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Modulator of Cardiac Aging and Metabolic Regulation
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Abstract
Biomedical omics resources are often treated as separate datasets, which fragments insight and limits discov-
ery of sharedmechanisms. Crossing resources generated by the NIH Common Fund through the Common
Fund Data Ecosystem enables integration of experimental contexts and identification of robust molecular
programs. In this report we combined three gene set libraries derived from the GTEx Tissue Specific Aging
Signatures, the Metabolomics Metabolite Enzyme Associations, and the RummaGEO Drug Perturbation Sig-
natures. The GTEx heart down signature captures genes whose expression declines in older heart tissue,
the metabolomics acetylCoA signature groups enzymes that interact with the metabolite acetylCoA, and the
RummaGEO rosiglitazone up signature reflects genes induced by rosiglitazone treatment in mouse tissue. All
possible triples of gene sets were crossed and the top ranked intersection was selected because it contained
the maximal number of genes shared across all sets. The resulting six gene intersection, comprising ACAA2,
ACAT1, DLAT, DLD, HADHB and PDHA1, represents core mitochondrial enzymes that generate acetylCoA from
fatty acids and pyruvate. Enrichment analysis highlighted central carbon and lipid metabolism pathways and
transcription factors such as PPARG, suggesting that the rosiglitazone response may modulate this metabolic
hub. The findings propose that targeting this hub with rosiglitazone could counteract age related declines in
cardiac metabolism and restore coordinated acetylCoA production.
*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 GTEx
Tissue-Specific Aging Signatures [4], Metabolomics
Metabolite Enzyme Associations [5], and RummaGEO
Drug Perturbation Signatures [6] datasets. Among the
top-ranked crossings, we identified an overlap with
rank 4 and a p-value of 1.57709e-09 warranting further
investigation.
TheGTExHeart 20-29 vs 60-69Downsignature captures
geneswhose expression is lower in heart tissue of older
adults (6069) compared with younger adults (2029) as
defined in the GTEx TissueSpecific Aging Signatures li-
brary [4]. TheAcetylCoA signaturegroupsgenes encod-
ing enzymes that interact with themetabolite acetyl-
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CoA within the Metabolomics Metabolite Enzyme As-
sociations collection [5]. The GSE214596,GSE214598
1 V 3 ROSIGLITAZONE MOUSE UP signature comprises
genes that are upregulated in mouse tissue following
rosiglitazone treatment in the specified experiment,
derived from the RummaGEO Drug Perturbation Sig-
natures dataset [6]. The GlyGen signature, although
not part of this particular crossing, consists of proteins
that are phosphorylated by the glycan.

Methods
The GTEx Tissue-Specific Aging dataset was con-
structed using gene expression count data from the
Genotype Tissue Expression (GTEx) Portal [4]. Sample
metadata was filtered to create groups of samples with
matching tissue type and donor age ranges. Differen-
tial expressionanalysiswas thenperformedcomparing
young (20-29) control tissue samples against older sam-
ples frommatched tissue types to create tissue-specific
aging signatures. These signatures were then filtered
to create sets of genes modulated in older tissue and
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
about metabolites and linked genes/proteins was
used to create an edgelist of metabolite-enzyme as-
sociations for metabolites with at least one public
study deposited to the Metabolomics Workbench. The
ensyme-metabolite edgelist was harmonized to create
gene setswhichwere collected into aGMT. RummaGEO
is a webserver developed to enable expression signa-
ture search against human andmouse RNA-seq studies
deposited to GEO [6]. To enable this search, offline
processing automatically identified groups of samples
were based on shared conditions and differential ex-
pression analysis was performed. The RummaGEO
Drug Perturbation Signatures dataset was processed
by querying the RummaGEOmetadata search API to
identify a subset of signatures where one condition
included a control term and the other included a drug.
Gene sets for each signature in the subset were com-
bined to construct a GMT file. The workflow starts with
selecting the GTEx Tissue-Specific Aging Signatures,
Metabolomics Metabolite Enzyme Associations, and
RummaGEO Drug Perturbation Signatures datasets.
Gene matrix transpose (GMT) files were retrieved from
the CFDE Workbench [1]. GMTs were crossed to an-
alyze all possible 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 intersection of the remaining
sets, using the most conservative p-value as the value
for the crossing. The top 5,000 combinations were
kept, ranked by ascending (most conservative) p-value
and descending Jaccard index. The crossing with rank
4 was selected for further investigation, and the inter-
secting 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 intersecting 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 GWAS Catalog 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 4, p-value of 1.577094e-09,
and Jaccard index of 0.005958. The intersecting gene
set identified 6 genes appearing in all involved sets (Fig-
ure 1). The intersectinggne set consists of ACAA2ACAT1
DLAT DLD HADHB, andPDHA1. Functional enrichment
analysis of the gene set identified associations with
acetyl-CoA Biosynthetic Process From Pyruvate and
acetyl-CoA Biosynthetic Process fromenrichr, Pyruvate
metabolism and Valine, leucine and isoleucine degra-
dation from enrichr, E4F1 and PPARG from enrichr, and
Apolipoprotein A1 levels and Mean diameter of HDL
particles from enrichr (Figure 2).
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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.

Discussion
The overlapping gene set encodes key mitochondrial
enzymes that drive core metabolic conversions linking
fattyacid breakdown to acetylCoA production. ACAA2
catalyzes the final step of fattyacid oxidation, directly
generating acetylCoA for downstream pathways [12,
13]; HADHB forms the subunit of the mitochondrial
trifunctional protein complex, essential for convert-
ing fattyacylCoA intermediates into acetylCoA during
oxidation [14] ; ACAT1 participates in the reversible
condensation of two acetylCoA molecules into ace-
toacetylCoA, a pivotal reaction in ketogenesis and lipid
metabolism [15] . Together, these enzymes provide
themetabolic bridge that supplies acetylCoA for the tri-
carboxylic acid cycle and other biosynthetic processes.
Beyond substrate flux, these proteins are integrated
into regulatory networks that modulate enzyme activ-
ity, cellular stress responses, andmetabolic signaling.
PDHA1, DLAT, and DLD constitute the three core sub-
units (E1, E2, and E3) of the pyruvate dehydrogenase
complex, collectively converting pyruvate to acetyl-
CoA and linking glycolysis to mitochondrial oxidation
[16–18]; ACAA2 interacts with the proapoptotic protein
BNIP3 and is regulated by the mitochondrial deacety-
lase SIRT3, linking fattyacid metabolism to apopto-

sis and viral restriction [12, 19] ; ACAT1 acetylates
metabolic enzymes such as pyruvate dehydrogenase,
thereby influencing glycolytic flux and tumor growth
[15, 20] ; DLD contributes to ferroptosis by modulating
mitochondrial reactiveoxygen species and iron home-
ostasis under cystinedeprived conditions [21] . These
connections illustrate how the shared gene set coor-
dinates energy production with cellular adaptation
mechanisms.
The enrichment profiles show a strong emphasis on
central carbon and lipid metabolism across the li-
braries. GO biologicalprocess terms with the highest
zscores include acetylCoA biosynthetic process from
pyruvate, acetylCoA biosynthetic process, pyruvate
metabolic process, fatty acid betaoxidation and fatty
acid oxidation [8]. KEGG pathways with similarly high
scores include pyruvate metabolism, valine, leucine
and isoleucine degradation, the citrate cycle (TCA
cycle), fatty acid degradation, synthesis and degra-
dation of ketone bodies, fatty acid elongation, gly-
oxylate and dicarboxylate metabolism, propanoate
metabolism, glycolysis/gluconeogenesis and trypto-
phan metabolism [9]. The presence of these pyru-
vaterelated and fattyacidrelated terms in both GO and
KEGG indicates a consistent metabolic signal. In the
ChEA library, the top enriched transcription factors are
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E4F1, PPARG, SOX2, ZIC3, SOX4, ESR1, PPARD, CREB1
and EGR1 [10]. This pattern highlights a distinction
betweenmetabolic process enrichment and transcrip-
tionfactorcentric enrichment within the analyzed gene
sets.
The reanalysis identifies a highly significant intersec-
tion of six mitochondrial enzymesACAA2, ACAT1, DLAT,
DLD, HADHB and PDHA1linking the agerelated down-
regulation observed in human heart tissue, acetylCoA
metabolism, and rosiglitazoneinduced transcriptional
responses in mouse. Enrichment of GO and KEGG
terms centered on acetylCoA biosynthesis, pyruvate
metabolism, fattyacid oxidation and the tricarboxylic
acid cycle reinforces that the shared gene set reflects
a core metabolic hub that supplies acetylCoA for en-
ergy production and biosynthetic pathways. The
transcriptionfactor enrichment of PPARG, E4F1 and
related regulators further underscores the integration
of metabolic and transcriptional control within this
hub. Deepdive literature synthesis confirms that each
overlapping gene participates directly in the conver-
sion of fattyacid or pyruvate substrates to acetylCoA
and that several also connect metabolism to cellular
stress, apoptosis and ferroptosis, providing functional
context for the observed geneset overlap. Overall, the
convergent evidence supports the hypothesis that
agerelated declines in cardiac gene expression inter-
sect with acetylCoAdependent metabolic pathways
and rosiglitazoneresponsive networks, highlighting
a coordinated metabolic signature that bridges the
three experimental contexts.
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