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Regulation and Brown Adipose Tissue Remodeling
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Abstract
Biomedical omics resources are often treated as isolated datasets, which fragments insight and limits the
discovery of shared molecular programs. Combining gene sets from multiple Common Fund programs
can reveal robust, reproducible signatures that connect diverse perturbations to common biology. In this
study we crossed three curated libraries retrieved from the Common Fund Data Ecosystem: the LINCS L1000
CRISPR knockout signature that captures genes upregulated when a target gene is deleted, the Metabolomics
enzymemetabolite association set that defines enzymes linked to the cofactor flavin adenine dinucleotide,
and theMoTrPAC rat endurance exercise transcriptome that lists genes downregulated in brown adipose tissue
after eight weeks of training. All possible triples of one set from each library were evaluated for statistical
overlap and the ninth ranked combination, whichmaximized the number of genes shared across all three
sets, was selected for detailed analysis. The intersecting set comprises the mitochondrial dehydrogenases
ACADM, ACADVL, GCDH and IVD, enzymes that initiate fattyacid betaoxidation and branchedchain aminoacid
catabolism. Enrichment profiling highlighted coordinated fattyacid oxidation, PPAR signaling and related
metabolic pathways, while transcriptionfactor analysis identified regulators such as E2F1, RUNX2 and PPARG.
Together these results demonstrate that the shared dehydrogenases form a core metabolic signature linking
CRISPR perturbation, cofactor biology and exerciseinduced adipose remodeling, illustrating the power of
multilibrary crossing to uncover biologically meaningful overlaps.
*The Ma’ayan Laboratory, Mount Sinai Center for Bioinformatics, Department of Pharmacological Sciences, Windreich Department of
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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 9 and a p-value
of 8.95033e-08 warranting further investigation.
The three signatures comprising the topranked cross-
ingare theURB2::BICR6::::96H::::KO::Cas9::XPR027::G11
up signature, the FAD signature, and the T69BrownAdi-
poseMale8WDownsignature. TheURB2::BICR6::::96H::::KO::Cas9::XPR027::G11
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up signature originates from the LINCS L1000 CRISPR
KO Perturbation library and reflects a CRISPR knock-
out experiment in which loss of the target gene leads
to upregulation of the G11 transcript [4]. The FAD
signature is drawn from the Metabolomics Metabolite
Enzyme Associations library and denotes the set of
enzymes that are associated with the cofactor flavin
adenine dinucleotide (FAD) [5]. The T69BrownAdipose
Male 8W Down signature comes from the MoTrPAC Rat
Endurance Exercise Training Transcriptomics dataset
and captures genes that are downregulated in brown
adipose tissue of male rats after eight weeks of en-
durance training [6]. The GlyGen signature, which
represents proteins phosphorylated by the glycan, is
also part of the broader analysis context.

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 9 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 9, p-value of 8.950326e-08,
and Jaccard index of 0.006349. The intersecting gene
set identified 4 genes appearing in all involved sets
(Figure 1). The intersecting gne set consists of ACADM
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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.

ACADVL GCDH, andIVD. Functional enrichment anal-
ysis of the gene set identified associations with Fatty
Acid Beta-Oxidation Using acyl-CoA Dehydrogenase
and Fatty Acid Beta-Oxidation from enrichr, Fatty acid
degradation and Valine, leucine and isoleucine degra-
dation from enrichr, E2F1 and RUNX2 from enrichr, and
Acylcarnitine levels and Metabolic traits from enrichr
(Figure 2).

Discussion
The intersecting gene set comprising ACADM, ACADVL,
GCDH and IVD encodesmitochondrial dehydrogenases
that initiate key catabolic pathways essential for cel-
lular energy production [12–15]. These enzymes each
catalyze the first dehydrogenation step in the mito-
chondrial oxidationof fatty acidsor theoxidativedegra-
dation of branchedchain amino acids, thereby driv-
ing the conversion of substrateCoA derivatives into
downstream metabolites [16–19]. Their activity sus-
tains lipid and aminoacid homeostasis by preventing
the buildup of upstream intermediates that can be-
come toxic, as demonstrated by the role of ACADM
in maintaining lipid balance, GCDH in averting neu-
rotoxic metabolite accumulation, and IVD in regulating
branchedchain aminoacid catabolism [18–20]. Loss or
downregulation of these dehydrogenases is linked to

metabolic disturbances such as intracellular lipid accu-
mulation, neurodegeneration, and diseaseassociated
phenotypes, highlighting their importance for overall
metabolic health [16, 20, 21].
The enrichment profile for the upregulated genes is
dominated by metabolic processes that recur across
three independent libraries. In the Gene Ontology
Biological Process analysis the most extreme zscores
are assigned to fattyacid oxidation, negative regula-
tion of fattyacid oxidation and related carnitine and
acylCoA biosynthetic pathways, indicating a strong
bias toward lipid catabolism [8]. A parallel signal
emerges from the KEGG results, where fattyacid degra-
dation and the PPAR signaling pathway appear along-
side branchedchain aminoacid catabolism (valine,
leucine and isoleucine degradation) and tryptophan
metabolism, reinforcing the notion that the upreg-
ulated set is enriched for coordinated fattyacid and
aminoacid metabolic pathways [9]. The GWASstyle
library further supports this metabolic theme, with top
termsdescribing acylcarnitine levels, bloodmetabolite
ratios and concentrations, and broader metabolictrait
associations, all of which align with the lipidoxidation
signatures from GO and KEGG [11]. In contrast, the
transcriptionfactor enrichment (ChEA) highlights a
distinct regulatory landscape. The most prominent
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factors include E2F1, RUNX2 and PPARG, together
with WT1, TAF7L, EGR1 and others, suggesting that
the downregulated genes are preferentially bound by
transcription factors associated with various regula-
tory functions [10]. Notably, PPARG appears both as
a transcriptionfactor hit and as a component of the
PPAR signaling pathway in KEGG, providing a point of
convergence between the metabolic and regulatory
signatures [9, 10].
The crossing analysis identified a highly significant
overlap of four mitochondrial dehydrogenasesACADM,
ACADVL, GCDH and IVDbetween the URB2up, FAD
and T69BrownAdipose male 8week down gene sets,
confirming that these enzymes serve as a shared
molecular signature across the disparate perturba-
tions. Enrichr profiling of the upregulated genes rein-
forced this link, revealing a coordinated enrichment
for fattyacid oxidation, PPAR signaling and branched-
chain aminoacid catabolism, all hallmarks of lipid and
aminoacid metabolism in brown adipose tissue. The
transcriptionfactor enrichment for the downregulated
genes highlighted regulators such as E2F1, RUNX2 and
PPARG, with PPARG also appearing in the metabolic
KEGG pathway, suggesting a convergence of regulatory
andmetabolic signals. Deepdive literature synthesis
further underscored the central role of the intersecting
dehydrogenases in initiatingmitochondrial catabolism
of fatty acids and branchedchain amino acids, and in-
dicated that their loss can provoke lipid accumulation
and metabolic dysfunction. The only unexpected
element was the prominence of transcriptionfactor sig-
natures that did not directly map onto themetabolic
terms, hinting at additional layers of regulation. To-
gether, these results support the original hypothesis
that the intersecting gene set drives key metabolic
pathways in brown adipose tissue and that perturba-
tions affecting these enzymes are likely to influence
the metabolic phenotype under investigation.
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