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Abstract
The original study sought to elucidate how dysregulated adipogenesis contributes to insulin resistance and
type2 diabetes by focusing on the transcription factor CUX1 in primary human adipocytes. We reanalysed
the GSE293545 dataset to better understand the downstream regulatory circuitry triggered by CUX1 overex-
pression, driven by the recognition that human adipocyte models remain undercharacterised compared with
murine systems. Using the ARCHS4 archive we assembled raw expression counts and sample metadata, con-
structed an AnnData matrix of proteincoding genes, and performed differential expression with limmavoom
to generate a CUX1responsive gene signature. This signature was then interrogated with Enrichr for GO,
KEGG, transcription factor, and phenotypic enrichment, and with PerturbSeqr to identify smallmolecule and
gene perturbations that mimic or reverse the signature. The analysis revealed that CUX1 overexpression
upregulates core carbonmetabolism pathways, including the tricarboxylic acid cycle and glycolysis/gluco-
neogenesis, together with copperion import and ascorbate metabolism, signalling an elevated energetic
state that is accompanied by enrichment of inflammatory and hypoxic transcription factors such as RELB,
STAT3, and HIF1A. Conversely, genes involved in ribosomal function, lipiddroplet disassembly, and lipoprotein
lipase activity were repressed, indicating a coordinated suppression of protein synthesis and lipid handling.
These findings pinpoint MAPK/PI3KmTOR signaling as a central hub, offering bothmechanistic insight into
CUX1driven adipogenesis and potential therapeutic leverage points.
*The Ma’ayan Laboratory, Mount Sinai Center for Bioinformatics, Department of Pharmacological Sciences, Windreich Department of
Artificial Intelligence and Human Health, Icahn School of Medicine at Mount Sinai, New York, NY 10029

1. Introduction
White adipose tissue plays a central role in regulating
wholebody metabolism andmaintaining insulin sen-
sitivity, and its dysfunction contributes to the devel-
opment of insulin resistance and type 2 diabetes. Ad-
equate adipocyte differentiation from precursor cells
is essential for the metabolically protective hyperplas-
tic expansion of adipose tissue, allowing the safe stor-
age of excess nutrients and preventing pathological
damage to the liver, vasculature, and other organs.
When adipogenesis is impaired, either by a paucity
of adipocytes or by the presence of enlarged, hyper-
trophic adipocytes, the tissue becomes dysfunctional
and promotes insulin resistance and susceptibility to
metabolic disorders such as type 2 diabetes. There-
fore, elucidating the mechanisms that regulate human
adipocyte differentiation is a critical focus inmetabolic

disease research and holds promise for interventions
that enhance healthy adipose expansion to counteract
cardiometabolic disease. [1–13]
Adipose tissue is a major endocrine organ that buffers
excess energy and regulates systemic metabolism,
and the ability of precursor cells to generate new
adipocytes through adipogenesis is essential for main-
taining metabolic homeostasis. [2, 5, 9, 11, 13]. The
transcriptional program that drives adipocyte differ-
entiation is orchestrated by a network of pioneer and
master regulators, including C/EBP, which initiates
the cascade, followed by C/EBP, PPAR, and ZNF423,
whose coordinated activity induces the adipogenic
transcriptional signature. [14–17]. Most of our mech-
anistic insights derive from studies in immortalized
mouse precursor lines such as 3T3L1, and while these
models have defined core pathways, there remains a
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paucity of data on human adipose progenitors. [18].
Recent evidence suggests that transcription factors
may have speciesspecific functions in adipogenesis, as
highlighted by the opposing roles of CUX1 observed in
human versus mouse cells. CUX1 is a homeodomain
protein implicated in cell cycle regulation, apoptosis,
and senescence, and genomewide association stud-
ies have linked polymorphisms near CUX1 to type 2
diabetes risk, underscoring its potential relevance to
metabolic disease. [19–23]. The divergence in CUX1
activity between species implies that regulatory net-
works controlling human adipogenesis cannot be fully
extrapolated frommouse models, and therefore it is
imperative to characterize humanspecific transcrip-
tional regulators to develop targeted strategies that
promote healthy adipose expansion and ameliorate
insulin resistance. [24, 25]
In order to further investigate any underlying mecha-
nismsor regulatoryactivity,weperformeda re-analysis
of samples from GSE293545 [26] to create a workflow
analyzing the CUX1 overexpression signature signature
utillizing bioinformatics tools. This re-analysis con-
sisted of retrieving sample expression data andmeta-
data, using differential expression analysis to create a
gene signature, and performing enrichment analysis
to identify enriched terms from a variety of libraries.

2. Methods
The workflow starts with selecting GSE293545 as the
search term. GEO studies were identified matching
GSE293545 using ARCHS4 [27] term search. The GEO
study accession was used to fetch the linked publica-
tion accession from PMC. Gene expression counts and
samplemetadata for published sampleswere obtained
from ARCHS4 [27]. An AnnData file was prepared from
the input data andmetadata [28]. 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 [29, 30] 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 [31].

The gene sets were enriched against the GO Biologi-
cal Process 2023 [32], KEGG 2021 Human [33], ChEA
2022 [34], and KOMP2 Mouse Phenotypes 2022 [35]
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 [36] to
identify smallmolecules and single gene perturbations
producing gene expression profiles similar or opposite
to the signature.

3. Results
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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.

Library size distributions across samples were visual-
ized to assess sequencing depth and sample consis-
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 1186 significantly up-regulated genes and
1377 significantly down-regulated genes after logFC
and adjusted p-value filtering (Figure 3). Among the
most strongly up-regulated genes were IL1RL1, CST2,
HLA-B, PTPRN, and CUX1, whereas prominent down-
regulated genes included SMOC1, HLA-DRB5, CIDEC,
IGFBP3, and ZBED3. Functional enrichment analysis
of the up-regulated gene set identified associations
with GO Biological Process terms related to copper
ion import and l-ascorbic acid metabolic process [32],
KEGG pathways involving citrate cycle and ubiquinone
and other terpenoid-quinone biosynthesis [33], ChEA
transcription factors including RELB and EGR1 [34],
and KOMP2 mouse phenotypes associated with in-
creased circulating lactate dehydrogenase level and
enlarged thyroid gland [35] (Figure 4). Analysis of the
down-regulated gene set identified enrichment for GO



Table 1. Single gene perturbations whose transcriptional profiles most closely resemble the query signature, as
identified by Perturb-seqr [36]. 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 prdm16 False 893 984 219 2.5477 3.34173e-32 1.17061e-28
2 RummaGEO Gene prdm16 False 1270 1443 250 1.95778 2.30292e-21 4.03356e-18
3 Perturb Atlas Human TRIB3 False 100 100 51 6.12169 1.66713e-20 1.02662e-16
4 RummaGEO Gene tert False 1043 1005 195 2.02977 7.09351e-18 8.28286e-15
5 CREEDS Gene Mapk1 False 315 229 76 3.39376 3.25477e-17 7.70728e-14
6 Perturb Atlas Human TP53 False 99 100 46 5.37717 8.21034e-17 2.52796e-13
7 CREEDS Gene Rps6ka3 False 248 271 72 3.36618 3.36121e-16 3.97967e-13
8 RummaGEO Gene prdm16 False 1431 1265 230 1.79897 1.75766e-15 1.53927e-12
9 CREEDS Gene LMO3 False 324 240 70 2.96131 2.45228e-13 1.93566e-10
10 RummaGEO Gene tert False 503 1048 146 2.00431 5.69793e-13 3.99197e-10
11 CREEDS Gene FH False 312 262 70 2.90255 5.75835e-13 3.40894e-10
12 Perturb Atlas Mouse Atf3 False 99 99 40 4.42092 1.96546e-12 9.84894e-09
13 CREEDS Gene Tgfbr2 False 269 275 64 2.78645 2.81118e-11 1.33137e-08
14 CREEDS Gene Pten False 286 248 63 2.79533 3.58165e-11 1.41356e-08
15 CREEDS Gene MYC False 266 297 65 2.72770 4.43687e-11 1.50093e-08
16 CREEDS Gene Prdm16 False 71 459 62 2.76859 7.32856e-11 2.16925e-08
17 CREEDS Gene Erbb3 False 312 221 62 2.75096 9.2597e-11 2.43633e-08
18 Perturb Atlas Human GDF11 False 100 100 37 4.05977 1.01672e-10 2.087e-07
19 CREEDS Gene Bdkrb1 False 176 360 62 2.73354 1.16737e-10 2.76433e-08
20 LINCS L1000 XPR KMT2B U251MG 96H False 246 247 76 2.52279 1.31022e-10 4.30224e-06

Table 2. Small molecule perturbations whose transcriptional profiles most closely resemble the query signature,
as identified by Perturb-seqr [36]. 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 FDA Approved Gene Set Size Up Gene Set Size Down n Overlap Odds Ratio p-value Adjusted p-value
1 RummaGEO Chem pirfenidone TGF beta receptor inhibitor True 1198 1366 258 2.15741 7.49981e-28 1.89370e-24
2 RummaGEO Chem pirfenidone TGF beta receptor inhibitor True 1715 931 262 2.11918 3.11453e-27 3.93209e-24
3 RummaGEO Chem pirfenidone TGF beta receptor inhibitor True 1396 1406 248 1.87242 8.07997e-19 6.80064e-16
4 RummaGEO Chem pirfenidone TGF beta receptor inhibitor True 1314 818 200 1.99616 1.25042e-17 7.89326e-15
5 RummaGEO Chem rosiglitazone insulin sensitizer | insulin sensitizer, ppar receptor agonist | PPAR receptor agonist False 1063 684 172 2.10582 4.23308e-17 2.13771e-14
6 RummaGEO Chem roxadustat hypoxia inducible factor prolyl hydroxylase inhibitor False 1176 1250 215 1.87509 3.41418e-16 1.43680e-13
7 RummaGEO Chem chaetocin False 1047 530 156 2.11692 1.10705e-15 3.9933e-13
8 RummaGEO Chem rosiglitazone insulin sensitizer | insulin sensitizer, ppar receptor agonist | PPAR receptor agonist False 947 1067 178 1.86948 3.149e-13 9.93902e-11
9 RummaGEO Chem epinephrine adrenergic receptor agonist | carbonic anhydrase activator | neurotransmitter True 721 590 129 2.10448 7.26760e-13 2.03897e-10
10 Ginkgo Bioworks Suprafenacine 24h 3uM False 1200 943 188 1.80055 1.72422e-12 8.03831e-09
11 RummaGEO Chem pirfenidone TGF beta receptor inhibitor True 632 589 119 2.08228 1.1969e-11 3.02217e-09
12 LINCS L1000 CP birinapant XC.P904 24H 10uM XIAP inhibitor False 248 247 77 2.59193 2.87426e-11 2.25523e-06
13 CREEDS Chem Estradiol estrogen receptor agonist True 289 268 69 2.62489 7.84120e-11 5.92795e-08
14 Ginkgo Bioworks Cycloheximide 24h 0.3uM protein synthesis inhibitor False 3323 3357 452 1.35889 1.07607e-10 2.50832e-07
15 LINCS L1000 CP ingenol A549 6H 3.33uM PKC activator True 245 248 75 2.52461 1.55687e-10 5.43768e-06
16 CREEDS Chem Formoterol adrenergic receptor agonist True 395 198 71 2.52505 1.93804e-10 7.32578e-08
17 LINCS L1000 CP GSK-3-inhibitor-IX SKBR3 6H 10uM glycogen synthase kinase inhibitor | lipoxygenase inhibitor False 249 247 75 2.50662 2.07907e-10 5.43768e-06
18 RummaGEO Chem glyphosate False 479 461 95 2.16790 2.57465e-10 5.91e-08
19 CREEDS Chem Phosgene False 259 279 66 2.59587 3.11144e-10 7.84083e-08
20 Ginkgo Bioworks Aminopterin 24h 0.0095uM dihydrofolate reductase inhibitor False 701 423 110 2.03118 3.45541e-10 5.36971e-07

Table 3. Single gene perturbations whose transcriptional profiles are most opposite to the query signature, as
identified by Perturb-seqr [36]. 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 prdm16 False 847 642 55 2.58545 3.5421e-26 1.2408e-22
2 RummaGEO Gene ebf1 False 1065 1434 95 1.9739 4.32794e-20 7.58039e-17
3 CREEDS Gene TWIST2 False 275 297 50 3.05728 1.75540e-14 4.15679e-11
4 CREEDS Gene LMO3 False 324 240 70 3.00971 8.10766e-14 9.59947e-11
5 CREEDS Gene Rptor False 195 317 39 3.09259 2.07858e-13 1.64069e-10
6 RummaGEO Gene cdkn2a False 951 751 86 1.90515 5.59199e-12 6.52958e-09
7 Perturb Atlas Human B2M False 100 100 11 4.33238 5.86573e-12 3.61212e-08
8 CREEDS Gene IL6 False 269 308 19 2.79193 6.10528e-12 3.61433e-09
9 CREEDS Gene Retnlb False 226 287 34 2.87295 1.86451e-11 8.83034e-09
10 RummaGEO Gene bcl3 False 1300 1204 103 1.68341 5.71399e-11 5.00402e-08
11 CREEDS Gene LRRK2 False 293 290 41 2.62238 1.96406e-10 7.75149e-08
12 RummaGEO Gene brf1 False 260 596 32 2.23812 2.31254e-10 1.62016e-07
13 CREEDS Gene Ovol2 False 312 197 27 2.74001 3.06297e-10 9.58453e-08
14 CREEDS Gene ADRB1 False 242 348 31 2.58742 3.23802e-10 9.58453e-08
15 Perturb Atlas Human TRIB3 False 95 100 19 3.91233 7.63685e-10 2.35139e-06
16 RummaGEO Gene msx1 False 726 1407 97 1.70247 8.17043e-10 4.77017e-07
17 CREEDS Gene PDE1C False 381 200 31 2.5417 1.15647e-09 3.0428e-07
18 Perturb Atlas Human SUPT4H1 fibroblast cell ND38530 False 100 100 28 3.79377 1.54264e-09 3.16652e-06
19 CREEDS Gene KDM4C False 355 219 27 2.53066 1.8303e-09 4.33414e-07
20 RummaGEO Gene tlr4 False 1235 1148 73 1.64247 2.03677e-09 9.92061e-07

Biological Process terms related to glycolipid trans-
port and lipid droplet disassembly [32], KEGG path-
ways involving ribosome and regulation of lipolysis in
adipocytes [33], ChEA transcription factors including
VDR and RARG [34], and KOMP2 mouse phenotypes
associated with abnormal scapula morphology and
abnormal hindlimb morphology [35] (Figure 5). Sig-

nature search revealed gene perturbations including
Mapk1 and Rps6ka3 from CREEDS Gene [37], KMT2B
from LINCS L1000 XPR [38], TRIB3 and TP53 from
Perturb Atlas Human [39], Atf3 from Perturb Atlas
Mouse [39], and prdm16 and tert from RummaGEO
Gene [40] (Table 1) and drug perturbations including
Estradiol and Formoterol from CREEDS Chem [37], GO
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Table 4. Small molecule perturbations whose transcriptional profiles aremost opposite to the query signature, as
identified by Perturb-seqr [36]. 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 FDA Approved Gene Set Size Up Gene Set Size Down n Overlap Odds Ratio p-value Adjusted p-value
1 CREEDS Chem Plx4032 False 294 290 30 3.11882 1.09714e-16 8.29439e-14
2 LINCS L1000 CP rociletinib MCF10A 24H 10uM EGFR inhibitor False 247 245 13 3.02255 6.07895e-16 4.76973e-11
3 LINCS L1000 CP AZD-8055 XC.P904 24H 10uM mTOR inhibitor False 247 247 15 2.96584 2.38152e-15 9.34305e-11
4 RummaGEO Chem trametinib MEK inhibitor True 1081 1754 45 1.75097 1.12809e-14 2.84844e-11
5 LINCS L1000 CP taselisib XC.P904 24H 10uM PI3K inhibitor False 249 247 26 2.82772 7.68363e-14 2.00960e-09
6 LINCS L1000 CP pitavastatin MDAMB231 24H 2.22uM HMGCR inhibitor True 248 249 21 2.78019 2.44423e-13 3.83563e-09
7 LINCS L1000 CP NVP-BEZ235 XC.P904 24H 1.11uM mTOR inhibitor | PI3K inhibitor False 248 249 29 2.78019 2.44423e-13 3.83563e-09
8 CREEDS Chem Dexamethasone glucocorticoid receptor agonist True 307 272 28 2.80496 4.41939e-13 1.67053e-10
9 RummaGEO Chem neratinib EGFR inhibitor True 1131 1133 72 1.79701 7.39988e-13 9.34235e-10
10 LINCS L1000 CP BMS-536924 A549 6H 12uM IGF-1 inhibitor False 248 246 21 2.71893 1.35261e-12 1.76883e-08
11 CREEDS Chem Plx4032 False 263 285 26 2.80806 1.79499e-12 4.52337e-10
12 LINCS L1000 CP vilazodone HA1E 24H 2.22uM serotonin reuptake inhibitor True 246 246 27 2.69145 2.97321e-12 3.33268e-08
13 LINCS L1000 CP deforolimus PC3 24H 0.25uM mTOR inhibitor False 246 249 14 2.67204 4.09437e-12 3.96819e-08
14 LINCS L1000 CP WYE-354 PHH.MGH 24H 10uM mTOR inhibitor False 247 249 18 2.66563 4.55166e-12 3.96819e-08
15 RummaGEO Chem pirfenidone TGF beta receptor inhibitor True 519 890 49 2.0099 6.1304e-12 5.15975e-09
16 CREEDS Chem Vemurafenib RAF inhibitor True 273 304 21 2.68889 7.90105e-12 1.49255e-09
17 LINCS L1000 CP PD-168077 MCF7 24H 10uM dopamine receptor agonist False 244 248 16 2.65096 8.00174e-12 6.27841e-08
18 CREEDS Chem Plx4032 False 199 345 35 2.74158 9.87137e-12 1.49255e-09
19 LINCS L1000 CP torin-1 ASC 24H 10uM mTOR inhibitor False 247 249 26 2.62559 1.21290e-11 8.65163e-08
20 LINCS L1000 CP AZD-8055 XC.P904 24H 1.11uM mTOR inhibitor False 248 249 24 2.61933 1.34453e-11 8.79135e-08
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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).

Biological Process terms related to suprafenacine and
cycloheximide [32], birinapant and ingenol fromLINCS
L1000 CP [38], and pirfenidone and rosiglitazone from
RummaGEO Chem [40] (Table 2) as mimickers. Top
reversers includeded genes perturbations TWIST2 and
LMO3 from CREEDS Gene [37], B2M and TRIB3 from
Perturb Atlas Human [39], and prdm16 and ebf1 from
RummaGEO Gene [40] (Table 3) and drugs including
Plx4032 and Dexamethasone from CREEDS Chem [37],
rociletinib and AZD-8055 from LINCS L1000 CP [38],
and trametinib and neratinib from RummaGEO Chem
[40] (Table 4).
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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.

4. Discussion
The upregulated signature is dominated by metabolic
and transcriptional regulatory themes, whereas the
downregulated signature highlights translational and
lipidhandling processes, with a notable shift toward
immune and developmental regulation. In the up set,
the enrichment of core carbonmetabolism pathways
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Figure 4. Enrichment analysis of the up-regulated gene signature using Enrichr [31]. Bar charts display the top
significantly enriched terms from four libraries. A. GO Biological Process 2023 [32], B. KEGG 2021 Human [33], C.
ChEA 2022 [34], and D. KOMP2 Mouse Phenotypes 2022 [35]. 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.
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Figure 5. Enrichment analysis of the down-regulated gene signature using Enrichr [31]. Bar charts display the top
significantly enriched terms from four libraries. A. GO Biological Process 2023 [32], B. KEGG 2021 Human [33], C.
ChEA 2022 [34], and D. KOMP2 Mouse Phenotypes 2022 [35]. 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=aa1cc3ace1a622380366c7440abb3bd7
https://maayanlab.cloud/enrichr/enrich?dataset=9fcc56cba97a4ec4de5da592f5032825


such as the tricarboxylic acid cycle and glycolysis/glu-
coneogenesis [33], togetherwith the copperion import
and ascorbatemetabolic processes [32], point to an
elevated energetic state. Transcriptionfactor activity in
this direction is marked by the strong signal for RELB,
STAT3, and HIF1A [34], underscoring inflammatory
and hypoxic signaling. Phenotypic annotations from
KOMP2 further support a metabolic and endocrine tilt,
with increased circulating lactate dehydrogenase and
enlarged thyroid gland [35]. In contrast, the downreg-
ulated set is enriched for ribosomal function and lipid-
transport regulation [33], togetherwithprocesses such
as lipid droplet disassembly and negative regulation
of lipoprotein lipase activity [32], suggesting a repres-
sion of protein synthesis machinery and lipid traffick-
ing. Transcriptionfactor enrichment here includes VDR,
RARG, and FOXO1 [34], which are involved in vitaminD,
retinoid, and metabolic homeostasis, indicating a shift
toward nutrientsensing pathways. KOMP2 phenotypes
for the down set emphasize skeletal and cardiac devel-
opment, such as abnormal scapulamorphology and in-
creased heart left ventricular size [35]. The only shared
transcription factor across both directions is ZNF263,
which appears in both up and down ChEA lists, hinting
at a differential regulatory context for this factor. To-
gether, these complementary patterns reveal that the
reanalysis captures a metabolic upregulation with in-
flammatory and hypoxic signaling at one end, while at
the other, there is a coordinateddownregulation of pro-
tein synthesis, lipid handling, and developmental path-
ways. The genemimicking signatures that emerged
from the PerturbSeqr analysis are dominated by en-
tries derived from theRummaGEOGene collection [40]
and the CREEDS Gene dataset [37], which contributed
a suite of oncogenic and developmental regulators
that are repeatedly identified across the top ranks, in-
cluding prdm16 and tert from RummaGEO and Mapk1,
Rps6ka3, LMO3, FH, Tgfbr2, Pten, MYC, Prdm16, Erbb3,
and Bdkrb1 from CREEDS. The frequent appearance
of prdm16 and Mapk1 alongside ERBB3 suggests that
the underlying transcriptomic signature reflects pertur-
bation of MAPK signaling and growthfactor pathways,
while the presence of tumorsuppressor genes such as
Pten and Tgfbr2 indicates a concomitant suppression
of negative regulators of proliferation. In the genere-
versing results, RummaGEO Gene entries again feature
prdm16 and ebf1, along with cdkn2a, bcl3, brf1, msx1,
and tlr4, all of which are implicated in cellcycle control
or inflammatory signaling, suggesting that the signa-
ture is reversed by restoring checkpoints and dampen-
ing proinflammatory cues. CREEDS Gene contributors
to the reverser setTWIST2, LMO3, Rptor, IL6, Retnlb,
LRRK2, Ovol2, ADRB1, PDE1C, and KDM4Chighlight a

broad engagement of transcriptional regulators, mTOR
signaling (Rptor), and cytokine signaling (IL6), indicat-
ing that the signature may also be sensitive to path-
ways governing differentiation and metabolic state.
Perturbation of TRIB3 and GDF11 in both mimic and
reverse contexts points to the integration of stressre-
sponse elements within the signatures biology.
The smallmolecule mimickers are overwhelmingly
sourced from RummaGEO Chem, with pirfenidone
appearing in four of the top ten ranks [40] and rosiglita-
zone, roxadustat, chaetocin, epinephrine, glyphosate,
and phosgene also present (all [40]). The dominance
of pirfenidone and rosiglitazone suggests that the
signature aligns with pathways modulated by antifi-
brotic and PPARactivating compounds, while the in-
clusion of roxadustat (an HIF stabilizer) and chaetocin
(an HDAC inhibitor) indicates a broader engagement
with hypoxiaresponsive and epigenetic mechanisms.
Ginkgo Bioworks entriesSuprafenacine and Cyclohex-
imideimply potential sensitivity to chaperone inhi-
bition and proteinsynthesis blockade [41]. CREEDS
Chem drugsEstradiol, Formoterol, Vemurafenib, and
Plx4032all appear among the top mimickers, reflect-
ing a diverse set of hormonal, bronchodilator, kinase,
and receptortargeted agents that can recapitulate the
signature [37].
Conversely, the drugreversing results are dominated
by kinase inhibitors catalogued in LINCS L1000 CP
and CREEDS Chem. Agents such as Plx4032, rocile-
tinib, AZD8055, trametinib, taselisib, pitavastatin,
NVPBEZ235, Dexamethasone, neratinib, BMS536924,
vilazodone, deforolimus, WYE354, torin1, and Vemu-
rafenib target EGFR, BRAF, MEK, PI3K, mTOR, and re-
lated nodes (all [38] or [37]), collectively counteracting
the activation state of the signature. The presence of
antiinflammatory Dexamethasone [37] and the mTOR
inhibitor torin1 [38] further supports the notion that
dampening of inflammatory and nutrientsensing path-
ways can reverse the transcriptomic pattern. Together,
the convergence of gene and drugbasedmimickers on
MAPK, PI3K/mTOR, and tumorsuppression pathways,
and the reciprocal reversal by inhibitors of the same
axes, underscores a biology that is both oncogenic and
responsive to therapeutic modulation of growthfactor
andmetabolic signaling.
The reanalysis confirms that CUX1 overexpression in
primary adipocytes drives a pronouncedmetabolic ac-
tivation, with enrichment of tricarboxylic acid cycle
and glycolysis/gluconeogenesis pathways and a shift
toward copperion import and ascorbate metabolism,
signalling an elevated energetic state. Concomitantly,
inflammatory and hypoxic transcription factors such



as RELB, STAT3, and HIF1A become prominent, high-
lighting a proinflammatory signal that is part of the
altered transcriptome. The downregulated gene set re-
veals a coordinated suppression of ribosomal function,
lipiddroplet disassembly, and lipoprotein lipase activ-
ity, indicating a reduction in protein synthesis and lipid
trafficking that is compatible with a shift toward termi-
nal differentiation. The transcription factor profile in
the downregulated genesVDR, RARG, and FOXO1sug-
gests a shift toward vitaminD, retinoid, andmetabolic
homeostasis pathways, which aligns with the known
role of CUX1 in adipocyte maturation. A few observa-
tions diverge from expected adipocyte biology; the
prominent hypoxia signature and the downregulation
of skeletal and cardiac developmental pathways are
not typical of adipose tissue and may reflect offtar-
get effects or secondary stress responses. Perturb-
Seqr analysis further highlights MAPK and PI3K/mTOR
signaling as central to the transcriptional signature,
with key oncogenic regulators such as PRDM16, MAPK1,
andERBB3mimicking theCUX1overexpressionpattern,
while tumor suppressors like PTEN and TGFR2 are en-
riched in the reverse signatures, illustrating a balance
between proliferation and differentiation signals. The
drugmimicking hitspirfenidone, rosiglitazone, roxadu-
stat, and chaetocinpoint to antifibrotic, PPARactivat-
ing, hypoxiaresponsive, and epigenetic mechanisms
that recapitulate the gene signature, whereas the re-
versing agents, including BRAF, MEK, PI3K, mTOR, and
antiinflammatory inhibitors such as dexamethasone,
target the same pathways and effectively counteract
the CUX1driven transcriptome. Together, the Enrichr
and PerturbSeqr results underscore a biology in which
CUX1 overexpression enhances metabolic activity and
inflammatory signaling while dampening protein syn-
thesis and lipidhandling, and reveal thatmodulationof
MAPK/PI3K/mTOR and related pathways can both em-
ulate and reverse this phenotype, offering mechanistic
insight and potential therapeutic angles for adipogenic
modulation.
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