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Abstract
Original study examined YAP overexpression in H727 lung carcinoid cells to understand how YAPTEAD signaling
influences neuroendocrine differentiation and proliferation. We reanalyzed the same GEO dataset to refine
the transcriptional signature and identify potential therapeutic targets. The workflow retrieved the expression
counts and sample annotations from ARCHS4, formatted the data into an AnnData object, applied a general
differential expression routine to generate a gene set, and submitted that set to an enrichment platform and
a perturbation matching service. The reanalysis confirmed that YAP overexpression drives a coordinated
upregulation of extracellularmatrix remodeling, focaladhesion, and tightjunction genes, with strong enrich-
ment for ERBB2/EGFR signaling and epithelialtube branching pathways. Downregulated genes clustered
in developmental and metabolic categories, including heartdevelopmental and centralcarbonmetabolism
pathways, suggesting a shift away from differentiation toward a proliferative state. The perturbation matching
identified kinase inhibitors such as sorafenib, PD0325901, and dasatinib, as well as the NADmetabolism
modulator nicotinamide, as compounds that mimic or reverse the YAPdriven signature, highlighting potential
therapeutic angles. This refined view links YAP activity to specific signaling modules and offers actionable
insights for targeting lung carcinoid tumors.

*The Ma’ayan Laboratory, Mount Sinai Center for Bioinformatics, Department of Pharmacological Sciences, Windreich Department of
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1. Introduction
Carcinoid tumors are welldifferentiated, variably ag-
gressive neuroendocrine neoplasms arising in the lung
and gastroenteropancreatic tract [1, 2]. They share
common cellular morphology including granular cy-
toplasm, dense neurosecretory vesicles, dendriticlike
processes, clustered growth patterns, hormone secre-
tion and hormone receptors [3–6], and they express
canonical neuroendocrine markers such as chromo-
granin A and INSM1 [2]. Their transcriptional programs
are dominated by neuroendocrine transcription fac-
tors including ASCL1 and NEUROD1 [7–10]. Despite
these shared attributes, the molecular mechanisms
that drive the heterogeneous clinical behavior of carci-
noid tumors remain poorly defined. Recent observa-
tions have revealed that YAP, a transcriptional cofactor
in the Hippo pathway, is consistently expressed at low
levels in carcinoid tumors [10, 11], and that YAP pri-
marily interacts with TEAD transcription factors [12,

13]. Elucidating how YAPTEAD signaling modulates
neuroendocrine differentiation and proliferation could
therefore provide insight into the biology of carcinoid
tumors and inform potential therapeutic strategies.
Carcinoid neoplasms, while histologically welldifferen-
tiated, display a spectrum of clinical aggressiveness
that is not explained solely by their classic neuroen-
docrine phenotype, which is characterized by dense
secretory granules, dendritic processes, hormone se-
cretion, and expression of markers such as chromo-
graninA and INSM1 [1–6]. In normal development,
the Hippo signalling cascade tightly controls organ
size and tissue homeostasis by phosphorylating the
transcriptional coactivator Yesassociated protein (YAP),
which, when dephosphorylated, translocates to the nu-
cleus and cooperates predominantly with TEAD tran-
scription factors to regulate a broad array of growth-
promoting genes, including connective tissue growth
factor (CTGF) and cysteinerich angiogenic inducer 61
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(CYR61) [12–16]. YAPTEAD activity is well documented
as oncogenic in many nonneuroendocrine cancers, yet
evidence from normal lung and pancreatic progenitor
cells, as well as highgrade neuroendocrine carcinomas,
indicates that YAPTEAD can suppress neuroendocrine
differentiation and proliferation through modulation
of downstream effectors such as BMP4, TGF receptor
typeII (TGFBR2), and the Notch ligand JAG1, all of which
are known to inhibit neuroendocrine cell growth when
activated [17–19]. The core transcriptional program
of neuroendocrine cells relies on basic helixloophelix
factors such as ASCL1 and NEUROD1, as well as INSM1
and NKX22, which drive differentiation and hormone
production; these factors are downregulated in con-
texts where YAPTEAD is active, underscoring a potential
antagonistic relationship between YAPTEAD signalling
and neuroendocrine transcriptional networks [7–10,
20–22]. Importantly, carcinoid tumors consistently ex-
hibit low YAP expression, a feature that may relieve
YAPTEAD mediated repression and thereby confer a
growth advantage; this phenomenon can be experi-
mentally mimicked by overexpressing constitutively
active YAP (YAPS127A) or by using a TEADbinding de-
fective YAP mutant (YAPS127A/S94A) or the chemical
inhibitor VT104, which specifically disrupts YAPTEAD
interaction [23, 24]. These observations highlight the
paradoxical, contextdependent role of YAPTEAD sig-
nalling in neuroendocrine biology and suggest that
modulating this axis could influence the differentiation
status and proliferative capacity of carcinoid tumours.
In order to further investigate any underlying mecha-
nisms or regulatory activity, we performed a re-analysis
of samples from GSE301503 [25] to create a workflow
analyzing the YAP overexpression signature signature
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.

2. Methods
The workflow starts with selecting GSE301503 as the
search term. GEO studies were identified matching
GSE301503 using ARCHS4 [26] 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 [26]. An AnnData file was prepared from
the input data and metadata [27]. 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 [28, 29] 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 [30].
The gene sets were enriched against the GO Biologi-
cal Process 2023 [31], KEGG 2021 Human [32], ChEA
2022 [33], and KOMP2 Mouse Phenotypes 2022 [34]
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 [35] to
identify small molecules 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 1366 significantly up-regulated genes and
1350 significantly down-regulated genes after logFC
and adjusted p-value filtering (Figure 3). Among the
most strongly up-regulated genes were YAP1, AXL,



Table 1. Single gene perturbations whose transcriptional profiles most closely resemble the query signature, as
identified by Perturb-seqr [35]. 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 maml3 False 1354 1016 251 2.28939 1.25525e-30 4.39715e-27
2 Perturb Atlas Human C11orf53 small cell lung cancer tuft variant NCIH211 False 100 100 59 7.42166 5.69436e-27 3.50659e-23
3 Perturb Atlas Human Pou2f3 small cell lung cancer tuft variant NCIH211 False 100 100 56 6.89753 2.10729e-24 6.48836e-21
4 RummaGEO Gene maml3 False 1191 936 213 2.15087 2.01604e-22 3.53109e-19
5 Perturb Atlas Human HEPACAM2 A549 False 100 99 51 6.11191 1.88706e-20 3.87351e-17
6 RummaGEO Gene stat3 False 731 919 172 2.24921 1.06543e-19 1.24406e-16
7 RummaGEO Gene bap1 False 1343 798 204 2.03553 7.00061e-19 6.13079e-16
8 RummaGEO Gene ctnnb1 False 465 356 102 2.74188 9.60749e-17 6.73101e-14
9 Perturb Atlas Human KMT2A colorectal cancer cell DLD-1 False 99 100 44 5.03488 2.99811e-15 3.69247e-12
10 Perturb Atlas Human SLC6A15 papillary thyroid cancer cell KTC1 False 100 99 44 5.03488 2.99811e-15 3.69247e-12
11 Perturb Atlas Human ZNF217 breast cancer cell MCF7 False 100 99 43 4.88891 1.47804e-14 1.51696e-11
12 Perturb Atlas Human FUT8 MNNG/HOS False 100 100 43 4.85777 1.78315e-14 1.56866e-11
13 CREEDS Gene POU5F1 False 439 148 73 2.98306 5.16301e-14 1.22260e-10
14 RummaGEO Gene rbm4 False 1138 729 170 1.93617 7.51417e-14 4.38702e-11
15 RummaGEO Gene pax5 False 1479 396 169 1.91463 2.20746e-13 1.10468e-10
16 RummaGEO Gene irf1 False 1460 1176 218 1.74252 2.63804e-13 1.15513e-10
17 RummaGEO Gene urod False 602 900 143 2.03373 3.67868e-13 1.43182e-10
18 Perturb Atlas Human EP300 HEK293T False 100 100 41 4.57357 3.90753e-13 2.67362e-10
19 Perturb Atlas Human PUM2 HeLa False 100 100 41 4.57357 3.90753e-13 2.67362e-10
20 RummaGEO Gene urod False 827 1002 165 1.91649 4.21645e-13 1.47702e-10

Table 2. Small molecule perturbations whose transcriptional profiles most closely resemble the query signature,
as identified by Perturb-seqr [35]. 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 nicotinamide protein synthesis stimulant True 1631 620 207 1.95682 2.08094e-17 5.25438e-14
2 RummaGEO Chem nicotinamide protein synthesis stimulant True 657 773 148 2.23067 1.21595e-16 1.53514e-13
3 RummaGEO Chem nicotinamide protein synthesis stimulant True 1634 634 201 1.87896 3.46674e-15 2.91784e-12
4 LINCS L1000 CP CYT-997 HELA 24H 0.125uM tubulin polymerization inhibitor False 249 244 82 2.97751 5.60568e-15 4.39838e-10
5 LINCS L1000 CP PD-0325901 YAPC 24H 10uM MEK inhibitor False 247 247 80 2.88383 5.64314e-14 2.21389e-09
6 LINCS L1000 CP PD-0325901 YAPC 24H 0.37uM MEK inhibitor False 247 249 79 2.8273 2.05411e-13 5.37238e-09
7 RummaGEO Chem sorafenib FLT3 inhibitor | KIT inhibitor | PDGFR tyrosine kinase receptor inhibitor | RAF inhibitor | RET tyrosine kinase inhibitor | VEGFR inhibitor True 1377 1323 222 1.73106 2.76124e-13 1.74303e-10
8 LINCS L1000 CP parbendazole XC.P909 24H 1.11uM tubulin polymerization inhibitor False 249 245 78 2.79822 4.72796e-13 9.20842e-09
9 RummaGEO Chem alectinib ALK tyrosine kinase receptor inhibitor True 1460 892 199 1.78595 4.8819e-13 2.28801e-10
10 RummaGEO Chem sorafenib FLT3 inhibitor | KIT inhibitor | PDGFR tyrosine kinase receptor inhibitor | RAF inhibitor | RET tyrosine kinase inhibitor | VEGFR inhibitor True 1707 1627 260 1.6343 5.43686e-13 2.28801e-10
11 LINCS L1000 CP AZ-628 A549 24H 10uM RAF inhibitor False 248 248 78 2.78483 5.868e-13 9.20842e-09
12 LINCS L1000 CP AZ-20 HELA 24H 3.33uM ATR kinase inhibitor False 245 248 77 2.76234 1.20068e-12 1.57015e-08
13 LINCS L1000 CP PD-0325901 NPC.CAS9 24H 10uM MEK inhibitor False 247 246 76 2.71993 3.34269e-12 3.74682e-08
14 LINCS L1000 CP Ro-4987655 YAPC 24H 3.33uM MEK inhibitor False 248 249 76 2.69409 5.04856e-12 4.95156e-08
15 RummaGEO Chem glucagon False 598 1233 160 1.85014 1.37124e-11 4.94626e-09
16 LINCS L1000 CP AZ-20 HELA 24H 10uM ATR kinase inhibitor False 245 246 74 2.64835 2.01941e-11 1.75016e-07
17 LINCS L1000 CP vinorelbine HT29 6H 10uM tubulin polymerization inhibitor True 246 246 74 2.64202 2.23056e-11 1.75016e-07
18 RummaGEO Chem nicotinamide protein synthesis stimulant True 1550 1585 241 1.60909 2.50268e-11 7.89909e-09
19 LINCS L1000 CP parbendazole XC.P906 24H 10uM tubulin polymerization inhibitor False 248 248 74 2.61698 3.30824e-11 2.16312e-07
20 LINCS L1000 CP CYT-997 HELA 24H 0.37uM tubulin polymerization inhibitor False 249 247 74 2.61698 3.30824e-11 2.16312e-07

Table 3. Single gene perturbations whose transcriptional profiles are most opposite to the query signature, as
identified by Perturb-seqr [35]. 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 hepacam False 990 817 41 2.29776 4.64316e-23 1.6265e-19
2 Perturb Atlas Human MCL1 A375 False 100 99 14 6.4386 4.80471e-22 2.95874e-18
3 Perturb Atlas Human miR-30a-3p False 99 100 11 6.11191 1.88706e-20 5.81026e-17
4 RummaGEO Gene hepacam False 517 538 24 2.50389 5.44782e-17 9.54185e-14
5 RummaGEO Gene maml3 False 703 853 38 2.15364 2.72500e-16 3.18189e-13
6 RummaGEO Gene hdlbp False 421 731 45 2.26831 3.81934e-14 3.34479e-11
7 RummaGEO Gene hepacam False 747 801 37 2.0432 9.37379e-14 6.56728e-11
8 RummaGEO Gene maml3 False 1219 1419 69 1.74978 1.53338e-13 8.95238e-11
9 RummaGEO Gene pcdh9 False 492 744 36 2.17456 2.14351e-13 1.07267e-10
10 Perturb Atlas Human STK11 H292 False 99 99 10 4.49026 1.24467e-12 2.27118e-09
11 Perturb Atlas Human SLC45A4 neuroblastoma cell SH-SY5Y False 100 99 9 4.46202 1.47527e-12 2.27118e-09
12 RummaGEO Gene gsdmb False 907 1272 63 1.80377 1.56780e-12 6.86502e-10
13 RummaGEO Gene trim3 False 1162 1087 83 1.78350 2.16299e-12 8.41884e-10
14 CREEDS Gene HMGA2 False 237 330 16 2.81454 6.21859e-12 1.47256e-08
15 Perturb Atlas Human ZFP36L1 NCI-H1876(Small cell lung cancer cell line) False 99 100 12 4.32328 6.42859e-12 6.59788e-09
16 Perturb Atlas Human HOXB8 HCT116 False 99 100 6 4.32328 6.42859e-12 6.59788e-09
17 RummaGEO Gene trps1 False 973 1167 61 1.77498 1.40747e-11 4.93036e-09
18 RummaGEO Gene gfi1 False 263 449 17 2.48103 1.76976e-11 5.63589e-09
19 Perturb Atlas Human CD274 A375 False 100 99 17 4.18626 2.71271e-11 2.11631e-08
20 Perturb Atlas Human ZAP Primary human foreskin fibroblasts (HFF) cells False 13 94 5 5.98607 2.74934e-11 2.11631e-08

Table 4. Small molecule perturbations whose transcriptional profiles are most opposite to the query signature, as
identified by Perturb-seqr [35]. 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 LINCS L1000 CP dasatinib XC.P909 24H 1.11uM Bcr-Abl kinase inhibitor | ephrin inhibitor | KIT inhibitor | PDGFR tyrosine kinase receptor inhibitor | SRC inhibitor | tyrosine kinase inhibitor True 244 246 16 3.31227 1.03793e-18 8.14387e-14
2 RummaGEO Chem nicotinamide protein synthesis stimulant True 498 548 50 2.43350 1.23671e-15 2.09369e-12
3 RummaGEO Chem tunicamycin False 782 1244 50 1.95324 1.65837e-15 2.09369e-12
4 RummaGEO Chem trametinib MEK inhibitor True 683 913 64 2.09326 2.64121e-15 2.22302e-12
5 RummaGEO Chem canagliflozin sodium/glucose cotransporter inhibitor True 1372 1808 101 1.71329 3.57145e-15 2.25448e-12
6 RummaGEO Chem sulforaphane anticancer agent | aryl hydrocarbon receptor antagonist False 504 1161 56 1.99755 9.83144e-14 4.4252e-11
7 RummaGEO Chem trametinib MEK inhibitor True 1270 1342 124 1.75952 1.05153e-13 4.4252e-11
8 RummaGEO Chem cisplatin DNA alkylating agent | DNA synthesis inhibitor True 1088 1595 86 1.73447 2.64638e-13 9.54587e-11
9 RummaGEO Chem nicotinamide protein synthesis stimulant True 1401 1149 110 1.75208 3.83956e-13 1.21186e-10
10 RummaGEO Chem sulforaphane anticancer agent | aryl hydrocarbon receptor antagonist False 551 1420 69 1.87095 5.73867e-13 1.61002e-10
11 RummaGEO Chem nicotinamide protein synthesis stimulant True 641 629 54 2.12817 6.78018e-13 1.71199e-10
12 RummaGEO Chem nicotinamide protein synthesis stimulant True 782 840 70 1.969 9.12482e-13 2.09456e-10
13 LINCS L1000 CP CP-673451 PC3 24H 1.11uM PDGFR tyrosine kinase receptor inhibitor False 246 248 23 2.75572 1.33509e-12 3.88125e-08
14 LINCS L1000 CP NVP-TAE684 BT20 24H 10uM ALK tyrosine kinase receptor inhibitor False 247 248 12 2.74913 1.48398e-12 3.88125e-08
15 RummaGEO Chem canagliflozin sodium/glucose cotransporter inhibitor True 793 1642 84 1.7385 3.75938e-12 7.91036e-10
16 LINCS L1000 CP dasatinib XC.P914 24H 1.11uM Bcr-Abl kinase inhibitor | ephrin inhibitor | KIT inhibitor | PDGFR tyrosine kinase receptor inhibitor | SRC inhibitor | tyrosine kinase inhibitor True 246 249 19 2.70695 4.11105e-12 8.06414e-08
17 LINCS L1000 CP dacomitinib YAPC 24H 10uM EGFR inhibitor True 245 247 18 2.64202 2.23056e-11 3.50032e-07
18 RummaGEO Chem nicotinamide protein synthesis stimulant True 1073 1081 88 1.76192 2.49776e-11 4.85142e-09
19 RummaGEO Chem nicotinamide protein synthesis stimulant True 1054 966 79 1.78698 3.16837e-11 5.71438e-09
20 LINCS L1000 CP dasatinib XC.P906 24H 1.11uM Bcr-Abl kinase inhibitor | ephrin inhibitor | KIT inhibitor | PDGFR tyrosine kinase receptor inhibitor | SRC inhibitor | tyrosine kinase inhibitor True 246 248 15 2.58774 7.17476e-11 9.38255e-07
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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).

MYOF, ANXA3, and INHBB, whereas prominent down-
regulated genes included BPIFB2, PRSS2, VGF, F2,
and CHGA. Functional enrichment analysis of the up-
regulated gene set identified associations with GO
Biological Process terms related to negative regulation
of cardiocyte differentiation and erbb2-egfr signaling
pathway [31], KEGG pathways involving vitamin b6
metabolism and ecm-receptor interaction [32], ChEA
transcription factors including TRP63 and ZNF217 [33],
and KOMP2 mouse phenotypes associated with eyelids
fail to open and enlarged lung [34] (Figure 4). Analysis
of the down-regulated gene set identified enrichment
for GO Biological Process terms related to atrioventric-
ular valve formation and pericardium morphogenesis
[31], KEGG pathways involving citrate cycle and ni-
trogen metabolism [32], ChEA transcription factors
including TP63 and SCL [33], and KOMP2 mouse
phenotypes associated with decreased plasmacytoid
dendritic cell number and increased ly6c-positive ma-
ture nk cell number [34] (Figure 5). Signature search
revealed gene perturbations including POU5F1 from
CREEDS Gene [36], C11orf53 and Pou2f3 from Per-
turb Atlas Human [37], and maml3 and stat3 from
RummaGEO Gene [38] (Table 1) and drug perturba-
tions including CYT-997 and PD-0325901 from LINCS
L1000 CP [39] and nicotinamide and sorafenib from
RummaGEO Chem [38] (Table 2) as mimickers. Top
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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.

reversers includeded genes perturbations HMGA2 from
CREEDS Gene [36], MCL1 and miR-30a-3p from Perturb
Atlas Human [37], and hepacam and maml3 from
RummaGEO Gene [38] (Table 3) and drugs including
dasatinib and CP-673451 from LINCS L1000 CP [39]
and nicotinamide and tunicamycin from RummaGEO
Chem [38] (Table 4).

4. Discussion
The upregulated gene set is dominated by signaling
and extracellular matrixrelated processes, as evident
from the GO BP enrichment for ERBB2EGFR signaling,
epithelial tube branching, and negative regulation of
cardiac muscle differentiation, all of which carry high
zscores in the GO library [31]. In parallel, the KEGG
enrichment highlights pathways such as Vitamin B6
metabolism, ECMreceptor interaction, focal adhesion,
Hippo signaling, and tight junction formation, under-
scoring a coordinated upregulation of cell adhesion
and signaling machinery [32]. Transcription factor tar-
gets identified through the ChEA library further rein-
force this theme, with highscoring regulators including
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ChEA 2022 [33], and D. KOMP2 Mouse Phenotypes 2022 [34]. 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 [30]. Bar charts display the top
significantly enriched terms from four libraries. A. GO Biological Process 2023 [31], B. KEGG 2021 Human [32], C.
ChEA 2022 [33], and D. KOMP2 Mouse Phenotypes 2022 [34]. 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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TRP63, ZNF217, PPAR, SMAD4, FOXM1, AHR, TRIM28,
ESR2, ESR1, and CDX2, indicating that these factors
may be driving the observed transcriptional changes
[33]. The KOMP library adds a developmental perspec-
tive, with phenotypes such as eyelids fail to open, en-
larged lung, and altered NK cell populations among the
most strongly associated terms, suggesting that the up-
regulated signature is linked to both morphogenetic
and immunerelated processes [34]. By contrast, the
downregulated gene set is enriched for developmental
and metabolic categories. GO BP terms such as atri-
oventricular valve formation, pericardium morphogen-
esis, focal adhesion disassembly, hepatocyte prolifer-
ation regulation, astrocyte differentiation, sialylation,
adrenal gland development, and epithelial cell differ-
entiation all point to a suppression of heart and tissue
developmental programs [31]. KEGG enrichment of
the down signature points to central metabolic path-
ways, including the citrate cycle, nitrogen metabolism,
thiamine metabolism, and ketone body synthesis and
degradation, along with insulin and mucin biosynthe-
sis pathways, reflecting a downregulation of metabolic
fluxes [32]. The ChEA results for the down set feature
TP63, ESR1, ESR2, TAL1, and other chromatin regu-
lators, mirroring the presence of these factors in the
up set but with opposite directionality, suggesting dif-
ferential regulation by the same transcription factors
depending on context [33]. Finally, the KOMP phe-
notypes associated with the down signature, such as
decreased plasmacytoid dendritic cells, increased ma-
ture NK cells, reduced brain size, and altered airway
resistance, contrast with the immune phenotypes seen
in the up set, highlighting complementary shifts in im-
mune cell populations between the two signatures [34].
The mimicker gene signatures are dominated by per-
turbations reported in the RummaGEO Gene dataset,
such as maml3, stat3, bap1, ctnnb1, rbm4, pax5, irf1,
and urod, all of which appear repeatedly and suggest
that the signature is enriched for pathways related to
cell adhesion, transcriptional regulation, and inflam-
matory signaling [38]. Several entries are drawn from
Perturb Atlas Human, including C11orf53, Pou2f3, HEP-
ACAM2, KMT2A, SLC6A15, ZNF217, FUT8, EP300, and
PUM2, highlighting involvement of chromatin remod-
eling, transcription factor activity, and metabolic trans-
port [37]. The CREEDS Gene entry for POU5F1 indi-
cates that the signature also captures stemcellassoci-
ated transcriptional programs [36]. In the mimicker
drug list, nicotinamide appears overwhelmingly across
multiple ranks, all sourced from RummaGEO Chem,
pointing to a strong link with NAD metabolism and sir-
tuin signaling [38]. Other drugs such as CYT997 and
PD0325901 come from LINCS L1000 CP, reflecting ki-

nase inhibition (RAF and MEK respectively) [39], while
sorafenib, a multikinase inhibitor, appears twice from
RummaGEO Chem, again underscoring MAPK pathway
involvement [38]. Alectinib and parbendazole from
LINCS L1000 CP and RummaGEO Chem further suggest
perturbation of ABL family kinases and microtubule
dynamics [39], [38].
The reverser gene signatures show a similar distribu-
tion: hepacam and maml3 are repeatedly reported in
RummaGEO Gene, indicating a reversal of epithelial
adhesion and signaling networks [38], whereas MCL1
and STK11 from Perturb Atlas Human point to modu-
lation of apoptotic resistance and metabolic control
[37]. The presence of miR30a3p from Perturb Atlas
Human highlights microRNAmediated posttranscrip-
tional regulation [37], while HEPACAM, gsdmb, trim3,
and ZFP36L1 from RummaGEO Gene suggest changes
in cell cycle arrest, pyroptosis, and mRNA decay path-
ways [38]. The CREEDS Gene entry for HMGA2 signals
a shift in chromatin architecture and oncogenic tran-
scriptional programs [36].
Reverser drug signatures are enriched for kinase in-
hibitors and metabolic modulators, with dasatinib and
trametinib from LINCS L1000 CP and RummaGEO Chem
respectively indicating blockade of SRC family kinases
and MEK signaling [39], [38]. Nicotinamide again ap-
pears prominently across both mimicker and reverser
drug lists, reinforcing its central role in NADdependent
pathways [38]. Tunicamycin and sulforaphane, both
from RummaGEO Chem, point to ER stress and antioxi-
dant responses [38]. Canagliflozin and cisplatin from
RummaGEO Chem illustrate modulation of glucose re-
absorption and DNA damage pathways [38]. The re-
peated appearance of drugs such as AZ20, AZ628, and
Ro4987655 from LINCS L1000 CP further indicates tar-
geting of receptor tyrosine kinases and downstream
signaling cascades [39]. Collectively, the convergence
of genetic perturbations linked to transcriptional regu-
lation, chromatin remodeling, and metabolic control
with pharmacologic inhibitors of the MAPK/RAF and
SRC pathways suggests that the original gene signa-
ture captures a network of interconnected signaling
modules that govern cell proliferation, adhesion, and
stress responses.
The reanalysis confirms that YAP overexpression in
H727 lung carcinoid cells activates a coordinated
program of extracellular matrix remodeling, focal ad-
hesion, and tight junction formation that is reflected
in the Enrichr enrichment of ECMreceptor interac-
tion, focal adhesion, and Hippo signaling pathways.
The upregulated signature also shows strong enrich-
ment for ERBB2/EGFR signaling and epithelial tube



branching, consistent with the proproliferative and
morphogenic changes expected in YAPdriven tumor
cells, and highlights transcription factor targets such
as FOXM1, SMAD4, and TRP63 that are known to co-
operate with YAP. Downregulated genes cluster in
developmental and metabolic categories, including
heartdevelopment pathways, hepatocyte proliferation,
and central carbon metabolism, which may repre-
sent a shift away from differentiation toward a more
proliferative state. In contrast to the tissuespecific
context, the enrichment of cardiacmuscle differenti-
ation and immunecell phenotypes (altered NK cells,
reduced plasmacytoid dendritic cells) is unexpected,
suggesting offtarget or secondary effects of YAP ac-
tivation. PerturbSeqr analysis further supports this
picture by revealing mimic signatures enriched for
epithelial adhesion, transcriptional regulation, and in-
flammatory signaling, as well as chromatin remodeling
factors and MAPK pathway components. The drugmim-
icker list highlights kinase inhibitors such as sorafenib,
PD0325901, and dasatinib, together with nicotinamide,
pointing to potential therapeutic angles that target the
YAPdriven signaling network. Overall, the combined
enrichment results delineate a YAPdependent net-
work that promotes cell adhesion and signaling while
suppressing developmental and metabolic pathways,
offering a coherent mechanistic framework that aligns
with the biology of lung carcinoid cells and identifies
actionable kinase targets.
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