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Abstract Pharmacotranscriptomic profiles, which capture drug-induced changes in gene expression,

offer vast potential for computational drug discovery and are widely used in modern medicine. However,

current computational approaches neglected the associations within gene‒gene functional networks and

unrevealed the systematic relationship between drug efficacy and the reversal effect. Here, we developed

a new genome-scale functional module (GSFM) transformation framework to quantitatively evaluate

drug efficacy for in silico drug discovery. GSFM employs four biologically interpretable quantifiers:
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Drug efficacy;

In silico drug discovery

GSFM_Up, GSFM_Down, GSFM_ssGSEA, and GSFM_TF to comprehensively evaluate the multi-

dimension activities of each functional module (FM) at gene-level, pathway-level, and transcriptional

regulatory network-level. Through a data transformation strategy, GSFM effectively converts noisy and

potentially unreliable gene expression data into a more dependable FM active matrix, significantly out-

performing other methods in terms of both robustness and accuracy. Besides, we found a positive corre-

lation between RSGSFM and drug efficacy, suggesting that RSGSFM could serve as representative measure

of drug efficacy. Furthermore, we identified WYE-354, perhexiline, and NTNCB as candidate therapeutic

agents for the treatment of breast-invasive carcinoma, lung adenocarcinoma, and castration-resistant pros-

tate cancer, respectively. The results from in vitro and in vivo experiments have validated that all identi-

fied compounds exhibit potent anti-tumor effects, providing proof-of-concept for our computational

approach.

ª 2025 The Authors. Published by Elsevier B.V. on behalf of Chinese Pharmaceutical Association and

Institute of Materia Medica, Chinese Academy of Medical Sciences. This is an open access article under

the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

In silico-driven drug discovery has garnered considerable attention
for its ability to expedite the drug development process while
reducing time, labor, and financial expenditure1. Computational
screening of compounds via gene expression profiles has proven to
be a highly effective method in drug discovery, facilitating the
targeting of specific biological processes and identifying potential
therapeutic agents2-4. Numerous pharmacotranscriptomic per-
turbed databases, such as CMap5, LINCS6, and ITCM7, have been
established to accelerate drug discovery efforts. For instance,
Rabben et al.8 repurposed ivermectin for gastric cancer treatment
using the CMap database, while Chen et al.9 identified homo-
harringtonine as a potential liver cancer therapy through the
LINCS database. Additionally, various computational algorithms
leveraging gene expression data have been developed to support
drug discovery10-13. Lamb et al.10 introduced a pattern-matching
algorithm that utilizing the KolmogoroveSmirnov statistic to
rank all drugs based on their connectivity scores. Cheng et al.11

proposed the eXtreme Sum score (XSum) algorithm to quantify
the reversal relationship between the drugs and diseases. These
algorithms offer valuable tools for analyzing gene expression data
and identifying potential drug candidates.

However, many of these strategies primarily focus on con-
ventional signatures that rely solely on differentially expressed
genes, overlooking the gene‒gene functional network associa-
tions. Consequently, these approaches often suffer from reduced
robustness and accuracy. From a systems/network perspective, a
gene with functional abnormalities disrupts not only its direct
partners within the human protein‒protein interactome, but also
affects a nearby subnetwork centered around that gene14-16. In
essence, many genes interact with one another, participate in the
same biological functions or signaling pathways, and form func-
tional modules (FMs)17. In this study, pathways or biological
processes are defined as FMs. Various module-based approaches
have been developed to characterize FM activity in individuals or
samples. One commonly used method is ssGSEA18, which infers
pathway activity for each sample based on expression data.
Another approach is Viper19 (virtual inference of protein‒activity
by enriched regulon analysis), which uses enriched regulon
analysis to infer the activity of transcriptional regulons. None-
theless, these methods only provide a single score for each module
at a single level and may introduce noise, thereby failing to fully

capture the biological complexity20. Moreover, the relationship
between drug reversal capacity and drug efficacy has yet to be
systematically explored.

This study introduces a transformative framework for drug
discovery termed genome-scale functional module (GSFM)-based
drug discovery. This framework integrates four biologically
interpretable quantifiers (BIQs) to evaluate the overall activity of
the FMs: GSFM_Up, GSFM_Down, GSFM_ssGSEA, and
GSFM_TF. GSFM_Up and GSFM_Down measure gene-level
activity within a FM, with GSFM_Up assessing the ratio of
highly expressed genes (95th percentile, Z-score >1.96) and
GSFM_Down evaluating the ratio of lowly expressed genes (5th
percentile, Z-score <�1.96). Conversely, GSFM_ssGSEA quan-
tifies the pathway-level activity for each FM by comparing the
normalized difference between the empirical cumulative distri-
bution function of gene expression ranks inside and outside the
module. Furthermore, GSFM_TF estimates transcriptional regu-
latory network-level activity by calculating the weighted average
expression level of transcription factors (TFs) within a FM. These
BIQs provide a comprehensive assessment of each FM’s activity
from a systems/network perspective.

To systematically understand how these modules respond to
drug perturbations, the genome-scale functional module-based
reversal score (RSGSFM) was developed to compare FM pattern
of drug perturbations with the disease-induced FM pattern,
characterizing the potential of drug efficacy. Notably, a positive
correlation was observed between RSGSFM and half-maximal
inhibitory concentration (IC50), a key measure of drug efficacy.
Using the GSFM computational framework, WYE-354 with
significant RSGSFM as an effective candidate for breast-invasive
carcinoma (BRCA). Additionally, perhexiline exhibited notable
RSGSFM for lung adenocarcinoma (LUAD), and NTNCB was
identified as a potential treatment for castration-resistant prostate
cancer (CRPC) based on its significant RSGSFM. These findings
underscore the potential of the GSFM framework in pinpointing
candidate drugs for specific cancers. Subsequently, each identi-
fied compound underwent further evaluation for its effectiveness
in inhibiting the growth of subcutaneous xenografts derived from
different cancer cell lines in nude mice. This large-scale
computational analysis demonstrates the feasibility and poten-
tial of GSFM as a valuable tool in drug discovery, showcasing its
versatile and broadly applicable framework in the field of drug
development.
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2. Materials and methods

2.1. Data collection and processing

Drug-induced gene expression profiles were downloaded from the
LINCS library using the signatureSearch R package21. This
dataset includes gene expression profiles derived from treatments
of 8140 compounds across 30 cell lines for 24 h at a concentration
of 10 mmol/L, covering 12,328 genes, including 978 landmark
genes and 11,350 additional inferred genes. Efficacy data for each
compound (IC50) were sourced from the ChEMBL database
(version 27). Cell lines were mapped between the LINCS and
ChEMBL databases using the cell line names, followed by manual
inspection. Due to potential variability in IC50 values for a single
compound across different studies, even within the same cell lines,
we adopted the median as a summary measure for the IC50. This
study focuses on three cancer typesdBRCA, LUAD, and
CRPCdbased on the availability of relevant compound gene
expression profiles in LINCS and corresponding compound effi-
cacy data in ChEMBL. The selected cell lines were MCF7, A549,
and PC3, chosen for their high number of compounds with both
efficacy and expression data in the ChEMBL and LINCS data-
bases, respectively. Additionally, gene expression profiles of tu-
mors and adjacent normal tissues in BRCA and LUAD were
extracted from the TCGA database. Since TCGA-PRAD primarily
includes primary prostate tumors, it is important to note that PC3
represents castration-resistant prostate cancer (CRPC), which may
exhibit significant molecular differences compared to primary
tumors. Therefore, CRPC datasets were collected from
GSE70768. Multi-validation datasets from the GEO database were
also collected to enhance the model’s robustness, including
GSE3744, GSE42568, and GSE109169 for BRCA; GSE10072,
GSE43458, and GSE81089 for LUAD; and GSE80609,
GSE33277, and GSE3325 for CRPC. Moreover, TF-target gene
pairs were gathered based on prior research findings22, which
provided evidence from literature-curated resources, TF binding
motifs on promoters, or ChIP-seq peaks. For subsequent analysis,
high-confidence TF-target pairs (confidence levels A and B) were
selected, following the criteria outlined by Garcia-Alonso et al.22

(Supporting Information Table S1).

2.2. Selection of functional modules

A common set of criteria for module selection includes assessing
the relevance of functionality for each module, ensuring broad
coverage of functionalities across different modules, and pro-
moting extensive coverage of genes throughout the modules. In
the use cases described here, we define 50 cancer-related hall-
mark genesets as FMs23,24, including ‘Adipogenesis’, ‘Allograft
rejection’, ‘Androgen response’, ‘Angiogenesis’, ‘Apical junc-
tion’, ‘Apical surface’, ‘Apoptosis’, ‘Bile acid metabolism’,
‘Cholesterol homeostasis’, ‘Coagulation’, ‘Complement’, ‘DNA
repair’, ‘E2F targets’, ‘Epithelial mesenchymal transition’, ‘Es-
trogen response early’, ‘Estrogen response late’, ‘Fatty acid
metabolism’, ‘G2M checkpoint’, ‘Glycolysis’, ‘Hedgehog
signaling’, ‘Heme metabolism’, ‘Hypoxia’, ‘IL2 STAT5
signaling’, ‘IL6 JAK STA3 signaling’, ‘Inflammatory
response’, ‘Interferon a response’, ‘Interferon gamma response’,
‘KRAS signaling DN’, ‘KRAS signaling UP’, ‘Mitotic spindle’,
‘Mtorc1 signaling’, ‘MYC targets V1, ‘MYC targets V2’,
‘Myogenesis’, ‘Notch signaling’, ‘Oxidative phosphorylation’,
‘p53 pathway’, ‘Pancreas b cells’, ‘Peroxisome’, ‘PI3K AKT

MTOR signaling’, ‘Protein secretion’, ‘Reactive oxygen species
pathway’, ‘Spermatogenesis’, ‘TGF b signaling’, ‘TNFA
signaling via NFKB’, ‘Unfolded protein response’, ‘UV response
DN’, ‘UV response UP’, ‘WNT b catenin signaling’, ‘Xenobiotic
metabolism’ (Supporting Information Table S2). These FMs
were subsequently annotated into six primary process categories:
‘Metabolism’, ‘Genetic Information Processing’, ‘Environ-
mental’, ‘Cellular Processes’, ‘Cellular component’, and
‘Organismal Systems’. More importantly, these FMs cover
diverse cellular activities, and convey a specific biological state
or process. Meanwhile, they also show mutual exclusivity across
modules (Supporting Information Fig. S1A and S1B). It is
important to note that the choice of modules can vary depending
on the specific research question posed by the researcher.

2.3. Multi-levels GSFM transformation

Inspired by previous research18,19,25, the GSFM algorithm was
developed to transform the gene expression matrix into the
GSFM active matrix. The algorithm’s core involves utilizing four
distinct methods to calculate the overall activity of each FM at
multi-levels: GSFM_Up, GSFM_Down, GSFM_ssGSEA, and
GSFM_TF.

2.3.1. Gene-level
Both GSFM Up and GSFM Down are employed to evaluate FM
activities at the gene level by calculating the proportion of genes
exhibiting significantly elevated or reduced expression (|Z-
score| > 1.96) within a specific FM.

GSFM UpZ
Nup

Nall

ð1Þ

Nup represents the number of up-regulated genes in a FM, and Nall

denotes the total number of genes within that FM.

GSFM DownZ‒1�Ndown

Nall

ð2Þ

Ndown represents the number of down-regulated genes in the FM.

2.3.2. Pathway-level
The GSFM ssGSEA18 calculated the FM activity for each sample
at the pathway level, by quantifying the normalized difference
between the empirical cumulative distribution function (ECDF) of
gene expression ranks within and outside the FM.

a. The inclusion of a gene within gene set FM can be demon-
strated by Eq. (3):

Pw
FMZ

X
rj˛FM;j�i

��rj��aP
rj˛FM

��rj��a ð3Þ

b. The exclusion of a gene from set FM can be demonstrated by
Eq. (4):

PNFM
Z

X
rj;FM;j�i

1

ðN‒NFMÞ ð4Þ

c. Calculate the ssGSEA for each gene and determine the
ssGSEA for this gene set based on the maximum difference
(selecting the ssGSEA with the highest absolute value) using
Eq. (5):

GSFM transformation framework 135



GSFM ssGSEAZ
XN
iZ1

�
Pw
FM �PNFM

� ð5Þ

where Pw
FM is the ECDF of genes within FMs, PNFM

is the ECDF of
the remaining genes, rj represents the genes within an expression
profile, FM signifies the selected FMs, j denotes the rank of the
gene, i indicates the total count of gene ranks within the expres-
sion matrix, N represents the total number of genes in the
expression matrix, and NFM stands for the total number of genes
encompassed within the selected FMs. Index (a) is the weight,
typically set to 1.

2.3.3. Transcriptional regulatory network-level
The GSFM TF score assesses FM activity at the transcriptional
regulatory network-level by calculating the average expression of
TFs whose target genes show significant enrichment within each
FM. Due to the tissue- or cell type-specific nature of transcrip-
tional regulatory networks, correlations between TFs and their
target genes were initially evaluated. Pairs exhibiting a significant
correlation in a particular tumor type were retained (a relatively
loose threshold: |r| > 0.2, P < 0.05). Subsequently, a one-tailed
Fisher exact test was then conducted on the list of TF-target
gene pairs to determine if the target genes of a TF are signifi-
cantly enriched within the FM. Only the TFs demonstrating sig-
nificant enrichment in a module were selected as the TFs
associated with that FM. The calculation of TF regulation weight
was conducted using Eqs. (6)e(8):

RatioModulei Z
NTFi

NTFs

ð6Þ

RatioTFi Z
NTFi

NTF

ð7Þ

WeightiZRatioModulei �RatioTFi ð8Þ
where NTFi denotes the number of target genes for TFi in one FM,
NTFs signifies the number of target genes that have been regulated
by all the TFs, and NTF represents the number of target genes
regulated by TFi across all selected FMs.

Weights within each module were standardized to ensure the
total TF regulation weights sum to 1. The GSFM_TF score was
calculated by aggregating the normalized weights, with each
weight was multiplied by the corresponding expression level of
the TFs, as Eq. (9):

GSFM TFZ
1

N

XN
iZ1

weighti�ExpðTFiÞ ð9Þ

where N represents the number of significantly regulated TFs in
the FM, and ExpðTFiÞ is the expression level of the TFs in the FM.

2.4. Benchmarks for distinct matching methods

The retrieval performance of four distinct matching method-
sdCMap10, XSum11, ZhangScore12, and RS13dwas systemati-
cally benchmarked. The specific features and scoring schemes of
these methods are described as follows:

The CMap method separates disease signatures into two FM
setsdupregulated and downregulatedddisregarding the magni-
tude of differential expression. Initially, the drug GSFM activity
matrix is used as a reference to compute the maximum deviation
(MD)-based ES for the upregulated FM set (esup) and the

downregulated FM set (esdown). The CMap score is then defined as
follows:

a. If esup and esdown have the same algebraic sign then
CMapGSFM Z 0.

b. CMapGSFM Z esup � esdown.

The XSum method, akin to CMap, independently addresses
up- and down-regulated FMs separately. The sums of the change
values in drug FMs relative to upregulated disease FMs (sumup)
and downregulated disease FMs (sumdown) are first calculated. The
XSum score is subsequently defined as Eq. (10):

XSumGSFMZ sumup � sumdown ð10Þ

The ZhangScore method ranks FMs in a reference profile by
the absolute value of their expression value. In the context of a
disease or drug GSFM active matrix, R is defined as the complete
replicate-consensus FM of the drug, while S represents the union
of the upregulated and downregulated FM. The ZhangScore is
then defined as Eq. (11):

ZhangScoreGSFMZ

Pn
iZ1

RðFMiÞSðFMiÞ

Pn
iZ1

ðN � iþ 1Þ
ð11Þ

where FMi resents the ith FM in R, SðFMiÞ is 1 for up-regulated FMs
or �1 for down-regulated FMs, and RðFMiÞ is this FM’s signed rank
in R. n is the length of S, and N is the length of R.

The RS method was adapted from the RGES developed in
previous studies13.

(1) Given a ranked list of drug-related FMs L with n FM and a
disease-related FMs S with m FMs.

(2) Given a vector V indicating the position (1, 2,., n) of each
module in L and sort the FMs in S in ascending order such
that V ðiÞ is the position of FM i, where i Z 1, 2, ., t.
Compute the following two values:

aZmaxtiZ1

�
i

t
‒
V ðiÞ
n

�
ð12Þ

bZmaxtiZ1

�
V ðiÞ
n

‒
i‒1
t

�
ð13Þ

Then, for each up- and down-regulated disease FMs, we
calculated aup, adown, bup, and bdown using Eqs. (14)e(16):

esupZ

�
aup if aup > bup
‒bup if aup < bup

ð14Þ

esdownZ

�
adown if adown > bdown
‒bdown if adown < bdown

ð15Þ

RSGSFMZ esup � esdown ð16Þ

In this context, esup denotes the absolute enrichment score of
an up-regulated FM list in a given profile, while esdown represents
the absolute enrichment score of a down-regulated FM list in the
same profile.
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2.5. The performance evaluation of robustness and accuracy

The area under the receiver operating characteristic curve (ROC)26

and the area under the precision-recall curve (PR)27 were utilized
to assess the performance of GSFM. In this research, ROC and PR
were achieved using a rigorous 10-fold cross-validation frame-
work. Briefly, the dataset was split into 10 subsets-9 subsets are
used for training while the 10th subset is used for validation. Each
subset served as the validation set once, therefore each individual
was in the validation fold exactly once for each cross-validation
run. Finally, the AUC of ROC and PR curves for each fold are
averaged to produce a more robust estimate as our final ROC and
PR. Meanwhile, enrichment analysis28 was employed for further
validation, using existing FDA-approved or investigational drugs
specific to each individual cancer. Moreover, a novel indicator,
accuracy score, was developed to qualify the performance.

Accuracy scoreZ r� ð‒logðPEnrichmentÞÞ ð17Þ

where r is the correlation between RSGSFM and IC50, and
PEnrichment is derived from enrichment analysis based on FDA-
approved or investigational drugs from clinicaltrials.gov for each
individual cancer.

2.6. BIQ combination and FM size selection by drug retrieval
performance

Considering that the BIQ combination and FM size are crucial
factors influencing the performance of GSFM, a rigorous and
robust analysis was conducted to determine the optimal BIQ
combination and the appropriate FM size. In this study, we applied
a novel benchmarking standard called ROC-based standard to
evaluate the drug retrieval performance26. Drug response data for
MCF7, A549, and PC3 cell lines were collected from the
ChEMBL database. Compounds in LINCS and ChEMBL were
mapped using the compound names, followed by manual in-
spection. Due to IC50 redundancy, the median IC50 of duplicate
compounds was used to represent the compound’s activity
(Supporting Information Table S3). Compounds were categorized
into effective (IC50 < 10 mmol/L) and ineffective
(IC50 > 10 mmol/L) groups13. The retrieval performance was
measured by assessing the ability to distinguish between effective
and ineffective compounds using the ROC value, with higher ROC
values indicating superior performance. Random combination
experiments demonstrated the rationale for the current four BIQ
combinations. All possible BIQ combinations and the maximum
top x upregulated and downregulated FM sizes at 25, 50, 75, 100,
125, 150, 175, and 200 were extracted, defining them as FM-
associated signatures to generate the ROC.

2.7. Mice and chemicals

Male and female BALB/c nude mice were obtained from Shanghai
Leagene Biotechnology Co., Ltd. (Shanghai, China). All animals
were kept and cared for in a pathogen-free environment, with unre-
stricted access to sterilized food and autoclaved water. The housing
conditions included a 12-h light/dark cycle, maintaining a room
temperature of 21� 2 �C, andhumidity levels between45%and65%.
Animal work was approved by the Second Military Medical Uni-
versity and animal studies were carried out in compliance with all
federal and local institutional rules for the conduct of animal

experiments. WYE-354 and perhexiline were purchased from MCE
(MedChemExpress). NTNCBwas purchased fromTargetMol. These
three compounds were dissolved in dimethyl sulfoxide (DMSO) at
stock solutions of 10 mmol/L. All stock solutions were stored at
�20 �C for subsequent use in cell-based experiments.

2.8. Cellular experiments

2.8.1. Cell culture
MCF7 and PC3 cells were purchased from Procell Life Science &
Technology Co., Ltd., while MDA-MB-231, A549, NCI-H1975,
and DU145 cells were obtained from Shanghai Institute of Cell
Resource Center Life Science (Shanghai, China). A549, MDA-
MB-231, and NCI-H1975 cells were cultured in DMEM supple-
mented with 10% FBS and 1% P/S at 37 �C in humidified at-
mosphere with 5% CO2. MCF7 cells were cultured in MEM
supplemented with 10 mg/mL Insulin, 10% FBS, and 1% P/S at
37 �C in humidified atmosphere with 5% CO2. PC3 cells were
cultured in F-12K supplemented with 10% FBS and 1% P/S at
37 �C in humidified atmosphere with 5% CO2. DU145 cells were
cultured in RPMI 1640 supplemented with 10% FBS and 1% P/S
at 37 �C in humidified atmosphere with 5% CO2.

2.8.2. Cell proliferation assay and colony formation assay
The effects of WYE-354, perhexiline, and NTNCB on cell prolifer-
ation were examined using the Cell Counting Kit-8 (CCK-8) assay.
MCF7, MDA-MB-231, A549, NCI-H1975, PC3, and DU145 cells
(100 mL) were seeded into 96-well plates at a density of 5000 cells/
well. After allowing the cells to adhere overnight, the medium was
aspirated. The cells in the 96-wells were incubated with 100 mL of
different compound concentrations (0, 1.25, 2.5, 5.0, 10.0, 30.0, and
50.0 mmol/L) for 72 h. Subsequently, the cells were incubated with
10 mL of CCK-8 solution at 37 �C for 0.5e2 h. Optical density values
at 450 and 620 nmweremeasured using an enzymemarker. The IC50

values were determined from a dose-response curve. Dose-response
curves were determined using GraphPad Prism 9.0.0 software. For
the colony formation assay, each of the BRCA, LUAD, and CRPC
cell linewas seeded in six-well plates, with 600 cells in 2mLofmedia
per well. After 8 days, cells were stained with a Crystal Violet
Staining Solution (C0121, Beyotime).

2.9. In vivo antitumor study

2.9.1. Xenograft mouse model and drug treatment
To generate subcutaneous xenografts, 5 � 106 MDA-MB-231,
A549, and PC3 cells were suspended in 100 mL of Dulbecco’s
PBS (Invitrogen) and injected subcutaneously near the right
forelimb of 5-week-old female/male Balb/c mice. The mice were
randomly divided into five groups (n Z 6 per group). One group
received intraperitoneal injections of 0.2 mL paclitaxel (10 mg/kg,
positive control) every 3 days for 15 days. Treatment groups were
administered intraperitoneal injection of 0.2 mL of WYE-354,
perhexiline, and NTNCB at doses of 1, 3, and 10 mg/kg daily
for 15 days. The vehicle control group received an equivalent
volume of the vehicle solution without the active compounds.
Tumor sizes were measured with a caliper before each treatment
time point, and the tumor volumes were calculated by Eq. (18):

V Z

�
W 2 � L

	
2

ð18Þ

where V presents volume, L presents tumor length, W presents
tumor width.
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2.9.2. Hematoxylin-eosin (H&E) staining
The excised mouse subcutaneous xenograft tumor tissues under-
went initial fixation in a 4% paraformaldehyde solution, followed
by standard paraffin embedding and sectioning procedures. Sub-
sequently, the paraffin-embedded sections were then sequentially
immersed in Environmentally Friendly Dewaxing Transparent
Liquid I for 20 min, followed by Liquid II for another 20 min.
This was succeeded by a series of dehydration steps in anhydrous
ethanol I for 5 min, anhydrous ethanol II for another 5 min, and
finally, 75% ethanol for 5 min, after which they were rinsed in tap
water. The sections were then prepared for staining by treating
them with an HD constant staining pre-treatment solution for
1 min, followed by immersion in hematoxylin solution for
3e5 min and rinsing with tap water. The sections were further
processed with hematoxylin differentiation solution, then rinsed,
and treated with hematoxylin bluing solution, followed by another
rinse with tap water. The prepared sections were then dried and
examined under a microscope.

2.9.3. Immunohistochemistry
Subcutaneous graft tumor tissue blocks derived from mice, fixed
in 4% paraformaldehyde and embedded in paraffin, were utilized.
Immunohistochemical staining was performed using primary an-
tibodies and HRP-conjugated secondary antibodies. Specifically,
the anti-Ki67 antibody (1:500, Servicebio, Cat#: GB121499) and
HRP-conjugated goat anti-rabbit IgG (HþL) (1:200, Servicebio,
Cat#: GB23303) were employed.

2.9.4. TUNEL assay
The TUNEL (Terminal deoxynucleotidyl Transferase dUTP Nick
End Labeling) assay, a well-established method for detecting
apoptosis, was utilized to evaluate apoptotic cells in mouse tissue
samples. Utilizing TUNEL Assay Kit from Servicebio (Cat#:
G1501), apoptosis detection was visualized with a fluorescence
microscope, where DAPI-induced blue fluorescence was excited at
330e380 nm and emitted at 420 nm, while FITC-induced green
fluorescence was excited at 465e495 nm and emitted at
515e555 nm.

2.10. Statistical analyses

All experiments were repeated at least three times. Statistical
differences between the control vehicle and treatment groups were
calculated using one-way analysis of variance (ANOVA). Signif-
icance was determined with a threshold of P values < 0.05, with
statistical significance denoted as *P < 0.05, **P < 0.01, and
***P < 0.001 for extreme statistical significance. All statistical
analyses for validation results were performed using GraphPad
Prism 9.0.0 software, while computational analyses were con-
ducted in R version 4.1.1 and Python 3.9.7.

3. Results

3.1. Transformation framework of GSFM

Here, we devised a novel FM-based transformation framework,
GSFM, for in silico drug discovery. Fig. 1 provides an overview of
this framework. Initially, the gene expression matrix is converted
into a GSFM active matrix using four BIQs: GSFM_Up,
GSFM_Down, GSFM_ssGSEA, and GSFM_TF, which calculate
overall activity for each FM at multi-levels (Fig. 1A). In the use

cases presented here, 50 cancer-related hallmark genesets were
collected as FMs, encompassing diverse cellular functional ac-
tivities, including cellular processes, metabolism, and genetic in-
formation processing et al. All functional modules exhibit mutual
exclusivity (Fig. S1A and S1B, Tables S1 and S2). Secondly,
GSFM optimization was achieved by refining drug prediction al-
gorithms, BIQ combinations, and adjusting FM size. Simulta-
neously, the relationship between drug reversal capacity and
efficacy was elucidated (Fig. 1B). GSFM demonstrated strong
correlations and outperformed traditional differential gene analysis
(Gene) method and Viper methods19. Various performance metrics,
such as correlation, ROC, PR, enrichment analysis, and accuracy
score, underscored its robustness and accuracy. The ultimate step
involves GSFM-based experimental validation of nominated drug
candidates and mechanistic observations (Fig. 1C). This research
focused specifically on three types of cancers: BRCA, LUAD, and
CRPC, selected based on the availability of relevant compound
gene expression profiles in LINCS and corresponding compound
efficacy data in ChEMBL. RSGSFM was employed to prioritize
compounds, identifying top hits that have not been previously
studied in each cancer animal model: WYE-354 (BRCA, RSGSFM:
�0.92), perhexiline (LUAD, RSGSFM: �0.85), and NTNCB
(CRPC, RSGSFM: �0.89). These compounds were further verified
using in vitro and in vivo tests to ensure their credibility.

3.2. Construct the multi-levels GSFM active matrix and
determine the FM size

Clinical samples of BRCA and LUAD were sourced from TCGA,
and CRPC from GSE70768 for subsequent analysis. The gene
expression matrix was transformed into a GSFM active matrix
following the established framework (Fig. S1C). A total of 200 FMs
activities were calculated for each cancer type. Different FM sig-
natures (DFMStumor) were generated using the limma package29.
Similarly, the drug expression matrix was converted into a GSFM
active matrix, resulting in the construction of DFMSdrug. The RS
algorithm was employed to calculate the RSGSFM value, charac-
terizing the potential of drug efficacy. A systematic performance
comparison was conducted with other drug prediction algo-
rithmsdCMap, XSum, and ZhangScore. Findings indicated that
the RS algorithm within our computational framework surpasses
the other three algorithms (Fig. S1D‒S1F). Given the significant
impact of BIQs and FM sizes on drug retrieval performance, a
rigorous and robust analysis identified the optimal of BIQ combi-
nations and FM sizes using the ROC-based benchmarking stan-
dards. All possible combinations (n Z 15) were compared,
revealing that the combination utilizing all four quantifiers consis-
tently outperformed the other fourteen combinations across nearly
all candidate FM sizes (Fig. S1G‒S1I). Performance scores of the
four quantifiers were also assessed at specific FM sizes (25, 50, 75,
100, 125, 150, 175, and 200), suggesting that x Z 125 is a suitable
condition where the performance score reached a steady state.
Consequently, four quantifiers and xZ 125 were used as criteria for
the subsequent analysis (Fig. S1J‒S1L). Furthermore, analyses
demonstrated that the GSFM outperformed the Viper and Gene
methods (Fig. S1J‒S1L).

3.3. RSGSFM correlates with drug efficacy in each individual
cancer and shows superiority

The potential association between the RSGSFM value of a com-
pound and its effectiveness in the same cell line was assessed.
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Fig. 2 illustrates that RSGSFM exhibits a strong correlation with
drug efficacy across all three cancer cell types (BRCA: r Z 0.61,
PZ 4.40e-22; LUAD: rZ 0.62, PZ 7.66e-11; CRPC: rZ 0.60,
P Z 5.23e-08; Fig. 2A‒C). Compounds were subsequently
categorized into functionally effective and ineffective groups
(Table S3). The functionally effective compounds exhibited
significantly lower RSGSFM values across all three cancers
(BRCA: P Z 1.46e-18, LUAD: P Z 1.31e-06, CRPC:
P Z 1.90e-09, Student’s t-test, Fig. 2A‒C). RSGene and RSViper
were calculated similarly to RSGSFM, and both showed

correlations with drug efficacy. However, the GSFM algorithm
revealed a stronger correlation and a more pronounced signifi-
cance between RSGSFM and drug efficacy compared to the other
two methods (Fig. 2A‒I).

To further evaluate the performance of GSFM, the following
performance metrics were utilized: ROC, PR, enrichment analysis,
and accuracy score. GSFM demonstrated superior performance
compared to other methods (BRCA: ROC Z 0.840, PR Z 0.832;
LUAD: ROC Z 0.825, PR Z 0.894; CRPC: ROC Z 0.910,
PR Z 0.951, Fig. 3A‒C). A collection of FDA-approved or

Figure 1 Overview of the GSFM transformation framework. (A) Transforming the gene expression matrix into GSFM active matrix involves

employing four BIQs: GSFM_Up, GSFM_Down, GSFM_ssGSEA, and GSFM_TF. (B) ROC-based standard to assess drug retrieval performance

through the integration of four prediction algorithms, the selection of BIQ combinations, and the determination of FM size to optimize the GSFM.

Simultaneously, diverse performance metrics, including correlation, ROC, PR, enrichment analysis, and accuracy score, were employed to

demonstrate its robustness and accuracy. (C) Experimental study to validate drug candidates in each individual cancer. Created with BioRender.

com.
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investigational drugs for each individual cancer sourced from
clinicaltrials.gov (Supporting Information Table S4). Subse-
quently, a comprehensive survey of clinical trials was then con-
ducted, employing enrichment analysis within each specific
cancer treatment domain. Notably, a significant enrichment of
these drugs was observed at the top of the prediction
results (BRCA: P Z 4.52e-07; LUAD: P Z 5.99e-03;
CRPC: P Z 5.15e-08, Fig. 3D‒F, and Supporting Information
Fig. S2A‒S2F), further validating the analysis. An accuracy
score was established to comprehensively evaluate the GSFM
model and ensure a fair comparison. As illustrated in Fig. 3G‒I,
the GSFM method outperformed that of the Gene and Viper
methods in terms of accuracy score. In summary, the GSFM

algorithm proves to be highly effective for in silico drug discovery,
surpassing other methods across all evaluated aspects.

3.4. Evaluation of performance on validation datasets

To further ensure the stability and generalizability of the GSFM
computational framework, multiple independent cohorts were
collected from the GEO database for external validation. Using
the same computational formula, the expression data for BRCA
(GSE3744, GSE42568, and GSE109169), LUAD (GSE10072,
GSE43458, and GSE81089), and CRPC (GSE80609, GSE33277,
and GSE3325) were converted into GSFM active matrix for each
dataset. The details of each dataset are shown in Supporting

Figure 2 RSGSFM represents drug efficacy in individual cancer cell lines. (A) The relationship between RSGSFM and drug efficacy in MCF7 for

BRCA. (B) The relationship between RSGSFM and drug efficacy in A549 for LUAD. (C) The relationship between RSGSFM and drug efficacy in

PC3 for CRPC. (D) The relationship between RSViper and drug efficacy in MCF7 for BRCA. (E) The relationship between RSViper and drug

efficacy in A549 for LUAD. (F) The relationship between RSViper and drug efficacy in PC3 for CRPC. (G) The relationship between RSGene and

drug efficacy in MCF7 for BRCA. (H) The relationship between RSGene and drug efficacy in A549 for LUAD. (I) The relationship between RSGene
and drug efficacy in PC3 for CRPC. Each dot represents one compound. Median IC50 was used when one compound has multiple IC50s from

different studies. ANOVA and Spearman correlation were used to measure correlation between RS and drug efficacy. Boxplots illustrate RS

difference between effective compounds (IC50 < 10 mmol/L) and ineffective compounds (IC50 > 10 mmol/L).
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Information Table S5. RSGSFM, RSGene, and RSViper were qualified
for each dataset, with RSGSFM showing a higher correlation with
drug efficacy across all cancers (Fig. 4A‒I, and Fig. S2G‒S2X).
The higher ROC and PR values in the GSFM model also
indicated superior performance of this computational framework
(Fig. 4J‒L, and Supporting Information Fig. S3). Additionally, a
significant enrichment of potential drugs being tested in clinical
trials for cancer treatment was observed enrichment at the top of

our predictions in each dataset (Fig. 4M‒U, and Supporting
Information Fig. S4). Moreover, the accuracy scores demon-
strated that the performance of the GSFM method outperformed
traditional different gene expression analysis and Viper methods
in all datasets (Fig. 4V‒X, and Supporting Information Fig. S5).
These findings validate the reliability and generalizability of the
GSFM model, enhancing confidence in its robustness and broader
applicability.

Figure 3 Evaluation metrics for GSFM performance. (A) ROC and PR for BRCA. (B) ROC and PR for LUAD. (C) ROC and PR for CRPC.

(D) Enrichment analysis for BRCA in GSFM. (E) Enrichment analysis for LUAD in GSFM. (F) Enrichment analysis for CRPC in GSFM. (G)

Accuracy score for BRCA. (H) Accuracy score for LUAD. (I) Accuracy score for CRPC.
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Figure 4 Evaluation of performance on validation datasets. (AeI) Relationship between drug efficacy and RSGSFM across diverse cancer GEO

datasets. (JeL) ROC and PR evaluation across distinct cancer GEO datasets. (MeU) Enrichment analysis highlighting GSFM in various cancer

GEO datasets. (VeX) Accuracy score across different cancer GEO datasets.
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3.5. In vitro validation of drug hits in each individual cancer

Observing a significant correlation between RSGSFM and drug
efficacy, this approach identified candidate compounds with high
reversal potency for BRCA, LUAD, and CRPC. Although recent
advancements in therapies such as surgery, radiation, and
chemotherapy, have been approved, many yield only marginal
survival benefits30. Thus, more effective therapeutic treatments are
critically needed. The Drug Repurposing Hub (version: 3/24/
2020), a carefully curated and annotated collection of FDA-
approved drugs, clinical trial drugs, and pre-clinical tool com-
pounds, was selected for the user-defined library (Supporting
Information Table S6). Extensive data mining along and litera-
ture review were performed, focusing on the drug ranking based
on RSGSFM. Interestingly, many top-ranked compounds exhibited
biological activity against BRCA, LUAD, and CRPC, with the top
50 compounds presented in Fig. 5A‒C. Several of these com-
pounds, already indicated for cancer treatment, have advanced to
different stages of clinical verification, which lend credibility to
our predictions. Three top-ranked candidate compounds were
selected for further investigation: WYE-354 (RSGSFM: �0.92) for
BRCA, perhexiline (RSGSFM: �0.85) for LUAD, and NTNCB
(RSGSFM: �0.89) for CRPC (Fig. 5D‒F). WYE-354 and per-
hexiline have demonstrated anti-tumor activities in multiple can-
cer cell lines, including those of breast and lung cancer31-33.
However, the effect of WYE-354 for BRCA and perhexiline for
LUAD in animal models remains unstudied. NTNCB against
CRPC has not been previously explored in the context of CRPC.
As these compounds emerged as top hits from unbiased virtual
screening, and are predicted to reverse the functional module
expression of each cancer derived from clinical patient samples,
they were included for further investigation to validate their
therapeutic potential. Additionally, lower-ranked compounds such
as dantron (Rank: 1571) for BRCA, RO-15-4513 (Rank: 997) for
LUAD, and bromfenac (Rank: 1258) for CRPC were selected as a
negative set for experimental assessment. Paclitaxel, a primary
clinical drug extensively used to treat these three cancers, was
included as a positive control34-36.

In vitro experiments were initially conducted to investigate the
anti-cancer activities of these compounds on six human cancer
cell lines: MDA-MB-231 and MCF7 for BRCA, A549 and NCI-
H1975 for LUAD, and PC3 and DU145 for CRPC. Considering
the drug properties and stability of perhexiline and NTNCB,
subsequent experiments validated the use of perhexiline maleate
and NTNCB hydrochloride due to their strong drug absorption and
bioavailability. The three compounds were cultured with the
corresponding cancer cells at various concentrations for 72 h. All
three compounds effectively suppressed cancer cell viability in a
concentration-dependent manner. IC50 values were calculated to
determine compounds’ effectiveness against the specific cancer
cell lines: WYE-354 exhibited an IC50 of 0.644 mmol/L for MCF7
and 1.908 mmol/L for MDA-MB-231; Perhexiline showcased an
IC50 of 4.629 mmol/L for A549 and 6.768 mmol/L for NCI-H1975;
NTNCB displayed an IC50 of 6.005 mmol/L for PC3 and
8.303 mmol/L for DU145 (Fig. 5G‒I). Meanwhile, the positive
control paclitaxel exhibited stronger cell sensitivity to these cell
models at 10 mmol/L, validating its use as a positive control. None
of the negative control molecules exhibited anti-cancer activities
at 10 mmol/L (Fig. 5G‒I). These findings suggest that the
candidate compounds have significant potential to reverse cancer
patterns and demonstrate efficacy in vitro, highlighting the pre-
dictive capability of GSFM (Fig. 5J‒L). Additionally, these

compounds also demonstrated notable inhibitory effects on the
corresponding tumor cells (Fig. 5M‒O). The clonogenic assay
revealed concentration-dependent inhibition of colony formation
by the three compounds in each cancer cell line. At 1 mmol/L,
WYE-354 significantly decreased colony formation in MDA-MB-
231 and MCF7 cells by 70.0% (P < 0.001) and 63.2%
(P < 0.001), respectively (Fig. 5P). Perhexiline’s suppressive ef-
fect on the colony formation of A549 and NCI-H1975 cells was
clearly concentration-dependency. At 5 and 10 mmol/L, inhibition
rates were 69.1% (P < 0.001), 89.6% (P < 0.001) for A549 cells,
and 17.7% (P < 0.01) and 94.8% (P < 0.001) for NCI-
H1975 cells, respectively (Fig. 5Q). NTNCB showed reductions of
72.2% (P < 0.001) and 84.7% (P < 0.001) for PC3 cells, and
65.7% (P < 0.001) and 93.4% (P < 0.001) for DU145 cells at
concentrations of 10 and 20 mmol/L, respectively (Fig. 5R). There
results emphasize the efficacy of these candidates in inhibiting the
growth of particular specific cancer cell lines, indicating their
promising therapeutic potential in vitro validation. This provides
robust support for advancing further research and exploring po-
tential clinical applications.

3.6. In vivo validation of drug hits in each individual cancer

To evaluate the anti-cancer effectiveness of WYE-354, perhexi-
line, and NTNCB in vivo, a study was conducted using xenograft
tumor models generated from MDA-MB-231, A549, and PC3
cancer cells in nude mice (Fig. 6A). Paclitaxel was included as a
positive control. The results demonstrated significant tumor
growth suppression following treatment with WYE-354, per-
hexiline, and NTNCB (Fig. 6B‒D). Compared with the vehicle
group, WYE-354 at doses of 1, 3, and 10 mg/kg exhibited tumor
weight inhibition rates of 28.3%, 55.4%, and 76.6% (Fig. 6E), and
tumor volume inhibition rates of 30.7%, 60.0%, and 79.5%,
respectively (Fig. 6E). Perhexiline at doses of 1, 3, and 10 mg/kg
exhibited tumor weight inhibition rates of 23.9%, 45.8%, and
53.9% (Fig. 6F), and tumor volume inhibition rates of 21.2%,
43.4%, and 59.8%, respectively (Fig. 6F). NTNCB at doses of 1,
3, and 10 mg/kg exhibited tumor weight inhibition rates of 31.3%,
48.5%, and 67.6% (Fig. 6G), and tumor volume inhibition rates of
29.3%, 52.7% and 67.4% for, respectively (Fig. 6G). The average
body weight of mice treated with WYE-354, perhexiline, and
NTNCB did not show significant differences compared to the
vehicle group (Supporting Information Fig. S6A‒S6C).

The anti-tumor effects of WYE-354, perhexiline, and NTNCB
were further investigated using pathological analysis (H&E, Ki67,
and TUNEL assays). H&E staining was employed to examine the
physiological morphology of mouse tumors, revealing a signifi-
cant increase in the necrotic area within tumor tissues of xeno-
grafts treated with WYE-354 (10 mg/kg), perhexiline (10 mg/kg),
and NTNCB (10 mg/kg) (Fig. 6H‒J and Fig. S6D‒S6F). The
biomarker Ki67 was used to estimate tumor proliferation, showing
a significant reduction in tumor cell proliferation following
treatment with WYE‒354 (10 mg/kg), perhexiline (10 mg/kg),
and NTNCB (10 mg/kg) (Fig. 6H‒J and Fig. S6D‒S6I).
Apoptosis in tumor cells was assessed using a TUNEL detection
kit, where the nuclei and fragmented DNA of tumor cells were
labeled with blue and green fluorescence, respectively. TUNEL
analysis revealed that treatment with WYE-354 (10 mg/kg), per-
hexiline (10 mg/kg), and NTNCB (10 mg/kg) significantly
enhanced apoptosis in the tumor tissues (Fig. 6K‒M, and
Fig. S6J‒S6L). The observed changes in tumor volume were
consistent with the aforementioned findings. Additionally, there
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Figure 5 In vitro validation of drug hits in each individual cancer. (AeC) Reversal relationship between each cancer GSFM pattern and

compound GSFM pattern, including BRCA (A), LUAD (B), and CRPC (C). The first column represents the disease GSFM pattern ranked by Z
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candidate compounds showed no evident toxicity on major organs,
including the heart, liver, spleen, lungs, and kidney (Fig. 6N‒P,
and Fig. S6M‒S6O). Overall, the results strongly suggest that WYE-
354, perhexiline, and NTNCB effectively inhibit tumor growth both
in vivo and in vitro. Notably, these compounds had no discernible
effect on the average body weight of treated mice compared to the
control group and did not produce significant host toxicity.

3.7. Multi-level activities of functional modules reveal
mechanisms of action for each candidate

To elucidate the therapeutic mechanisms of these compounds
against cancer, an extensive comparative analysis was performed
between the drug’s GSFM active matrix and the disease-specific
GSFM active matrix. For WYE-354 against BRCA, the GSFM
active matrix indicated a significant upregulation in Hypoxia and
WNT b catenin signaling at both gene and pathway levels,
alongside a concurrent downregulation of E2F targets and G2M
checkpoint across gene, pathway, and transcriptional regulatory
network levels (Fig. 7A). These functional modules potentially
enhance breast cancer outcomes by impairing migration and in-
vasion and affecting apoptosis or proliferation37-40. For perhexi-
line against LUAD, the GSFM active matrix demonstrated a
marked elevation in Cholesterol homeostasis, juxtaposed with a
decline in MYC targets V2, E2F targets, and G2M checkpoint at
least two levels (Fig. 7B), which could mitigate lung cancer risk
and influence apoptosis or proliferation of lung cancer cells41-43.
For NTNCB against CRPC, the GSFM active matrix showed a
notable increase in Cholesterol homeostasis, accompanied by a
decrease in E2F targets, G2M checkpoint, and DNA repair sub-
sequent to NTNCB treatment at multiple levels (Fig. 7C). These
functional modules could affect the proliferation, migration, and
invasion of prostate cancer cells44-47.

The GSFM transformation framework also elucidates the
critical roles of TFs in regulating various disease states. As shown
in Fig. 7D‒F, TFs exhibited significant differential expression
following drug treatment, with their target genes also significantly
enriched in differentially regulated FMs. In BRCA, higher
expression of FOXM1, which decreases after WYE-354 treatment,
was particularly notable within the G2M checkpoint module and
E2F targets modules (Fig. 7D). Previous studies have demon-
strated that FOXM1 suppression in cancer cells results in reduced
cell proliferation and diminished invasive and migratory capabil-
ities48. This aligns with the observed in vivo and in vitro experi-
mental effects of WYE-354 in breast cancer treatment.
Interestingly, FOXO1, FOXO3, and FOXO4 showed upregulation
following WYE-354 treatment. These transcription factors have
known tumor-suppressive effects upon activation, inhibiting both

tumor growth and metastasis49. Additionally, the activation of
TFDP1 may facilitate tumor progression, so its downregulation
could inhibit tumor growth50. In LUAD, perhexiline treatment
resulted in decreased FOXM1 expression (Fig. 7E), corroborating
its role in inhibiting lung cancer cell proliferation51. Moreover,
previous studies have shown that FOXA1 siRNA causes G0/G1
phase cell cycle arrest and reduced the invasion, migration, and
proliferation abilities of the A549 cells52. Thus, perhexiline
treatment may promote apoptosis and inhibit the proliferation of
A549 cells by downregulating FOXA1 expression. Furthermore,
inhibited KLF6 transcription could facilitated NSCLC growth53.
Therefore, perhexiline may inhibit lung cancer growth by acti-
vating KLF6. In CRPC, NTNCB treatment resulted in down-
regulated PAX2 expression (Fig. 7F), consistent with findings
suggesting that PAX2 knockdown inhibits prostate tumor
growth54. NTNCB also decreased the expression of PAX4 and
PAX6, both known to suppress prostate cancer55,56. Additionally,
NTNCB could activate GATA6, thereby restraining prostate can-
cer cell proliferation, metastasis, and tumor growth57. In summary,
WYE-354’s exhibits potential anti-BRCA effects by modulating
TFs such as FOXM1, TFDP1, FOXO1, FOXO3, and FOXO4;
perhexiline’s impacts LUAD growth and proliferation through its
control over FOXM1, FOXA1, and KLF6; NTNCB’s regulates
PAX2, PAX4, PAX6, and GATA6, suggesting its therapeutic po-
tential in inhibiting CRPC development. Analyzing these factors
using GSFM provides profound insights into their therapeutic
mechanisms, particularly their roles in modulating TFs and
essential functional modules.

3.8. Data availability

GSFM is implemented in Python and R, which can be accessed at
https://github.com/LXY1201/GSFM. Additional data supporting
the conclusions of this study are available upon request from the
corresponding author.

4. Discussion

The precision medicine initiative seeks to unveil new drugs
tailored to diseases defined at the molecular level58. The con-
ventional target-based drug discovery approach, focusing on dis-
rupting individual targets, faces challenges such as inadequate
drug efficacy, drug resistance, and off-target effects59. Recently,
the identification of drugs capable of reversing disease gene
expression has emerged as a promising alternative approach, and
demonstrated potential in drug discovery9,13,60. However, most
gene expression-based approaches primarily rely on differentially
expressed genes, often neglecting gene‒gene functional networks.

score. The remaining columns represent GSFM pattern change after treatment with different compounds. Compounds (highlighted in red) were

selected based on their RSGSFM, and novelty within BRCA, LUAD, and CRPC, respectively. (D) Reversal relationship between BRCA GSFM

pattern and WYE-354 GSFM pattern. (E) Reversal relationship between LUAD GSFM pattern and perhexiline GSFM pattern. (F) Reversal

relationship between CRPC GSFM pattern and NTNCB GSFM pattern. (GeI) Drug efficacy in six cancer lines, including MDA-MB-231 (G,

positiveZ paclitaxel, and negativeZ dantron, 10 mmol/L), MCF7 (G, positiveZ paclitaxel, and negativeZ dantron, 10 mmol/L), A549 (H,

positiveZ paclitaxel, and negativeZ RO-15-4513, 10 mmol/L), NCI-H1975 (H, positiveZ paclitaxel, and negativeZ RO-15-4513, 10 mmol/L),

PC3 (I, positiveZ paclitaxel, and negativeZ bromfenac, 10 mmol/L), and DU145 (I, positiveZ paclitaxel, and negativeZ bromfenac, 10 mmol/

L), measured by cell proliferation assays after 72 h treatment. (JeL) The correlation between drug efficacy and RSGSFM in each individual cancer,

including BRCA (J), LUAD (K), and CRPC (L). (M, P) WYE-354 demonstrated inhibition of colony formation in MCF7 and MDA-MB-

231 cells. (N, Q) Perhexiline exhibited inhibition of colony formation in A549 and NCI-H1975 cells. (O, R) NTNCB showed inhibition of colony

formation in PC3 and DU145 cells. Data represents mean � standard error of the mean (SEM) from three independent biological replicates.

*P < 0.05; **P < 0.01; ***P < 0.001.
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Figure 6 In vivo validation of drug hits in each individual cancer. (A) Tumor xenograft mouse model and treatment strategy. Mice (n Z 6 per

group) were utilized for the xenograft mouse model (blue syringe). Candidate drugs were administered intraperitoneally at various concentrations
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This limitation reduces robustness and accuracy. Additionally, a
systematic and in-depth examination of the relationship between
reversal potency and drug efficacy remains lacking.

Here, we propose a genome-scale functional module-based
transformation strategy (GSFM), representing a new generation in
drug discovery systems. From a system perspective, this

Figure 7 Mechanistic prediction of drug candidates. (A) The heatmap depicts the top ten reversals of FM (gene, pathway, and transcriptional

regulatory network levels) in BRCA and treatment with WYE-354. (B) The heatmap depicts the top ten reversals of FM (gene, pathway, and

transcriptional regulatory network levels) in LUAD and treatment with perhexiline. (C) The heatmap depicts the top ten reversals of FM (gene,

pathway, and transcriptional regulatory network levels) in CRPC and treatment with NTNCB. (D) The network illustrates four FM_TF within the

context of BRCA and treatment with WYE-354. This visualization showcases the interconnectedness and roles of transcription factors influenced

by WYE-354 in BRCA. (E) The network illustrates four FM_TF within the context of LUAD and treatment with perhexiline. This visualization

showcases the interconnectedness and roles of transcription factors influenced by perhexiline in LUAD. (F) The network illustrates four FM_TF

within the context of CRPC and treatment with NTNCB. This visualization showcases the interconnectedness and roles of transcription factors

influenced by NTNCB in CRPC.

daily for 15 days (1, 3, and 10 mg/kg. Green arrow). Paclitaxel was administered intraperitoneally every 3 days for 15 days (10 mg/kg. Black

arrow). (B) The photographs of tumors derived from naked mice in representative MDA-MB-231 tumors in vivo. (C) The photographs of tumors

derived from naked mice in representative A549 tumors in vivo. (D) The photographs of tumors derived from naked mice in representative PC3

tumors in vivo. (E) Quantitative analysis of the MDA-MB-231 cells tumor mass and tumor volume. (F) Quantitative analysis of the A549 cells

tumor mass and tumor volume. (G) Quantitative analysis of the PC3 cells tumor mass and tumor volume. (H) Results of H&E and Ki67 staining in

representative MDA-MB-231 cells tumor sections of vehicle, WYE-354 (10 mg/kg), and paclitaxel (10 mg/kg) treated naked mice. Scale

bar Z 200 mm (H&E up). Scale bar Z 100 mm (H&E down and Ki67). (I) Results of H&E and Ki67 staining in representative A549 cells tumor

sections of vehicle, perhexiline (10 mg/kg), and paclitaxel (10 mg/kg) treated naked mice. Scale bar Z 200 mm (H&E up). Scale

bar Z 100 mm (H&E down and Ki67). (J) Results of H&E and Ki67 staining in representative PC3 cells tumor sections of vehicle, NTNCB

(10 mg/kg), and paclitaxel (10 mg/kg) treated naked mice. Scale bar Z 200 mm (H&E up). Scale bar Z 100 mm (H&E down and Ki67). (K)

Results of TUNEL staining in representative MDA-MB-231 cells tumor sections of vehicle, WYE-354 (10 mg/kg), and paclitaxel (10 mg/kg)

treated naked mice, bluednuclei and greendTUNEL. Scale bar Z 100 mm. (L) Results of TUNEL staining in representative A549 cells tumor

sections of vehicle, perhexiline (10 mg/kg), and paclitaxel (10 mg/kg) treated naked mice, bluednuclei and greendTUNEL. Scale

bar Z 100 mm. (M) Results of TUNEL staining in representative PC3 cells tumor sections of vehicle, NTNCB (10 mg/kg), and paclitaxel (10 mg/

kg) treated naked mice, bluednuclei and greendTUNEL. Scale bar Z 100 mm. (N) H&E staining results of five main organs from MDA-MB-

231 xenograft model mice (vehicle, WYE-354 (10 mg/kg), and paclitaxel (10 mg/kg)). Scale bar Z 100 mm. (O) H&E staining results of five

main organs from A549 xenograft model mice (vehicle, perhexiline (10 mg/kg), and paclitaxel (10 mg/kg)). Scale bar Z 100 mm. (P) H&E

staining results of five main organs from PC3 xenograft model mice (vehicle, NTNCB (10 mg/kg), and paclitaxel (10 mg/kg)). Scale

bar Z 100 mm. *P < 0.05; **P < 0.01; ***P < 0.001.
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computational framework analyzes multi-level activities,
including gene-level, pathway-level, and transcriptional regulatory
network-level, transforming high-dimensional data into low-
dimensional active data. Compared to other module-based
scoring approaches like ssGSEA and Viper, GSFM enhances
biological interpretability by offering multiple activity levels for a
single module. Using FMs as transcriptional features, GSFM
successfully reveals the correlation between reversal potency and
drug efficacy. The optimal BIQ combination and FM size, critical
for GSFM’s performance, were identified through robust analysis.
The combination of four biologically interpretable quantifiers
consistently outperformed others, with x Z 125 determined as the
optimal parameter. Systematic performance comparisons with
other drug prediction algorithms, including CMap, XSum, and
ZhangScore, showed that the RS algorithm in GSFM outperforms
these alternatives. Specifically, the advantages of RS algorithm in
our GSFM computational framework include: (1) it is not
restricted by the drug/disease differential expression FMs and uses
all FMs to enhance method reliability13; (2) it focuses on the
reversal relationship between the disease and drug candidates,
yielding superior better in drug response prediction9; (3) it shows
a positive correlation with drug efficacy13; (4) it consumes fewer
computer resources and user-friendly. Overall, The RS method has
its value for drug discovery, especially when computational re-
sources and biological knowledge are limited. This large-scale
computational approach effectively predicts potential new drug
candidates for various cancer types. Case studies on BRCA,
LUAD, and CRPC illustrate the correlation between drug reversal
potency (RSGSFM of drug) and drug efficacy. The positive corre-
lation observed between RSGSFM and IC50 suggests that
combining disease expression obtained from clinical samples and
drug expression profiled in vitro can predict drug efficacy.
Notably, RSGSFM encapsulates the molecular characteristics of
clinical samples, distinguishing it from high-throughput screening
technologies that primarily evaluate drug activity in specific cell
lines. WYE-354, perhexiline, and NTNCB were identified as
potential treatments for BRCA, LUAD, and CRPC, respectively.
Their therapeutic efficacy was confirmed in experimental models
using subcutaneous xenograft tumors, validating the accuracy of
the initial predictions. Importantly, our proposed method is not
limited to anti-tumor drug screening and it can also be applied to
other disorders. The main changes required are the input data,
which must be tailored to the type of disease under study. The key
steps include: users need to provide functional modules that are
strongly related to the disease of interest; users need to collect
expression matrix for the disease as well as the corresponding
normal control samples. Then, these data should then be input into
the GSFM model for candidate drug screening. Users only need to
prepare the aforementioned files and follow our documentation
(https://github.com/LXY1201/GSFM) to input the data into our
GSFM algorithm, and they will be able to obtain the corre-
sponding results.

Besides, it is crucial to recognize that the choice of modules
can differ depending on the particular research question being
explored. For different studies, users must collect modules
strongly related to diseases based on background knowledge. Of
course, users can also define their own modules of interest. These
modules should cover diverse cellular activities and also show
mutual exclusivity across modules. It is essential to ensure that the
selected modules are highly relevant to the research subject and
biologically interpretable. While selecting of modules from
different sources to lead to slight variations in the results, as long

as the disease-related modules are well-aligned with the disease
under study, the top-ranked candidate drugs will remain consis-
tent. We also recommend that users input modules from different
sources and use our GSFM model for drug prediction. By con-
ducting a comprehensive analysis, such as intersecting the drug
outputs from different sources, the results can be made more
robust. However, certain limitations of this work must be
acknowledged. Firstly, accurately defining the functional modules
poses challenges when applying GSFM to new datasets without
prior knowledge. Secondly, additional experimental and clinical
studies are essential to validate and further elucidate the mecha-
nisms of the identified candidates in each individual cancer.
Thirdly, our method may not be applicable to certain rare diseases
when normal samples are unavailable. Despite these constraints,
the GSFM transformer strategy effectively qualifies multi-level
activities of FMs. Surely, when normal samples are missing, we
also recommend users combine the usage of the GTEx database,
which covers nearly 54 types of normal tissue samples. Further-
more, the LINCS dataset includes nearly 20 tumors and 158 cell
lines, so the GSFM computational framework can be used for a
wide range of anti-tumor drug screenings. For cancer types not
represented in LINCS, we recommend using the cell line most
similar to the target cell line as a data source for drug screening.

In conclusion, the GSFM framework offers a novel approach to
in silico drug discovery and serves as a valuable tool for assessing
drug efficacy. Distinguished by its modularization, reproducibility,
robustness, and flexibility, this methodology holds substantial
promise for immediate application in preventive and personalized
medicine.

5. Conclusions

In this study, we proposed GSFM, a novel genome-scale functional
module transformation framework to quantitatively evaluate drug
efficacy for in silico drug discovery. Unlike previous methods,
GSFM transformation framework could comprehensively evaluate
the activities of each FM at gene-level, pathway-level and tran-
scriptional regulatory network-level using four biologically inter-
pretable quantifiers: GSFM_Up, GSFM_Down, GSFM_ssGSEA,
and GSFM_TF. Moreover, the ablation study confirmed the validity
of incorporating the four quantifiers into the framework. Using
GSFM, we could effectively convert the noisy and seemingly
“unreliable” gene expression data into more “reliable” functional
module data for drug discovery. Meanwhile, we systematically
analyzed the model performance in anti-cancer drug prediction, and
the results showed that GSFM achieved excellent performance on
multi-datasets. Besides, the candidate drugs were validated through
in vitro and in vivo experiments, providing proof-of-concept for our
computational approach. Therefore, this work not only showcases
the feasibility and potential of GSFM as a valuable tool in drug
discovery but also highlights its versatile and widely applicable
framework within the realm of drug development.
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