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Abstract

The original GSE163759 study investigated the role of the transcription factor HMGA1 in cholangiocarcinoma,
a liver cancer with high incidence and poor prognosis, by knocking down HMGA1 in HUCCT1 cells. Because
the published analysis was limited in scope and did not explore downstream transcriptional programs or
therapeutic implications, we reanalyzed the data to uncover the molecular pathways affected by HMGAL1 loss
and to identify pharmacologic agents that could recapitulate or reverse the resulting signature. Our workflow
began by retrieving raw counts and sample metadata from ARCHS4, assembling an AnnData matrix, filtering
for proteincoding genes, and labeling samples as control or HMGAlknockdown. Differential expression was
performed with limmavoom to generate a gene signature, which was then submitted to Enrichr for GO, KEGG,
ChEA, and KOMP2 enrichment, and to PerturbSeqr to search for smallmolecule and gene perturbations that
matched or opposed the signature. The reanalysis revealed a pronounced enrichment of antigenprocessing,
cytokinedriven transcription factors, and venous vessel morphogenesis among upregulated genes, while
downregulated genes were enriched for endothelin signaling and coagulation pathways, indicating a shift
toward immune activation and vascular remodeling. Moreover, PerturbSeqr identified proteasome, MEK,
and PARP inhibitorsbortezomib, selumetinib, and talazoparibas drugs that mimic the HMGAlknockdown
signature, highlighting potential therapeutic strategies and a stressresponsive proliferative state.
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1. Introduction

Cholangiocarcinoma (CCA) is the second most com-
mon primary liver cancer after hepatocellular carci-
noma and its incidence has been rising worldwide, par-
ticularly in regions such as China where rates exceed
six per 100000 people per year. Most patients are diag-
nosed at an advanced stage, with approximately 65%
lacking the opportunity for surgical resection and a
median overall survival of only about six months. Con-
ventional therapies, including chemotherapy and ra-
diotherapy, provide limited benefit, underscoring the
urgent need to identify molecular drivers that under-
lie tumour aggressiveness and treatment resistance.
Highmobility group A1 (HMGA1), a nuclear architec-
tural transcription factor that is scarcely expressed in
normal adult tissues but is frequently overexpressed
in several cancers, has been implicated in prolifera-

tion, metastasis and drug resistance, yet its role in CCA
remains poorly understood. Identifying how HMGA1
contributes to CCA pathogenesis and therapy response
is therefore of significant clinical relevance. [1-10]

Cholangiocarcinoma is the second most common pri-
mary hepatic malignancy, with incidence rates that
have risen markedly worldwide, particularly in China
where rates exceed six per 100000 people per year [5,
6]. Most patients are diagnosed at an advanced stage,
with roughly 65% lacking the opportunity for curative
surgery [2], and the median overall survival is only
about six months [3]. Conventional therapies, includ-
ing chemotherapy and radiotherapy, provide limited
benefit, highlighting an urgent need to uncover the
molecular drivers that underlie the aggressive biology
and therapeutic resistance of this disease [10]. High-
mobility group A1 (HMGAL1) is a nuclear architectural
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transcription factor that is scarcely expressed in nor-
mal adult tissues but is strongly upregulated during
embryonic development [7]. HMGAL is frequently over-
expressed in a variety of cancers, such as breast cancer
and cholangiocarcinoma [8, 9], and has been impli-
cated in promoting proliferation, metastasis and drug
resistance across multiple malignancies [1, 4]. Be-
yond its role in transcriptional regulation, HMGA1 can
modulate DNA repair pathways, including homologous
recombination through regulation of RAD51 [11]. In
the context of cholangiocarcinoma, where treatment
options remain limited, delineating how HMGAL1 con-
tributes to tumor progression and therapy response is
therefore of critical clinical relevance.

In order to further investigate any underlying mecha-
nisms or regulatory activity, we performed a re-analysis
of samples from GSE163759 [12] to create a workflow
analyzing the "HMGA1 knockdown signature" signa-
ture utillizing bioinformatics tools. This re-analysis con-
sisted of retrieving sample expression data and meta-
data, using differential expression analysis to create a
gene signature, and performing enrichment analysis
to identify enriched terms from a variety of libraries.

The workflow starts with selecting GSE163759 as the
search term. GEO studies were identified matching
GSE163759 using ARCHS4 [13] term search. The GEO
study accession was used to fetch the linked publica-
tion accession from PMC. Gene expression counts and
sample metadata for published samples were obtained
from ARCHS4 [13]. An AnnData file was prepared from
the input data and metadata [14]. Genes from the an-
ndata matrix were filtered to include protein-coding
genes. The samples were then labeled as either con-
trol or perturbation to allow for further analysis. The
AnnData file was then visualized as a bar plot repre-
senting library sizes. Dimensionality reduction of the
data was performed using PCA with the normalization
set to log-counts-per-million (logCPM). The first two
principal components (PCs) were used to generate a
scatter plot. The AnnData file was then analyzed using
differential expression by Limma-Voom [15, 16] to cre-
ate a gene signature using the selected conditions. The
data in the differential expression table was then visu-
alized as a volcano plot. The up-regulated genes were
extracted from the gene signature computed by the
Limma-Voom analysis from the file. The gene sets con-
taining significant up and down genes were extracted
from the gene signatureand submitted to Enrichr [17].
The gene sets were enriched against the GO Biologi-
cal Process 2023 [18], KEGG 2021 Human [19], ChEA
2022 [20], and KOMP2 Mouse Phenotypes 2022 [21]

libraries to identify statistically significant enriched bi-
ological processes, pathways, transcription factors and
phenotypes. Significant genes were extracted from the
gene signature and submitted to Perturb-Seqr [22] to
identify small molecules and single gene perturbations
producing gene expression profiles similar or opposite
to the signature.
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Figure 1. Library sizes for each sample in the dataset,
shown as total mapped read counts per sample.
Samples are labeled by their GEO accession identifier
(GSM). Consistent library sizes across samples indicate
uniform sequencing depth suitable for differential
expression analysis.
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Figure 2. Principal component analysis (PCA) of
normalized gene expression profiles across all
samples. Each point represents one sample, colored
by experimental condition: control (blue),
perturbation (red), and additional study samples not
included in the differential expression analysis (gray).
Axes indicate the percentage of total variance
explained by each principal component.
Normalization was performed using
log-counts-per-million (logCPM).

Library size distributions across samples were visual-
ized to assess sequencing depth and sample consis-



Table 1. Single gene perturbations whose transcriptional profiles most closely resemble the query signature, as
identified by Perturb-seqr [22]. Each row lists the source dataset, perturbed gene, cell line, timepoint, and

statistical measures including gene set overlap size, odds ratio, and adjusted p-value. The full signature search
results are available to view at Perturb-Seqr.

Rank Dataset Perturbation

Perturbation ID Cell Line

Timepoint FDA Approved Gene Set Size Up Gene Set Size Down n Overlap Odds Ratio p-value

Adjusted p-value

1 Perturb Atlas Human ZCCHC4
2 RummaGEO Gene  rnf2

3 RummMaGEO Gene  rnf2

4 Perturb Atlas Human NEK2

5 Perturb Atlas Human ZCCHC4
6 RummaGEO Gene mxra8
7 Perturb Atlas Mouse Tet2

8 Perturb Atlas Human HMGA1
9 Perturb Atlas Human IMP1
10  Perturb Atlas Human KLF2

11 Perturb Atlas Human ZIP11
12 Perturb Atlas Human NOLC1
13 Perturb Atlas Human EGFR(L858R|T790M)
14 RummaGEO Gene larpl
15 RummaGEO Gene prrxl
16  RummaGEO Gene  celf6

17 Perturb Atlas Human L1CAM
18  Perturb Atlas Human MAP3K3
19  Perturb Atlas Human TEX10
20  Perturb Atlas Human FTO

hepatoblastoma cell HepG2

Hela
hepatoblastoma cell HepG2

Cholangiocarcinoma cell HUCCT1
Hela tet-off

TeloHAEC

Hela

Hela

bronchial epithelial cell BEAS2B

TeloHAEC
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cervical cancer cell SiHa

False
False
False
False
False
False
False
False
False
False
False
False
False
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False
False
False
False
False
False
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100
100
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100

100
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99
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100
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8.6806

2.93245
8.88258
5.28236
4.89867
2.80936
4.73698
4.88923
6.4523

4.77874
4.57209
4.57209
4.54751
1.98434
1.83233
2.82838
5.2745

4.22269
4.20011
4.20011

3.10759e-15
2.26307e-09
1.18793e-08
2.14469e-07
1.25101e-06
1.38696e-06
1.86627e-06
2.90039e-06
2.99304e-06
3.71689%¢-06
5.98648e-06
5.98648e-06
6.34291e-06
6.37518e-06
1.03413e-05
1.05199e-05
1.76043e-05
2.82952e-05
2.98213e-05
2.98213e-05

1.91365e-11
7.92754e-06
2.08066e-05
6.60352e-04
2.56791e-03
1.61951e-03
9.35187e-03
3.68622e-03
3.68622e-03
3.81477e-03
4.33996e-03
4.33996e-03
4.33996e-03
5.58306e-03
6.14188e-03
6.14188e-03
1.08407e-02
1.14775e-02
1.14775e-02
1.14775e-02

Table 2. Small molecule perturbations whose transcriptional profiles most closely resemble the query signature,
as identified by Perturb-seqr [22]. Each row lists the source dataset, compound, cell line, timepoint,
concentration, mechanism of action (MoA), FDA approval status, and statistical measures including gene set
overlap size, odds ratio, and adjusted p-value. The full signature search results are available to view at

Perturb-Seqr.

Rank Dataset Perturbation

Perturbation ID Cell Line Timepoint Concentration MoA

FDAApproved Gene Set Size Up Gene Set Size Down n Overlap Odds Ratio p-value

Adjusted p-value

RummaGEO Chem bortezomib

NFKB pathway inhibitor | proteasome inhibitor

LINCSL1000CP  selumetinib XC.P026 24H 1.11uM MEK inhibitor
RummaGEO Chem talazoparib PARP inhibitor
LINCSL1000CP  tozasertib XC.P905 24H 10uM

RummaGEO Chem oridonin
RummaGEO Chem nicotinamide
RummaGEO Chem prednisolone
RummaGEO Chem pinometostat

10 RummaGEO Chem temozolomide

11 RummaGEO Chem dextran

12 RummaGEO Chem olaparib

13 RummaGEO Chem trifluoperazine

14 RummaGEO Chem valproic acid

15 RummaGEO Chem dextran

16 RummaGEO Chem tazemetostat

17 RummaGEO Chem valproic acid

1
2
3
1
5 RummaGEO Chem talazoparib
6
7
8
9

PARP inhibitor

BCL inhibitor

protein synthesis stimulant
glucocorticoid receptor agonist

histone lysine methyltransferase inhibitor
DNA alkylating agent

PARP inhibitor
dopamine receptor antagonist
benzodiazepine receptor agonist | HDAC inhibitor

histone lysine methyltransferase inhibitor
benzodiazepine receptor agonist | HDAC inhibitor

Aurora kinase inhibitor | Ber-Abl kinase inhibitor | FLT3 inhibitor | JAK inhibitor

True
False
True
False
rue
False
True
True
False
True
True
True
True
True
True
True
True

10

82

10.56635
3.42469
221717
2.96452
2.13712
1.85954
1.56612
0.79451
0.72073

0.35734

1.80914e-09
4.34888e-09
1.63162e-07
7.39511e-07
3.34832e-06
3.37899e-05
3.77161e-01
8.33897e-01
9.0891e-01

9.78567e-01
9.80385e-01
9.88527e-
9.96863e-
9.99486e-(
9.99867e-01
9.99966e-01
9.99999e-01

4.56808e-06
3.41226e-04
.05992e-04
2.90121e-02
2.81817e-03
2.13298e-02
Le+00
L.e+00
Le+00
Le+00
Le+00
L.e+00
1.e+00
Le+00
.e+00
.e+00
1.e+00

Table 3. Single gene perturbations whose transcriptional profiles are most opposite to the query signature, as
identified by Perturb-seqr [22]. Each row lists the source dataset, perturbed gene, cell line, timepoint, and
statistical measures including gene set overlap size, odds ratio, and adjusted p-value. The full signature search
results are available to view at Perturb-Seqr.

Rank Dataset

Perturbation Perturbation ID Cell Line

Timepoint FDA Approved Gene Set Size Up Gene Set Size Down n Overlap Odds Ratio p-value

Adjusted p-value

1 RummaGEO Gene  cnotl

2 Perturb Atlas Human WRAP53
3 CREEDS Gene POUS5F1
4 Perturb Atlas Human NFYB

5 Perturb Atlas Human ZNF281
6 Perturb Atlas Human EFTUD2
7 CREEDS Gene Sox2

8 Perturb Atlas Human TRESLIN
9 Perturb Atlas Human MT1G
10 RummaGEO Gene  larpl

11 Perturb Atlas Human MESDC1
12 RummaGEO Gene  larpl

13 CREEDS Gene POU5F1
14 RummaGEO Gene  usfl

15  Perturb Atlas Human GATA6
16  Perturb Atlas Human LINC00665
17 RummaGEO Gene  kdsr

18  Perturb Atlas Mouse Ldha

19  Perturb Atlas Mouse pl6

20 Perturb Atlas Mouse Nampt

False
False
False
False
False
False
False
False
False
False
False
False
False
False
False
False
False
False
False
False

Hela
Hela
HLE
Hela
hepatoma Huh 7 cells

TeloHAEC

bladder cancer cell T24

1230
100
398
929
100
99
526
929
100
394
100
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100
190
100
100
100
4

100
100
308
100
724
148
232
100
100
350
100
100
100
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2.66865
6.713
3.98665
6.37735
6.34211
6.00832
3.84501
5.28236
5.25365
2.86732
4.89867
2.1145
3.05354
2.55210
4.57209
4.57209
1.93278
4.39741
4.39741
4.39741

1.63383e-14
1.36122e-10
2.47942e-10
8.78577e-10
9.56515e-10
5.84863e-09
7.89154e-09
2.14469e-07
2.29693e-07
6.01512e-07
1.25101e-06
1.49317e-06
2.88046e-06
5.77732e-06
5.98648e-06
5.98648e-06
6.54066e-06
9.16272e-06
9.16272e-06
9.16272e-06

5.72331e-11
8.38237e-07
5.87127e-07
1.96341e-06
1.96341e-06
9.00396e-06
9.34358e-06
2.35742e-04
2.35742e-04
1.05355e-03
1.10053e-03
1.74353e-03
2.27364e-03
4.58238e-03
4.09608e-03
4.09608e-03
4.58238e-03
1.53048e-02
1.53048e-02
1.53048e-02

Table 4. Small molecule perturbations whose transcriptional profiles are most opposite to the query signature, as
identified by Perturb-seqr [22]. Each row lists the source dataset, compound, cell line, timepoint, concentration,
mechanism of action (MoA), FDA approval status, and statistical measures including gene set overlap size, odds

ratio, and adjusted p-value. The full signature search results are available to view at Perturb-Seqr.

Rank Dataset

Perturbation

Perturbation ID Cell Line Timepoint Concentration MoA

FDAApproved Gene Set Size Up Gene Set Size Down n Overlap Odds Ratio p-value

Adjusted p-value

RUMMaGEO Chem dextran
RUMMaGEO Chem dextran
RuMmaGEO Chem olaparib
RummMaGEO Chem valproic acid
RummaGEO Chem valproic acid
RuMMaGEO Chem trifluoperazine
RuMMaGEO Chem nicotinamide
RummaGEO Chem tazemetostat
RUMMaGEO Chem pinometostat
RuMMaGEO Chem temozolomide
RuMMaGEO Chem prednisolone
RuMMaGEO Chem talazoparib
RumMaGEO Chem talazoparib
LINCS L1000 CP tozasertib
LINCSL1000CP  selumetinib
RummMaGEO Chem oridonin
RuMMaGEO Chem bortezomib

XC.P905 24H
XC.P026 24H

10uM
1.11uM

PARP inhibitor

benzodiazepine receptor agonist | HDAC inhibitor
benzodiazepine receptor agonist | HDAC inhibitor
dopamine receptor antagonist

protein synthesis stimulant

histone lysine methyltransferase inhibitor
histone lysine methyltransferase inhibitor

DNA alkylating agent

glucocorticoid receptor agonist

PARP inhibitor

PARP inhibitor

Aurora kinase inhibitor | Ber-Abl kinase inhibitor | FLT3 inhibitor | JAK inhibitor

MEK inhibitor
BCL inhibitor
NFKB pathway inhibitor | proteasome inhibitor

True 1254 249 9 2.39295 5.40852e-09
True 345 132 3 310470  6.22419e-06
True 1636 875 27 1.7333 1.05352e-05
True 642 339 5 2.30535  1.09457e-05
True 1469 880 13 1.71192 3.58534e-05
True 968 596 13 190223 4.39732e-05
True 73 11 2 6.75904 4.92109e-05
True 1645 1497 26 157020  6.53153e-05
False 836 155 11 2.14259 7.84968e-05
True 557 539 10 2.05572  1.01288e-04
True 557 343 11 2.13791 1.78577e-04
True 665 701 44 0.80918  8.62294e-01
True 650 878 51 0.67948 9.69039%-01
False 248 247 28 0.40280  9.91432e-01
False 246 248 32 0.30210 9.9778e-01

False 835 906 49 0.40828  9.99920e-01
True 10 82 13 0. 1.00000e+00

1.36565e-05
6.90949e-03
6.90949e-03
6.90949e-03
1.77511e-02
1.77511e-02
1.77511e-02
2.06151e-02
2.20227e-02
2.55753e-02
4.09916e-02
1.e+00
1.e+00
1.e+00
1.e+00
1.e+00
1.e+00
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https://perturbseqr.maayanlab.cloud/enrichpair?dataset=bcb6de2d-6528-4add-9c1b-572dfeca68ed&dataset=503d3ae0-3e97-4e2d-8ece-6f288d0ab77a&view=table&dir=down&sort=pvalue_reverse&libraries=LINCS L1000 CP,Tahoe-100M,Microarrays CMap,NIBR DRUG-seq,SciPlex,DeepCover MoA,CREEDS Chem,RummaGEO Chem,Ginkgo Bioworks
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Figure 3. Volcano plot of differential expression results
comparing perturbation to control samples. Each
point represents one protein-coding gene; the x-axis
shows the log2 fold-change and the y-axis shows
statistical significance as -log10(adjusted p-value).
Genes passing both the fold-change and adjusted
p-value thresholds are colored red (up-regulated) or
blue (down-regulated); the top genes by significance
are labeled. Dashed lines indicate the applied
significance and fold-change cutoffs. Insignificant
points are randomly downsampled by a factor of 0.5.

tency (Figure 1). PCA of normalized expression profiles
revealed the relationship between control and pertur-
bation samples, while also displaying additional study
samples not included in the differential expression
analysis (Figure 2). Differential expression analysis
identified 65 significantly up-regulated genes and 234
significantly down-regulated genes after logFC and
adjusted p-value filtering (Figure 3). Among the most
strongly up-regulated genes were GAGE12F, GAGE12G,
CD27, POU3F3, and SLITRK5, whereas prominent
down-regulated genes included MFAP5, CCL5, AMZ1,
LINGO1, and COL15A1. Functional enrichment analysis
of the up-regulated gene set identified associations
with GO Biological Process terms related to antigen
processing and presentation of endogenous peptide
antigen via mhc class i and peptide transport [18],
KEGG pathways involving primary immunodeficiency
and histidine metabolism [19], ChEA transcription
factors including FOXM1 and TP63 [20], and KOMP2
mouse phenotypes associated with abnormal epider-
mal immune compartment and increased thermal
nociceptive threshold [21] (Figure 4). Analysis of the

down-regulated gene set identified enrichment for
GO Biological Process terms related to endothelin
receptor signaling pathway and negative regulation of
coagulation [18], KEGG pathways involving thiamine
metabolism and riboflavin metabolism [19], ChEA
transcription factors including VDR and BCL11B [20],
and KOMP2 mouse phenotypes associated with in-
creased klrgl-positive nk cell number and abnormal
salivary gland morphology [21] (Figure 5). Signature
search revealed gene perturbations including ZCCHC4
and NEK2 from Perturb Atlas Human [23], Tet2 from
Perturb Atlas Mouse [23], and rnf2 and mxra8 from
RummaGEO Gene [24] (Table 1) and drug perturba-
tions including selumetinib and tozasertib from LINCS
L1000 CP [25] and bortezomib and talazoparib from
RummaGEO Chem [24] (Table 2) as mimickers. Top
reversers includeded genes perturbations POU5SF1
and Sox2 from CREEDS Gene [26], WRAP53 and NFYB
from Perturb Atlas Human [23], Ldha and p16 from
Perturb Atlas Mouse [23], and cnotl and larpl from
RummaGEO Gene [24] (Table 3) and drugs including
tozasertib and selumetinib from LINCS L1000 CP [25]
and dextran and olaparib from RummaGEQ Chem [24]
(Table 4).

4, Discussion

The upregulated gene signature is dominated by im-
munerelated pathways, as evidenced by the simul-
taneous enrichment of antigen processing and pre-
sentation (GO [18], KEGG [19]) and by transcription
factors known to drive immune activation, such as
CIITA, IRF1, IRF8 and FOXM1 (ChEA [20]). This immune
theme is reinforced in the KOMP2 phenotypic terms,
which include abnormal epidermal immune compart-
ment and abnormal sinus arrhythmia (KOMP2 [21]),
further pointing to altered skin and cardiovascular
immunity. Additionally, several upregulated signa-
tures implicate vascular remodeling (venous blood
vessel morphogenesis (GO [18]) and (KOMP2 [21])
and metabolic transport (Lornithine transmembrane
transport (GO [18]) and ABC transporters (KEGG [19])).
The coordinated response suggests a link between
immunity and nutrient handling. In contrast, the
downregulated set highlights pathways that govern
vascular tone and blood clotting, with endothelin
receptor signaling and negative regulation of coagula-
tion (GO [18]) both enriched in GO, and complement
and coagulation cascades (KEGG [19]) in KEGG. The
same anticoagulatory theme is echoed by the pres-
ence of the VDR transcription factor (ChEA [20]) and
vitamin D receptor signaling pathway (GO [18]), linking
calcium and lipid metabolism to thrombosis control.
Moreover, the downregulated profile emphasizes struc-
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Figure 4. Enrichment analysis of the up-regulated gene signature using Enrichr [17]. Bar charts display the top

significantly enriched terms from four libraries. A. GO Biological Process 2023 [18], B. KEGG 2021 Human [19], C.
ChEA 2022 [20], and D. KOMP2 Mouse Phenotypes 2022 [21]. Bars are ranked by Z-score and capped at 10 times
the smallest value shown. Color indicates the source library. The full enrichment results are available to view at

Enrichr.

A GO Biological Process B KEGG Pathways

Thiamine metabolism
Riboflavin metabolism

Endothelin Receptor Signaling Pathway
Negative Regulation Of Coagulation
Bleb Assembly Folate biosynthesis
Regulation Of Vitamin D Receptor Signaling Pathway
Skeletal Muscle Thin Filament Assembly
Macrophage Derived Foam Cell Differentiation

Negative Regulation Of Hemostasis

Complement and coagulation cascades
Taurine and hypotaurine metabolism
Proximal tubule bicarbonate reclamation
Regulation of lipolysis in adipocytes
Phototransduction

Foam Cell Differentiation
AGE-RAGE signaling pathway in diabetic complications

Venous Blood Vessel Development

Skeletal Myofibril Assembly Insulin secretion

0 1‘0 Zb 3‘0 Ab 5‘0 0 2‘ L‘l é é lb 1‘2
ZScore ZScore
Cc ChEA Transcription Factors D KOMP2 Mouse Phenotypes
VDR Increased KLRG1-positive NK Cell Number (MP:0012767)
BCL11B Abnormal Salivary Gland Morphology (MP:0000613)
E4F1 Decreased Ly6C-positive Immature NK Cell Number (MP:0013669)
TRIM28 Decreased Regulatory T Cell Number (MP:0004974)
ESR1 Decreased B-2 B Cell Number (MP:0008207)
ESR2 Increased Ly6C-positive Mature NK Cell Number (MP:0013676)
PITX1 Decreased Circulating Thyroxine Level (MP:0005478)
TAL1 Decreased CD4-negative NK T Cell Number (MP:0013510)
GLI1 Increased Circulating Unsaturated Transferrin Level (MP:0011896)
RELB Increased Ly6C High Monocyte Number (MP:0013022)
0 2 4 6 8 10 0 5 10 15 20 25 30 35 40
ZScore

ZScore

Figure 5. Enrichment analysis of the down-regulated gene signature using Enrichr [17]. Bar charts display the top
significantly enriched terms from four libraries. A. GO Biological Process 2023 [18], B. KEGG 2021 Human [19], C.
ChEA 2022 [20], and D. KOMP2 Mouse Phenotypes 2022 [21]. Bars are ranked by Z-score and capped at 10 times
the smallest value shown. Color indicates the source library. The full enrichment results are available to view at

Enrichr.


https://maayanlab.cloud/enrichr/enrich?dataset=6f139b975bb30f12f1a4cf06f2f57524
https://maayanlab.cloud/enrichr/enrich?dataset=4a6a3b601fcfd90138d99dea28da64b9

tural and metabolic processes such as skeletal muscle
thinfilament assembly (GO [18]), phototransduction
(KEGG [19]) and folate biosynthesis (KEGG [19]), in-
dicating a loss of contractile and metabolic function.
Together, the contrasting enrichment patterns reveal
that upregulated genes are skewed toward immune
activation and vascular remodeling, whereas downreg-
ulated genes are more focused on hemostasis, vascular
tone and tissuestructural integrity. The most striking
pattern emerges in the drug signatures, where the
strongest mimicker hits are a proteasome inhibitor, a
MEK inhibitor, and a PARP inhibitor, all of which are
known to modulate cellular stress and DNArepair path-
ways, which aligns with the enrichment of DNArepair
related gene perturbations in the reverse gene list. The
proteasome inhibitor bortezomib (RummaGEO Chem)
[24] appears at the top of the mimicker drug list with a
highly significant pvalue, suggesting that suppression
of protein degradation recapitulates the signature,
while the MEK inhibitor selumetinib (LINCS L1000
CP) [25] and the PARP inhibitor talazoparib (Rum-
maGEO Chem) [24] also achieve highly significant
pvalues, indicating that blockade of MAPK signaling
and DNA repair also drives the same transcriptional
state; tozasertib (LINCS L1000 CP) [25] provides addi-
tional support for inhibition of cellcycle checkpoints.
Inthe reverse drug list, the top hit dextran (RummaGEO
Chem) [24]is biologically inert but appears with a very
low pvalue, and valproic acid (RummaGEO Chem) [24]
and trifluoperazine (RummaGEO Chem) [24] appear
at slightly lower ranks, pointing to shared effects of
histone deacetylase inhibition and dopamine receptor
antagonism in counteracting the signature. The mim-
icker gene list is dominated by Perturb Atlas Human
perturbations of genes involved in cellcycle regulation
and chromatin remodeling, such as ZCCHC4 (Perturb
Atlas Human) [23], NEK2 (Perturb Atlas Human) [23],
HMGAL (Perturb Atlas Human) [23], and KLF2 (Perturb
Atlas Human) [23], while RummaGEO Gene pertur-
bations of rnf2 (RummaGEO Gene) [24] and mxra8
(RummaGEO Gene) [24] reflect ubiquitination and
extracellular matrix processes that are also enriched
in the signature. The reverse gene list contains a mix
of transcription factors and RNAprocessing factors,
including cnotl (RummaGEO Gene) [24], WRAP53
(Perturb Atlas Human) [23], POU5F1 (CREEDS Gene)
[26], NFYB (Perturb Atlas Human) [23], ZNF281 (Per-
turb Atlas Human) [23], and EFTUD2 (Perturb Atlas
Human) [23], highlighting a potential requirement
for transcriptional reprogramming and splicing to re-
verse the signature. The convergence of proteasome,
MAPK, and PARP inhibitors in the mimicker set and the
transcriptionfactor and splicingfactor perturbations

in the reverser set together suggest that the signature
represents a stressresponsive, proliferative state that
can be driven by inhibition of protein degradation,
signaling, or DNA repair and reversed by modulation
of transcription and RNA processing.

The reanalysis confirms that HMGA1 knockdown
in HUCCT1 cholangiocarcinoma cells drives a pro-
nounced shift toward immune activation and vascular
remodeling, as the upregulated gene signature is
enriched for antigen processing and presentation, cy-
tokinedriven transcription factors, and venous vessel
morphogenesis. This immune theme is accompa-
nied by changes in metabolic transport and nutrient
handling pathways, while the downregulated set high-
lights loss of vascular tone regulation, coagulation
control, and structural muscle and metabolic func-
tions. In parallel, PerturbSeqr identifies proteasome,
MEK, and PARP inhibitors as drugs that recapitulate
the knockdown signature, underscoring a stressre-
sponsive, proliferative state that involves impaired
protein degradation, MAPK signaling, and DNA repair
pathways. Conversely, the reverse drug list points to
transcriptional and RNAprocessing factors that could
counteract the signature, suggesting that modulat-
ing transcriptional reprogramming and splicing may
reverse the effects of HMGAL loss. The unexpected ac-
tivation of immune pathways in a cholangiocarcinoma
context, together with the loss of coagulation and
vascular tone genes, highlights a novel link between
HMGA1 suppression and altered tumormicroenviron-
ment interactions. These findings directly address the
research question of how HMGA1 knockdown rewires
cellular signaling and identify potential pharmaco-
logic interventions that mimic or reverse the observed
transcriptional state.
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