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Abstract

Hepatocellular carcinoma (HCC) is an aggressive tumor with a poor prognosis. Currently, only sorafenib is approved by the
FDA for advanced HCC treatment; therefore, there is an urgent need to discover candidate therapeutic drugs for HCC. We
hypothesized that if a drug signature could reverse, at least in part, the gene expression signature of HCC, it might have the
potential to inhibit HCC-related pathways and thereby treat HCC. To test this hypothesis, we first built an integrative
platform, the “Encyclopedia of Hepatocellular Carcinoma genes Online 2”, dubbed EHCO2, to systematically collect,
organize and compare the publicly available data from HCC studies. The resulting collection includes a total of 4,020 genes.
To systematically query the Connectivity Map (CMap), which includes 6,100 drug-mediated expression profiles, we further
designed various gene signature selection and enrichment methods, including a randomization technique, majority vote,
and clique analysis. Subsequently, 28 out of 50 prioritized drugs, including tanespimycin, trichostatin A, thioguanosine, and
several anti-psychotic drugs with anti-tumor activities, were validated via MTT cell viability assays and clonogenic assays in
HCC cell lines. To accelerate their future clinical use, possibly through drug-repurposing, we selected two well-established
drugs to test in mice, chlorpromazine and trifluoperazine. Both drugs inhibited orthotopic liver tumor growth. In conclusion,
we successfully discovered and validated existing drugs for potential HCC therapeutic use with the pipeline of Connectivity
Map analysis and lab verification, thereby suggesting the usefulness of this procedure to accelerate drug repurposing for
HCC treatment.
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Introduction

Hepatocellular carcinoma (HCC) is the most common liver
malignancy and one of the leading causes of cancer death
worldwide. It is an aggressive tumor, and the median survival
period following diagnosis is approximately 6 to 20 months [1].
Surgical resection is the main form of therapy; however, the
majority of patients are not resectable due to the late stage of the
disease or poor liver preservation. Liver transplantation, radiofre-
quency ablation, percutaneous ethanol ablation, transarterial
chemoembolization, and targeted therapy are other standard
treatments. Currently, only sorafenib has been approved by the
FDA for HCC treatment [2,3]; however, in the phase III, double-
blind, placebo-controlled trial, the median overall survival period in
the sorafenib group was prolonged by only 2.8 months compared
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with the placebo group [3]. Therefore, there is great urgency to
identify additional drugs for treating HCC (see review [4]).
Several studies [5,6] have utilized a novel technique to discover
potentially therapeutic chemicals through a collection of chemi-
cally-induced gene expression profiles. This method includes
searching for anti-correlated expression patterns of the genes of
mterest. Through proof of concept studies, the “Connectivity
Map” (CMap) project was developed to host a much greater
number of gene-expression profiles from cultured human cancer
cell lines treated with bioactive small molecules and to provide
pattern-matching algorithms to mine these data [7]. The platform-
independent system uses a nonparametric, rank-based algorithm
to calculate a score that indicates the degree of similarity or
dissimilarity between the query gene signatures and profile gene
signatures. A strong positive connectivity score (similarities)
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indicates that the corresponding agent of that profile induces the
expression of the query, while a strong negative connectivity score
(dissimilarities) shows that the corresponding agent reverses the
expression of it. Thus, agents with strong negative connectivity
scores might drive a particular disease state into a more stable state
[8,9]. The use of non-parametric statistics enables users to
compare signatures across various array platforms without
resorting to complicated meta-analysis. The flexible system offers
an opportunity to identify potential drugs targeting specific
diseases. For example, all-trans retinoid acid (ATRA) in acute
promyelocytic leukemia and imatinib in gastrointestinal stromal
tumors and chronic myeloid leukemia have been shown to target
the specific pathways associated with the type of carcinogenesis
and have good treatment outcomes [10,11].

In the post-genomics era, advances in tools (CMap) and
microarray profiling have provided an excellent opportunity to
monitor global gene expression in HCC [12-15] and to better
understand the complex interactions of hepatocarcinogenesis.
These high-throughput analyses have identified numerous differ-
entially expressed genes and have aided in the identification of
disease markers for diagnosis and potential targets for treatment.
To better embrace the paradigm shift, we have improved our
information-harvesting infrastructure, the Encyclopedia of Hepa-
tocellular Carcinoma genes Online 2, dubbed EHCO2 (http://
ehco.iis.sinica.edu.tw). EHCO2 employs natural language pro-
cessing and softbots (or Web wrapper agents [16]) to collect
scattered gene annotations either by mining data sources directly
or by querying publicly accessible databases.

Since the etiology of HCC (i.e., HCV, HBV, or alcohol-related)
differs in its molecular carcinogenesis, the ultimate aim is to
discover drugs that exploit either distinct etiology-related targets or
common targets. With no proper array paired samples or ample
clinical data (Table 1) to separate subgroups in the EHCO?2 data,
however, we can only concentrate on the latter aim. Despite these
limitations, various gene signature selection methods were
employed to identify common genetic signatures. Using these
HCC gene signatures and the CMap tool, a combination of
computational and experimental studies identified several poten-
tial therapeutic drugs for the treatment of human HCC.

Materials and Methods

Ethics Statement
All animal experiments were performed in accordance with the

guidelines of the Animal Welfare Committee of National Taiwan
University College of Medicine. (Approval ID: 20090352)

Collection of HCC-related gene expression signatures

A fundamental part of EHCO2 was the collection of 14 HCC-
related gene sets from PubMed as well as diverse high-throughput
studies [17], computational predictions, and validations [18]
(Figure 1A). The details of each set are listed in Table 1 and
Method S1.

Validation of EHCO2 genes by Q-RT-PCR

The mRNA expression levels were determined by quantitative
RT-PCR in 21 pairs of HCC patients (from the Taiwan Liver
Cancer Network, see Acknowledgement). The results were
normalized to the mRNA expression level of GAPDH in each
sample (Figure 1B).

Generation of HCC test sets

Two groups of datasets were used in this study; the details are
summarized in Table 1. Group 1 contained the original eight sets
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of HCC gene signatures derived from EHCOZ2 microarray-based
studies. Group 2 contained sets derived from Group 1, including
randomized sets, sets derived from combinations of studies, and
sets from Clique Analysis.

a) Generation of Group 1: Original EHCO2 sets. Group 1
contained the original eight sets of microarray-based HCC gene
expression profiles from EHCO. The other six sets contained no
microarray information and, thus, were excluded from further
analysis. The UCSF and POFG sets were discarded since they
only contained up-regulated genes. The SMD set, in which the
number of differentially expressed probe sets exceeded CMap’s
limit of 1,000 probe sets, was filtered using the STITCH [19]
database such that all genes had known interacting proteins.

b) Generation of Group 2: Derived EHCO2 sets. The
Group 2 datasets were derived from the Group 1 data. The set,
“100 random sets,” was generated to reflect a variety of HCC
conditions, using a randomization technique to simulate possible
combinations. The Confident Set (Method S1) was used as the
pool for the randomization. Only genes with Affymetrix U133A
annotations were retained, resulting in a smaller set of 1,588 up-
regulated and 1,308 down-regulated genes. The set consisted of
100 sets of 250 randomly selected up-regulated genes and 250
randomly selected down-regulated genes. The randomly selected
genes were converted into the probe IDs of the Aftymetrix U133A
platform by using the R packages from BioConductor [20]. In
addition, to be able to closely represent the complete HCC
conditions, sets using 500 up-regulated and 500 down-regulated
genes and sets using 1,000 up-regulated and 1,000 down-regulated
genes were also generated. To efficiently conduct massive
calculations, a program written in Ruby implemented the CMap
core algorithm and utilized CMap’s original data. The results were
compared to Cmap’s output and verified for exactness. The
program also overcame the CMap input limit of 1,000 probe sets,
making it feasible to run sets with larger input size.

Furthermore, two sets were generated to enrich the HCC gene
expression profile. The “Frequent sets” were created using all
combinations (n) of eight EHCO2 sets and three frequency
thresholds (k). For instance, for n=7, or ct,, eight sets were
created, each with one set omitted; for k=2, genes presented 2
times or more were included. This criterion extracted the most
common altered HCC genes for further testing. In addition, to
further enrich the gene sets, Clique Analysis [21] was employed.
The term chque, originating from the field of Graph Theory,
describes nodes of a sub-graph that have connections to all the
other nodes in that sub-graph. For example, a 3-clique is a graph
with 3 interconnected nodes, which is also a triangle. The genes
were used to construct their Protein-Protein Interaction (PPI)
network, where we were able to make calculations to select
proteins with complete interactions. The “Clique sets” contained
all “Frequent sets” that had undergone Clique Analysis.

CMap Analysis

The CMap analysis steps are illustrated in Figure 2A. Each set,
consisting of up- and down-regulated genes, was input into CMap
according to the program’s instructions. Sets with less than 10 up-
regulated (or down-regulated) probe sets were discarded due to
limited input. Only drugs with negative scores and p-values of less
than 0.05 were retained. Drug occurrences were summed and
used to rank the drugs.

Chemicals, cell culture, MTT cell viability assay and

clonogenic assay
The HCC cell lines, Mahlavu, PLC5, HepG2, and Huh7, were
cultured in Dulbecco’s Modified Eagle Medium (DMEM;
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Seromed, Berlin, Germany) supplemented with 10% heat-
inactivated fetal bovine serum, 100 pg/ml streptomycin,
100 pg/ml penicillin, and 2 mM L-glutamine in a humidified
atmosphere containing 5% COy at 37°C. The viability of the
exposed cells was determined using the MTT cell viability assay kit
(Sigma-Aldrich, St. Louis, USA), according to the manufacturer’s
mstructions. The tetrazolium salt 3-[4,5-dimethylthiazol-2-yl]-2,5-
diphenyltetrazolium bromide (MTT) is used to determine cell
viability in assays of cell proliferation and cytotoxicity. Twenty-
four hours after seeding cells at a concentration of 1.5x10% cells/
well in 100 pl of culture medium in a 96-well microplate, the cells
were then treated with small molecules (Table 2) selected from the
drug lists from the CMap queried results. The cells were exposed
to different concentrations of the small molecules for 72 hours.
Control cells were incubated in the absence of small molecules.
Afterwards, the cells were incubated with medium containing
MTT for 2 hours. The optical density at 450 nm was measured
using a microplate reader (Spectral Max250). For the clonogenic
assay, Huh7 cells were seeded out in appropriate dilutions in a 6-
well plate and treated with selected small molecules at various
concentrations for 15 days. Colonies were fixed with glutaralde-
hyde (6.0% v/v), stained with crystal violet (0.5% w/v), and
counted.

Animal study

The mouse hepatoma cell line BNL was purchased from the
American Type Culture Collection (Rockville, MD) and main-
tained in DMEM supplemented with 10% fetal calf serum. Male
BALB/c mice aged 7-8 weeks were used in the experiments. All
animal experiments were performed in accordance with the
guidelines of the Animal Welfare Committee of National Taiwan
University College of Medicine. For the single HCC nodule
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Table 1. HCC set criteria and individual gene counts.
Number of up/down
Group Name regulated genes Sample Size Features Selection Criteria
1 SMD 90/180 102 primary HCC and 74 non-tumor tissues HBV, HCV Intersected with STITCH[19]
GIS 160/38 37 HBV and non-tumor tissues (paired) HBV
LEE_NIH 161/153 91 human HCC and 7 mouse HCC Mouse vs human models
KIM_NIH 46/178 59 cirrhotic tissues, 14 HCC HBV, HCV (mixed signature)
CGED 305/291 120 HCC tissues, 86 non-tumor tissues and 32
normal liver tissue
FUDAN 201/292 29 HCC and 29 non-tumor tissues (paired) HBV
PASTEUR 31/53 15 HCC, 15 non-tumor tissues (paired) HBV, HCV (mixed signature)
TOKYO 94/147 20 HCC and 20 non-tumor tissues (paired) HBV, HCV (mixed signatures)
SMD_3K 8/15 Gens with 3-cliques
CGED_3K 12/9 Gens with 3-cliques
FUDAN_3K 13/10 Gens with 3-cliques
2 250-gene sets 250/250 Randomly selected from EHCO2
(100 sets)
500-gene sets  500/500 Randomly selected from EHCO2
(100 sets)
1000-gene sets  1000/1000 Randomly selected from EHCO2
(100 sets)
Frequent Sets Derived from Confident set
(494 sets)
Clique Sets
(256 sets)
doi:10.1371/journal.pone.0027186.t001

model, 3x10° BNL cells were injected into the left liver lobe of
mice on day 0. The needle hole was sealed with an electric
coagulator (Aaron, Petersburg, Florida, USA) immediately after
the withdrawal of the needle to avoid leakage. The incision was
subsequently sutured. In the prophylactic experiment, chlorprom-
azine (10 mg/kg/day) or trifluoperazine (10 mg/kg/day) were
administered orally beginning on day 1 after tumor formation
(n =10 for each group); in the therapeutic experiment, these test
agents were administered beginning on day 14. The tumors were
measured using calipers after the 2l-day treatment by an
investigator blinded to the treatment groups. The tumor volume
was calculated using the following formula: volume = width?x
length x0.52.

Results

Generation of EHCO2 data

To have a more thorough collection of HCC-related gene
expression profiles, EHCO2 was expanded from eight gene-set
collections to 14 gene-set collections, totaling 4,020 non-redundant
genes (the additional six gene-sets collections are described in
Method S1). Figure 1A shows the intersection between each gene
set. The SMD and UCSF datasets had the greatest overlap of 416
genes. Interestingly, 35% of the SMD (403 out of 1,160) and 26%
of the UCSF (164 out of 636) collections (referring to distinct genes
in Figure 1A) were genes that have not been reported in other gene
sets. A cross-dataset comparison of 14 datasets revealed the 14
genes that were most often identified, which appeared at least
seven times each in EHCO2 (Figure 1A). However, the majority
(~65%) of genes in the EHCO2 collections (see the bar chart in
Figure 1A) appeared only once, and there were some discrepancies
among the gene sets, indicating the need for further validation.
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Figure 1. Collection, intersection, and validation of HCC-related genes in EHCO2. (A) Gene sets in EHCO2 and their intersecting
genes. The gray box indicates the number of genes reported in each set, while the intersection cell indicates the numbers of common genes. Each
pair of datasets shares a small number of common genes, suggesting the heterogeneous nature of HCC. The bottom-left insert shows the frequency
of genes reported. Most genes are reported only once. (B) Validation of up-regulated genes via Q-RT-PCR. RHAMM, INTS8, CDCA8, DEPDC1B,

and KIAA0195 are over-expressed in 21 paired HCC patient samples.
doi:10.1371/journal.pone.0027186.9001

Thus, we randomly selected five genes that had an “Up”
expression pattern in EHCO2 for validation of their expression
using quantitative RT-PCR. As shown in Figure 1B, RHAMM,
INTS8, CDCA8, DEPDC1B, and KIAA0195 are over-expressed
in 21 of the paired HCC patient samples examined.

To shed new light on the w silico drug-screening platform
CMap, EHCO?2 data were used for creating gene signatures. Since
the utility of CMap relies on its use of non-parametric statistics, no
meta-analysis was required when combining data from various
sources, making it manageable to conduct studies with data from
different array platforms. To utilize CMap, two groups of gene
signatures were created from the EHCO2 database to allow a
comparison of the results for the best prediction power.
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Gene signatures and CMap analysis of Group 1 sets
(original EHCO2 sets)

Group 1 contained the original eight microarray-based HCC
gene expression profiles from EHCO2 (Table 1), with an average
of 136 up-regulated and 166 down-regulated genes. Before the
CMap analysis, the degree of data consistency was analyzed using
Jaccard’s Index (Method S1) as a measure of set similarity (Table
S1). Figure S1 shows that each set had a very high distance from
(or low similarity to) each other based on the clustering result using
Jaccard’s distance (i.e., one minus Jaccard’s Index) as a
dissimilarity measure. Even though sets marked as up-regulated
were ideally separated from those marked as down-regulated, the
up-regulated KIM set showed very little resemblance to the others.
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Figure 2. Flowchart and comparisons of prediction accuracy. (A) The CMap analysis flowchart. All eight sets from EHCO2 (Group 1), 100-
member random sets, Frequent sets, and Clique sets (Group 2) were individually queried with CMap. Only drugs with a p-value of less than 0.05 and a
negative enrichment score were retained. (B) Comparison of the accuracy of predicted drugs from each set. The top 10 drugs from each set
were labeled according to their anti-cancer effects. (C) The comparison of the Frequency sets and the Clique sets. The average effectiveness
of drugs was compared side by side.

doi:10.1371/journal.pone.0027186.9002

Table 2. The most frequently identified drugs from the Top 20 drugs of Group 1 (EHCO2 sets) and Group 2 (Derived EHCO?2 sets).
IC50 Clonogenic PubMed PubMed
Drug Name Description Frequency* (uM) Assay** cancer HCC
Tanespimycin HSP90 inhibitor 3 <0.1 N/A Yes[24] Yes[24]
Trichostatin A HDAC inhibitor 9 0.1~1 N/A Yes[25],[26] Yes[32]
Thioguanosine Purine analog 9 5~10 N/A Yes[27] Yes[27]
Thioridazine Antipsychotic drugs 4 5~10 N/A Yes[37] No
Phenoxybenzamine Antihypertensive drugs 6 >10 Effective No No
Trifluoperazine Antipsychotic drugs 2 >10 Effective Yes[37] No
Dipyridamole Platelet aggregation inhibitor 5 >10 Effective Yes[37] No
Sulconazole Antifungal agents 7 >10 Effective No No
Apigenin Flavone 8 >10 Effective Yes[37] Yes[37]
Chlorpromazine Antipsychotic drugs 4 >10 Effective Yes[36],[38] No
Luteolin Flavonoid 9 >10 Effective Yes[39] Yes[39]
Medrysone Steroid 9 >10 Ineffective No No
8-azaguanine Purine analog 7 >10 Ineffective Yes[40] No
Repaglinide Antidiabetic Agents 7 >10 Ineffective No No
Alpha-estradiol Hormone 7 >10 Ineffective No No
*: The frequency of drugs appeared in top 20 drugs in group 1 and group 2.
**: Effectiveness in the clonogenic assay is defined as reducing the number of colonies by more than 50% at 10 uM. Table is sorted by ICso value.
doi:10.1371/journal.pone.0027186.t002
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Similar to other studies [22], our analysis showed the heteroge-
neous nature of HCC, indicating that HCC may comprise
multiple states and/or subtypes.

After conducting CMap analysis, the top 10 drugs from each set
are listed (Figure 3). Some of the drugs, such as trichostatin A and
thioguanosine, have also been reported in previous studies
(Table 2), suggesting some degree of power for discovering
potential drugs. In contrast, FUDAN and PASTUER shared very
few common drugs with the other sets, a result of their only mild
similarity in gene expression to the other sets (Figure S1). The
disparity in drug predictions confirms the gene-set sensitivity of
CMap. Therefore, to guarantee optimal drug discovery, several
strategies were formulated to devise enriched gene sets.

Gene expression of Group 2 (Derived EHCO?2 sets)

a) Generation of Random Sets. With the collection of
candidate HCC-related genes, a collection of possible
combinations of simulated patient gene expression profiles was
created to reflect the heterogeneous nature of HCC. Sets of 250
up-regulated and 250 down-regulated genes were selected
randomly from the EHCO2 gene pools of up- and down-
regulated sets, respectively, for a total of 100 sets.

Since a set of 500 genes comprises less than 15% of the total
number of EHCO genes (4,020 genes), this might not be adequate
to represent HCC. Selections of 500 up-regulated and 500 down-
regulated genes and of 1,000 up-regulated and 1,000 down-
regulated genes were also made for further comparison. A
computer program written in Ruby that simulates the CMap
calculations was implemented to handle the larger data inputs.

b) Generation of Frequent Sets. Since HCC 15 a
heterogeneous disease, it is likely that genes reported in one
study differ greatly from another study. Therefore, to simulate all
possible scenarios, all combinations (n) of eight EHCO sets were
created. In other words, any two studies (n = 2) were combined as
a set, and this was continued until all studies were combined into a
set (n=8). In each combination, three frequency thresholds (k)

Potential Therapeutic Drugs in Liver Cancer

were set (i.e, no genes were discarded when k=1 and genes were
kept if genes occurred in two or more studies when k=2). A total
of 1,021 sets were created.

c) Generation of Clique Sets. The notion of clique from the
field of Graph Theory was utilized to enrich the gene sets. A
protein-protein interaction network of EHCO2 genes was created,
and cliques were extracted from this graph. A clique is a sub-graph
where all the nodes are connected to each other. The simplest
clique is the 3-cligue, 3 interconnected nodes, or a triangle. The
proteins in the clique set might represent a possible protein
complex, which is the preferred candidate for drug targeting [23].
Clique Analysis [21] was used to search for 3-clique sets in each
“Frequent set”.

CMap analysis of Group 2 sets (Derived EHCO2 sets)

Group 2 containing five different HCC gene sets, including
three “100-random sets”, the “Frequent sets”, and the “Clique
sets”, was queried with CMap, and corresponding prioritized drug
lists were generated (Figure 3).

Using selected HCC gene signatures to reveal potential
drugs with anti-proliferative or cytotoxic effects from
CMap

Bioactive small molecules in CMap that reverse, at least in part,
the HCC gene signatures may be drugs with potential to eradicate
HCC cells. In fact, several identified drugs already have literature
references of cancer studies. Drugs such as pyrvinium and
levonorgestrel have PubMed references related to cancers, while
MS-275 and LY-294002 are known to inhibit HCC cells. These
drugs were marked as “PubMed Cancer” and “PubMed HCC”,
respectively (Figure 3). Additionally, we selected the 50 top-
occurring small molecules (Table S2) from each top 20 drugs of
the 2 groups (a total prediction of 258 drugs) and determined the
effects of these drugs on the proliferation of 4 HCC cell lines by
MTT and/or clonogenic assays. Drugs with (1) an ICs,
(concentration that inhibits cell growth by 50%) less than 10 uM

Group | |
Rank GIS PASTEUR
| B-azaguanine LY-294002 - trichostatin A paracetamol mebendazole trichostatin A
2 trichostatin A trichostatin A vorinostat GW-8510 pyrvinium rolitetracycline dequalinium chioride LY-294002
3 thioguanosine apigenin trichostatin A alsterpaullone rottlerin progesterone pargyline valproic acid
4 i d LY-294002 meticrane epaglinide ionomycin colchicine dequalinium chl
5 Iph: diol ycloserine Prestwick-674 apigenin alimemazine benperidol hexestrol
6 - DL-thiorpha meticrane doxorubicin mebendazole dirithromycin methazolamide sulconazole
7 thioridazine thioguanosine amiodarone alpha-estradiol thioguanosine imipramine nifuroxazide luteolin
8 bisacodyl trioxysalen gliclazide thioguanosine luteolin methylprednisolone | methylergometrine [LIELGRTE AT
9 dequalinium chloride sulconazole trazodone pronetalol pimozide withaferin A ibromoindirubin-3"-oxi tanespimycin
10 triflusal morantel oxaprozin medrysone ciclopirox fluorometholone dipyridamole
Effective 5 3 3 7
Ineffective 4 4 7 2 2 0 2 |
Group 2
Rank 250-genes 100 sets | 500-genes 100 sets 1000-genes 100 sets I freq 494 sets clique 254 sets
] medrysone 95 medrysone 99 trichostatin A 100 S 433 triflucperazine
2 8-azaguanine 92 ostatin A 97 chlorpromazine 100 424 thioridazine
3 o A 91 resveratrol 97 apigenin 100 418 dequalinium chloride
4 resveratrol 88 oguanosine 94 100 406 prochlorperazine
5 oguanosine 84 hexestrol 93 100 sulconazole 397 apigenin
6 alpha-estradi 82 alpha-estradiol 92 100 vorinostat 382 luteolin
7 phenoxybenza 82 8-azaguanine 92 100 365 thioguanosine
8 onazo 80 orpro e 92 100 348 sulconazole
9 I 77 phenoxybenza 90 100 343 acepromazine
10 orpro e 76 pig 88 100 343 medrysone 222
Effective 5 5 ) 8
Ineffective 5 5 4 4 |
Legend Ineffective Pubmed HCC Pubmed cancer

Figure 3. Effectiveness of drugs in Group 1 and Group 2. The top 10 drugs from each set were labeled according to their anti-cancer effects.

doi:10.1371/journal.pone.0027186.g003
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or (2) a 50% reduction in number of colonies at 10 pM in the
clonogenic assay were defined as effective against HCC cell lines.
As shown in Table 2 and Figure S3, the viability of HCC cell lines
was reduced by more than 50% after co-incubation with various
concentrations of trichostatin A and tanespimycin for 72 hours
(IC50<10 uM). These results were consistent with previous studies
[24-27]. Drugs with IC5o over 10 uM (Table 2) were subjected to
the clonogenic assay as a secondary screening. Treatment of Huh7
cells with 10 pM chlorpromazine and trifluoperazine dramatically
reduced the clonogenic survival of Huh7 cells (Figure 3). In short,
as shown in Table S2, 28 of the 50 top-ranked drugs were
considered effective.

Accuracy of drug prediction comparison

The effectiveness of the top 10 drugs from each set is depicted in
Figure 2A. Group 1 sets showed great variability in prediction
power, suggesting that gene signatures from a single study of a
heterogeneous disecase might not guarantee an optimal drug
prediction result. We resorted to using combined studies for larger
gene pools.

To this end, using EHCO’s Confidence Set (Method S1)
consisting of 1,821 up regulated and 1,477 down-regulated HCC-
related genes, a randomization technique was employed to select
gene signature sets of 250-gene, 500-gene, and 1,000-gene in order
to represent the heterogeneous nature of HCC. As depicted in
Figure 3, this method identified 13 drugs, 7 of which appeared in
all three sets. The results were consistent despite the differences in
gene number. Compared to the results of Group 1, however, this
method did not significantly improve the accuracy or reduce the
maccuracy. Furthermore, several ineffective drugs even had higher
rankings. The mediocre result can be explained by the lack of gene
structure maintenance while randomly choosing genes.

Another gene selection strategy is to keep the most occurring
genes, putting more emphasis on consensus genes and ignoring
infrequent genes. To simulate studies, we generated all combina-
tions of Group 1 sets and, for each set, set three occurrence
thresholds (k). Under these stringent thresholds, some combina-
tions did not have enough genes (probe sets <10) and were
discarded, resulting in a total of 494 sets. As depicted in Figure 3,
at first glance, the result was not as promising. However, once the
result was stratified, as shown in Figure 2C, certain trends
emerged. For all thresholds (k), sets with more studies (n) combined
had better results. Furthermore, the accuracy (0.6) peaked when
k=2. In addition, as depicted in Figure S2B, while the unverified
rate remained similar to sets of k=1, sets of k =2 had much lower
ineffective rates. The above observations suggested an effective
strategy to combine studies and enrich the gene sets using the
frequency threshold.

While instituting a frequency threshold eliminates less occurring
genes, gene sets can be further enriched by using Clique Analysis.
This elimination, unlike that conducted in the Randomization sets,
preserves the gene structures, making function-related genes sets.
After eliminating sets with insufficient genes (probe sets <10), 254
sets were created. As depicted in Figure 3, the result reached 80%,
and the previously highly ranked but ineffective drug medrysone
was now ranked 10", Furthermore, as presented in Figure 3C, the
clique version of the sets outperformed the frequent versions in all
cases. Among the 254 sets compared, there was an average of
86.22% and 91.71% reduction in up-regulated genes and down-
regulated genes, respectively. Furthermore, 72% of the clique sets
had a greater effective rate and 89% of the clique sets had a less
meffective rate compared to the corresponding frequent sets. The
reduction in gene set numbers and improvement in accuracy
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strongly indicate that these selected genes play a vital role in HCC
cells.

Chlorpromazine and trifluoperazine decrease the growth
of orthotopic liver tumors

To test for anti-tumor effects in a clinically relevant situation, we
used an orthotopic liver tumor model representing a large tumor
load. BNL cells (3x10°) were injected into the left liver lobe of an
animal. Usually, a tumor nodule of ~60-100 mm?® can be observed
on day 14 after tumor implantation. Liver tumors were measured
on day 35 using calipers. As shown in Figure 4, in the prophylaxis
experiment, while animals in the control groups showed apparent
tumor enlargement on day 35 compared to day 14 (170.2%£58.0%),
those treated with chlorpromazine showed less tumor enlargement
(93.1£75.4%), and those treated with trifluoperazine also showed
an inhibition of tumor enlargement (93.2£43.4%). The tumor
growth in the chlorpromazine and trifluoperazine groups was
significantly slower than that of the control group (chlorpromazine
group vs. control group, p<<0.05; trifluoperazine group vs. control
group, $<<0.005). For both treated groups, the therapeutic effects
were obvious compared to the control group. In the therapeutic
experiment, the tumor volume of the animals in the control groups
was 3,739.6%3,304.0 mm® on day 21, and those treated with the
test agents showed decreased tumor growth (1,313.2610.8 mm®
for chlorpromazine and 1,093.0+720.5 mm” for trifluoperazine).
The tumor growth in the chlorpromazine and trifluoperazine
groups was significantly slower than that of the control group
(chlorpromazine group vs. control group, p<0.05; trifluoperazine
group vs. control group, p<0.05).

Discussion

The ultimate goal of this study is to identify potential drug
candidates for rapid screening for anti-HCC therapy via CMap.
The heterogeneous nature of HCC yields gene signatures with
little similarity; thus, it is a great challenge to formulate an optimal
gene list for drug prioritization. To address this, we did the
following: (1) collected HCC-related genes from various array
sources and studies in the literature and organized EHCOZ2 as an
updated public resource, (2) devised strategies for creating gene
signatures from the heterogencous data, (3) tested the CMap-
predicted drugs i vitro and compared the performance of gene-
selection strategies from the experiment, and (4) validated two
candidate FDA-approved drugs, chlorpromazine and trifluopera-
zine, in orthotopic liver tumor models. This strategy provides a
shortcut for the development of anti-HCC therapies. With an
ever-increasing amount of genomic data available, other diseases
of interest will also likely face similar difficulties. Our method
provides a novel approach for combining several genomic studies,
aiming for the precise prediction of drug efficacy.

Since the development of CMap, researchers have used this tool
to investigate several cancers, including breast [28], colon [29],
and prostate cancers [30], as well as nasopharyngeal carcinoma
[31]. Using the EHCO2 datasets, we proposed to conduct CMap
analysis with the aim of finding therapeutic drugs for HCC. The
EHCO?2 database provides us with diversified HCC samples for
this purpose. In order to simulate possible combinations of HCC
gene expression, we filtered genes by three different methods,
including the “Frequent sets”, “Clique sets”, and randomly
selected 100-member subsets of all occurring genes. The
“Frequent sets” and “Clique sets” were better gene sets for
precisely identifying potential drugs for HCC than the random
sets. One plausible explanation is that in each of the random sets,
unrelated genes were selected, and genes with high correlations
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Figure 4. In-vitro and in-vivo effects of chlorpromazine and trifluoperazine. (A) Chlorpromazine and trifluoperazine inhibit
clonogenic survival. Huh7 cells were incubated with chlorpromazine and trifluoperazine at various concentrations (1, 3.3, and 10 uM) for 15 days.
Cell colonies were counted and expressed in terms of percent survival relative to the control. The data represent the mean=SD from three
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group. (D) The sizes of tumors obtained from the animals in the prophylactic group 21 days after tumor implantation were measured. Black arrows

show the liver tumors.
doi:10.1371/journal.pone.0027186.g004

might not be selected at once, thus compromising accuracy. On
the other hand, the result of using the “Frequent Set” was far
better than those of the individual sets, proving the usefulness of
applying the “majority vote” method to the heterogeneous gene
sets. Moreover, the use of “Clique Analysis” enriched the gene sets
by only including genes with associated functions and resulting in
higher accuracy (Figure 2C). One drawback is that the Clique
Analysis reduces the gene number greatly, which is unsuitable for
sets with limited numbers of genes. Clique Analysis performs well
in the combination set study with a sufficient number of genes
reported, yet performs poorly on single studies (data not shown).
Finally, the comparison of the accuracy of predictions from all sets
is listed in Figures 2B and 3. With a more concise gene signature,
the CMap program generates a more precise prediction. In
conclusion, the tight integration of CMap and EHCO2 data
provides a good strategy for prioritizing drug selection from a
chemical library.

Of the 50 prioritized drugs (Table S2) from each of the two
groups, 28 were determined to have anti-tumor effects by the
MTT and/or clonogenic assays. Some drugs (Table 2) were
previously reported in PubMed for cancer treatment and even
some for HCC, which verifies our results. Trichostatin A, which is
a histone deacetylase inhibitor, may also inhibit tumor cell
proliferation [25,26,32] (Figure S3A); Tanespimycin is a heat
shock protein 90 (HSP90) inhibitor, which degrades HSP90
related client protein and induces tumor cell death [24] (Figure
S3B). LY294002, which is a PI3K inhibitor, has been extensively
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studied to inhibit cancer cell growth by blocking the PI3K/Akt
pathway [33]; Thioguanosine is a purine analog and an anti-
tumor drug. It has been reported to inhibit ribosomal RNA
maturation in hepatoma cells [27]. Interestingly, antipsychotic
drugs such as chlorpromazine, trifluoperazine and thioridazine
were also identified to have anti-tumor effects (Table 2).

Two drugs, chlorpromazine and trifluoperazine, were further
tested for anti-tumor effects in an i vivo HCC study (Figure 4).
They are both typical anti-psychotic drugs of the phenothiazine
group. Chlorpromazine is also used to control intractable hiccup
nausea and vomiting. Some studies have reported that chlor-
promazine might inhibit tumor cell proliferation and cause cell-
cycle arrest [34-36]. Trifluoperazine has also been demonstrated
to induce cancer cell apoptosis [37]. Other potential therapeutic
drugs are discussed in Method S1.

HCC is a heterogeneous and multi-factorial disorder that may
involve distinct pathways in different individuals. Although the
ideal strategy is to predict drugs for each individual or for patients
with different etiologies (i.e., HBV, HCV, or alcohol-related) or
clinical outcomes, to the best of our knowledge there are no proper
paired sample arrays (diseased vs. normal liver tissues or cirrhotic
liver tissue) that can be utilized to address this. Thus, the main
limitation of this study is that the HCC datasets used for CMap
construction are not uniformly associated with clinical outcomes or
HCC etiologies. HCC behavior will vary in each individual
patient and thus will result in varying risks for overall survival and
tumor recurrence; drug efficacy may also vary as a result of this.
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In summary, the shortage of new drugs for the treatment of
HCC and the rapidly rising costs of drug development encourage
efforts to explore methodology for drug-repurposing. Our
bioinformatics analysis exploits the resources from EHCO2 and
CMap to make connections between gene expression, disease, and
drug action, resulting in the systematic identification of several
potential therapeutic drugs. This finding in conjunction with
future clinical trials may provide a paradigm of drug discovery for
neglected diseases.

Supporting Information

Method S1 Supplementary method and discussion.
(DOCX)

Figure S1 Clustering Dendrogram for Group 1.
(TTF)

Figure S2 Results of the Frequent sets. (A) Effective rate,
(B) Ineffective rate, and (C) Unverified rate, of the top 10 drugs
from each frequent set. n indicates numbers of studies combined
while £ indicates the frequency a gene should at least have to
remain in the gene set.

(TIF)

Figure 83 Trichostatin A and tanespimycin inhibit cell
proliferation. Each drug was administered at various concen-
trations (0.1 pM, 1 uM, and 10 pM) to 4 HCC cell lines, HepG2,
PLC5, Mahlavu, and Huh7, for 72 hours. The cell viability was
evaluated by the MTT assay. Trichostatin A (A) and tanespimycin

References

1. Investigators TCotLIP (1998) A new prognostic system for hepatocellular
carcinoma: A retrospective study of 435 patients. Hepatology 28: 751-755.

2. Cheng A-L, Kang Y-K, Chen Z, Tsao C-J, Qin S, et al. (2009) Efficacy and
safety of sorafenib in patients in the Asia-Pacific region with advanced
hepatocellular carcinoma: a phase III randomised, double-blind, placebo-
controlled trial. The Lancet Oncology 10: 25-34.

3. Galle PR (2008) Sorafenib in advanced hepatocellular carcinoma - We have won
a battle not the war. Journal of Hepatology 49: 871-873.

4. Finn RS (2010) Development of molecularly targeted therapies in hepatocellular
carcinoma: where do we go now? Clinical cancer research: an official journal of
the American Association for Cancer Research 16: 390-397.

5. Hughes TR, Marton MJ, Jones AR, Roberts CJ, Stoughton R, et al. (2000) Functional
discovery via a compendium of expression profiles. Cell 102: 109-126.

6. Stegmaier K, Ross KN, Colavito SA, O’Malley S, Stockwell BR, et al. (2004)
Gene expression-based high-throughput screening(GE-HT'S) and application to
leukemia differentiation. Nat Genet 36: 257-263.

7. Lamb J, Crawford ED, Peck D, Modell JW, Blat IC, et al. (2006) The
Connectivity Map: using gene-expression signatures to connect small molecules,
genes, and disease. Science 313: 1929-1935.

8. Wei G, Twomey D, Lamb ], Schlis K, Agarwal J, et al. (2006) Gene expression-
based chemical genomics identifies rapamycin as a modulator of MCLI1 and
glucocorticoid resistance. Cancer Cell 10: 331-342.

9. Hieronymus H, Lamb J, Ross KN, Peng XP, Clement C, et al. (2006) Gene
expression signature-based chemical genomic prediction identifies a novel class
of HSP90 pathway modulators. Cancer Cell 10: 321-330.

10. de Thé H, Chen Z (2010) Acute promyelocytic leukaemia: novel insights into the
mechanisms of cure. Nat Rev Cancer 10: 775-783.

11. Duensing S, Duensing A (2010) Targeted therapies of gastrointestinal stromal
tumors (GIST)-The next frontiers. Biochemical Pharmacology 80: 575-583.

12. Neo SY, Leow CK, Vega VB, Long PM, Islam AF, et al. (2004) Identification of
discriminators of hepatoma by gene expression profiling using a minimal dataset
approach. Hepatology 39: 944-953.

13. Kim J, Ye Q, Forgues M, Chen Y, Budhu A, et al. (2004) Cancer-associated
molecular signature in the tissue samples of patients with cirrhosis. Hepatology
39: 518-527.

14. Lee J, Thorgeirsson S (2002) Functional and genomic implications of global gene
expression profiles in cell lines from human hepatocellular cancer. Hepatology
35: 1134-1143.

15. Shirota Y, Kaneko S, Honda M, Kawai H, Kobayashi K (2001) Identification of
differentially expressed genes in hepatocellular carcinoma with ¢cDNA micro-
arrays. Hepatology 33: 832-840.

@ PLoS ONE | www.plosone.org

Potential Therapeutic Drugs in Liver Cancer

(B) exhibited cytotoxicity effect. The data represent the mean=SD
from three independent experiments.

(TIF)

Table S1 Jaccard’s Index between all Group 1 sets.
Jaccard’s Index is used to measure the similarity between pairs of
sets. The ratios in parentheses indicate the number of common
genes out of the total number of genes for each pair.

(XLSX)

Table S2 Potential 50 drugs identified from the Top 20
drugs from Group 1 and Group 2 sets. Potential 50 drugs
identified from the Top 20 drugs of all 13 sets.

(XLSX)

Acknowledgments

We thank Sheng-An Lee for conducting Clique Analysis. We would also
like to thank Taiwan Liver Cancer Network (TLCN) for providing the
hepatocellular carcinoma tissue samples and related clinical data (all are
anonymous) for our research work. This network currently includes five
major medical centers (National Taiwan University Hospital, Chang-Gung
Memorial Hospital-Linko, Veteran General Hospital-Taichung, Chang-
Gung Memorial Hospital -Kaohsiung, and Veteran General Hospital -
Kaohsiung). TLCN is supported by grants from National Science Council
since 2005 till now (NSC 100-2325 -B-182 -006) and National Health

Research Institutes, Taiwan.

Author Contributions

Conceived and designed the experiments: C-YFH. Performed the
experiments: M-HC Y-WL PM-HC K-WH. Analyzed the data: K-TL
C-HL W-LRY. Contributed reagents/materials/analysis tools: J-ML C-
NH K-MC C-YK. Wrote the paper: M-HC W-LRY K-TL C-HL.

16. Hsu C, Chang C, Sick H, Lu J, Chiou J (2003) Reconfigurable web wrapper
agents for web information integration. Proceedings of IJCAI-2003 Workshop
on Information Integration on the Web.

17. Hsu CN, Lai JM, Liu CH, Tseng HH, Lin CY, et al. (2007) Detection of the
inferred interaction network in hepatocellular carcinoma from EHCO
(Encyclopedia of Hepatocellular Carcinoma genes Online). BMC bioinformatics
8: 66.

18. Liu C-H, Lin K-T, Huang C-YF, Shann Y-J, Lin Y-S, et al. (2011) Genome-
Wide Detection of Putative Oncofetal Genes in Human Hepatocellular
Carcinoma by Splicing Pattern Comparison. iConcept Transaction on
Computational Intelligence in Bioinformatics (TCIB).

19. Kuhn M, Szklarczyk D, Franceschini A, Campillos M, von Mering C, et al.
(2010) STITCH 2: an interaction network database for small molecules and
proteins. Nucleic acids research 38: D552-556.

20. Gentleman RC, Carey VJ, Bates DM, Bolstad B, Dettling M, et al. (2004)
Bioconductor: open software development for computational biology and
bioinformatics. Genome Biol 5: R80.

21. Lee SA, Chan CH, Chen TC, Yang CY, Huang KC, et al. (2009) POINeT:
protein interactome with sub-network analysis and hub prioritization. BMC
Bioinformatics 10: 114.

22. Hoshida Y, Toffanin S, Lachenmayer A, Villanueva A, Minguez B, et al. (2010)
Molecular classification and novel targets in hepatocellular carcinoma: recent
advancements. Semin Liver Dis 30: 35-51.

23. Chen T-C, Lee S-A, Chan C-H, Juang Y-L, Hong Y-R, et al. (2009) Cliques in
mitotic spindle network bring kinetochore-associated complexes to form
dependence pathway. Proteomics 9: 4048-4062.

24. Braconi C, Meng F, Swenson E, Khrapenko L, Huang N, et al. (2009)
Candidate therapeutic agents for hepatocellular cancer can be identified from
phenotype-associated gene expression signatures. Cancer 115: 3738-3748.

25. Platta C, Greenblatt D, Kunnimalaiyaan M, Chen H (2007) The HDAC
inhibitor trichostatin A inhibits growth of small cell lung cancer cells. Journal of
Surgical Research 142: 219-226.

26. Weichert W, Roske A, Gekeler V, Beckers T, Ebert M, et al. (2008) Association
of patterns of class I histone deacetylase expression with patient prognosis in
gastric cancer: a retrospective analysis. Lancet Oncology 9: 139-148.

27. Weiss JW, Pitot HC (1974) Inhibition of ribosomal RNA maturation in Novikoff
hepatoma cells by toyocamycin, tubercidin, and 6-thioguanosine. Cancer Res
34: 581-587.

28. Creighton CJ, Casa A, Lazard Z, Huang S, Tsimelzon A, et al. (2008) Insulin-
like growth factor-I activates gene transcription programs strongly associated
with poor breast cancer prognosis. J Clin Oncol 26: 4078-4085.

November 2011 | Volume 6 | Issue 11 | e27186



29.

30.

31

32.

33.

34.

Garman KS, Acharya CR, Edelman E, Grade M, Gaedcke J, et al. (2008) A
genomic approach to colon cancer risk stratification yields biologic insights into
therapeutic opportunities. Proc Natl Acad Sci U S A 105: 19432-19437.
Setlur SR, Mertz KD, Hoshida Y, Demichelis F, Lupien M, et al. (2008)
Estrogen-dependent signaling in a molecularly distinct subclass of aggressive
prostate cancer. J Natl Cancer Inst 100: 815-825.

Lan MY, Chen CL, Lin KT, Lee SA, Yang WL, et al. (2010) From NPC
therapeutic target identification to potential treatment strategy. Mol Cancer
Ther 9: 2511-2523.

Gray SG, Kytola S, Lui WO, Larsson C, Ekstrom TJ (2000) Modulating IGFBP-
3 expression by trichostatin A: potential therapeutic role in the treatment of
hepatocellular carcinoma. Int J Mol Med 5: 33-41.

Vlahos CJ, Matter WF, Hui KY, Brown RI (1994) A specific inhibitor of
phosphatidylinositol - 3-kinase,2-(4-morpholinyl)-8-phenyl-4H-1-benzopyran-4-
one (LY294002). J Biol Chem 269: 5241-5248.

Shin SY, Kim CG, Kim SH, Kim YS, Lim Y, et al. (2010) Chlorpromazine
activates p21Wafl/Cipl gene transcription via early growth response-1 (Egr-1)
in C6 glioma cells. Exp Mol Med 42: 395-405.

@ PLoS ONE | www.plosone.org

10

36.

37.

38.

39.

40.

Potential Therapeutic Drugs in Liver Cancer

. Wiklund ED, Catts VS, Catts SV, Ng TF, Whitaker NJ, et al. (2010) Cytotoxic

effects of antipsychotic drugs implicate cholesterol homeostasis as a novel
chemotherapeutic target. Int J Cancer 126: 28-40.

Lee MS, Johansen L, Zhang Y, Wilson A, Keegan M, et al. (2007) The novel
combination of chlorpromazine and pentamidine exerts synergistic antiprolif-
erative effects through dual mitotic action. Cancer Res 67: 11359-11367.
Gil-Ad I, Shtaif B, Levkovitz Y, Nordenberg J, Taler M, et al. (2006)
Phenothiazines induce apoptosis in a B16 mouse melanoma cell line and
attenuate in vivo melanoma tumor growth. Oncol Rep 15: 107-112.

Kast RE, Altschuler EL (2007) Consideration of use of phenothiazines in
particular trifluorperazine for epidermal growth factor receptor associated
cancers. Medical Hypotheses 69: 1074-1075.

Yoo DR, Jang YH, Jeon YK, Kim JY, Jeon W, et al. (2009) Proteomic
identification of anti-cancer proteins in luteolin-treated human hepatoma Huh-7
cells. Cancer Lett 282: 48-54.

Dourado M, Sarmento AB, Pereira SV, Alves V, Silva T, et al. (2007) CD26/
DPPIV expression and 8-azaguanine response in T-acute lymphoblastic
leukaemia cell lines in culture. Pathophysiology 14: 3-10.

November 2011 | Volume 6 | Issue 11 | e27186



