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Abstract

Biomedical omics resources are often treated as separate datasets, which fragments insight and limits the
discovery of shared molecular programs. To overcome this limitation we combined gene sets from three
Common Fund libraries: a CRISPR knockout signature from the LINCS L1000 Perturbation collection that
records the transcriptional response to loss of the kinase FAM20C in HT29 cells, an enzyme set linked to the
metabolite oxoglutaric acid from the Metabolomics EnzymeMetabolite Associations, and a downregulated
gene set from brown adipose tissue after eight weeks of endurance exercise in the MoTrPAC rat transcriptomics
archive. These resources were accessed through the CFDE Workbench, crossed computationally, and the
most inclusive threeway overlap was selected for further study because it contained the greatest number of
genes present in all three libraries. The intersecting genesDLD, DLST, IDH2 and IDH3Aare core components of
the tricarboxylic acid cycle and were shown by Enrichr analysis to be strongly associated with metabolic pro-
cesses, specific transcription factor regulators and diseaserelated phenotypes. Deepdive literature synthesis
highlighted their essential roles in mitochondrial energy production, redox balance and links to celldeath
pathways. Together the findings illustrate how integrating disparate Common Fund datasets can reveal a
coherent metabolic module that is transcriptionally coordinated across perturbation, metabolite association
and exercise contexts.
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Introduction

Common Fund programs have generated many 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
Transcriptomics [6] datasets. Among the top-ranked
crossings, we identified an overlap with rank 36 and
a p-value of 5.45910e-07 warranting further investiga-
tion.

Thefirst signature, FAM20C::HT29::::96H::::KO::Cas9::XPR016::L.12

up, is a CRISPR knockout perturbation from the LINCS
library that captures the transcriptional response of
HT29 cells 96hours after loss of FAM20C, with the
listed genes showing increased expression [4]. The
second signature, Oxoglutaric Acid, comes from the
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Metabolomics library and represents the set of en-
zymes associated with the metabolite oxoglutaric acid
[5]. The third signature, T69BrownAdipose Male 8W
Down, originates in the MoTrPAC transcriptomics col-
lection and denotes the genes that are downregulated
in brown adipose tissue of male subjects after eight
weeks of endurance exercise [6]. The GlyGen signature,
not listed among the top three, denotes proteins that
are phosphorylated by the glycan.

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-
Metabolite Associations dataset was processed from as-
sociations between metabolites and related enzymes
[5]. The Metabolomics Workbench metabolite dataset
was created by integrating structures and annotations
from various open resources. The Human Metabolome
Gene/Protein (MGP) database containing information
about metabolites 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 edgelist was harmonized to create gene 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 typein addition to exercise timepoint. The down-
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. Gene matrix
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 theintersection 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 as-
cending (most conservative) p-value and descending
Jaccard index. The crossing with rank 36 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
GWAS Catalog 2019 [11] libraries to identify statistically
significant enriched biological processes, pathways,
transcription factors and phenotypes.

0 FAM20C::HT29::::96H::::KO::Cas9::XPR016::L12 up
Oxoglutaric Acid
T69-Brown-Adipose Male 8W Down

235 0 28

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

The crossing had a rank of 36, p-value of 5.459101e-07,
and Jaccard index of 0.006202. The intersecting gene
setidentified 4 genes appearingin all involved sets (Fig-
ure 1). The intersecting gne set consists of DLD DLST
IDH2, andIDH3A. Functional enrichment analysis of the
gene set identified associations with Tricarboxylic Acid
Metabolic Process and acetyl-CoA Biosynthetic Process
From Pyruvate from enrichr, Citrate cycle and Trypto-
phan metabolism from enrichr, E4F1 and HOXA2 from
enrichr, and Mood instability and Non-small cell lung
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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.

cancer from enrichr (Figure 2).

These mitochondrial enzymes collectively sustain cel-
lular energy production and redox balance. DLD cat-
alyzes the oxidation of dihydrolipoamide and its par-
tial deficiency disrupts mitochondrial dehydrogenase
activities, predisposing neural and muscular tissues
to heightened vulnerability against neurotoxins [12,
13]; DLST functions as the E2 component of the ketog-
lutarate dehydrogenase complex, and reduced DLST
levels exacerbate oxidative stress and neuronal vulner-
ability in neurodegenerative disease models [14, 15];
IDH2 generates NADPH within mitochondria, a cofac-
tor essential for maintaining redox homeostasis under
metabolic stress [16]; IDH3A contributes NADH for ATP
synthesis, linking its activity to overall energy home-
ostasis in the tricarboxylic acid cycle [17].

Alterations in the activity of these enzymes intersect
with celldeath and metabolic pathways. DLD modu-
lates mitochondrial reactive oxygen species and iron
levels under cystine deprivation, thereby contributing
to ferroptotic cell death [18]; DLST overexpression cor-
relates with aggressive neuroblastoma while its down-
regulation leads to oxidative stress in neurodegenera-

tive contexts, highlighting its role in both tumorigene-
sis and neuronal decline [15, 19]; IDH2 supports reduc-
tive carboxylation of glutaminederived ketoglutarate
during hypoxia, sustaining lipid synthesis when oxygen
is limited and influencing metabolic adaptations linked
to cellular stress [16]; IDH3A overexpression reduces
ketoglutarate levels, stabilizing HIF1 and promoting
angiogenesis [20].

The enrichment profile for the upregulated gene set
shows a striking convergence of metabolic themes
across the Gene Ontology Biological Process and
KEGG libraries, with terms describing the tricarboxylic
acid cycle, acetylCoA biosynthesis, branchedchain
aminoacid metabolism and related dicarboxylicacid
and pyruvate processes all receiving very high zscores.
This consistency reinforces a central role for core car-
bonfuel and aminoacid catabolic pathways in the
upregulated cohort. In the transcriptionfactor library,
the top hits include E4F1, HOXA2 and several other
regulators, suggesting that the same gene set is also
targeted by factors that have been linked to metabolic
regulation. The phenotype/GWAS library contributes
a distinct but complementary set of terms, such as
mood instability, nonsmall cell lung cancer and ulcer-
ative colitis, indicating that the metabolic signature
may intersect with diseaserelated traits. Together, the
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overlapping metabolic terms across GO and KEGG,
the transcriptionfactor enrichment in ChEA and the
diseaseoriented terms in GWAS point to a coherent
pattern in which upregulated genes are coordinated
around energyproducing pathways while also being
associated with clinical phenotypes, highlighting a
complementary relationship between molecular func-
tion and phenotypic outcome [8-11].

The crossing analysis identified a highly significant
overlap of four mitochondrial enzymesDLD, DLST, IDH2
and IDH3Abetween the three query sets, despite the
modest Jaccard similarity, underscoring a focused con-
vergence on core tricarboxylic acid cycle components.
Deepdives of these genes consistently highlighted their
central roles in sustaining cellular energy production,
redox balance and mitochondrial function, while also
revealing links to celldeath pathways and diseaseasso-
ciated stress responses. Enrichr enrichment reinforced
this picture, showing striking alignment of the upreg-
ulated gene set with metabolic processes in Gene On-
tology and KEGG, including tricarboxylic acid cycle,
acetylCoA biosynthesis and branchedchain aminoacid
catabolism, and identifying transcriptionfactor regula-
tors such as E4F1 and HOXA2 that are tied to metabolic
control. Complementary diseaseoriented terms from
the GWAS library, notably mood instability, nonsmall
cell lung cancer and ulcerative colitis, suggest that the
metabolic signature extends into clinically relevant
phenotypes, an observation that is somewhat unex-
pected given the primarily biochemical focus of the
gene set. Together, these results support the overarch-
ing research question by demonstrating that the inter-
secting genes form a coherent metabolic module that
is both transcriptionally coordinated and associated
with diverse disease traits, linking molecular energy
pathways to broader phenotypic outcomes.
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