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Abstract—Disease signature-based drug repositioning
approaches typically first identify a disease signature from
gene expression profiles of disease samples to represent
a particular disease. Then such a disease signature is con-
nected with the drug-induced gene expression profiles to
find potential drugs for the particular disease. In order to
obtain reliable disease signatures, the size of disease sam-
ples should be large enough, which is not always a sin-
gle case in practice, especially for personalized medicine.
On the other hand, the sample sizes of drug-induced gene
expression profiles are generally large. In this study, we
propose a new drug repositioning approach (HDgS), in
which the drug signature is first identified from drug-
induced gene expression profiles, and then connected to
the gene expression profiles of disease samples to find
the potential drugs for patients. In order to take the de-
pendencies among genes into account, the human protein
complexes (HPC) are used to define the drug signature. The
proposed HDgS is applied to the drug-induced gene expres-
sion profiles in LINCS and several types of cancer samples.
The results indicate that the HPC-based drug signature can
effectively find drug candidates for patients and that the
proposed HDgS can be applied for personalized medicine
with even one patient sample.

Index Terms—Drug repositioning, drug signature, human
protein complex, personalized medicine.

[. INTRODUCTION

N TRADITIONAL pharmaceutical industry, putting a new
drug in the market is very costly and time-consuming,
about ten years and 1 billion US dollars are common in
development [1], [2]. Nevertheless, the related budgets are still
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expanding rapidly. In traditional drug discovery pipeline, four
major procedures are essential: drug discovery, pre-clinical,
clinical trials and regulatory approval [3]. Several thousands
of small compound candidates are typically studied to develop
one new drug. However, in many projects, there’s no drug that
can be taken to the market successfully.

In recent decades, drug repositioning has identified some
novel treatments for existing drugs, such as sildenafil, thalido-
mide, zidovudine, minoxidil, celecoxib, etc [4]. Sildenafil is the
most well-known compound in drug repositioning. It was devel-
oped for the treatment of coronary artery disease in the 1980s [5],
and repurposed to the treatment of erectile dysfunction in the
1990s [6]. Thalidomide was used as a sedative and is now being
used to treat multiple myeloma [7].

Two types of approaches have been proposed for drug repo-
sitioning initially, which are phenotypic screening and target-
based approaches [8]. In the first decade of 21st century, 45
small compounds were proposed by those approaches, 28 of
which were identified by phenotypic screening [9], [10]. How-
ever, both two types of approaches have some limitations. In
phenotypic drug screening, small animal models and cell-based
models are necessary. The robustness and relevance of models
influence the success of screening [11]. In target-based methods,
researchers indicated that only 435 effective drug targets had
been proposed [12].

Recently, many high-throughput platforms have been devel-
oped to measure the expression of genes, and a number of
biological databases have been constructed. Many computa-
tional approaches have been proposed to use the data more
efficiently and identify drug candidates, which are pathway-
based methods [13], [14], similarity-based methods [15], [16],
network-based methods [17]-[20], signature-based methods [1],
[21]-[24], etc. The computational approaches are able to handle
a large number of drug profiles and identify potential drugs for
the specific disease in a short period [25].

Lamb et al. constructed Connectivity Map (CMap) database
which consists of 6,100 profiles under different drug cultures
and cell lines [26], [27]. Three main components were utilized
in their research. A drug perturbation profile was utilized to de-
scribe the differential expression of a drug. A gene signature was
a group of significantly expressed genes to represent a disease. A
matching strategy was used to connect the drug perturbation pro-
file and the gene signature for producing a connection score [28].
A negative score meant an inversion among them. The drug
candidates were identified according to their connection scores.
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However, a few number of cell lines and small compounds
were contained in CMap database. Among those small com-
pounds, the Food and Drug Administration (FDA)-approved
drugs, whose safeties had been studied, were even fewer. Phase |
of the Library of Integrated Network-Based Cellular Signatures
(LINCS) program was published in 2015, and the sample size
of drug perturbation profiles was increased from 6,100 in CMap
to 1.3 million [29].

Based on CMap and LINCS databases, many signature-based
approaches have been proposed to identify candidates for drug
repositioning [30]-[33]. In the databases, the expression profiles
are based on gene features. In those approaches, a signature
is a group of genes that are selected independently. Actually,
there are some interactions among genes, in the developments of
diseases [34]-[38]. In order to reflect the dependencies of genes,
the associations between gene-gene interactions, protein-protein
interactions and diseases have been studied [39], [40]. A protein
complex is a group of proteins that have strong interactions
with each other [41]. The properties of protein complexes and
their relationships with diseases have been studied in many stud-
ies [42]-[44]. Wang et al. utilize the human protein complexes
(HPCs) to identify new signatures from cancer samples and
predict drug candidates for them [1].

In the existing signature-based approaches, a signature is
identified from disease samples and compared with the drug
perturbation profiles in CMap or LINCS database. In either sta-
tistical or network-based approaches, a large number of disease
samples are critical in identifying signatures. However, when the
disease set has a few samples, it’s difficult to identify a reliable
signature. These approaches can’t especially handle samples
from only a few patients.

In this study, instead of creating an HPC-based disease sig-
nature from patient samples, we propose an HPC-based drug
signature (HDgS) approach to identify drug signatures and
predict drug candidates. Based on the HPC information, all drug
perturbation profiles and disease samples are transformed into
the type of HPCs. An HPC-based drug signature is identified
from all the HPC profiles of a specific drug. For disease samples,
a differential expression profile of a patient is generated. The
connection score between an HPC-based drug signature and a
patient profile is calculated. Finally, each patient has a list of
drugs. After counting the frequencies of drugs that appeared in
all lists, ten drugs with the largest frequencies are identified as
drug candidates. In the experiments, we compare HDgS with
the HPC-based disease signature approach and three other types
of drug signatures. Our HDgS approach achieves the highest
prediction rates in four types of cancers. The proposed approach
can even be used to identify drugs for a single patient, and known
drugs are among the prediction results. At the end of the exper-
iments, the annotations, treatments, and literature evidences of
the drug candidates are discussed.

Il. MATERIALS AND METHODS

In this section, we discuss the datasets used in our HDgS
approach and the procedures to generate the drug candidates,
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Fig. 1. The flowchart of our HPC-based drug signature approach.
(a) Producing an HPC signature for each drug. (b) Transforming pa-
tient gene expression profiles to HPC profiles. (c) Matching drug HPC
signatures to the patient HPC profiles, and producing a list of candidate
drugs. p represents a patient and Nis the number of patients, uis a drug
profile and s is a merged profile for each drug. The number of approved
drugs in LINCS is 1,294.

as shown in Fig. 1. The human protein complex information in
the comprehensive resource of mammalian protein complexes
(CORUM) database [45] are utilized in Fig. 1(a) and Fig. 1(b)
to provide the mapping between genes and protein complexes.
The drug perturbation profiles in LINCS are used to produce the
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drug signatures, which are matched with the patient profiles to
generate a list of drug candidates.

A. Design of Study

The basic idea in our study is to generate a negative connection
between a drug signature and a patient profile of a specific
disease. The negative connection indicates an opposite effect
between a drug and a disease represented by gene expression
profiles, which may reflect a potential treatment for the drug to
the disease. In Fig. 1(a), we apply HPC information to describe
the drug signatures. In Fig. 1(b), the patient profiles are trans-
formed from the form of genes to the form of HPCs. A matrix
of connection scores is calculated, as shown in Fig. 1(c). In each
patient of a specific disease, the top predictions are generated and
merged to produce a list of candidate drugs for the given disease.
Our proposed method has been implemented in MatLab, and the
codes are available at https://github.com/flykingwf for users.

B. Datasets and Pre-Processing

Three types of data are utilized in our HDgS approach, in-
cluding the drug perturbation data, patient sample data, and the
HPC data.

The HPC data is downloaded from the comprehensive re-
source of mammalian protein complex (CORUM) database [46],
which contains 4,273 protein complexes, out of which 2,916
are HPCs. All HPCs cover 4,274 genes. In order to connect
with other types of data, those 4,274 genes must match with
Entrez gene IDs. After matching, 2,916 HPCs and 3,092 genes
remain. Since some HPCs don’t encompass any genes that can
be matched, as shown in Fig. 2(a), we focus on the complexes
that contain at least one matched gene. As a result, 2,883 HPCs
are used to be the basic features in this study.

The drug perturbation profiles are downloaded from the
LINCS database [29]. Phase I of LINCS database is published
in the Gene Expression Omnibus (GEO) database [47]. The
expression values of only 978 genes have been measured in
LINCS, where these 978 genes are “landmark gene,” while the
other genes are “inferred genes”. The values of inferred genes
are calculated based on the values of landmark genes.

These 978 landmark genes are sufficient to recovery 82%
information in CMap, where 22,277 gene expression values per
profile are measured. In LINCS, there are 12,328 genes in a total
of landmark genes and inferred genes, and 1,319,138 profiles
produced from 42,080 perturbations and 72 cell lines.

In LINCS database, the types of perturbations are small
molecule drugs, shRNAs, cDNAs, and biologics. Since drug
repositioning is to find some novel treatment for existing drugs,
whose safeties have been studied. In this study, we focus on
the drugs that have been approved by FDA and DrugBank [48].
As a result, 1,294 drugs are used in this study. The histogram
of the drugs and profiles are shown in Fig 2(b). The numbers
of profiles vary over drugs, while many drugs have a larger
number of profiles. In a previous study [1], we have generated the
maps between HPCs and LINCS genes. Here drug perturbation
profiles are transformed from the type of genes to HPCs, and
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Fig. 2. The statistic of drugs and HPCs in the dataset. (a) The distri-
bution of the number of HPCs vs. the number of genes per HPC. (b) The
distribution of the number of drugs vs. the number of profiles per drug in
LINCS.

TABLE |
INFORMATION OF DATASETS

Cancers Datasets Platforms Disease sample
sizes
Lung Cancer GSE10072 GPL96 32
-Stage 1 15
-Stage 2 9
-Stage 3 6
-Stage 4 2
GSE19804 GPL570 59
-Stage 1 35
-Stage 2 12
-Stage 3 12
GSE27262-Stage 1 | GPL570 25
Breast Cancer GSE10780 GPL570 42
GSE15852 GPL96 43
GSE50948 GPL570 40
Colorectal Cancer | GSE21510 GPL570 40
GSE41258 GPL96 43
GSE49355 GPL96 12
Prostate Cancer GSE46602 GPL570 14
GSE69223 GPL570 15

Stage 1, 2, 3 and 4 are four stages of lung cancer in the datasets.

the value of an HPC is a combination of the gene values in the
HPC.

The patient samples are downloaded from the GEO
database [47]. In this study, 11 datasets of four common cancers
are obtained, as shown in Table I. Among them, two platforms
are referred to produce gene expression profiles. One is GPL96,
where 22,283 probe sets are utilized to measure gene expression
values. Another one is GPL570, where 54,675 probe sets are
included. The three datasets of lung cancer come from four
different stages. So the lung cancer profiles are divided into four
subsets, each representing a cancer stage. In order to analyze data

Authorized licensed use limited to: Anhui University. Downloaded on December 08,2022 at 06:50:13 UTC from IEEE Xplore. Restrictions apply.


https://github.com/flykingwf

4082

IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 25, NO. 11, NOVEMBER 2021

from different platforms, the first step is to select the common
probe sets between them, which are 22,777 in CMap. Then the
probe sets are transformed into the type of LINCS genes. Since
some probe sets may refer to the same gene, the gene expression
value is the average of the probe sets which are referred to
the same gene. The next mapping step is the same as those
LINCS profiles to get the HPC profiles. The cancer datasets
from different platforms are transformed into the same type of
HPCs. After comparing the tumor tissue samples to the normal
tissue samples, a differential HPC profile is generated.

C. HPC-Based Drug Signature Procedures

In this section, we present the procedures to identify our HPC-
based drug signature from LINCS database. The profiles are
generated from the LINCS Level 5 data, which consists of the
differential expressions of the drug perturbations in different
concentrations, durations, and cell lines.

In order to reflect the dependencies of genes, HPC is used
as the component of signature instead of individual genes in
this study. As shown in Fig. 2(a), many complexes contain at
least two genes. In our previous study of HPC-based disease
signature [1], we chose the average value of the genes in the
complex to be the value of the complex. However, the importance
of the genes in a complex may not be equal. In this study, we
use the Pearson Correlation Coefficient (PCC) to calculate the
weights of genes. Additionally, we calculate another type of
weight from the Spearman Correlation Coefficient (SCC). We
also compare the approach of PCC weights with that of average
weights and SCC weights in Section III.

The fingerprinting vector of a gene consists of differential
expression values across all profiles. A correlation matrix for
a complex is constructed by pair-wise fingerprinting vectors
among all genes in the same complex. Then the weight of a
gene in the complex is the average correlation to all other genes.
All the weights are normalized and summed to 1. The differential
expression value of a complex is the linear combination of the
gene differential expression values with their weights.

The original drug perturbation profiles are in the form of
genes. After mapping genes to HPCs by the weight approach,
the novel profiles are in the form of HPCs. If an HPC has a value
larger than 1, it is treated as an up-regulated HPC in the profile,
while if it has a value smaller than -1, it is a down-regulated
HPC. Among all the profiles of a drug, the HPC, which is either
up-regulated or down-regulated in at least half of profiles, is
labeled as either an up-regulated HPC or a down-regulated HPC
of the drug, respectively. Each HPC has a differential frequency
among the profiles, and the up- and down-regulated HPCs are
sorted together in descending order according to their frequen-
cies. The length of HPC-based drug signature is determined in
Section III.

D. Matching Procedure

After generating HPC-based drug signatures and patient dif-
ferential HPC profiles, the next procedure is matching them
together and calculating the matching scores. The matching

method is the same which we used with disease signatures
(1], [32].

Before matching, a rank list PR = {pry, pry,...,pry} is
proposed to replace the patient differential HPC profile PV =
{pvq, pva,..., pvy}, where pv, is the value of HPC';, pr; isits
rank in the list and H is 2,883. The HPCs are sorted in ascending
order according to their values in PV, where min(PR) = 1 and
max(PR) = H.

Meanwhile, the signature is divided into two parts, one is
the list of down-regulated HPCs, and the other one contains
up-regulated HPCs. score,,;, and scoregy,., are calculated as
follows:

Hyyp
5COTEyp = Z(H + 1= prupi). (1)
1=1
Haown
SCOTCJown = — Z (H +1- prdownj)- (2)

Jj=1
where H,,, is the length of the up-regulated list while H j4,p
is that of the down-regulated list. up; is the i* HPC in the up-
regulated list while down; is the j th HPC in the down-regulated
list.

A possible maximum score of the connection is calculated as
follows:

M

poss:Z(H—i-l—i). 3)
i=1
where M is the length of signature. Finally, a connection score
between an HPC-based drug signature and a patient profile is
calculated as follows:
SCOT€yyp + SCOTEdown

“)

scorey =
POSS

The possible range of scorey; is [-1,1], where a negative score
reflects an inversion of the connection, which means that the drug
may reverse the disease condition and have a potential treatment
for it.

In our experiments, we use Matlab to implement our algo-
rithm. Its computational time complexity is O(MN), while M is
the number of drugs and N is the number of patients. The code
can be downloaded on https://github.com/flykingwf.

E. Evaluation Metrics

In previous sections, we have produced a ranked drug list for
a patient. The drugs are sorted in ascending order according to
their connection scores. The top ten drugs are formed a new
list for the following prediction. Therefore, we have N lists for a
specific disease, while Nis the number of patients. The frequency
of each drug that appears on all lists is summarized. Drugs are
sorted in descending order according to their frequencies. The
ten most frequent drugs are selected as the drug candidates.
Their uses as potential treatments for the diseases and literature
evidences are discussed in Section III.

In the experiments, the competing methods also produce ten
drug candidates. Among the drug candidates, some drugs have
been studied about their treatments for the specific disease.
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Therefore, we use “known drugs” to describe them. The other
drugs in the results may have potential treatments for the disease,
and we call them “potential drugs”. The prediction rate is the
rate of known drugs in the results. In the experiments, we use
prediction rates to compare various methods.

IIl. EXPERIMENTS AND RESULTS

As reported by the World Health Organization (WHO) in
2018, lung, breast, colorectal, and prostate cancers are the four
most common cancers in the world [49]. Therefore, in this study,
we apply our HPC-based drug signature approach to the four
cancers and compared it with other approaches.

In Section II-C, we have discussed the PCC weights in calcu-
lating HPC values from gene values. To ensure the advantage of
PCC weights in HPC-based drug signatures, we first compare
them with the SCC weights and average weights, as shown in
Fig. 3. The signatures via PCC weights achieve higher prediction
rates than the other two types of weights. One possible reason
is that genes within an HPC are not equal, while by averaging
their values, all genes are treated equally. In SCC, the ranks may
weaken the influence of the most differentially expressed genes.
In the PCC weighting procedure, the correlations are different,
a few genes may have negative correlations with other genes in
the HPC. The weighting procedure is the way to enhance the
genes with high positive correlations. The length of signature
is another parameter that affects the prediction results. Fig. 4
shows the prediction rates over various signature lengths from
10 to 200 with an increase of 5 for four diseases. From Fig. 4,
the best rate is achieved at the different signature lengths for the
different diseases. In this study, we only present the results with
its best signature length for a specific disease.

In the previous study [1], we propose an HPC-based disease
signature approach. In this study, we apply those two HPC-based
signatures to identify drug candidates for four common cancers.
Additionally, we utilize three different types of drug signatures
in the experiments. The first type is the drug Prototype Ranked
List (PRL) signature [50], [51], where the profiles of the same
drug are merged together hierarchically, as shown in Fig. 5. A
set D is used to reflect a given drug with M ranked profiles.

+ Breastcancer | |
*  Colorectal cancer|
08 O Lung cancer
: 4 Prostate cancer

Prediction rate

I I I . . I I I .
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Fig. 4. The plot of the prediction rate vs. the length of signature.
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Then the Spearman’s Footrule distance is calculated between
each pair of them. The two profiles with the smallest distance
are deleted from the set D and summed together arithmetically.
The new ranked profile is generated and added to the set D. The
iteration repeats until there’s only one profile in the set. The gene
signature contains the same number of top and bottom 50 genes.

The second type is DrugSig, which is an online drug signature
resource proposed by Wu et al [52]. 5,913 drug signatures of
1,295 drugs are downloaded from the resource. Each signature
contains 500 up-regulated genes and 500 down-regulated genes.
The most different aspect is that there’s no rank among the
drug signature, which means all genes have the same weight.
Similarly, genes in disease signatures don’t have any ranks. The
matching score is the rate of overlap:

UPoverlap + downoverlap
length of the disecase signature’

SCOT€Drugsig = (&)
where the up,yeriap is the number of common genes between the
disease up-regulated gene list and the drug down-regulated gene
list, the downeyeriap i the number of common genes between
the disease down-regulated gene list and the drug up-regulated
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TABLE Il
PREDICTION RATES OF THE FIVE APPROACHES
Cancers HDgS | HPC- PRL | DrugSig | Landmark
based
disease
Lung 0.7 0.6 0.3 0.4 0.6
-Stage 1 0.7 0.3 0.2 0.4 0.7
-Stage 2 0.6 0.3 0.2 0.4 0.3
-Stage 3 0.6 0.1 0.2 0.2 0.3
-Stage 4 - P1 | 0.7 0.0 0.3 0.2 0.2
-Stage 4 - P2 | 0.7 0.0 0.3 0.2 0.2
Breast 0.8 0.6 0.6 0.6 0.4
Colorectal 0.6 0.6 0.5 0.3 0.1
Prostate 0.5 0.4 0.4 0.4 0.3

NULL: Don’t have corresponding result. P1 and P2 are two patients in the forth
stage.

gene list. The matching score reflects the reverse of the two
signatures.

Although several approaches have been proposed to process
the LINCS profiles, some researchers prefer to identify drug
signatures directly from the LINCS profiles, containing the 978
landmark genes [53]. The third type of compared signature in
this study is the landmark signature. One thing that should be
noted is that the profiles are not merged into a consensus one,
so there may be some replicates in the prediction lists.

In the experiments, each method produces a list of ten drugs.
As discussed in Section II-E, we compare the prediction rate
of known drugs in the list. The prediction rate indicates the
confidence that other drug candidates have the potential for
the same treatment. Additionally, we collect the number of
publications on PubMed, associated with the candidate drugs
for specific cancer.

The prediction rates of five approaches in four types of cancers
are listed in Table II. In all four cases, our HDgS approach
produces the highest prediction rates. In lung cancer stage 1 and
colorectal cancer, there’s 1 more approach that can achieve the
same prediction rates with HDgS. In the experiment of a single
patient, our proposed HDgS approach can achieve a prediction
rate of 0.7, the same as in the whole dataset.

Besides the prediction rate, the frequency rate of a given drug
is used to reflect the portion of patients for whom the drug has
been identified as a drug candidate. The drug candidates for four
cancers and their frequency rates are listed in Tables ITI-VI.
The treatments and annotations of drugs are discussed in the
following sections.

A. Lung Cancer

In 2.09 million cases of lung cancers [49], about 85% are non-
small cell lung cancer (NSCLC), while the others are small cell
lung cancer (SCLC). As shown in Table III, ten small compounds
are identified by the whole patient group, seven of which are
known drugs. Additionally, seven different drugs are identified
by the five subsets of patients.

Triptolide is a diterpenoid epoxide that is produced from the
Tripterygium Wilfordii plant. It can decrease cell migration
and invasion of lung cancer in vitro [54]. Maraviroc is an
antiretroviral drug. It reduces lung tumor growth via decreasing

the migration of C—C chemokine receptor type 5 (CCRS)+
regulatory T cells [55]. Palbociclib is an inhibitor of the cyclin-
dependent kinases 4 (CDK4) and CDK6. The combination treat-
ment of palbociclib and selumetinib is effective in the models
of NSCLC [56].

Crizotinib is an anaplastic lymphoma kinase (ALK) inhibitor
that has shown treatments for NSCLC. It is superior to standard
chemotherapy in advanced NSCLC patients with ALK rear-
rangement [57]. Neratinib is a tyrosine kinase inhibitor (TKI)
anticancer drug. It has promising activity in NSCLC, according
to both preclinical and human studies [58]. Oxytetracycline is a
broad-spectrum antibiotic. It displays apparent inhibitions on
the proliferation of A549 lung cancer cells [59]. Caffeine is
a central nervous system (CNS) stimulant [60]. It increases
apoptosis of lung cancer, which is killed by cisplatin, through
the inhibition of ataxia telangiectasia mutated- and Rad3-related
(ATR) activation [61].

Ciglitazone is a thiazolidinedione. It inhibits growth and
induces apoptosis of NSCLC cells through decreased expression
of phosphoinositide-dependent protein kinase 1 (PDK1) [62].
Fenretinide is a synthetic retinoid derivative. It induces apoptosis
of SCLC cells and inhibits its growth [63]. Geldanamycin is a
1,4-benzoquinone ansamycin antitumor antibiotic. The associ-
ation of Ad-mda7 gene and geldanamycin inhibits lung cancer
cell motility and induces cell death [64].

Seven drugs are predicted to have potential treatments for
lung cancer, two of which have been studied for the treatment
for tumors and cancers. Lomerizine has the clinical potential
to reverse tumor multidrug resistance [65]. GSK-1059615 is a
type of kinase inhibitor and has been used in trials studying the
treatment for solid tumors and breast cancer [66]. About the
other five predictions, more information about the associations
with cancers needs to be studied in the future. Terconazole is an
antifungal drug. Guanadrel is an antihypertensive agent. Lofex-
idine is a non-opioid prescription medicine used to treat high
blood pressure. Tinidazole is a drug for protozoan infections.
Oxetacaine is a potent local anesthetic.

B. Breast Cancer

Breast cancer is the most common cancer (2.09 million cases)
in women [49]. As shown in Table IV, ten small compounds are
predicted by our proposed HPC-based drug signature, nine of
which are known drugs.

Palbociclib is a medication for breast cancer that has been
sold in the market [67], [68]. Etoposide is a medication for
several types of cancers. It is an active and well-tolerated regi-
men in metastatic breast cancer (MBC) patients [69]. Tretinoin
is a medication for leukemia. The tretinoin-loaded lipid core
nanocapsules reduce the breast cancer cell viability even at
lower concentrations [71]. Teniposide is a chemotherapeutic
medication used in the treatment of childhood acute lymphocytic
leukemia and several cancers. It suppresses the growth of breast
tumor in vivo [72].

Tunicamycin is a mixture of homologous nucleoside antibi-
otics. The combination of trastuzumab and tunicamycin shows
effective treatments for HER2-positive breast cancer cells [73].
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TABLE IlI
DRuGs PREDICTED FOR LUNG CANCER
Labels Names The frequency rates in the groups of patients Num of
Whole dataset | Stage 1 | Stage 2 | Stage 3 | Stage 4-P1 | Stage 4-P2 | Ref.
Known Triptolide 0.948 0960 | 0905 | 0944 |1 T 58
drugs Maraviroc 0.871 0.893 0.762 0.889 1 1 6
Palbociclib 0.629 0.613 0.762 0.556 NULL 1 79
Crizotinib 0.517 0.493 0.524 0.611 1 NULL 2074
Neratinib 0.431 0427 | 0222 |0500 |1 1 70
Oxytetracycline | 0.414 0.440 NULL | 0.556 1 NULL 18
Caffeine 0.336 0387 | NULL | NULL |1 NULL 143
Ciglitazone NULL NULL 0.333 NULL NULL 1 26
Fenretinide NULL NULL | NULL | NULL |1 1 46
Geldanamycin NULL NULL NULL NULL NULL 1 64
Potential Lomerizine 0.500 0.520 0.477 0.389 1 1 0
drugs Terconazole 0.414 0.360 0.477 0.556 1 NULL 0
GSK-1059615 0.371 0.373 0.333 0.444 NULL NULL 0
Guanadrel NULL NULL 0.286 0.333 NULL NULL 0
Lofexidine NULL NULL NULL NULL 1 NULL 0
Tinidazole NULL NULL NULL NULL NULL 1 3
Oxetacaine NULL NULL NULL NULL NULL 1 0
NULL: The drug is not on the prediction list of the corresponding group of patients. Num of Ref.: The number of publications
associated with the predicted drug for lung cancer on PubMed.
TABLE IV TABLE VI
DRuUGS PREDICTED FOR BREAST CANCER DRUGS PREDICTED FOR PROSTATE CANCER
Labels Names Frequency rates | Num of Ref. Labels Names Frequency rates | Num of Ref.
Known drugs Palbociclib 0.824 784 Known drugs Palbociclib 0.897 13
Etoposide 0.560 1195 Triptolide 0.690 28
Tretinoin 0.432 657 Maraviroc 0.517 3
Teniposide 0.408 39 Cisplatin 0.310 1138
Tunicamycin 0.280 95 Rucaparib 0.276 49
Triptolide 0.272 53 Potential drugs Alverine 0.897 0
Idarubicin 0.272 107 Brompheniraming 0.552 1
Cytarabine 0.264 262 Tyloxapol 0.414 0
Potential drugs PHA-793887 0.512 1 Disopyramide 0.379 1
Norethisterone | 0.344 255 PHA-793887 0.276 0
TABLE V
DRuGS PREDICTED FOR COLORECTAL CANCER in breast carcinogenesis [80]. Further studies may concentrate
Cahels Names Frequency Taes | Nam of Ref. on how to enhance its inhibitions on those genes.
Known drugs Isosorbide 0.863 4
iptolide oo 18 C. Colorectal Cancer
E?\l/z(z):;ﬁgb 8:43147(71 i Colorectal cancer is the third most common cancer (1.80 mil-
Trametinib 0.263 29 lion cases) in the world [49]. ten small compounds are predicted
Potential drugs | Lomerizine 0.884 0 in the results, as shown in Table V, six out of which are known
Alverine 0.589 0 drues
Oxetacaine 0.558 0 g o . .
Tyloxapol 0.495 0 Isosorbide is a bicyclic chemical compound. The combina-

Triptolide has shown antitumor effects for lung cancer and pre-
dicted in Section III. It inhibits the viability of breast cancer cells
and significantly reduces the tumor weight and volume [74].
Idarubicin is an antineoplastic that has shown treatments against
breast cancer [75], [76]. Cytarabine is a chemotherapy medica-
tion used to treat leukemia. Some cases have suggested that
treatment of intrathecal liposomal cytarabine in patients with
leptomeningeal metastasis of breast cancer is feasible [77].

In this study, PHA-793887 and norethisterone are predicted
to be potential drugs for breast cancer. PHA-793887 is a CDK4
inhibitor, while the CDK4/6 inhibitors could sensitize a sub-type
of breast cancer to PI3K inhibitors [78]. Norethisterone is a
synthetic progestational hormone. It is a very weak inhibitor of
CYP2C9 and CYP3A4, which are expressed in breast cancer tis-
sues [79]. Studies about CYP3A4 indicate that it may play arole

tion of aspirin and isosorbide mononitrate shows synergistic
apoptosis-inducing effects in human colon cancer cells [81].
Triptolide has been identified in Sections III-A and III-B. It
also induces apoptosis of human colon cancer cells and inhibits
proliferation [82]. Maraviroc has been used in the treatment of
breast cancer. It induces significant apoptotic effects in col-
orectal cancer cells [83]. Palbociclib has been discussed in
Sections III-A and III-B. It promotes colon cancer cell death
and induces apoptosis [84].

Tivozanib is a type of kinase inhibitor, and the inhibition is
helpful in the treatment of colorectal cancer [85]. In a phase
IT study, the combination of tivozanib and everolimus shows
treatment in 50% of the patients with metastatic colorectal
cancer [85]. Trametinib is a MEK inhibitor drug with anti-cancer
activities. The combination of dabrafenib and trametinib shows
treatment for patients with metastatic colorectal cancer [86],
[87].
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Four drugs are predicted to have potential treatment for col-
orectal cancer, two of which have been studied the connections
with cancers. Lomerizine is predicted to be a potential drug for
both lung cancer and colorectal cancer, that it has the clinical
potential to reverse tumor multidrug resistance [65]. Alverine is
a medication for gastrointestinal disorders. The combination of
MG132 and it shows cytotoxic effects on breast cancer cells [88].
Oxetacaine is a potent local anesthetic. Tyloxapol is a surfactant.

D. Prostate Cancer

Prostate cancer is the second common cancer (1.28 million
cases) in men. As shown in Table VI, ten small compound are
predicted, five of which are known drugs.

Palbociclib and triptolide are identified in all four cancers.
Palbociclib is a novel medication for prostate cancer. A phase
II study shows that it may help slow the growth of prostate
cancer [89]. Triptolide induces prostate cancer cell death [90].
Maraviroc has been identified in lung and prostate cancers. It
reduces prostate tumor bone metastasis in immunocompetent
mice [91]. Cisplatin is a chemotherapy medication used to
treat a number of cancers, including prostate cancer [92], [93].
Rucaparib is a poly ADP ribose polymerase (PARP) inhibitor,
which is used as an anti-cancer medication. It has antitumor
activities in prostate cancer patients [94].

Alverine and tyloxapol are predicted to be potential drugs
for both colorectal and prostate cancers. Brompheniramine is a
histamine H1 antagonist, that histamine has some interactions
with cell proliferation and tumor growth [95]. PHA-793887 is
a CDK inhibitor, which is used to treat cancers by preventing
overproliferation of cancer cells [96]. Disopyramide is an an-
tiarrhythmic medication.

E. Discussion

In the experiments, we have studied our proposed framework
in four types of cancers, including lung cancer, breast cancer,
colorectal cancer, and prostate cancer. Among the predicted
drug lists for each cancer, some known drugs have been either
utilized in the treatment of cancer or studied in vitro and vivo
trials. The lowest rate of the known drugs in the list is 50% in
prostate cancer, while even 80% of drugs in the candidate list for
breast cancer have shown treatments in previous studies. Those
results indicate that our HDgS approach can be used to predict
drug candidates for cancers. In this study, we have adopted the
HPC-based drug signatures to connect with patient profiles. The
datasets used in this study contain only one type of cancer in
each sample. However, in principle, if a sample is from a patient
with comorbidity, the potential drugs for such a patient should
be different from those patients with a single disease. If there
are some datasets from patients with comorbidity available, we
would like to apply our proposed method to them in the future.

V. CONCLUSION

In this study, we have proposed a novel HPC-based drug
signature (HDgS) for drug repositioning. The HPCs are utilized
to describe dependencies between genes. Comprehensive ex-
periments have been conducted to evaluate the performance of

HDgS and other approaches. In the experiments, each patient is
given a list of drug candidates, and the predictions for the cancer
are according to the frequency analysis of the lists. The proposed
HDgS can identify known drugs for most of the patients. The
prediction rates of HDgS are larger than those of the competing
approaches. When dealing with two patient samples separately,
the proposed HDgS approach can identify seven known drugs,
most of which are the same as those from the whole dataset.
Based on literature evidences, many of the potential drugs also
have anti-cancer properties.
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