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Abstract 

Background Hepatocellular carcinoma (HCC) is the third leading cause of cancer-related 
mortality, yet effective therapeutic options remain limited. Although Genome-Wide Association 
Studies (GWAS) have identified multiple HCC susceptibility loci, translating these discoveries 
into therapeutic leads has proven challenging. Here we present a reverse transcriptomic 
repurposing pipeline that combines evidence from multiple GWAS, tissue-resolved 
transcriptomics, and small-molecule perturbational profiles to identify candidate drugs for HCC. 

Materials and methods We developed a reproducible drug-repositioning pipeline linking 12 
HCC-related GWAS datasets with multi-tissue GTEx regulatory profiles and LINCS L1000 
perturbational signatures through S-PrediXcan and LINCS-based transcriptomic connectivity 
analysis (SPxLINCS). Previously calculated compound-level evidence scores were retained for 
ranking and visualization. Candidate networks were visualized in Cytoscape as bipartite and 
tripartite graphs, and clinical plausibility was assessed by Drug Set Enrichment Analysis 
(DrugEnrichr vs. SIDER) with Benjamini–Hochberg correction. 

Results Across the 12 datasets, the SPxLINCS pipeline prioritized compounds that could be 
grouped into five mechanism-related categories after key-tissue and reverse-signature filtering: 
cell-cycle and mitotic kinase inhibitors, including CDK- and PLK1-related compounds; focal 
adhesion kinase inhibitors; DNA-dependent protein kinase and DNA-damage-response agents; 
topoisomerase I inhibitors; and translation-related inhibitors. Network visualization 
distinguished compounds that recurred across multiple GWAS datasets from compounds 
primarily associated with individual phenotypes. Drug-set enrichment analysis identified 
enrichment of terms related to hepatocellular and other hepatic malignancy indications in the 
SIDER database. Importazole, ER-27319, and LDN-193189 were recurrently prioritized across 
multiple datasets and tissues despite limited prior characterization in HCC. These compounds 
should therefore be regarded as computationally nominated and hypothesis-generating 
candidates requiring experimental validation. 

Conclusions This multi-GWAS reverse transcriptomic approach yields a mechanism-guided 



candidate list for drug repurposing in HCC. Signal consistency across independent datasets, 
combined with indication-level enrichment, supports advancing prioritized compounds into 
biomarker-stratified preclinical and early clinical evaluation. 

Keywords hepatocellular carcinoma; drug repurposing; genome-wide association study; 
reverse transcriptomic signature; network pharmacology; drug set enrichment analysis 

Introduction 

Hepatocellular carcinoma (HCC) is the predominant histological subtype of primary liver 
cancer, accounting for an estimated 661,000 new cases -- approximately 80% of all liver cancers 
-- globally in 2018 and ranks as the third leading cause of cancer-related mortality worldwide 
[1,2]. Although systemic therapies including multikinase inhibitors and immune checkpoint 
inhibitors have been approved for HCC, responses are frequently limited by therapeutic 
resistance and tumor heterogeneity. 

Genetic susceptibility contributes to HCC risk, and recent genome-wide association studies 
(GWAS) have identified multiple susceptibility loci across diverse etiologies and populations 
[3]. Most of these variants fall in non-coding sequence, complicating the identification of causal 
genes and effector mechanisms. The Genotype-Tissue Expression (GTEx) project was 
established to characterize the effects of genetic variation on gene expression across human 
tissues, providing a critical resource for mapping GWAS signals to tissue-specific regulatory 
mechanisms [4]. Transcriptome-wide association studies (TWAS), implemented through tools 
such as S-PrediXcan, leverage GTEx-derived prediction models to impute genetically regulated 
gene expression and identify disease-associated transcriptomic signatures at tissue resolution, 
thereby connecting GWAS loci to downstream biological pathways [5]. 

The Connectivity Map (CMap) framework can be performed to turn disease transcriptomics 
into drug hypotheses, which identifies functional relationships between diseases and drugs by 
comparing disease-associated gene expression signatures against a reference compendium of 
compound-induced transcriptional profiles from treated cell lines [6]. The core principle that 
compounds reversing a disease transcriptomic signature may exert therapeutic effects has been 
widely applied across computational drug repurpose and mechanistic pharmacology. Building 
on this basis, the LINCS L1000 project substantially expanded the scale and diversity of 
perturbational transcriptomic data by profiling thousands of small molecules across multiple 
cell lines and treatment conditions, enabling systematic inference of drug-gene-disease 
relationships at a significant scale [7-9]. The integration of genetically informed disease 
signatures with LINCS L1000 perturbational profiles thus offers a direct approach to 
nominating repurposable compounds for complex diseases such as HCC. 

Conventional drug discovery is a costly and time-consuming process, typically requiring over 



a decade and substantial financial investment to bring a single compound to market. Drug 
repurposing identifies new therapeutic indications for existing, clinically approved medications, 
offering a compelling alternative by leveraging established safety profiles, known 
pharmacokinetics, and existing regulatory data to accelerate clinical translation [10]. Drug 
repurposing has also attracted substantial interest in NSCLC, where compounds originally 
developed for non-oncological indications have been explored as potential anticancer agents 
using computational, experimental, and nanoparticle-based approaches [11]. For HCC, where 
the approved drug pipeline remains narrow, repurposing represents a practical route to 
identifying new treatment options with reduced developmental risk and then 
informing subsequent rounds of targeted drug development. 

To evaluate the clinical plausibility of computationally nominated drug candidates, Drug Set 
Enrichment Analysis (DSEA) provides an independent validation step at the pharmacological 
level. Analogous to gene set enrichment analysis applied at the drug level, DSEA assesses 
whether a prioritized set of compounds is statistically enriched for shared therapeutic 
indications or mechanisms of action by integrating drug-induced transcriptional responses with 
curated indication and side-effect databases [12,13]. This approach enables systematic 
evaluation of whether nominated candidates converge onto disease-relevant clinical phenotypes, 
thereby supporting translational relevance beyond computational prediction. 

In this study, we describe an integrative, multi-GWAS drug repurposing framework for HCC 
that extends the classical CMap paradigm by anchoring disease signatures in genetically 
regulated gene expression. By combining tissue-specific transcriptomic signatures derived 
from S-PrediXcan across 12 independent HCC GWAS datasets with LINCS L1000 
perturbational profiles [14], we identify compounds whose transcriptional effects oppose the 
HCC disease signature. Candidate drugs are further evaluated through network-based 
visualization and DSEA to assess cross-dataset reproducibility and indication-level clinical 
plausibility. This workflow is scalable across GWAS datasets and provides a reproducible route 
from genetic association to mechanism-guided drug candidates, which may accelerate the 
identification of mechanism-guided therapeutic candidates for HCC. 

Materials and methods 



 

Figure 1. End-to-end HCC drug repurposing workflow (SPxLINCS). The pipeline integrates 12 

HCC/hepatobiliary GWAS datasets with GTEx v8 multi-tissue transcriptomics via S-PrediXcan and LINCS 

L1000 perturbational profiles. Candidates are filtered by key-tissue selection and reverse transcriptomic signatures 

(𝑍௔௚௚ < 0), ranked by drug-level aggregation (ݍ௠௜௡), and visualized as bipartite and tripartite networks. Clinical 

plausibility is assessed by DrugEnrichr vs. SIDER with BH-FDR correction; all q-values are BH-FDR corrected. 

Conceptual Framework 

We employed the principle of reverse transcriptomic profiling for computational drug 
repurposing [15]. The overall SPxLINCS workflow is shown in Figure 1. Under this framework, 
a drug whose perturbational profile is strongly anti-correlated with the disease signature is 
nominated as a candidate to pharmacologically oppose the disease process. A strongly negative 
connectivity score therefore indicates that the compound has the transcriptional capacity to 
counteract HCC-associated oncogenic signaling, potentially restoring gene expression toward 
a physiologically normal state. 

Data preparation 

To ensure rigorous alignment between disease features and drug perturbational profiles, we 
intersected gene sets derived from 12 HCC GWAS summary statistics with the LINCS L1000 
Level-5 dataset (GSE92742). Disease-level gene effects were first generated by processing each 
GWAS through S-PrediXcan across all 49 GTEx tissues, yielding tissue-specific Z-scores for 
genetically regulated gene expression [5]. Gene symbols were standardized to uppercase and 
deduplicated by averaging within each file. 

For the LINCS L1000 dataset, gene identifiers were harmonized by constructing an Entrez-to-



symbol mapping table derived from the LINCS gene information file [16]. Row metadata fields 
were were screened to identify the field with the greatest overlap with the S-PrediXcan gene 
set; duplicate entries were resolved by retaining the first occurrence to maintain one-to-one 
column mapping in the expression matrix. This procedure yielded a synchronized gene set 
of 11,358 overlapping genes mapped across 7,169 curated small-molecule signatures, 
establishing a standardized matrix for downstream connectivity scoring. 

Data Processing and Filtering 

To highlight high-quality and biologically robust signals, we applied a four-step curation 
procedure to the LINCS L1000 dataset. First, only small-molecule perturbations 
(pert_type = trt_cp) were retained; all vehicle and negative controls such as DMSO and PBS 
were excluded. Second, signatures were required to meet minimum quality thresholds: 
distillation signature strength (distil_ss ≥ 4.0) and transcriptional activity score (TAS ≥ 0.35) . 
Third, the analysis was restricted to LINCS-defined Touchstone reference compounds, 
comprising well-annotated, clinical-grade drugs and standardized pharmacological tools. 
Fourth, where multiple experimental replicates existed for the same perturbation context 
(identical pert_id × cell_id × pert_time combination), only the signature with the highest TAS 
was retained, eliminating redundancy without discarding biological signal. 

Prior to connectivity scoring, each signature column was winsorized at the 1st and 99th 
percentiles to reduce the influence of extreme values, then subjected to per-column z-scoring 
(mean = 0, variance = 1) to harmonize expression scales across perturbational profiles. 

 

Spatial correlation analysis 

The screening and refinement workflow is summarized in Figure 2. 

 

Figure 2. Spatial correlation analysis (SPxLINCS) workflow. Stage 1 screens all 7,169 drug signatures against 

the disease matrix (𝑍 ∈ ℝ11358×49 ) in mini-batches of ܤ = 1,000 via HDF5 I/O, yielding a 7,169 × 49 global 

screening matrix. Stage 2 applies tissue-stratified refinement: key tissues (݊ = ܭ , 8 ∈ {50,100,250,500} ) and 

background tissues (݊ = ܭ ,41 ∈ {50,100}) are each evaluated by Pearson correlation, Spearman rank correlation, 

and KS enrichment. Stage 3 integrates per-analysis p-values via Stouffer's method, applies BH correction per tissue 



௧௜௦௦௨௘ݍ) < 0.05), and aggregates across tissues to a drug-level score matrix ݍௗ௥௨௚. 

Stage1: High-Throughput Connectivity Profiling 

To identify candidate drug signatures capable of reversing the HCC transcriptomic program, 
we first performed a broad macro-scale screening across all 49 GTEx/LINCS tissues for the 
full set of 7,169 curated drug perturbation signatures. 

Let 𝑍 ∈ ℝ௠×௡ , with ݉ = 11,358  genes and ݊ = 49  tissues, denote the disease matrix, 
and ܧ ∈ ℝ௠×௫ , with ݔ = 7,169 , denote the normalized drug perturbation matrix. To keep 
computation tractable, signatures were processed in mini-batches of size ܤ = 1,000 with data 
loading handled via HDF5 I/O. For each batch ܧ௕௔௧௖ℎ ∈ ℝ௠×஻ , tissue-wise Pearson 
correlations against the reversed drug profiles were computed as: 

ݎ = 𝑍⊤(−ܧ௕௔௧௖ℎ)݉ − 1  

yielding a correlation matrix ݎ ∈ ℝ௡×஻ for each batch [17]. Each correlation coefficients was 
then converted to t-statistics using the standard transformation: 

ݐ = ݉√ݎ − 21 −  2ݎ

Two-tailed Student's t-tests were then applied to derive the corresponding p-value for each 
drug–tissue pair [18]. This procedure produced a 7,169 × 49 matrix of preliminary tissue-
specific connectivity results for use in the subsequent refinement and meta-analysis. 

Stage2: Tissue-Stratified Refinement and Meta-Analysis Phase 

Signatures passing the initial screen were carried forward into a more stringent, multi-
dimensional validation framework intended to suppress false positives and isolate high-
confidence therapeutic leads. All 7,169 signatures were re-evaluated under this refined pipeline. 

Tissues were divided into two biologically motivated strata; each assigned a distinct range of 
top-gene subset sizes ܭ: 

• Key tissues: liver (primary site of HCC), whole blood, EBV-transformed lymphocytes, 
spleen, lung, small intestine terminal ileum, colon sigmoid, and colon transverse. These 
tissues collectively represent the tumor immune microenvironment and the most 
clinically relevant metastatic sites. Applied subset sizes: ܭ ∈ {50,100,250,500} 

• Background tissues: the remaining 41 tissues, serving as reference controls for 
systemic or non-specific signals: ܭ ∈ {50,100} 

For every tissue–signature pair sharing at least min_genes = 100 overlapping genes, three 



complementary analyses were carried out:  

Analysis 1 — Full-gene Pearson correlation: ݎ௙௨௟௟ = corr(𝑍,  −  (ܧ
with a two-tailed p-value, quantifying linear transcriptomic reversal between the disease 
signature and the negated drug perturbation profile [17]. 

Analysis 2 — Full-gene Spearman rank correlation: ߩ௙௨௟௟ = corr௥௔௡௞(𝑍,  −  (ܧ
with a two-tailed p-value. Gene expression values and reversed drug perturbation scores were 
converted to ranks over [1,  ݉] , where ݉ = 11,358 . The resulting rank-based statistic is 
robust to distributional outliers and non-linear expression relationships that Pearson correlation 
alone may fail to capture [19].  

Analysis 3 — Top-K connectivity with KS-style enrichment: 

To detect localized reversal signals among the most strongly deregulated disease genes, a 
Kolmogorov-Smirnov (KS) enrichment score was applied [20]. The top and bottom ܭ disease 
genes were selected to represent the upregulated and downregulated disease gene sets, 
respectively. The contribution of each gene in the drug-induced expression profile was weighted 
according to the absolute magnitude of its expression change: ݓ௜ =∣ ௜ܧ ∣ఈ , 
 

where ܧ௜  denotes the drug-induced expression value for gene ݅ . The primary analysis 
used ߙ = 1  as a simple linear weighting scheme, such that genes with larger absolute 
expression changes contributed proportionally more to the enrichment score. Weighted 
enrichment scores were calculated separately for the upregulated and downregulated disease 
gene sets, and the connectivity score was defined as: ܵܥ = upܵܧ −  .dnܵܧ
Empirical ܲ values were estimated from 200 permutation iterations for each tissue–signature 
pair. Pearson and Spearman correlations were additionally calculated using the union of the top 
and bottom ܭ disease genes at each value of ܭ, providing complementary local correlation 
measures alongside the KS-style enrichment score. 

Stage3: Meta-analysis and FDR correction: 

Stouffer's Z-score method with signed directions was applied to integrate the Pearson, 
Spearman, and multiple KS p-values into a unified meta-score (𝑍௠௘௧௔, (௠௘௧௔݌   [21]. 



Correlation-based statistics contributed their natural signs, while KS scores contributed via −߬. 
Within each tissue, multiple contexts per drug (pert_id) were aggregated by Stouffer's method 
using signs from 𝑍௠௘௧௔, yielding tissue-level aggregated statistics ݌௔௚௚,௧௜௦௦௨௘ and 𝑍௔௚௚,௧௜௦௦௨௘. 

Benjamini-Hochberg FDR correction was then applied within each tissue to 
obtain ݍ௧௜௦௦௨௘  ( ݍ < 0.05 ) . Across tissues, drug-level p-values (  ௔௚௚,௧௜௦௦௨௘ , signed݌
by 𝑍௔௚௚,௧௜௦௦௨௘) were further combined via Stouffer's method to derive a global ݌௔௚௚,ௗ௥௨௚, with 
BH correction yielding ݍௗ௥௨௚ . Results were reported as per-tissue top candidates using a 

default display size of ܰ = 15 , together with complete pairwise and aggregated tables for 
transparency and downstream prioritization.  

Cross-dataset prioritization of drug repurposing candidates 

For each of the 12 HCC or HCC-related GWAS datasets, drug prioritization was performed 
using the corresponding SPxLINCS output (Supplementary Tables 1-12).  Because a 
compound could occur across multiple tissue–context combinations within a given GWAS-
specific table, the previously calculated compound-level evidence score was retained 
unchanged for drug-level ranking and visualization. 

Within each GWAS dataset, compounds were ranked according to the existing drug-level 
evidence score. The tenth-ranked compound served as the dataset-specific ranking boundary. 
For display, the corresponding statistical evidence was transformed to the −log10(ݍ) scale and 
shown in a faceted bar plot with one panel per GWAS dataset. 

This procedure provides a standardized, drug-centered overview of the compounds prioritized 
within each dataset before tissue restriction or directionality filtering. The top 10 lists were used 
for descriptive comparison only. Recurrence of a compound among multiple GWAS-specific 
top 10 lists was treated as a descriptive indicator of consistency and was not interpreted as an 
additional significance test or as evidence of cross-GWAS global significance. 

Selection of key-tissue drug repositioning signals across 12 GWAS datasets 

GWAS-specific SPxLINCS tables (Supplementary Tables 1-12) from 12 hepatobiliary cancer-
related datasets were grouped into four predefined categories: duct-related, FinnGen, Biobank-
based HCC, and HCC-related. 

To prioritize biologically relevant signals, analyses were restricted to a predefined tissue set: 
one strong-priority tissue (Liver) and intermediate-priority tissues (Whole blood, Cells EBV-
transformed lymphocytes, Spleen, Lung, Small intestine terminal ileum, Colon sigmoid, and 
Colon transverse). Only records from these tissues were retained. To focus on reverse-signature 
evidence compatible with therapeutic reversal, we kept entries with negative aggregated tissue-
level z-scores: 𝑍agg,tissue < 0 



Within each tissue, retained drugs were ranked by ascending adjusted significance (q value), 
then by ascending nominal significance (P value), and finally by ascending 𝑍agg,tissue . We 

initially extracted the top 15 drugs per tissue. For tissues contributing at least 15 eligible drugs, 
we recorded the q value at rank 15 and defined a GWAS-specific global threshold as the 
minimum of these tissue-specific 15th-rank q values: 

thresholdݍ = min௧∈࣮  ((௧)15ݍ)

Drugs with ݍ ≤  threshold were retained as the primary key-tissue set for that GWAS. Forݍ
tissues with no drugs surviving this threshold, a fallback retained the top 3 reverse-signature 
drugs for that tissue. This produced one filtered output per GWAS. Across the 12 GWAS 
datasets, we summarized the count of retained drugs per tissue into a single table. 
Representative filtered drug tables from the two categories (East Asia, Europe) were shown in 
the main text. 

GWAS-resolved drug-trait network with drug-centered pie-chart annotation 

To summarize GWAS-specific repositioning signals across hepatobiliary phenotypes, we 
constructed a bipartite drug-GWAS network in Cytoscape using the key-tissue outputs 
(top_drug directory) [22]. For each GWAS-specific file, drug names and the previously 
calculated compound-level evidence scores were extracted. These scores were retained 
unchanged for visualization and displayed on a −log10(ݍ) scale. 

Drug–GWAS edges were defined for every observed drug–trait pair and annotated with the 
number of occurrences within the corresponding GWAS-specific output. Drug nodes were 
assigned GWAS-specific attributes containing the corresponding evidence displayed scores, 
enabling pie-chart visualization of cross-GWAS profiles. Each pie-chart slice represented one 
GWAS dataset, and slice area was proportional to the displayed drug-level evidence score. 
GWAS nodes were displayed as labeled rectangles, and edge width was mapped to within-
GWAS recurrence. 

The network was used to visualize the distribution and recurrence of prioritized compounds 
across GWAS datasets. Network recurrence was treated as a descriptive measure of consistency. 

Construction of an integrated tripartite gene-GWAS-drug network 

To integrate genetically prioritized susceptibility genes with drug repositioning candidates, we 
constructed a three-layer network comprising gene, GWAS trait, and drug nodes. The 12 GWAS 
datasets were arranged into four predefined groups (duct-related, Biobank-based, FinnGen, and 
HCC-related), with one tripartite network constructed per group, each covering three GWAS 
datasets: 

• Duct-related: Liver and bile duct cancer (Europe); Hepatic bile duct cancer (East Asia); 



Hepatic bile duct cancer (Europe) 

• Biobank-based: Self-reported hepatocellular carcinoma (Europe, UK Biobank); ICD-
10 liver cell carcinoma (Europe, UK Biobank); Hepatocellular carcinoma (Japan, 
BioBank Japan) 

• FinnGen: Benign liver and bile ducts (exallc, Europe, FinnGen); Benign liver (exallc, 
Europe, FinnGen); Liver intrahepatic bile ducts (exallc, Europe, FinnGen) 

• HCC-related: Hepatic cancer (Europe); Hepatic cancer (East Asia); Alcohol related 
hepatocellular carcinoma (Europe)  

Gene layer. TWAS gene signals were obtained from a cross-tissue TWAS of HCC [5]. For each 
of the three traits within a group, records were extracted, and duplicate gene entries were 
collapsed by retaining the entry with the highest association significance, defined as: 

௚ܵ௘௡௘ = −log10(݌) 
Genes were ranked within each trait by descending ௚ܵ௘௡௘, and the top 15 genes per trait were 

retained, preserving p-value, Z-score, and tissue annotation. 

Drug layer. For each GWAS-specific drug table, drug names and the previously calculated 
compound-level evidence scores were extracted. These scores were retained unchanged for 
network construction and visualization. Drug recurrence was recorded as the number of 
appearances within the corresponding GWAS-specific table, and the top 15 drugs per GWAS 
dataset were retained according to the existing drug-level ranking. 

Network assembly. The final edge list comprised Gene → GWAS and Drug → GWAS edges. 
Nodes were typed as Gene, GWAS, or Drug, and arranged in a fixed three-layer layout: genes 
(upper layer), GWAS traits (middle layer), and drugs (lower layer). The three GWAS nodes 
within each group were positioned horizontally according to predefined coordinates. Display 
labels showed gene symbols, drug names, and trait names without prefixes. In Cytoscape, gene 
nodes were rendered as blue triangles, drug nodes as green circles, and GWAS trait nodes as 
red rectangles. Gene–GWAS edge width was mapped to −log10(݌); Drug-GWAS edges used 
uniform width for visual clarity; all edges were colored gray. 

Downstream target-set pathway enrichment analysis 

To elucidate the intracellular mechanisms associated with the 103 candidate small molecules in 
HCC, predicted human protein targets of the drug set were extracted and mapped against KEGG 
pathways via the L1000 Fast Ward (L1000FWD) annotation platform. Pathway enrichment was 
evaluated by Fisher's exact test, with pathways prioritized by P-value and enrichment score. To 
account for multiple comparisons, the Benjamini-Hochberg procedure was applied; both raw p-
values and FDR-adjusted q-values are reported throughout. 



Drug-set enrichment analysis (DSEA) for clinical indications 

To independently validate the clinical relevance of nominated candidates independently of 
target- or pathway-based inference, drug-set enrichment analysis (DSEA) was conducted using 
DrugEnrichr against the SIDER indication database [23]. The curated list of unique drug names 
was directly cross-referenced to SIDER, and enriched indication terms were ranked by the 
Combined Score: ܵܥ = −ln(ܲ) × 𝑍 

where −ln(ܲ) reflects the statistical significance of enrichment and 𝑍 represents the deviation 
from the expected rank. Multiple testing was controlled by Benjamini-Hochberg FDR 
correction. 

Results 

Table 1. Hepatic cancer (East Asia) 

Drug Cell line Tissue 
Rank in 
tissue 

P value q value 

KU-0060648 AGS (stomach) 
Cells EBV-
transformed 
lymphocytes 

1 2.49E-44 3.83E-41 

erythrosine PC3 (prostate) 
Colon 
transverse 

1 2.78E-34 4.27E-31 

JNK-9L HCC515 (lung) Liver 1 1.46E-31 2.24E-28 

erythrosine 
HT29 (large 
intestine) 

Liver 2 1.06E-30 8.15E-28 

PHA-793887 
MCF10A 
(breast) 

Lung 1 2.53E-74 3.89E-71 

triptolide HA1E (kidney) Lung 2 7.64E-67 5.87E-64 

alvocidib HEPG2 (liver) Lung 3 1.28E-59 6.56E-57 

AG-14361 HCC15 (lung) Lung 4 3.31E-59 1.27E-56 

PF-562271 HEPG2 (liver) Lung 5 1.89E-52 5.80E-50 

CGP-60474 BT20 (breast) Lung 6 1.96E-44 5.03E-42 

AT-7519 PC3 (prostate) Lung 7 2.23E-36 4.89E-34 

AS-601245 
MCF10A 
(breast) 

Lung 8 8.15E-36 1.57E-33 

erythrosine 
HT29 (large 
intestine) 

Lung 9 6.31E-34 1.08E-31 

JNK-9L 
HS578T 
(breast) 

Lung 10 1.75E-33 2.68E-31 

ER-27319 A549 (lung) Lung 11 2.42E-31 3.39E-29 

epirubicin PC3 (prostate) Lung 12 1.07E-30 1.38E-28 



dactinomycin HEPG2 (liver) Lung 13 1.38E-29 1.64E-27 

KU-0060648 

U937 
(haematopoietic 
and lymphoid 
tissue) 

Small 
intestine 
terminal 
ileum 

1 2.71E-69 4.16E-66 

piperlongumine PC3 (prostate) 

Small 
intestine 
terminal 
ileum 

2 2.77E-59 2.13E-56 

BI-2536 
RMUGS 
(ovary) 

Small 
intestine 
terminal 
ileum 

3 2.86E-54 1.46E-51 

TG-101348 
HT115 (large 
intestine) 

Small 
intestine 
terminal 
ileum 

4 2.01E-38 7.73E-36 

erythrosine PC3 (prostate) 

Small 
intestine 
terminal 
ileum 

5 7.63E-31 2.35E-28 

KU-0060648 
JHUEM2 
(endometrium) 

Spleen 1 4.61E-99 7.09E-96 

TG-101348 
HS578T 
(breast) 

Spleen 2 2.78E-76 2.14E-73 

PI-103 PC3 (prostate) Spleen 3 4.90E-59 2.51E-56 

BI-2536 
RMUGS 
(ovary) 

Spleen 4 9.49E-57 3.65E-54 

LY-294002 HA1E (kidney) Spleen 5 1.27E-36 3.92E-34 

piperlongumine 

NPC (central 
nervous 
system) 

Spleen 6 1.20E-35 3.08E-33 

dorsomorphin 
CL34 (large 
intestine) 

Spleen 7 4.01E-35 8.81E-33 

NVP-AUY922 

U937 
(haematopoietic 
and lymphoid 
tissue) 

Spleen 8 2.20E-33 4.24E-31 

ZSTK-474 SKBR3 (breast) Spleen 9 1.36E-30 2.11E-28 

mepacrine 
JHUEM2 
(endometrium) 

Spleen 10 1.37E-30 2.11E-28 

alvocidib SKBR3 (breast) Spleen 11 3.26E-30 4.56E-28 

AZD-8055 BT20 (breast) Spleen 12 5.16E-30 6.62E-28 

triptolide HA1E (kidney) Spleen 13 7.85E-30 9.29E-28 



AG-14361 HCC15 (lung) Spleen 14 1.22E-29 1.34E-27 

PHA-793887 HEPG2 (liver) Spleen 15 1.54E-28 1.58E-26 

KU-0060648 A549 (lung) Whole blood 1 4.04E-70 6.21E-67 

BI-2536 SKBR3 (breast) Whole blood  2 5.47E-46 4.21E-43 

LDN-193189 

WSUDLCL2 
(haematopoietic 
and lymphoid 
tissue) 

Whole blood  3 1.50E-43 7.71E-41 

TG-101348 H1299 (lung) Whole blood 4 2.87E-40 1.10E-37 

piperlongumine MCF7 (breast) Whole blood 5 2.36E-33 7.27E-31 

 

Table 2. Benign liver exallc (Europe, FinnGen) 

Drug Cell line Tissue 
Rank in 
tissue 

P value q value 

narciclasine A549 (lung) 
Cells EBV-
transformed 
lymphocytes 

1 2.82E-251 4.34E-248 

homoharringtonine PHH (liver) 
Cells EBV-
transformed 
lymphocytes 

2 1.55E-140 1.19E-137 

digitoxin HA1E (kidney) 
Cells EBV-
transformed 
lymphocytes 

3 3.71E-133 1.90E-130 

anisomycin HCC515 (lung) 
Cells EBV-
transformed 
lymphocytes 

4 2.59E-123 9.96E-121 

digitoxigenin A549 (lung) 
Cells EBV-
transformed 
lymphocytes 

5 5.31E-111 1.63E-108 

digoxin A549 (lung) 
Cells EBV-
transformed 
lymphocytes 

6 1.46E-110 3.75E-108 

strophanthidin HUH7 (liver) 
Cells EBV-
transformed 
lymphocytes 

7 1.01E-109 2.21E-107 

cephaeline A549 (lung) 
Cells EBV-
transformed 
lymphocytes 

8 1.75E-100 3.36E-98 

cycloheximide A549 (lung) 
Cells EBV-
transformed 
lymphocytes 

9 7.18E-99 1.23E-96 

NSC-632839 PC3 (prostate) 
Cells EBV-
transformed 

10 5.98E-96 9.20E-94 



lymphocytes 

emetine PC3 (prostate) 
Cells EBV-
transformed 
lymphocytes 

11 2.95E-89 4.12E-87 

ouabain MCF7 (breast) 
Cells EBV-
transformed 
lymphocytes 

12 4.95E-85 6.34E-83 

periplocymarin A549 (lung) 
Cells EBV-
transformed 
lymphocytes 

13 3.28E-80 3.88E-78 

cinobufagin MCF7 (breast) 
Cells EBV-
transformed 
lymphocytes 

14 6.91E-79 7.59E-77 

BI-2536 PC3 (prostate) 
Cells EBV-
transformed 
lymphocytes 

15 1.82E-72 1.87E-70 

NSC-632839 
NCIH508 
(large intestine) 

Colon 
transverse 

1 3.22E-48 4.95E-45 

BI-2536 

U937 
(haematopoietic 
and lymphoid 
tissue) 

Colon 
transverse 

2 2.11E-41 1.63E-38 

AG-14361 

PL21 
(haematopoietic 
and lymphoid 
tissue) 

Liver 3 3.90E-40 2.00E-37 

helveticoside PC3 (prostate) Liver 6 3.59E-24 9.21E-22 

fluticasone A549 (lung) Liver 12 2.83E-18 3.62E-16 

AG-14361 

PL21 
(haematopoietic 
and lymphoid 
tissue) 

Small 
intestine 
terminal 
ileum 

2 7.43E-21 5.71E-18 

dorsomorphin 
HT29 (large 
intestine) 

Small 
intestine 
terminal 
ileum 

5 9.37E-17 2.88E-14 

narciclasine OV7 (ovary) 

Small 
intestine 
terminal 
ileum 

6 4.51E-16 1.16E-13 

BI-2536 SKLU1 (lung) Spleen 10 8.25E-30 1.27E-27 

dorsomorphin PC3 (prostate) Whole blood 12 1.89E-23 2.42E-21 

CA-074-Me HA1E (kidney) Whole blood 15 4.78E-19 4.90E-17 

Table 1-2. Representative key-tissue prioritized drug repositioning results from two GWAS 



categories. Representative filtered outputs from two GWAS categories (East Asia, Europe); complete tables for all 

12 GWAS are provided in Supplementary Tables 13–24. Candidates were restricted to key tissues and reverse-

signature hits (𝑍௔௚௚,௧௜௦௦௨௘ < 0), ranked within each tissue by adjusted significance (ݍ), nominal significance (ܲ), 

then 𝑍௔௚௚,௧௜௦௦௨௘ . The top 15 candidates per tissue were initially selected; a GWAS-specific threshold was defined 

as ݍ௧ℎ௥௘௦ℎ௢௟ௗ = min௧ ݍ and compounds satisfying ,((௧)15ݍ) ≤  ;௧ℎ௥௘௦ℎ௢௟ௗ were retained. Columns: Drug; Cell lineݍ

Tissue; Rank; ܲ; ݍ; Brief description; ݊௖௢௡௧௘௫௧௦; 𝑍௔௚௚,௧௜௦௦௨௘; Selection. 

Application of Key-Tissue Filtering Across 12 GWAS Datasets 

Key-tissue filtering applied to the 12 GWAS-specific SPxLINCS tables produced one candidate 
list per dataset. Across the 12 GWAS datasets, the workflow recovered compounds with 
reverse-direction signatures, defined as 𝑍௔௚௚ < 0, in biologically relevant tissues. The tissue-

aware thresholding strategy preserved representation of both strongly and moderately supported 
key tissues. 

Representative Results Across Two GWAS Categories 

Two filtered tables were selected for the main text. Candidate compounds carry two annotation 
layers. Entries in bold denote compounds with existing HCC-related experimental or clinical 
evidence in the literature, regardless of whether that evidence directly corroborates the 
repurposing signal. The dual-annotation scheme makes explicit that computational 
prioritization and literature support are complementary but non-equivalent dimensions of 
candidate evaluation. 

Table-specific computational findings 

In Table 1, the strongest displayed liver-tissue signals were JNK-9L in the HCC515 context, 
ranked first, and erythrosine in the HT29 context, ranked second. The HCC515 cell line is a 
lung cancer cell line and HT29 is a large-intestine cancer cell line; therefore, the cell-line 
annotation should not be interpreted as evidence that either compound was tested in a liver-
derived HCC model in these rows. 

Other Table 1 candidates included KU-0060648, PHA-793887, triptolide, alvocidib, AG-14361, 
PF-562271, CGP-60474, AT-7519, AS-601245, ER-27319, epirubicin, dactinomycin, 
piperlongumine, BI-2536, TG-101348, PI-103, LY-294002, dorsomorphin, NVP-AUY922, 
ZSTK-474, mepacrine, AZD-8055, and LDN-193189. These candidates span several 
mechanistic classes, including CDK, PLK1, FAK, JNK, DNA-PK, mTOR/PI3K, HSP90, and 
other pathway-directed or cytotoxic compounds. 

Most of the displayed Table 1 signals occurred in lung, spleen, whole-blood, terminal-ileum, or 
lymphocyte-related tissue panels rather than in a directly HCC-specific cell-line/tissue 
combination. For example, alvocidib and dactinomycin were shown with HEPG2 cells, but the 



tissue annotation for those rows was lung. Similarly, a liver-labelled tissue panel does not 
necessarily indicate that the drug was tested in an HCC tissue model. These findings therefore 
support computational prioritization for follow-up, not a conclusion of clinical activity against 
HCC. 

Table 2 represents a benign-liver-related GWAS category and should not be treated as an HCC-
specific dataset. Its strongest displayed signals included narciclasine, homoharringtonine, 
digitoxin, anisomycin, digitoxigenin, digoxin, strophanthidin, cephaeline, cycloheximide, 
NSC-632839, emetine, ouabain, periplocymarin, cinobufagin, and BI-2536 in EBV-
transformed lymphocytes. Additional displayed signals included AG-14361, helveticoside, 
fluticasone, dorsomorphin, narciclasine, BI-2536, and CA-074-Me in other listed tissue panels. 

The cardiac-glycoside group in Table 2 comprises digitoxin, digitoxigenin, digoxin, 
strophanthidin, ouabain, periplocymarin, and helveticoside. Narciclasine and 
homoharringtonine are separate compounds and should not be classified as cardiac glycosides. 
The translation-related compounds shown in the table include anisomycin, cephaeline, 
cycloheximide, and emetine. 

The liver-tissue rows in Table 2 included AG-14361 with PL21 cells, helveticoside with PC3 
cells, and fluticasone with A549 cells. The presence of a liver tissue annotation does not 
establish HCC selectivity or clinical efficacy. The PHH annotation refers to primary human 
hepatocytes and not malignant HCC cells. The HUH7 annotation identifies a liver cancer cell 
line, but the corresponding tissue panel in the supplied row was EBV-transformed lymphocytes; 
this remains a computational association rather than a clinical result. 

Candidates with HCC-related experimental evidence 

The computational findings are also consistent with selected preclinical and translational 
evidence, although the literature findings remain separate from the reverse-signature statistics. 
Homoharringtonine (HHT) has been validated as an effective antitumor agent in HCC acting 
through an EphB4/β-catenin-dependent mechanism [24]. Co-delivery of narciclasine and 
siULK1 in biocompatible micelles safely inhibited tumor growth and protective autophagy in 
HCC [25]. 

Among kinase-targeted agents, PF-562271, a focal adhesion kinase inhibitor, is notable, as the 
inverse correlation between GPD1L expression and treatment response highlights GPD1L as a 
potential predictive biomarker in HCC [26]. AT-7519, a CDK inhibitor, sensitized HCC cells to 
gefitinib and cabozantinib [27]. BI-2536, a PLK1 inhibitor, appeared in both supplied tables 
and showed signals across several tissue panels; insufficient intratumoral drug concentrations 
have been identified as a resistance mechanism, and PLK1 inhibitors achieving adequate 
intratumoral levels are considered promising for HCC [28, 29]. Alvocidib, AT-7519, and several 
additional candidates were independently identified as potential HCC therapeutics through 



analysis of differentially expressed genes between tumor and non-tumor liver tissues [30]. 

In Table 1, AZD-8055, an mTOR inhibitor, was identified in the BT20 breast-cell-line context 
under the spleen tissue panel (ܲ = 5.16 × ݍ ,10−30 = 6.62 × 10−28). Independently of this 
computational signal, PEGylated AZD-8055 was reported to suppress HCC tumor growth with 
optimized pharmacokinetics [31, 32]. The literature evidence therefore remains separate from 
the reverse-signature statistic. 

Other HCC-related literature discussed in the supplied text includes KU-0060648, which was 
reported to inhibit HCC through DNA-PKcs-dependent and DNA-PKcs-independent 
mechanisms [33]; piperlongumine, which was reported to inhibit HCC cell migration and 
invasion through the ROS–ER–MAPKs–CHOP axis [34]; NVP-AUY922, an HSP90 inhibitor 
listed in Table 1, which has been reported to demonstrate therapeutic activity in HCC [35]; 
triptolide, which has been studied in combination with RSL3 in relation to apoptotic and 
ferroptotic pathways [36]; anisomycin, which has been reported to exert NK-dependent 
immunomodulatory effects [37]; and cinobufagin, which has been described as having multiple 
antitumor mechanisms with translational potential [38]. These compounds are present in the 
supplied tables, but the literature findings remain separate from the reverse-signature statistics. 

Clinical and translational context of table-listed compounds 

Several table-listed candidates also had clinical or translational relevance in related treatment 
contexts. Epirubicin appears in Table 1, although its appearance represents a computational 
reverse-signature signal rather than proof of predicted clinical benefit. A 2019 worldwide 
survey on TACE for HCC reported regional variation in the use of anthracycline agents, 
including epirubicin in Japan [39, 40]. The supplied literature discussion also reported 
sensitivity of selected HCC molecular subtypes to ouabain and TG-101348 [41]. Ouabain 
appears in Table 2 and TG-101348 appears in Table 1; however, these subtype-sensitivity 
findings remain separate from the reverse-signature statistics [41, 42]. LY-294002 enhanced 
oxaliplatin chemosensitivity via PI3K/AKT inhibition [43], and PI-103 combined with 
sonodynamic therapy suppressed HCC proliferation [44]. Both compounds appear in Table 1, 
but these preclinical combination findings do not establish them as standard HCC treatments. 

Overall interpretation 

The main mechanistic categories were cell cycle/mitotic kinase inhibitors, particularly 
CDK/PLK1 inhibitors, focal adhesion kinase (FAK) inhibitors, mTOR/AKT-related inhibitors, 
DNA-PK inhibitors, and translation-related compounds. These categories are represented in the 
tables by compounds such as alvocidib, AT-7519, PHA-793887, CGP-60474, BI-2536, PF-
562271, AZD-8055, PI-103, LY-294002, KU-0060648, and anisomycin. Triptolide is also a 
prominent Table 1 candidate with HCC-related preclinical evidence [36]. This distribution 
aligns with the strongest reverse-signature signals, which were mainly observed in liver, whole 



blood, spleen, and immune-related tissues. 

By contrast, most of the other prioritized candidates are still supported mainly by preclinical 
evidence in HCC or related hepatobiliary disease contexts. At present, they are more suitable 
for biomarker-guided or combination-based evaluation than for direct clinical use. This 
distinction is particularly important because the reverse-signature results represent 
computational prioritization and do not independently establish clinical efficacy. 

Overall, the representative tables indicate that inhibitors targeting CDK/PLK1, FAK, 
mTOR/AKT, DNA-PK, and the translation axis were statistically prominent reverse-signature 
candidates across the supplied hepatobiliary genetic contexts. Most of these candidates remain 
at the preclinical stage in HCC. The value of the dual-annotation framework lies in its ability 
to distinguish computational prioritization from the strength of literature support, thereby 
providing a clearer basis for subsequent mechanism-guided, biomarker-stratified, locoregional, 
or combination-focused studies. 

Several candidates with limited or no HCC-related literature support in the supplied annotation 
produced strong reverse-signature statistics, including ER-27319, an FcεRI–Syk inhibitor, in 
lung tissue in Table 1 (ݍ = 3.39 × 10−29 ), and LDN-193189, a BMP receptor inhibitor, in 
whole blood in Table 1 ( ݍ = 7.71 × 10−41 ). These compounds should be regarded as 
computationally prioritized candidates rather than established HCC or biliary tract cancer 
treatments. Because their appearance in the tables is based on reverse-signature statistics, these 
findings should not be interpreted as evidence of previously demonstrated antitumor activity. 

Recurrent and trait-specific repurposing signals across HCC-related GWAS 
datasets 

To compare drug repurposing signals across HCC and related GWAS datasets, compounds 
within each dataset were ranked using the minimum drug-level FDR-adjusted q-value (ݍ௠௜௡) 
derived from the SPxLINCS output, and the top 10 compounds per dataset were visualized 
(Figure 3; Supplementary Tables 1-12). This cross-dataset comparison revealed a hierarchical 
structure of repurposing signals, comprising a core set of broadly replicated candidates and a 
periphery of trait-specific leads. 

 



 

Figure 3. Top drug repurposing candidates across 12 HCC and related GWAS datasets. For each GWAS dataset, 

candidate compounds were identified from the corresponding SPxLINCS output (Supplementary Tables 1-12). 

Drug-level significance was summarized as the minimum FDR-adjusted q-value across all entries per dataset (ݍ௠௜௡), 

and the top 10 compounds with the smallest ݍ௠௜௡ were selected. Bar lengths represent −log10(ݍ௠௜௡). Per-tissue 

top-15 bar charts are provided in Supplementary Figures 4-52. 

 

Vorinostat (HDAC inhibitor) was the most frequently prioritized compound, appearing in 10 of 
12 GWAS datasets. Its strongest signals were observed in alcohol-related HCC 
(Europe; −log10(ݍ௠௜௡) = 162.6), hepatocellular carcinoma (Japan, BioBank Japan; 151.7), 
and benign liver and bile ducts exallc (Europe, FinnGen; 145.9). Narciclasine 
(cytoskeletal/translation axis inhibitor) was prioritized in 9 of 12 datasets, with the strongest 
association in ICD-10 liver cell carcinoma (Europe, UK Biobank; −log10(ݍ௠௜௡) = 267.0), 
with additional strong signals in benign liver exallc (Europe, FinnGen; 247.4), self-reported 
HCC (Europe, UK Biobank; 213.9), benign liver and bile ducts exallc (Europe, FinnGen; 



183.3), and hepatic cancer (East Asia; 128.6). ISOX and KU-0060648 (DNA-PK inhibitors) 
each appeared in 8 of 12 datasets, and alvocidib (CDK inhibitor) in 7 of 12, further defining a 
mechanistically coherent core of broadly replicated candidates. BI-2536 (PLK1 inhibitor), PI-
103 (PI3K/mTOR inhibitor), and SN-38 (topoisomerase I inhibitor) were each prioritized in 6, 
5, and 5 of 12 datasets, respectively, while AZD-8055 (mTOR inhibitor), piperlongumine, and 
triptolide each appeared in 4 of 12 datasets. 

Notably, the recurrently prioritized compounds cluster into five mechanistic categories: HDAC 
inhibition (vorinostat), cytoskeletal/translation axis (narciclasine), DNA-PK/DNA damage 
response (ISOX, KU-0060648), cell cycle/mitotic kinase inhibition (alvocidib, BI-2536), and 
PI3K/mTOR/topoisomerase I targeting (PI-103, AZD-8055, SN-38). The convergence of 
independent GWAS signals onto these same mechanistic axes suggests that these pathways 
represent convergent transcriptomic vulnerabilities across HCC-related genetic backgrounds, 
rather than artifacts of any single dataset or cohort. 

Alongside this broadly replicated core, marked trait-specific heterogeneity was evident. 
Homoharringtonine (translation inhibitor) ranked highly in ICD-10 liver cell carcinoma 
(Europe, UK Biobank; −log10(ݍ௠௜௡) = 83.9 ) and benign liver exallc (Europe, FinnGen; 
136.9), but was not consistently prioritized across other panels. PI-103 and AZD-8055 were 
disproportionately prominent in liver and bile duct-related phenotypes, whereas 
piperlongumine showed selective enrichment in intrahepatic bile duct and hepatic cancer 
datasets. JNK-9L appeared in 3 of 12 datasets, representing a more phenotype-restricted signal. 

Collectively, these findings demonstrate that SPxLINCS identifies a mechanistically coherent, 
cross-dataset replicated shortlist of repurposing candidates alongside phenotype-specific leads, 
providing a principled basis for prioritizing compounds in mechanism-guided, biomarker-
enriched validation studies. 

Integrated visualization of GWAS-specific drug repositioning profiles 



 

Figure 4. GWAS-resolved drug-trait network with drug-centered pie-chart annotation. Each drug is 

represented as a single circular node with a pie chart in which each slice corresponds to one GWAS dataset and slice 

area is proportional to −log10(ݍ௠௜௡), where ݍ௠௜௡ is the minimum FDR-adjusted q-value for that drug within the 

corresponding GWAS-specific table. Each GWAS dataset is represented as a rectangular trait node. Edges indicate 

drug-GWAS associations; edge width reflects within-GWAS recurrence count.  

The bipartite network provided a GWAS-resolved view of candidate repositioning compounds 
across hepatobiliary cancer-related traits (Figure 4), capturing two complementary properties 
of each candidate. Pie-chart composition reflected the breadth of cross-GWAS support: drugs 
with multiple large slices carried broad repositioning signals across datasets, whereas a single 
dominant slice indicated trait-specific candidacy. Edge width, scaled by within-GWAS 
recurrence count, reflected detection consistency within each dataset. 

Several compounds reached extreme within-GWAS significance. Representative maxima 
included narciclasine (−log10(ݍ௠௜௡) ≈ 183.3 ), vorinostat/PCI-24781 (HDAC inhibitor; ≈162.6 ), BI-2536 (PLK1 inhibitor; ≈ 125.9 ), PI-103 (PI3K/mTOR inhibitor; ≈ 121.1 ), 
triptolide ( ≈ 111.8 ), KU-0060648 (DNA-PK inhibitor; ≈ 87.1 ), PF-562271 (FAK 
inhibitor; ≈ 86.4 ), and JNK-9L (≈ 91.0 ). Cardiotonic steroids also showed large values, 
including digitoxin (≈ 129.7), digoxin (≈ 107.4), and digitoxigenin (≈ 72.2). 



In terms of network topology, multi-GWAS candidates clustered around three mechanistic axes: 
cell cycle/mitotic kinase inhibition (alvocidib, PHA-793887, BI-2536), DNA-PK/DNA damage 
response (KU-0060648), and focal adhesion signaling (PF-562271). These nodes combined 
large −log10(ݍ௠௜௡) slice areas with high within-GWAS recurrence, reflected in thick edges 
across multiple trait nodes. Trait-specific patterns were also evident: topoisomerase I agents 
(e.g., SN-38) and select natural products showed dominant slices in duct- and HCC-related 
datasets, while cardiotonic steroids and translation inhibitors concentrated in benign liver 
FinnGen traits. Across the network, liver and immune-related tissue panels contributed the 
largest slice areas, consistent with the upstream key-tissue filtering strategy. 

Across all datasets, five mechanistic axes recurred with the largest −log10(ݍ௠௜௡) values and 
highest within-GWAS recurrence: cell cycle/mitotic kinases (CDK/PLK1), focal adhesion 
(FAK), DNA-PK/DNA damage response, topoisomerase I, and translation inhibition. Broadly 
replicated candidates such as BI-2536, KU-0060648, PF-562271, alvocidib and PHA-793887 
are prioritized for cross-phenotype follow-up, while trait-specific leads like SN-38 are 
nominated for phenotype-restricted validation strategies. 

Integrated tripartite network of hepatobiliary cancer GWAS traits, prioritized 
genes, and candidate drugs 

 

Figure 5. Tripartite network of hepatobiliary cancer GWAS traits, TWAS-prioritized genes and candidate 

drugs. A three-layer network was constructed for Liver and bile duct cancer (Europe), Hepatic bile duct cancer (East 

Asia) and Hepatic bile duct cancer (Europe). For each trait, the top 15 genes were selected from Supplementary 

Table 6 [5] based on maximum −log10(݌), and the top 15 drugs were selected from GWAS-specific repositioning 

results based on minimum ݍmin. Nodes denote genes (blue triangles), drugs (green circles) and GWAS traits (red 

rectangles). Gene-GWAS edge width is scaled by gene association significance, whereas drug-GWAS edges are 

shown at constant width for clarity. Network of the other three groups of traits are shown in Supplementary Figures 

1-3. 

To integrate TWAS-prioritized susceptibility genes with computational drug repositioning 



candidates, a tripartite gene–GWAS–drug network was constructed for the duct-related trait 
group as a representative example (Figure 5). The resulting network comprised 78 nodes (3 
GWAS traits, 45 genes, 30 drugs) connected by 75 edges (45 gene-GWAS and 30 drug-GWAS), 
with each GWAS trait serving as a central hub linking upper-layer genes to lower-layer drug 
candidates. The two bile duct cancer datasets from East Asian and European populations 
showed distinct but partially overlapping profiles, while the liver and bile duct cancer (Europe) 
node displayed its own trait-specific gene and drug neighborhood. 

To characterize trait-specific genetic signals, gene-GWAS edges were scaled by −log10(p), 
visually emphasizing the strongest TWAS associations within each branch. Distinct prioritized 
gene sets were observed across the three traits: hepatic bile duct cancer (East Asia) was 
dominated by LINC01831, ATG16L2, OLFM2, FAM189A2, and HIST1H2AG; liver and bile 
duct cancer (Europe) by DPH7, PIP4K2A, MEF2B, MRM2, and ARRDC1; hepatic bile duct 
cancer (Europe) by DHCR24, TMEM110, WDR45B, PLIN3, and ATP13A1. No overlap 
among the highest-ranked genes across three datasets reflects heterogeneity in the genetic 
architecture captured by population- and phenotype-specific GWAS. 

To identify trait-resolved repositioning candidates, drugs were ranked by 
ascending qmin within each GWAS-specific table, retaining the top 15 per trait. For liver and 
bile duct cancer (Europe), top-ranked compounds included AZD-8055 (mTOR inhibitor), PI-
103 (PI3K/mTOR inhibitor), vorinostat (HDAC inhibitor), triptolide, and AG-14361 (DNA-PK 
inhibitor), several reaching −log10(qmin) > 100 . For hepatic bile duct cancer (East Asia), 
prominent candidates included AZD-7762 (CHK1/2 inhibitor), SU-11652, ZSTK-474 (PI3K 
inhibitor), SCH-79797, and teniposide (topoisomerase II inhibitor). For hepatic bile duct cancer 
(Europe), representative compounds included NSC-632839, importazole (nuclear transport 
inhibitor), daunorubicin, piperlongumine, dorsomorphin (AMPK inhibitor), and TG-101348 
(JAK2 inhibitor). Thicker edges represent higher recurrence within a given GWAS, indicating 
that these repositioning signals were detected more consistently for that trait. 

This network view combines two complementary types of evidence within the same trait-
specific framework. One layer represents disease biology supported by genetics, reflected by 
TWAS-prioritized genes, whereas the other captures computationally prioritized repositioning 
candidates. The marked trait-specificity observed in both gene and drug layers underscores the 
value of GWAS-stratified analysis for identifying phenotype-restricted molecular targets and 
repositioning leads for further validation. 

 



 

Figure 6. KEGG pathway enrichment analysis of downstream molecular targets of the 103 candidate drugs. 

Significant KEGG pathways were derived from downstream protein target networks of the 103 candidate compounds 

using the L1000FWD platform and are shown as a bubble plot. The x-axis shows the Combined Score: positive 

values (red) indicate activated pathways, whereas negative values (blue) indicate inhibited pathways. Bubble size 

reflects the number of overlapping target genes within each pathway. 

 



Figure 7. Drug Set Enrichment Analysis (DSEA) of the 103 candidate drugs against SIDER clinical indications. 

The top 15 clinical indication terms enriched among the 103 candidate compounds were obtained from the SIDER 

database and are shown as a bubble plot. The x-axis shows the Combined Score, defined as ܵܥ = −ln(ܲ) × 𝑍 

bubble size indicates the number of overlapping candidate drugs in each indication category, and color intensity 

reflects enrichment magnitude. BH-FDR correction was applied throughout. 

 

Identification of Core Signaling Pathways 

To explore the mechanisms associated with the 103 candidate compounds, we mapped their 
downstream protein target networks to KEGG pathways using the L1000FWD platform (Figure 
6). The results suggested a bidirectional regulatory pattern compatible with an antitumor effect. 
On the inhibitory side, where the Combined Score was negative, candidate drug targets were 
enriched in several pathways, including MAPK signaling (Combined Score 
approximately −40), ErbB signaling, FoxO signaling, and microRNAs in cancer (Combined 
Score approximately −62 ). Additional enriched terms included chronic myeloid leukemia, 
thyroid cancer, ribosome biogenesis in eukaryotes, protein processing in the endoplasmic 
reticulum, and fructose and mannose metabolism. On the activating side, where the Combined 
Score was positive, the candidate set was enriched for pathways related to tumor suppression, 
most notably the NF-κB signaling pathway (Combined Score approximately +60), apoptosis, 
TNF signaling, p53 signaling, cell cycle, the C-type lectin receptor signaling pathway, 
osteoclast differentiation, colorectal cancer, and alcoholism. Together, these patterns suggest 
that the shortlisted compounds may exert anti-HCC effects by dampening oncogenic signaling 
while reactivating cell death-related pathways. 

Multi-Dimensional Validation via Clinical Indications 

We then evaluated the clinical relevance of the candidate set using DSEA against the SIDER 
indication database (Figure 7). Among the top 15 enriched terms, the highest Combined Scores 
were observed for thymoma (≈65), rhabdomyosarcoma (≈65), acute lymphocytic leukaemia 
(≈63), neuroblastoma (≈60), and Ewing's sarcoma (≈58). These rankings reflect the broad-

spectrum antineoplastic activity of anthracyclines and topoisomerase inhibitors within the 
candidate set, which carry approved indications across multiple cancer types. Other enriched 
terms included bronchial carcinoma (≈52), bladder cancer (≈48), osteosarcoma (≈40), 
metastasis (≈40), cardiotoxicity (≈39), and Hodgkin's disease with its subtypes (lymphocyte 
predominance and lymphocyte depletion; ≈38–39). 

Notably, hepatocellular carcinoma (Combined Score = 37.48) and hepatic cancer (≈35) were 

the only liver-specific indications to appear among the top 15 terms. This enrichment was 
mainly attributable to established HCC-active agents in the candidate set, including 



mitoxantrone, epirubicin, and doxorubicin. Although their Combined Scores were lower than 
those of several hematologic malignancies, their presence as the only hepatic indications in an 
unbiased enrichment analysis still supports the relevance of the nominated compounds to HCC. 

Discussion 

In this study, we developed a reproducible, GWAS-resolved drug repurposing framework for 
hepatobiliary cancers by integrating genetic liability via S-PrediXcan, disease-reversing 
transcriptional signatures (SPxLINCS), and tissue biology. Three design features were 
particularly important. First, key-tissue selection and directionality filtering 𝑍௔௚௚ < 0 

anchored the hits to biological contexts relevant to HCC. Second, drug-level aggregation based 
on ݍ௠௜௡  and visualization using −log10(ݍ௠௜௡)  made it possible to identify both broadly 
recurrent and trait-specific candidates. Third, Cytoscape-based network summarization linked 
pharmacologic signals to genetically prioritized biology. 

Several consistent patterns emerged across all 12 datasets. Recurrent signals across the 12 
datasets were mainly concentrated in five mechanistic categories: CDK/PLK1 inhibitors, FAK 
inhibitors, DNA-PK/DNA damage response inhibitors, topoisomerase I inhibitors, and 
translation-axis inhibitors. These classes tended to show larger −log10(ݍ௠௜௡)  values and 
higher within-GWAS recurrence. Trait-specific signals, such as SN-38/irinotecan in duct-
related datasets, highlight context-specific opportunities. DSEA against SIDER further 
supported enrichment for hepatocellular and related hepatic indications. KEGG pathway 
analysis revealed a bidirectional regulatory pattern: pathways related to proliferation, including 
MAPK, ErbB, cell cycle, and FoxO signaling, were suppressed, whereas pathways associated 
with tumor suppression, such as p53, apoptosis, and TNF signaling, were reactivated. Together, 
these findings provide mechanistic coherence for the nominated shortlist (Figures 6-7). 

Dataset-level exemplars are instructive. In the East Asia duct-related analysis, alvocidib (CDK 
inhibitor), PF-562271 (FAK inhibitor), BI-2536 (PLK1 inhibitor), SN-38/irinotecan 
(topoisomerase I inhibitor), homoharringtonine, and narciclasine dominated under key-tissue 
constraints. While irinotecan-based regimens carry exploratory post-line activity in biliary tract 
cancers, most candidates remain preclinical for HCC and constitute hypothesis-generating leads 
best advanced through mechanism-guided, biomarker-enriched, or locoregional and 
combination strategies including TACE/HAIC and IO-anti-VEGF backbones. 

Several compounds within the prioritized set carry established pharmacological profiles 
alongside significant translational constraints. AG-14361 (PARP-1 inhibitor) has established 
relevance in DNA damage response, cell cycle regulation, and apoptosis [45], with robust 
preclinical radiosensitization data; however, the clinical field has standardized on later-
generation PARP inhibitors with superior PK/PD profiles. If PARP pathway biology is 



genetically supported, pivot to olaparib-class agents is warranted. JNK-9L, a JNK inhibitor, has 
been linked to stress signaling and has been studied in cancer-related settings [46]. However, it 
remains an early research tool, with limited information on selectivity and ADME properties. 
Before any further scale-up or translational consideration, validation with more selective 
chemotypes or genetic perturbation would be necessary. Dorsomorphin has shown antitumor 
activity in several solid tumor models. In chemotherapy-resistant epithelial ovarian cancer, it 
resensitized cells to platinum agents by inducing autophagy and blocking cell-cycle progression 
[47]. In colorectal cancer, it also reduced ABCG2-mediated multidrug resistance by inhibiting 
transporter activity without changing ABCG2 protein expression [48]. Even so, its broad off-
target effects limit its clinical potential. In this candidate set, LDN-193189 may provide a more 
selective way to interrogate BMP receptor signaling [49]. Mepacrine engages multiple 
oncogenic nodes including p53 stabilization, FACT complex disruption, autophagy modulation, 
NF-κB suppression, and AKT inhibition [50]. In the HCC Japan dataset, mepacrine-associated 
signals were observed in spleen and transverse colon tissues. This pattern may reflect activity 
in immune-related compartments rather than direct hepatocellular killing. If so, mepacrine may 
be better considered as a combination agent than as a systemic monotherapy. Erythrosine, an 
antimicrobial photosensitizer [51], produced cross-tissue signals across the Hepatic Cancer East 
Asia cohort spanning liver, lung, small intestine terminal ileum, and colon transverse; in the 
absence of a mechanistic rationale for systemic administration, its computational signal is best 
interpreted within a photodynamic therapy framework. Where pathway biology is genetically 
supported, research-grade hits should be treated as directional evidence, with clinical-stage 
analogs substituted for translational follow-up. 

Beyond pathway-level reorientation of established tool compounds, the present screen surfaced 
three candidates warranting specific attention for their combination of statistical robustness and 
absence of prior investigation in hepatic malignancy. 

Importazole is a 2,4-diaminoquinazoline compound that specifically blocks importin-β-
mediated nuclear import by interfering with the RanGTP-importin-β interaction, without 
disrupting transportin-mediated import or CRM1-mediated export [52]. It was identified 
through a FRET-based high-throughput screen and has been used exclusively as a chemical 
biology tool to dissect importin-β/RanGTP pathway function at defined cell cycle stages; no 
antitumor activity has been reported in any cancer type. In the Hepatic Bile Duct Cancer (East 
Asia) dataset, importazole ranked among the top candidates in EBV-transformed lymphocytes 
( ݍ = 2.80 × 10−78 ), a signal of considerable strength relative to the broader candidate 
distribution in that tissue. This finding is mechanistically interpretable in the context of HCC 
biology: importin-β-dependent nuclear transport is required for the nuclear accumulation of 
STAT3 and additional transcription factors whose aberrant nuclear localization is well 
documented in hepatocellular carcinoma. Pharmacological blockade of this transport step has 



not been explored as a therapeutic strategy in HCC or biliary tract cancers. The concentration 
of the reversal signal in immune-related tissue rather than hepatic parenchyma raises the 
additional possibility that importin-β inhibition disrupts nuclear import-dependent 
transcriptional programs in tumor-infiltrating immune populations. Genetic perturbation of 
importin-β in HCC-derived cell lines, combined with orthogonal chemotypes targeting the 
RanGTP-importin-β interaction, would constitute a tractable first experimental test of this 
hypothesis. 

ER-27319 is an acridone-related compound that selectively inhibits FcεRI-mediated activation 
of Syk, a non-receptor tyrosine kinase critical for mast cell degranulation, through blocking 
tyrosine phosphorylation of Syk downstream of FcεRI gamma subunit ITAM engagement 
without affecting Lyn kinase activity or T cell- and B cell-associated Syk activation [53]. It was 
developed for allergic disease and has no reported antitumor activity in any cancer type. In the 
HCC Japan (BioBank) dataset, ER-27319 ranked fourth in spleen (ݍ = 3.25 × 10−47), with a 
supporting signal in the lung panel of the Hepatic Cancer East Asia cohort. The spleen-dominant 
pattern is mechanistically coherent: Syk is broadly expressed in tumor-associated immune 
populations resident in the spleen, including mast cells, macrophages, and B cells, all of which 
contribute to the HCC immune microenvironment. Tumor-associated mast cell infiltration has 
been linked to HCC progression and poor prognosis, and Syk-dependent signaling in mast cells 
governs the release of pro-tumorigenic mediators including TNF-α and arachidonic acid 
metabolites, yet pharmacological targeting of the FcεRI–Syk axis in HCC has not been 
investigated. The recurrence of the signal across two geographically independent cohorts argues 
against a dataset-specific artifact. Whether the reversal signature reflects suppression of Syk-
dependent mast cell activation within the hepatic tumor microenvironment, or broader Syk-
mediated immune dysregulation, cannot be determined from the present data; either 
interpretation provides a biologically tractable hypothesis for experimental follow-up in HCC-
relevant immune cell models. 

LDN-193189 is a selective BMP type I receptor inhibitor (ALK2/ALK3) developed as a 
research tool to probe BMP signaling in skeletal and stromal cell contexts. Antitumor activity 
has been reported in epithelial ovarian cancer models, where LDN-193189 induced ROS-
dependent, caspase 3-independent cell death and resensitized platinum-resistant cells to 
cisplatin and carboplatin in both in vitro and in vivo settings; dorsomorphin, a structurally 
distinct compound acting on an overlapping set of BMP receptors, produced complementary 
effects through autophagy induction and cell cycle blockade in the same models. Neither 
compound has been investigated in HCC or biliary tract cancers. In the Hepatic Cancer East 
Asia dataset, LDN-193189 ranked third in whole blood (ݍ = 7.71 × 10−41). Dorsomorphin 
independently emerged as a top candidate in spleen (ݍ = 8.81 × 10−33) and small intestine 
terminal ileum (ݍ = 2.88 × 10−14) within the same dataset, and in whole blood in the FinnGen 



cohort ( ݍ = 2.42 × 10−21 ). The independent prioritization of two chemically dissimilar 
inhibitors converging on the same molecular target across multiple tissues and independent 
GWAS cohorts substantially reduces the probability that either signal reflects a compound-
specific artifact, and together they provide internal computational validation for BMP receptor 
involvement in the hepatic cancer transcriptome. BMP9-mediated ALK1 signaling in HCC-
associated endothelial cells has been reported, and BMP4 has been implicated in hepatic cancer 
stem cell maintenance; pharmacologic inhibition of ALK2/ALK3 has not yet been examined in 
HCC. With its relatively favorable selectivity and its reported ability to induce tumor cell death 
in solid tumor models, LDN-193189 is a reasonable candidate for mechanistic testing in hepatic 
cancer systems. 

Strengths and Validation Layers 

GIN-DRIP (Genetics-Informed Network-based Drug Repurposing via in silico Perturbation) 
integrates genetics, genomics, perturbational data, and real-world electronic health records to 
convert GWAS findings into repurposing hypotheses [54]. The framework presented here 
builds on that general concept, but differs from it in three main respects. First, repurposing 
queries are anchored in genetically inferred liability through S-PrediXcan rather than in 
observational differential expression. Second, prioritization is carried out in parallel across 12 
independent datasets and 49 tissues, allowing candidates to be ranked in a trait- and tissue-
resolved manner at a scale that single-GWAS designs cannot provide. Third, genes, traits, and 
drugs are summarized within interpretable bipartite and tripartite network structures, rather than 
being returned simply as a flat ranked list. An additional screen for clinical plausibility was 
performed using DrugEnrichr against SIDER as an orthogonal validation step external to the 
transcriptomic pipeline [55]. 

Direct use of CMap is constrained by its reliance on observed differential expression. Framing 
the query around S-PrediXcan-derived genetic liability offers one way to reduce that 
dependence. In contrast to single-GWAS approaches such as DeSigN, SPxLINCS draws on 
multiple datasets at once, making it possible to compare results across studies and to prioritize 
candidates in a tissue-specific manner. DSEA provides a further layer of orthogonal support, 
helping narrow the output from a broad ranked list to a smaller set of candidates with clearer 
genetic and mechanistic grounding. 

Even so, the robustness of the framework still needs to be tested more formally. Sensitivity 
analyses using Fisher, Stouffer, Tippett, and Robust Rank Aggregation (RRA), together with 
established positive controls, would provide a useful internal check. 

Limitations 

The most important limitation is the gap between in vitro signal and in vivo relevance. A 
reverse-signature result in LINCS L1000 cell lines does not necessarily translate into activity 



in cirrhotic liver, where immune complexity and altered pharmacokinetic and 
pharmacodynamic conditions may substantially reshape drug response. Before any clinical 
implications can be considered, prospective validation in patient-derived HCC organoids, 
precision-cut liver slices, and immune-competent PDX models will be necessary. Several of the 
top-ranked classes, including PLK1, FAK, and DNA-PK inhibitors, also raise practical 
concerns because their exposure and toxicity profiles may be less well tolerated in the setting 
of chronic liver disease. In that context, these agents may be more realistically considered as 
locoregional sensitizers or combination partners than as systemic monotherapies. DSEA-based 
indication enrichment lends support to the overall convergence of the findings, but it does not 
replace evidence from randomized clinical studies. 

There are also methodological issues that should be kept in mind. The current definition of key 
tissues may underrepresent stromal and immune components of the tumor microenvironment. 
Future iterations could refine 𝑍௔௚௚  by incorporating priors from single-cell or spatial 

transcriptomic data. The use of ݍ௠௜௡  as the aggregation metric should be compared with 
alternatives such as Fisher, Stouffer, Tippett, and RRA. Likewise, recurrence thresholds such 
as requiring a signal in at least two key tissues or in at least two GWAS datasets should be 
examined as complementary filters rather than fixed assumptions. Some network edges may 
reflect uneven assay coverage or artefacts introduced during synonym harmonization, rather 
than true biological connectivity, and coverage-aware normalization has not yet been 
implemented. 

The 12 GWAS datasets were intentionally chosen to capture a broad range of phenotypes, from 
histologically confirmed HCC to benign hepatobiliary disease, and to include both East Asian 
and European populations. Although this design helps test generalizability, it also creates clear 
interpretive limits. Signals arising from benign phenotypes may not carry over to malignant 
disease, and differences in linkage disequilibrium structure across populations may reduce the 
precision of S-PrediXcan estimates. 

Future Directions 

Bridging computation and experiment will require exposure-aware preclinical studies in 
patient-derived HCC organoids and precision-cut liver slices, with pharmacodynamic endpoints 
aligned to drug concentrations that are realistically achievable in the clinic. These candidates 
are likely to be most informative when advanced through biomarker-enriched designs, in which 
DDR, FAK, and CDK signatures are matched to molecular subgroups using TWAS/GReX 
profiles, and when tested in combination or locoregional settings rather than as systemic 
monotherapies. 

Given the hepatic constraints on systemic dosing, pairing CDK or FAK inhibitors with IO-anti-
VEGF regimens or with TACE, HAIC, or SBRT backbones represents a reasonable point of 



entry [56]. Conventional randomized trial designs are often difficult to apply in advanced HCC 
complicated by impaired liver function; window-of-opportunity or neoadjuvant studies 
centered on pharmacodynamic endpoints may therefore offer a more feasible path for early 
clinical evaluation [57]. 

Conclusion 

The GWAS-guided and tissue-constrained SPxLINCS framework described here provides a 
reproducible approach for prioritizing drug repurposing candidates in hepatobiliary cancers. By 
combining key-tissue selection, reverse-signature filtering, drug-level aggregation 
using ݍmin  and −log(ݍmin) , and network-based summarization, the pipeline consistently 
identified convergent mechanistic classes, including CDK/PLK1, FAK, DNA-PK/DNA 
damage response, topoisomerase I, and translation-axis inhibitors, while also distinguishing 
broadly replicated signals from those that appear to be trait-specific. Drug Set Enrichment 
Analysis against clinically curated indications provided an additional layer of support by 
linking these findings to hepatocellular and related hepatic cancers, thereby strengthening their 
translational plausibility. 

Most of the prioritized compounds should be regarded as starting points rather than definitive 
therapeutic answers. The strength of transcriptomic reversal is not equivalent to demonstrated 
efficacy or tolerability in the diseased liver. The practical value of the framework lies in 
generating a shortlist with explicit mechanistic rationale and genetic grounding, replacing 
generic tool-compound signals, where possible, with pathway-supported and clinically more 
tractable candidates. 

Turning genetic liability and perturbational transcriptomic data into testable clinical hypotheses 
for HCC requires a structured, multi-layer pipeline of this kind. The compound classes 
identified here are best treated as experimental leads, not as established therapies. Whether they 
have clinical potential will need to be examined in exposure-aware preclinical models and in 
early-phase studies built around realistic pharmacologic and pharmacodynamic endpoints. 
Although the present analysis focused on HCC, the framework itself should also be usable in 
other diseases with available GWAS and perturbational transcriptomic data. 
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