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Energy Metabolism and Adrenal Hormone Regulation
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Abstract
Biomedical omics resources are often treated as isolated datasets, which fragments insight and limits the
discovery of sharedmechanisms across conditions. Integrating multiple Common Fund resources can reveal
robust molecular programs, improve reproducibility, and connect molecular changes to physiological out-
comes. In this study we combined three geneset libraries from the Common Fund Data Ecosystem: the LINCS
L1000 CRISPR knockout perturbation signatures, the Metabolomics enzymemetabolite association collection,
and the MoTrPAC rat endurance exercise transcriptomics dataset. Each library contributed a distinct biological
perspectivegenetic perturbation, metabolic enzyme networks, and exerciseinduced transcriptional responses.
We evaluated all possible threeway combinations, computed hypergeometric significance, and selected the
top crossing because it represented the most inclusive overlap among the thousands of tested intersections.
The resulting intersecting set comprised four genes present in all three libraries: ACAA2, ELOVL6, FASN and
HMGCS2, enzymes that jointly governmitochondrial and cytosolic lipid metabolism during nutrient stress.
Enrichment analysis linked this core set to fattyacid elongation, ketonebody biosynthesis, and nuclearreceptor
transcription factors, while phenotype profiling highlighted associations with apolipoprotein A1 levels and
glucose response to thiazide diuretic treatment.
*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

Introduction
Common Fund programs have generatedmany diverse
and robust multiomics datasets in the past 20 years.
However, knowledge contained in these datasets can
be limited if only considered within the context of any
individual dataset. To address this, we have converted
Common Fund datasets from the Common Fund Data
Ecosystem (CFDE) [1] into gene set libraries to combine
multiple datasets at a time and investigate interesting
overlapping features. Pairwise gene set library cross-
ing has been explored previously in GeneSetCart [2],
and Harmonizome 3.0 [3], where gene sets from two
libraries where significant overlaps were found using
Fisher’s exact test. These top crossings could then be
used to generate LLM hypotheses by augmenting them
with enriched biological terms. Here we extend the
strategy by combining more libraries at once. Each
combination of three gene sets (one from each library)

is analyzed to identify signficant pairwise intersections
and a robust 3-way intersecting gene set.
For this report, we combined gene sets from the
LINCS L1000 CRISPR KO Perturbation Signatures [4],
Metabolomics Metabolite Enzyme Associations [5],
and MoTrPAC Rat Endurance Exercise Training Tran-
scriptomics [6] datasets. Among the top-ranked cross-
ings, we identified an overlapwith rank 6 and a p-value
of 7.68653e-08 warranting further investigation.
TheCLEC12A::BICR6::::96H::::KO::Cas9::XPR014::L14up
signature derives from the LINCS L1000 CRISPR KO
Perturbation library [4]. The Coenzyme A signature
originates from the Metabolomics Metabolite Enzyme
Associations collection [5]. The T60Adrenal Female
8W Down signature comes from the MoTrPAC Rat En-
durance Exercise Training Transcriptomics dataset [6].
The GlyGen set represents proteins phosphorylated by
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the glycan.

Methods
The LINCS L1000 CRISPR KO Perturbation Signatures
dataset was processed from Level 3 L1000 data from
the CLUE platform [4]. Replicate perturbation profiles
were grouped by matching timepoint, perturbagen,
detection plate, and well ID metadata. Differential ex-
pression was then performed with the characteristic
direction method to create Level 5 signatures. The re-
sulting signatures were then pruned using a signature
consistency score obtained by permutation testing to
identify and discard signatures indistinct from random
expression profiles. Remaining signatures were then
collected into a GMT file. The Metabolomics Enzyme-
MetaboliteAssociationsdatasetwasprocessed fromas-
sociations betweenmetabolites and related enzymes
[5]. The Metabolomics Workbench metabolite dataset
was created by integrating structures and annotations
from various open resources. The HumanMetabolome
Gene/Protein (MGP) database containing information
aboutmetabolites and linked genes/proteins was used
to create an edgelist of metabolite-enzyme associa-
tions for metabolites with at least one public study de-
posited to the Metabolomics Workbench. The ensyme-
metabolite edgelistwasharmonized tocreategene sets
which were collected into a GMT. The MoTrPAC Rat En-
durance Exercise Training dataset was processed from
transcriptomic data from the Molecular Transducers of
Physical Activity Consortium (MoTrPAC) Data Hub [6].
Differential expression data from MoTrPAC was filtered
to keep associations where gene expression changed
over the course of 8 weeks of endurance exercise. Ex-
ercise tissue samples were differentiated by sex and
tissue type inaddition toexercise timepoint. Thedown-
loaded data also included training data of genes with
modulated expression over the training window in ad-
dition to the timewise data. The differential expression
data was filtered to create gene sets and a GMT. The
workflow starts with selecting the LINCS L1000 CRISPR
KO Perturbation Signatures, Metabolomics Metabolite
Enzyme Associations, and MoTrPAC Rat Endurance Ex-
ercise Training Transcriptomics datasets. Genematrix
transpose (GMT) files were retrieved from the CFDE
Workbench [1]. GMTs were crossed to analyze all pos-
sible combinations of one gene set from each library.
For each combination, the p-value was computed by
computing the hypergeometric test of each gene set
against the intersectionof the remaining sets, using the
most conservative p-value as the value for the crossing.
The top 5,000 combinations were kept, ranked by as-
cending (most conservative) p-value and descending
Jaccard index. The crossing with rank 6 was selected

for further investigation, and the intersecting gene set
was extracted. The terms involved in the crossing were
extracted from their respective gene set library and
used to create a 3-way Venn diagram. The intersect-
ing gene set was submitted to Enrichr [7]. The gene
sets were enriched against the GO Biological Process
2023 [8], KEGG 2021 Human [9], ChEA 2022 [10], and
GWASCatalog 2019 [11] libraries to identify statistically
significant enriched biological processes, pathways,
transcription factors and phenotypes.

Results

Figure 1. Crossed gene sets Venn diagram. A venn
diagram of the crossed gene sets. Sizes of each set
and 2- and 3-way intersection are labelled.

The crossing had a rank of 6, p-value of 7.686531e-08,
and Jaccard index of 0.008909. The intersecting gene
set identified 4 genes appearing in all involved sets
(Figure 1). The intersecting gne set consists of ACAA2
ELOVL6 FASN, andHMGCS2. Functional enrichment
analysis of the gene set identified associations with
Ketone Body Biosynthetic Process and Fatty Acid Elon-
gation, Monounsaturated Fatty Acid from enrichr, Fatty
acid elongation and Synthesis and degradation of ke-
tonebodies fromenrichr, TP63andPPARD fromenrichr,
and Apolipoprotein A1 levels and Change in glucose
in response to thiazide diuretic treatment in hyperten-
sion from enrichr (Figure 2).

Discussion
These enzymes collectively govern mitochondrial and
cytosolic lipid metabolism that sustains energy bal-
ance during nutrient stress. ACAA2 catalyzes the final
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Figure 2. Enriched Terms for Intersecting Gene Set. Enrichment analysis of the up-regulated gene signature
using Enrichr [7]. Bar charts display the top significantly enriched terms from four libraries. A. GO Biological
Process 2023 [8], B. KEGG 2021 Human [9], C. ChEA 2022 [10], and D. GWAS Catalog 2019 [11]. 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.

step of fattyacid oxidation and physically interactswith
the proapoptotic protein BNIP3 to mitigate apoptosis,
linking fattyacid catabolism to cellsurvival pathways
[12]. HMGCS2 drives ketogenesis under fasting condi-
tions, and its activity is enhanced by SIRT3mediated
deacetylation, providing an alternative energy source
that supports metabolic homeostasis [13, 14]. ELOVL6
elongates mediumchain saturated andmonounsatu-
rated fatty acids, and heightened activity alters hepatic
lipid composition in a manner that promotes inflam-
mation and oxidative stress [15].
Beyond energy production, these lipidprocessing en-
zymes modulate signaling pathways that affect cel-
lular stress. FASN generates de novo fatty acids for
membrane biosynthesis and signaling, and its overex-
pression suppresses intrinsic apoptotic pathways [16].
ACAA2 is recruited to transcription start sites through
association with the histone variant H2A.Z, suggesting
that metabolic intermediates can influence chromatin
dynamics and geneexpressionprograms [17]. Deletion
of ELOVL6 reduces inflammasome activation, indicat-
ing a role in tempering inflammatory responses [15].
The upregulated genes show enrichment for lipid-
centric metabolic pathways, with Gene Ontology and
KEGG analyses highlighting fattyacid elongation and

ketonebody biosynthetic and metabolic processes
[8, 9]. The transcriptionfactor enrichment identifies
nuclear receptors and regulators TP63, PPARD, PPARG,
GATA2, ESR1 and others in the ChEA library [10]. The
downregulated genes show enrichment for clinicalphe-
notype and GWAS traits related to apolipoprotein A1
levels, HDL particle size and cholesterol content, phos-
pholipid concentrations in HDL, and bloodpressure
interactions as reported in the GWAS library [11].
The analysis identified a highly significant overlap
between the CLEC12ABICR6 knockout signature and
the Coenzyme A and T60Adrenal gene sets, compris-
ing the four lipidprocessing enzymes ACAA2, ELOVL6,
FASN and HMGCS2. Enrichment profiling of these
genes confirmed a strong association with lipidcentric
metabolic pathways, including fattyacid elongation
and ketonebody biosynthesis, and highlighted nucle-
arreceptor transcription factors such as TP63, PPARD,
PPARG, GATA2 and ESR1 as potential regulators. The
downregulated component of the intersect showed
links to clinical phenotypes and GWAS traits involv-
ing apolipoprotein A1, HDL particle size, cholesterol
content and bloodpressure interactions, suggesting
broader metabolic relevance. Deepdive literature
synthesis reinforced the central role of the four en-
zymes in maintaining mitochondrial and cytosolic
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lipid metabolism during nutrient stress, mediating
apoptosis resistance, supporting ketogenesis, influenc-
ing inflammatory signaling and affecting chromatin
dynamics. An unexpected observation was the en-
richment of bloodpressure related traits among the
downregulated genes, which does not directly align
with theprimary lipidmetabolism focus of the intersect.
Together, these findings describe how the intersecting
gene set relates to lipid metabolic adaptation and
stressresponse pathways within the context of the
original DeepDive and Enrichr investigations.
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