic Function

Mohan Timilsina, Declan Patrick Mc Kernan, Haixuan Yang, and Mathieu d’Aquin

Abstract—Semi-Supervised Learning (SSL) is an approach to machine learning that makes use of unlabeled data for training with a
small amount of labeled data. In the context of molecular biology and pharmacology, one can take advantage of unlabeled data. For
instance, to identify drugs and targets where a few genes are known to be associated with a specific target for drugs and considered as
labeled data. Labeling the genes requires laboratory verification and validation. This process is usually very time consuming and
expensive. Thus, it is useful to estimate the functional role of drugs from unlabeled data using computational methods. To develop such
a model, we used openly available data resources to create (i) drugs and genes, (i) genes and disease, bipartite graphs. We
constructed the genetic embedding graph from the two bipartite graphs using Tensor Factorization methods. We integrated the genetic
embedding graph with the publicly available protein functional association network. Our results show the usefulness of the integration

by effectively predicting drug labels.

Index Terms—Label Propagation, Networks, Prediction, Embeddings, Harmonic

1 INTRODUCTION

The genome-wide identification of all target proteins of
drug candidate compounds is a demanding issue in drug
discovery. Researchers in pharmaceutical science assessed
a tremendous amount of protein groups and developed
methods for analyzing essential targets. Understanding the
molecular biology of the protein is crucial for designing
specific and selective inhibitors or ligands to adjust protein
activity. The early recognition of protein activity, and active
site information through the identification of selective drug
targets can be cost-effective measures in the drug discovery
process.

Currently, recognizing drug-target interactions has dra-
matically escalated in drug development. The publicly avail-
able drug databases, such as DrugBank and KEGG, contain
experimentally verified information about drug-target inter-
actions [1]. This known information to identify the drugs
and the targets using in silico method, which reduces the
time and cost of drug development. In recent years network-
based analysis has brought considerable attention in drug
repositioning to decrease the cost of new drug development
[2]. The network-based methods are well explored to un-
derstand the network of drugs, disease, genes, and drug
side-effects [3].
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The functional classification or node classification on
networks, also known as a collective classification, has been
one of the most active and influential research fields in Ar-
tificial Intelligence (AI) [4], [5]. It is due to semi-supervised
learning require less human interference and gives higher
certainty. There are different variants of graph-based label
propagation algorithms proposed that can be applied for
node classification problems [4], [5], [6], [7], [8], [9].

Similarly, in recent years, along with the topology-
based methods, network embedding methods [10], [11] has
drawn significant attention in node feature learning from
the graphs. These methods are successfully applied in phar-
macological studies. Such methods have shown promising
results in polypharmacy [12] and drug side-effect prediction
[3]. While both the topology-based methods and embedding
methods claim encouraging performances in some appli-
cations, a combination of both methods has drawn little
attention. Such a combination is especially useful when
there are heterogeneous data available that can provide
complementary information for a given task. In this pa-
per, we focus on the problem of drug label prediction by
integrating three heterogeneous networks of two bipartite
graphs of drug-gene interactions and tumor samples-gene
association and one protein functional association graph.
We expect to achieve such a task by a novel integrative
method by employing both topology-based methods and
network embedding methods. Thereby the two bipartite
graphs are transformed into a "homogeneous” graph for a
natural combination with the protein functional association
graph.

2 THE PRESENT STUDY

The focus of our study is on a prediction of the "Mechanism
of Action (MOA)” of the drugs. MOA refers to the drug-
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binding capacity or interaction to the same biological targets
[13] proteins. Every drug has molecular or biological targets
to which the drug binds, such as receptors or enzymes.
Receptors, activities comprise of agonist, antagonist, inverse
agonist, or modulator, while for enzyme includes activator or
inhibitor. Ion channel modulators consist of opener or blocker.
The prediction of these activities is crucial because it can
guide better drug development and help to prevent late-
stage drug failures [14].

MOA of drugs can be determined by (i) Microscopy
(i) Biochemical and (iii) Computational methods [15]. The
first two methods are expensive and time-consuming as
it is tedious to conduct experiments and interpret data
manually. Thus the computational method can be useful
to systematically and quickly generate a few hypotheses.
Therefore these hypotheses can be tested for later laboratory
validation and verifications. With the application of machine
learning techniques, the computational model learns pat-
terns of drugs and target genes from data and then predicts
target genes of existing or new drugs.

The potential drug targets that the pharmaceutical in-
dustry can exploit are apprehended in the intersection
between the druggable genome and those genes related
to disease [16]. The encoding of the proteins in a shared
space between drugs and disease can be extracted using
embedding methods. The embedding graphs and protein
functional association graph are two different types of infor-
mation complement each other, which we have investigated
using the following research questions (RQ):

e RQ1: Does an integrative approach of combining genetic
embeddings with the combined protein interactions net-
work improve prediction of the Drug MOAs?

e RQ2: Do all protein interactions network provide similar
accuracy for the prediction of the Drug MOAs?

e RQ3: Can genetic embeddings graph perform better than
the individual protein functional association graph for
predicting MOA?

3 DATASETS
3.1 Tumor-Gene data

The tumor is a disease caused by abnormal cell cycle and
linked to a series of changes in the activity of genes. We
used COSMIC (Catalogue Of Somatic Mutations In Cancer)
Methylation Data in our analysis because the DNA methyla-
tion is considered an excellent target for anticancer therapies
and the drugs which are targeted for DNA methylated gene
have been developed to increase efficacy, stability and to
decrease toxicity [17]. The epigenetic modifications such
as DNA methylation alter gene expression at the level of
transcription by upregulating, downregulating, or silencing
genes completely. Therefore, recognizing drugs MOA'’s for
epigenetic modifications are of great clinical interest [18].
The COSMIC! database uses the expert-curated informa-
tion of somatic mutations in human cancers and is freely
available. The processed data has the fields: id, sample
name, location, and gene names. Each sample name is a
tumor sample of the patient extracted from a particular
location of the body; for instance, "TCGA-CV-A6]JN-01" is

1. http:/ /cancer.sanger.ac.uk/cosmic/analyses
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a tumor sample and anatomical position is “Upper Aerodi-
gestive Tract.” From this data, we are interested in tumor
samples and gene names. The tumor samples are taken from
ten different anatomical locations. The edges between the
tumor samples and genes are based on the fact reported in
the cosmic differential methylation data. The gene names
used in the methylation data are the accepted HGNC?
(HUGO Nomenclature Committee) identifier that gives the
unique gene symbols and names for the human loci. We
labeled this relationship as “hasGene” for example, Tumor-
["hasGene”]-Genes where tumor and genes are the nodes,
and “hasGene” is the edge type. Hence, we constructed a
Tumor sample and Gene bipartite graph.

3.2 Drug-Gene data

For the drug-gene data, we used the Drug-Gene Interac-
tion Database (DGIdb). The interaction types describe the
MOA between a small molecule and a protein. The term
"MOA” and ”interaction” are interchangeably used in this
study. In DGIdb, a drug-gene interaction is defined as
”a known interaction (e.g., inhibition) between a known
drug compound (e.g., lapatinib) and a target gene (e.g.,
EGFR).” This database is a publicly available druggable
genome resource [19]. DGIdb has improved its usefulness
as a resource for mining clinically actionable drug targets
using expert curation and mined from multiple resources
such as DrugBank, therapeutic target database (TTD), Phar-
mGKB, and ClinicalTrials.gov. DGIdb acts as resources to
generate hypotheses for the mutated genes that might be
therapeutic targets or prioritized for anticancer drug de-
velopment [20]. From this database, we queried drugs for
the genes that have an association with Tumors from our
tumor-gene bipartite graph using HGNC gene symbols and
DGIdb APP. The term interaction type between genes and
drugs, used by DGIdb are based largely on literature mining
and obtained from existing publicly available reviews and
databases [20]. We extracted the drugs name and interaction
type that specify how the drug interacts with the gene. We
labeled each interaction type of drugs as the drug functions.
There are seven different types of interaction we observed
in our graph, namely, Blocker, Antagonist, Agonist, Activator,
Inhibitor, Channel Blocker, and Binder. The drug and gene
nodes are connected by the “target” relationship. The set of
known interaction type is noted as the ‘gold standard’ data
in this study, and is used for evaluating the performance
of the semi-supervised machine learning algorithm in the
cross-validation experiments as well as training data in the
prediction. The detailed summary of the nodes and edges
after the construction of the graph is in Table 1.

3.3 Gene-Gene interaction data

For the Gene-Gene interaction data, we used publicly
available STRING* version 10.5 protein-protein interaction
database. The interaction links are for the homosapiens
class. STRING provides uniquely comprehensive coverage
and ease of access to both experimental as well as predicted

2. https:/ /www.genenames.org/
3. http://dgidb.org/api/
4. https:/ /string-db.org/
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Property Value
Number of tumor samples 3397
Number of genes 1048
Number of drugs 3884
Number of relations between drugs and genes (actions) 10301
Number of relations between tumor samples and genes (hasGene) 58079
blocker (Label) 186
antagonist (Label) 528
agonist (Label) 525
activator (Label) 216
inhibitor (Label) 688
channel blocker (Label) 183
binder (Label) 202
gene-gene embeddings network number of edges 9872

TABLE 1

Summary of the tumor samples-gene, drug-gene and gene-gene
embeddings networks.

genetic interaction information. To convert the protein inter-
action network into a gene interaction network for STRING,
we performed the following steps: (i) Protein names were
mapped to their encoding genes by parsing of EnsEMBL
files. (ii) In the case of genes encoding multiple proteins, we
took the edge of maximum (integrated) weight connecting
any pair of proteins encoded by such genes. A similar
technique for protein to gene mapping has also used in the
prior studies [21].

There are eight different variants of interaction chan-
nels available in STRING, which are as follows: co-
expression, co-occurrence, database, experimental, fusion, neigh-
borhood, textmining, and combined. The combined protein func-
tional association network is based on combining the prob-
abilities from the different interaction channels. The brief
description of the interaction channel is given in Supple-
mentary Table 3. The links in the channels are all weighted
and modeled as an undirected network. Due to very few
links in the Fusion interaction channel, we omitted the
fusion genetic interaction in our studies. The number of
edges in the interaction channels is demonstrated in Table 2.

Interaction Channels  Value
co expression 208,470
cooccurence 1,166
textmining 322,883
database 23,169
neighborhood 18,929
fusion 20
experimental 170,642
combined 358,627
TABLE 2

The number of protein functional association network extracted from
the STRING Database.

The edge weight between the genes means confidence
scores, which are scaled between zero and one. They refer
to the estimated likelihood that a given interaction is bio-
logically meaningful, specific, and reproducible, given the
supporting evidence [22].

4 SOLUTION APPROACH

The main aim of this study is to classify the MOA’s of drugs
by combining genetic interaction and genetic embeddings
network. For this, we need the graph as input. The input
graph is the genes with few labeled information about

3

the drugs. For this purpose, we combined the embedding
gene graph constructed from the tumor-gene and drug-gene
bipartite graph with a real protein functional association
graph. It is shown in the input process in Figure 1. Once
we have the input graph, then we propagate the drugs
label information in these networks using the harmonic
function. Harmonic function propagates the drug label in
the unlabeled nodes. Those nodes which are unlabeled in
the beginning are now labeled after the propagation. After
the propagation is over, we get the label propagation scores
of every drug for the respective genes. Using these scores,
we evaluated the efficiency of the harmonic function. The
whole input, process, and output are shown in Figure 1.

5 METHODS
5.1 Construction of Gene-Gene Embeddings Graph

We have two bipartite graphs (i) tumor samples and gene
graph (ii) drugs and gene graph, as shown in Figure 1
first input graph. These two graphs with two different
relationships can also be viewed as a multi-relational graph.
The multi-relational graph is a tuple G := (V, E, L) where
V is a set of nodes, L is a set of relationships and E C
VXV XL set of edges. The set of nodes and edge label in
our graphs are V = {tumor samples,drugs, genes} and
L = {actions, hasGene}. The multi-relational graph can be
modeled as tensors, which are n-modal generalizations of
matrices. The features of the nodes in the multi-relational
graph can be extracted using tensor factorization. We ex-
tracted the features of genes using the tensor factorization
method. To do so, we employed the RESCAL framework
[10]. RESCAL can embed multiple types of edges and
perform collective learning through latent components of
the model. In our graph, the genes are shared between the
tumor samples and the drug. The shared nodes represen-
tation in RESCAL captures the similarity of the nodes in
the relational domain. Thus, the genes with many similar
observed relationships have similar latent representations.
In matrix notations, RESCAL tensor factorization can be
expressed as: F, = EW,ET, where F}, € RNeXHe The
symbol E is the Entity embedding matrix of size N X H,, N,
is the number of entities or nodes, H, is the number of latent
feature for entities. Similarly, symbol W, is the asymmetric
weight matrix for relation k of size H,X H.. The matrix Fj,
captures all scores for the k relationship and the i-th row
of E € RN<XHe captures the latent representation of e;
which is the latent feature representations of entity e;. Once
the latent representation of gene nodes are extracted, then
it is used to construct gene-gene similarity graphs using
different machine learning kernel method.

In this work, we used the K-NN method to construct
the gene-gene graph from the extracted feature vectors.
The K-NN method to construct graphs is considered as the
established data structure in data mining [23] and machine
learning. Moreover, in the situation with datasets without
explicit graph structure, it is desirable to use the K-NN
graph construction for the network analysis method [24].
Thus in the context of our work two genes (g;, g;), are con-
nected if one of the genes is among the other gene’s nearest
neighbor and the edge weightis 1, i.e, w; ; = 1 else the edge
weightis 0,i.e, w; ; = 0. We used "euclidean’ distance metric
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to calculate the distance between the data points because
it is considered as the best method for continuous feature
vectors [25], [26]. The optimum K is chosen from the 5 fold
cross validation in training sets.

5.2 Semi Supervised Learning Using Harmonic Func-
tion

Semi-Supervised Learning (SSL) is halfway between super-
vised and unsupervised learning. A semi-supervised learn-
ing algorithm is exposed to both unlabeled and labeled data.
SSL using harmonic functions is a method of classifying
data by considering the data group as a graph. Let us
assume a weighted graph G with n nodes indexed as 1, ..., n.
A symmetric weight matrix, denoted as W, represents the
strength of linkage. All weights are non-negative (w;; > 0),
and if w;; = 0, there is no edge between nodes i and
j. We assume that the first [ training nodes have binary
label, y1,y2, ..., Y1, where y; € {—1,1}. The remaining is the
unlabeled nodes given as u = n—1[ also known as test nodes.
Thus the goal here is to predict the label for the unlabeled
nodes for Y41, Y142, ..., Yn. The underlying assumption used
here is that the label of an unlabeled node is likely to be
similar to the label of its neighboring nodes. Mathematically,
to find a function f(x) € {—1, 1} on the vertices, such that

f(z;) = y;. In the graph context, a harmonic function is
a function that has the same values as given label on the
labeled data, and satisfies the weighted average property
on the unlabeled data: f(x;) = y;,i = 1,...[;

k=1 Wjk

j=1+1..1+u

This iterative procedure will converge to a harmonic
function, regardless of the initial values on the unlabeled
vertices. The unnormalized graph Laplacian matrix L is
defined as:

L=D-W )

where D is the degree matrix and W is the weight of
edges between the nodes. The normalized graph Laplacian

is given by [27]:
L=D"'L )

L has close connection to random walk processes on
graphs [28]. The normalized Laplacian matrix can be sub-
divided into 4 submatrix as £ is an (I + u) x (I + u) matrix
with labeled ones are listed first.
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The function f can be partitioned into functions of la-
beled and unlabeled nodes ( fi, fu), and let y; = (y1, ..., y1).
Then solving the constrained optimization problem using
Lagrange multipliers with matrix algebra, the harmonic
solution is f; = yl and,

5.3 Zoom-in View of the Label Propagation

To demonstrate the label propagation mechanism in a real
genetic interaction, we took the co-expression protein func-
tional association graph. The red node is gene PIK3CB which
is the seed node in Figure 2. This node is labeled as the
target of “inhibitor” drugs. We extracted the one-hop ego
network around the PIK3CB seed gene limiting only ten
genes for demonstration purposes. We set the status vector
for the PIK3CB gene as 1 and other genes as 0 and apply the
harmonic function.

From Figure 4, we can see that as the time passes the
weight of the seed nodes starts to decrease whereas the other
neighboring node starts to increase. After time ¢ > 1 all
the nodes reach to a uniform distribution of the weight. It
means the neighboring nodes will adopt the same label as
seed node.

5.4 Combining Multiple Graphs

As we have multiple graphs, it is natural to incorporate
them as supplementary information sources. For instance,
protein interactions can be represented as various types
of graphs according to their co-expression, co-occurrence,
fusion, or other relationships. To incorporate all the graphs,
one can straightforwardly combine the normalized Lapla-
cian matrix of the various graphs [29], [30]:

m
Ecomb = § £k
k=1

where m is the number of graphs to incorporate, L .om» is the
combined normalized Laplacian matrix. Thus using Lcomp
in Equation 3 we get the score for unlabeled nodes as,

_ -1
fu - 7£u’u.cornb£UZcobm,ylco7nb (4)

We used Equation 4 from here onwards in all our exper-
iment.

6 EXPERIMENTS

The experiment was conducted on the combined and in-
dividual protein functional association network. The brief
description of the label or MOAs is shown in Supplementary
Table 3. First of all, the 1048 genes were labeled as a target
for drug functions using DGIdb, which is a database that
annotates the genes for drug-gene interactions and potential
druggability. This database allows the search of interaction
for drugs-genes by gene or drug names. As this is a multi-
label classification problem, we took the strategy of One Vs.
Rest approach that comprises of training a single classifier
for each class, with the samples of that class as positive
samples and all other samples as negatives. Using this strat-
egy, we computed the accuracy of the model. The detailed

5

summary of all the networks used in the experiment is in
Table 1.

We used ten-fold cross-validation to evaluate our ap-
proach. We randomly partitioned the nodes into training
and testing sets. The ROC (receiver operating characteris-
tic) score is calculated and then averaged over all the ten
partitions. ROC score measures the overall quality of the
ranking induced by the classifier, rather than the quality of
a single value of threshold in that ranking [31]. ROC score
of 0.5 corresponds to random guessing, and a ROC score of
1.0 implies that the algorithm succeeded in putting all of the
positive examples ahead of all of the negatives. The value
of parameter k for the nearest neighbor was determined by
ten-fold cross-validation in a training set of the data.

Reproducibility The datasets and the codes used in this
study is available in:
https:/ / github.com/timilsinamohan/closed_form_
harmonic_function

6.1 Comparison with Embeddings, Combined Genetic
Interaction and Combined Genetic Interaction + Embed-
dings Graphs

In this experiment, we demonstrated the prediction perfor-
mance of harmonic function using (i) Embeddings (EMB),
(if) Combined Genetic Interaction (CGI) (iii) Combined ge-
netic interaction with Embedding (CGI+EMB) graph. The
accuracy of label prediction is reported in terms of mean
AUC-ROC scores.

The result of the experiment is demonstrated in Figure
5. We used 30% randomly picked labeled data and 70%
unlabeled data. Of the seven drug functions prediction, we
observed that the (CGI+EMB) method outperformed the in-
dividual graph in predicting Blocker, Antagonist, Inhibitor,
Channel Blocker, and Binder label. We performed the
paired t-test for ten-fold cross-validations results between
(i) CGI+EMB versus EMB (ii) CGI+EMB versus CGI. The
result of the test is shown in Table 3. From the test, we
observed a significant difference between CGI+EMB with
CGI (P = 2.329¢-4) and CGI+EMB with EMB (P = 1.59%-5)
for predicting Blocker label. We observed a similar predic-
tion for the Antagonist label (P = 1.544e-2) by CGI+EMB
versus CGI and (P = 2.927e-3) by CGI+EMB vs. EMB. The
predictions performed by CGI+EMB graph is significantly
different from EMB graphs in the prediction of all the label
whereas CGI+EMB has non-significant P-values with CGI
graphs in predicting all the label except Antagonist and
Blocker label.

6.2 Comparison with Individual protein functional as-
sociation network

We have six individual protein functional association net-
work. For each graph, we applied the harmonic functions
using 30% randomly picked labeled data. The performance
of the label prediction by each graph is in Figure 6. The
results showed that the text mining, database, and exper-
imental protein functional association network have mean
AUC-ROC score of more than 0.6 for predicting the (i)
Binder (ii) Blocker, (iii) Channel blocker, (iv) Agonist and
(v) Antagonist versus all drug label.
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Fig. 5. The bar chart shows the Mean AUC-ROC score of 10 fold cross-
validation to predict different drug functions. Each barchart shows the
mean AUC-ROC score using different graphs for predicting one drug
function versus all. The error bar is the standard deviation obtained from
the 10-fold cross-validation for the AUC-ROC score.

cal EMB
(CB?;:&%B 2.329e-4**  1.591e-5 ***
Eﬁ;@fit) 15442 *  2.927e-3 **
fﬁ;ﬁzft{f 61491  9.686e-3 **
szclqlg-n]:;nhe/[lBBlocker) 2975e1 S0t
(Clg\ﬁfg 1412e-1  3.783e-3 **
((ﬁlti*‘g/é‘j) 3408e-1  2.229e-3 **
83?;53\)4‘3 1498e-1  4.226e-2 *
TABLE 3

Result of the paired t-test between CGI+EMB Vs CGl and EMB graphs
predicting the label. The figure displayed in the table is the P-value at «
=0.05, ** p < 0.05 refers highly significant. ***: Highly Significant, **:
Moderately Significant, *:Lowly Significant.

From individual protein functional association network,
the Coexpression, Experimental, Textmining, and Database
graphs have performed better compared to Cooccurrence
and Neighborhood graphs. For Blocker Vs. All Coexpres-
sion graph leads to a marginal improvement of the AUC-

ROC score in comparison to Experimental and Textmining
graphs. To perform the significant test among the protein
functional association network, we chose the Coexpression
graph with all the protein functional association network.
It is because the coexpression network is constructed using
similar mRNA expression data profiles; this makes the co-
expression genes as the target for a particular drug function
[32].

For predicting the Antagonist label, there is no signif-
icant difference observed in the prediction between Coex-
pression Vs. Experimental (P = 3.228e-1), Coexpression Vs.
Textmining (P = 6.136e-1), and Coexpression Vs. Database
(P = 7.27e-1) graphs. Similarly, a non significant difference
is observed in predicting Agonist label using Coexpression
Vs Experimental (P = 1.649e-1), Coexpression Vs Textmining
(P = 2.307e-1) and Coexpression Vs Database (P = 8.01le-1)
graphs. It also holds for predicting the Activator label where
Coexpression Vs. Experimental (P = 5.5e-1) and Coexpres-
sion Vs. Textmining (P = 6.86e-1). In the case of predicting
the Inhibitor label, Coexpression Vs. Experimental (P =
4.89e-2) has a weakly significant difference but no significant
difference in Textmining and Database with Coexpression
graphs. For Channel Blocker label prediction, we observed
the significant difference in Coexpression Vs. Experimental
(P = 6.336e-3) but no significant difference between Coex-
pression Vs. Textmining (P = 7.54e-1) graphs. Finally, in
predicting the Binder label, we observed a non-significant
difference between Coexpression Vs. Experimental (P = 5.8e-
1) and Coexpression Vs. Textmining (P = 1.004e-1) graphs.
We have provided detail results of the paired t-test in
Supplementary Table 1.

6.3 Comparison between Embeddings and protein in-
teractions Graphs

The embedding graph is quite different from the protein
functional association network because they are constructed
using only relational information of tumor samples, genes,
and drugs. Therefore, we performed the paired t-test be-
tween the protein functional association network to find if
there is a significant difference in the prediction of the label
between the embeddings graph and other protein functional
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Fig. 6. The bar chart shows the Mean AUC-ROC score of 10 Fold cross validation to predict different drug functions. Each figure shows the mean
AUC-ROC score using different protein interactions graphs for predicting one drug functions versus all. The error bar is the standard deviation

obtained from the 10-fold cross validation for AUC-ROC score.

association network. For the prediction of the Blocker label,
there was a significant difference between Cooccurrence (P=
8.28e-5), Neighborhood (P= 1.06e-5), and Database (P = 3.5e-
2) with the Embedding graph.

For Channel Blocker, there is a significant difference
between Cooccurrence (P= 1.315e-3) and Neighborhood
(P= 4.624e-3) with the Embedding graph. For Binder label
prediction a significant difference between Cooccurrence
(P= 1.51e-2) and Neighborhood (P=1.82e-3) with Embed-
ding graph. Similarly, the difference was significant with
Cooccurrence (P= 2.117e-4) and Neighborhood (P= 3.332e-
5) with the Embedding graph for the Antagonist label.
For Agonist and Inhibitor Label prediction, the Embedding
graph was borderline significant with Textmining (P= 5.09e-
2) and Database (5.5e-2), respectively.

The Embedding graph showed significant difference in

predicting Activator label with Coexpression (P = 7.32e-4),
Experimental (P =3.45e5), Textmining (P = 3.576e-4) and

Database (P = 6.596e-3) graphs. The detail results of all the
paired t-test are in Supplementary Table 2.

6.4 Ablation study

We conducted an ablation study to investigate the combi-
nation of different protein functional association network to
predict the drug mechanism of action. For each label(MOA),
we have 57 genetic interaction combinations. To demon-
strate all the 399 (57 X 7) protein interactions for seven labels
will be huge to report in the manuscript. Thus we have pro-
vided the results of all the combinations in Supplementary
Table 4. However, in Table 4, we have provided the results
of all the genetic interaction combinations along with the
top 2 AUC ROC score for each label prediction.

We observed that for all the label predictions, there is an
equal or very marginal improvement in the AUC-ROC score
for the prediction of drug MOA’s using “All interaction”
and other various genetic interaction combinations. For
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predicting “blocker,” “antagonist,” ”channel blocker,” MOA
combining all the protein functional association network
("All interaction”) underperform slightly marginally, and
the difference is not very significant. Whereas, for “in-
hibitor” and ”binder,” combining all the protein functional
association graph (”All interaction”) equals to the perfor-
mance of other genetic interaction combinations. It provides
us the information that even if we combine all the graphs,
we do not lose significantly in terms of the AUC-ROC score.

Interaction Combination Drug Actions AUC_ROC
All interaction blocker 0.701 + 0.011
coexpression, cooccurence,
database, experimental, blocker 0.719 + 0.011
textmining
E‘X’;’g‘r:;‘t’; COOCCUrEnce,  piocker 0718 + 0.012
All interaction antagonist 0.665 + 0.010
o iabacesionl COOCCUTENTE  antagonist 0.675 + 0.091
::fégfgfﬁg’“ database, antagonist 0.674 + 0.006
All interaction channel blocker  0.662 + 0.01
CoeKpreSSion COOCeuTECE,  channel blocker 0669 + 0.006
coexpression, database channel blocker  0.665 + 0.013
All interaction agonist 0.659 + 0.015
coexpression, database, .
textmining, neighborhood agonist 0.664 £ 0.013
;‘;f;ﬁ;isr;‘ggadmbm' agonist 0.662 + 0.013
All interaction inhibitor 0.618 + 0.011
cooccurence, database inhibitor 0.618 + 0.012
f:;i;‘fﬁ:gce database, inhibitor 0.617 + 0.018
All interaction binder 0.603 + 0.013
Zig’éflr::;‘t); database, binder 0.603 + 0.023
coexpression, cooccurence, . o 0.602 + 0.022
database, experimental
All interaction activator 0.592 + 0.023
f:)ii;‘f;f:ge database, activator 0.599 + 0.021
cooccurence, database, -
experimental, textmining activator 0.596 =+ 0.027
TABLE 4

Ablation study to find the best combination of protein functional
association network to predict drugs mechanism of action. The result
reported is the AUC-ROC score for ten-fold cross-validation for
predicting drug MOA. The figure behind + sign is the standard
deviation. All interaction means combining all the protein functional
association network.

6.5 Performance of the Harmonic Function in an Em-
bedding and Combined protein functional association
graph using Different Label percentage

To demonstrate the robustness of the harmonic function, we
used different percentages of the labeled data in training sets
ranging from 10% to 90%. For each percentage of the labeled
data, we ran 10 Fold cross-validation. For the optimum K,
we estimated it from the training set in cross-validation
and applied that K to construct the embedding graph. The
performance of the algorithm is shown in Figure 7.

We observe that the algorithm performed better in pre-
dicting Blockers in comparison to other drug labels. The
other key observation is that even if we used the different
percentages of labeled data, there is not so much of a signif-
icant difference in the accuracy. For instance, in predicting
the Blocker label, if we used only 30% of the labeled data,
then the algorithm gives the mean AUC-ROC score of 0.81
and using 60% labeled data the AUC-ROC score is 0.84. The

~@-Blocker -#-Antagonist @-Agonist <-Activator -@-Inhibitor <@-Channel Blocker ~ii-Binder

0.90 -

0.85 -

0.80 1

0.75 1

0.70 1 &

0.65 -

Mean AUC-ROC Score

0.60 -

0.55 1

0.50 1

T T T T T

T T
10 20 30 40 50 60 70 80 90
Labeled Set Size in Percentage

Fig. 7. Label Propagation using Harmonic Function in a EMB + CGil
Graph with different label proportion.

difference is minimal. Also, for predicting the Antagonist
label, the prediction using 30% and 80% label is almost the
same. It means that the harmonic function makes use of the
graph structure to exploit the information of unlabeled data
for the classifications problem.

6.6 Performance of the Harmonic Function with other
Disease Gene Association Database.

In this study, we have extracted the embeddings of the
genes shared between tumor samples and drugs. The tumor
samples and gene associations are taken from the COSMIC
database. We use this database because it is the most com-
prehensive source of information on somatic mutations and
their frequencies in human cancers. Of course, we can apply
this approach to any other disease and gene associations. We
have implemented the harmonic function algorithm using
30% labeled data in popular OMIM, DisGeNet, and eDGAR
database. The result of the experiment is shown in Table 5.

Label DisGenet eDGAR OMIM

Blocker 0.80 £0.024 0.87 £0.014 0.89 4+ 0.006
Antagonist 0.72 £0.056 0.80 +£0.015 0.80 & 0.008
Agonist 0.69 £ 0.012 0.81 £0.007 0.82 + 0.011
Activator 0.60 £0.017 0.76 £0.012 0.77 +0.018
Inhibitor 0.61 £0.011 0.72 £0.015 0.73 &+ 0.017
Channel blocker  0.68 +0.012  0.82 +0.013  0.83 £0.019
Binder 0.64 +£0.022 0.75+0.019 0.77 £+ 0.013

TABLE 5

Harmonic function label propagation experiments on general
disease-gene association data sources, using 30% training labeled
data. The scores are the AUC-ROC and the figure in the parenthesis is
the standard deviation by 10 Trials.

In these datasets, we observed that the algorithms per-
form better in predicting most of the MOA than in the
COSMIC cancer database. One of the reasons for that is
cancer is a complicated disease that cannot be explained
by individual pathways, but rather the interaction among
multiple pathways [33]. Also, COSMIC data we used is a
patient’s tumor sample and gene assosciation; therefore, dif-
ferent genetic backgrounds among different patients make
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it even more complicated to predict such MOA’s with high
accuracy.

7 COMPARISON WITH THE STATE OF ART METH-
oDS

We compared the result of Harmonic Function (HMN) with
the state of the art graph-based label propagation algorithm
namely: (i) Heat Diffusion (HD) [8], (ii) Local and Global
Consistency Method (LGC) [6], (iii) OmniProp (OMNI)
[5], (iv) Confidence Aware Modulated Label Propagation
CAMLP [9] (v) Katz [7] and (vi) PageRank [34].

We divided 30% nodes into a training set and 70% nodes
as testing sets and used precisely the same trails for all the
state of the art algorithms. The results are compared by
ten trials using randomly constructed 10 test sets for the
networks to compute the AUC-ROC score using the “one
versus all” strategy of multilabel classification.

Similarly we used non-graph based classification algo-
rithms like Logistic, K-nearest neighbor and Support Vector
Classification with linear and radial kernel. The embeddings
of gene nodes are extracted from the RESCAL framework
and trained these classifer in using the same setting as 30%
data points into a training set and 70% data points as testing
sets by using 10 trials.

From Table 6, we observed that HMN outperforms or
equals to the state of the art algorithms. HMN method
performs slightly better than the PageRank algorithm. Both
the PageRank algorithm and HMN is based on the essence
of a random walk on a graph, resting on the assumption
that similar nodes are more likely to take similar labels.
However, HMN has the best AUC-ROC score in Blocker and
Binder labels. Note that HMN does not use any parameters
and perform long-range or global diffusion on the graphs,
and therefore, it is the simplest model with good AUR-ROC
score in comparison to other algorithms. We also observed
that the HMN outperforms the non-graph based supervised
methods in predicting all the drug mechanism of actions.

8 INVESTIGATION OF THE HARMONIC FUNCTION’S
DRuG MOA PREDICTION

We performed a literature-based evaluation of the predic-
tion of drug MOA by harmonic function. Our task is to eval-
uate the quality of harmonic function’s predictions about
classifying genes based on drugs MOA. For this purpose,
we trained harmonic function with 30% labeled data and
ranked the top prediction based on the predicted harmonic
scores 4. We explored the ten highest ranked predictions in
the list. We searched the biomedical literature to see if we
can find supporting evidence for these predictions

Table 7 shows harmonic function’s predictions and liter-
ature evidence supporting these predictions. We note that
the cited literature investigates interactions between the
drug MOA and the target genes. For example, harmonic
function classifies the gene SCNI1IA as the “antagonist”
target for the drugs (Table 7, 5th highest ranked prediction
for antagonist MOA). In fact, the work by Emery et al. [36]
have found sodium channel ”“antagonists” involvement of
SCN11A genes in treating most pain syndromes. Similarly,
the gene KCNH3 (Table 7, 1st highest ranked prediction for

9

blocker MoA) are used for silent voltage gated “blockers” of
K+ channels which may have potential benefit in diseases
involving immune cell activation and proliferative diseases,
such as cancer, fibrosis, atherosclerosis, and restenosis [35].
The analysis here shows the possibilities of harmonic func-
tions predictions for gene classification.

9 DISCUSSION

For the first research question, we found that the har-
monic functions with combining CGI+EMB network predict
Blocker with high accuracy in comparison to other drug
functions in our datasets. The combined CGI+EMB network
also performed better for Antagonist and Channel Blocker
labels. Moreover, the Antagonist drugs are also called block-
ers, for instance, alpha-blockers, beta-blockers, and calcium
channel blockers [42]. The studies also showed that Blocker
drugs appear to have a beneficial clinical effect in cancer
pathology. In our data, we incorporated the tumor’s infor-
mation; this might have helped for the higher prediction
of the Blocker label. In clinical settings, blocker interactions
are used to reduce the rates of progression of different solid
tumors. The Blockers drug could potentially result in a 57%
reduction in the risk of metastasis and a 71% reduction in
the 10-year mortality rate in a breast cancer [43].

Similarly, another interesting observation from our study
is the prediction of the Antagonist label. The prediction
accuracy was third highest for Antagonist label prediction
after Blocker and Channel Blocker using the harmonic
function applied on CGI+EMB network. In drug design,
Antagonistic drug combinations are mostly used to avoid
the development of drug resistance. Furthermore, combi-
nation therapies are being used to combat drug resistance
in cancer patients under chemotherapeutic agents [44]. This
enhances the discovery of novel efficacious combinations of
drugs and targets. Not only the drug resistance but also the
antagonist drugs bindings can inhibit the specific cases like
gastrointestinal cancer [45].

For the second research question, the results showed
that using Coexpression graphs in the majority of the label
prediction performed better than the other protein func-
tional association network. The dynamic change of protein-
protein interaction, such as co-expression networks, is the
critical determinant of the disease state. Due to this, co-
expression networks are richly targeted for drug design.
Not only the Coexpression graphs but also the Textmining
graphs showed similar performance in label prediction. The
text mining methods are extensively used to extract genetic
interaction form scientific literature to enrich drug-therapy
networks [46] and disease studies.

For the third research question, we found that the EMB
graph leads to a mean AUC-ROC score above 0.6 for pre-
dicting Blocker, Antagonist, Agonist and Channel Blocker
label, as shown in Figure 5. The EMB graphs provided
better prediction for Blocker, Antagonist, Agonist, Inhibitor,
Channel Blocker, and Binder label than Cooccurrence and
Neighborhood protein functional association network. By
combining GGI+EMB graphs, the prediction performance
has improved for the label Blocker, Antagonist, Channel
Blocker, Inhibitor, and Binder. It means that the EMB graphs
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Comparison of Harmonic Function with state of the art Graph-Based Semi-Supervised machine learning algorithms. The result reported is the

Blocker Antagonist | Agonist Channel Blocker | Inhibitor Activator Binder
LR 074 £0.016 | 0.64 £0.020 | 0.61 4 0.012 | 0.64 £ 0.023 0.59 +0.019 | 0.55 £0.024 | 0.60 & 0.019
KNN 0.65+0.022 [ 0.61 £0.018 | 0.57 4 0.028 | 0.58 £ 0.024 0.54 +0.025 | 0.50 £0.020 | 0.55 & 0.022
SVC (RBF) 0.75+0.017 [ 050 £0.134 | 0.50 & 0.011 | 0.58 £ 0.111 0.53 +0.062 [ 0.53 £0.049 | 0.62 & 0.021
SVC (Linear) | 0.74 £0.012 | 0.64 +0.017 [ 0.58 £0.065 [ 0.55 £ 0.128 0.54 +0.059 [ 0.53 £0.043 | 0.62 & 0.029
HD 076 £0.012 [ 0.71 £0.013 | 0.68 4 0.009 | 0.67 £ 0.020 0.62 + 0.015 | 0.51 £0.010 | 0.56 & 0.023
LGC 0.754+0.012 [ 0.71 £0.013 | 0.68 4 0.009 | 0.67 £ 0.018 0.62 + 0.023 | 0.51 £0.017 | 0.56 & 0.022
OMNI 0.79+0.015 [ 0.70 £0.019 | 0.57 £ 0.015 | 0.72 £ 0.017 0.53 +0.009 [ 0.54 £0.011 | 0.60 & 0.023
CAMLP 0.65 + 0.0211 [ 0.52 £0.006 | 0.54 +0.089 | 0.65 £ 0.021 0.54 +£0.012 [ 0.51 £0.009 | 0.53 £ 0.017
Katz 073 +£0.016 [ 0.71 £0.007 | 0.68 4 0.009 | 0.65 £ 0.018 0.61 +0.013 | 0.52 £0.021 | 0.54 £ 0.017
PageRank 0.81 +£0.014 [ 0.72 £ 0.008 | 0.69 &+ 0.012 | 0.70 &+ 0.03 0.60 4+ 0.017 | 0.55 £ 0.017 | 0.61 & 0.027
HMN 0.82 + 0.013 0.72 + 0.009 | 0.69 £ 0.011 | 0.72 £ 0.024 0.60 & 0.015 | 0.55 £ 0.015 | 0.63 & 0.028
TABLE 6

AUC-ROC score for ten trails for predicting drug MOA. The figure behind =+ sign is the standard deviation.
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k | Mechanism of Action | Gene names | Evidence

1 | Blocker KCNH3 Wickenden et al. [35]

5 | Antagonist SCN11A Emery et al. [36]

1 | Agonist GABRQ Li et al. [37]

1 | Activator SCN9A Drenth et al. [38]

2 | Inhibitor NMBR Zhao et al. [39]

3 | Channel Blocker CACNAIF MCRory et al. [40]

2 | Binder GABRA4 Reddyet al. [41]
TABLE 7

Genes classified based on the drug’s MOA’s using harmonic function.
The genes are assigned the highest scores by the harmonic function.
For each prediction, we include its rank & in the ranked list of all
predictions and literature evidence.

act as complementary information that enhanced the pre-
diction performance.

We have used the RESCAL tensor factorization model for
learning the node embeddings. This model’s main caveat
is that we do not know the number of latent components
in advance. Thus, we need to do a grid search for the
best parameter, which slows computation time. Another
limitation in RESCAL based tensor embedding model is that
the number of parameters grows linearly with the number
of relationships in the graphs, making it difficult to scale in
highly-relational graphs [47]. Thus, we consider assessing
the quality of the state of the arts graph-based embedding
model for drug label prediction for our future work.

10 CONCLUSION

Our study used two different graphs (i) constructed from
the feature extraction of a tumor, genes, and drugs from
the multi-relational graph using the k-nearest neighbor ap-
proach and (ii) protein functional association graph from the
protein-protein interaction STRING database. We combined
these two graphs and applied harmonic function to classify
seven different drug labels, namely Blocker, Antagonist,
Agonist, Activator, Inhibitor, Channel Blocker, and Binder.
The harmonic function predicted the highest AUC-ROC
score for the Blocker, Channel Blocker, Agonist and Antag-
onist label using combined graph embedding and protein
interactions. The graph-combining method showed better
results on drug label prediction, performing significantly
better than any single protein functional association graph
such as coexpression, co-occurrence, database, experimen-
tal, neighborhood, and text mining, particularly for predict-
ing Blocker, Channel Blocker, Antagonist, and Agonist label.

The graph-combining method provides a straightfor-
ward way of combining multiple graphs. However, work

remains for the future. The harmonic functions assume ho-
mophily networks, which means nodes with similar charac-
teristics tend to connect. The harmonic function propagates
signals on the graph using the homophily principles, which
sometimes leads to misclassification. For instance, different
drug label targets the same genes. In the context of cancer, it
is essential to use different drugs for combinational therapy
because it targets critical pathways in a simply synergistic
manner. It possibly reduces the performance of a harmonic
function that assumes label smoothing. We have not looked
at this perspective, which is an important feature to address.
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