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Abstract

Motivation: Enrichment analysis across multiple databases often results in a high level of redundancy due to overlapping
terms, complicating the interpretation of biological data. To address this, we developed SummArizeR, an R package to
cluster and annotate enrichment results across multiple databases, enabling fast, intuitive interpretation and comparison
across multiple conditions. SummArizeR clusters enrichment results based on shared genes, calculates a pooled P-value
for each cluster and facilitates the cluster annotation using large-language models. It further allows an easily interpretable
visualization of the results.

Results: Compared to existing tools, SummArizeR provides unbiased and fast cluster annotation using large language
models. We demonstrate that SummArizeR achieves clustering comparable to manual curation while offering superior
grouping based on shared underlying genes.

Availability and implementation: The SummArlzeR package is available as an open-source R package, with a comprehen-

sive user manual provided in its GitHub repository: https://github.com/bonellilab/SummArizeR.

1 Introduction

Multi-OMICs techniques are powerful tools that allow the explo-
ration of multiple biological layers, from the genome to the tran-
scriptome and epigenome (Dai and Shen 2022, Hayes et al.
2024). These techniques generate large amounts of data that,
after correct analysis and interpretation, can give meaningful
insights into biological mechanisms and their perturbations.
Despite the multitude of existing methods for analysis of such
data, the interpretation remains a significant challenge, especially
when more layers of information are integrated. Gene-set data-
bases, such as Gene Ontology (GO) and MSigDB, have helped re-
markably by enabling gene-set enrichment analysis and linking
gene-sets to biological contexts (The Gene Ontology Consortium
2019, Bhuva et al. 2025).

In order to understand biological mechanisms, it’s often valu-
able to combine enrichment results from multiple databases. Yet,
this can introduce redundancy, with many overlapping or similar
terms, which can create inflated and complex visualization.

A variety of methods and tools have been developed to ad-
dress this issue (Fig. 1). Traditionally, manually clustering and
annotating these terms requires expertise and intuition and

relies on term semantic similarity rather than shared underlying
genes, which can often lead to misleading interpretations. While
flexible as it is not limited to specific databases, this method is
time-consuming, requires substantial biological expertise, and does
not consider the underlying gene sets associated with each term.

Several clustering-based solutions, such as REVIGO, VISEAGO,
simplifyEnrichment, and GOATOOLS, improve this by grouping
similar GO terms based on term semantic similarity. However, these
tools are generally restricted to Gene Ontology terms and can only
process one condition at a time (Supek et al. 2011, Klopfenstein
et al. 2018, Brionne et al. 2019, Gu and Hibschmann 2023).

To extend to multiple databases and conditions, web-based
tools like DAVID, Metascape, ShinyGO, and Cytoscape offer user-
friendly interfaces. Although these platforms are easily accessible,
the analysis is time-consuming, and their output figures are often
limited in customization (Bindea et al. 2009, Zhou et al. 2019, Ge
et al. 2020, Sherman et al. 2022). For users comfortable with coding,
clusterProfiler offers an R-based solution with more flexibility,
but it requires a certain level of programming experience (Xu
etal. 2024).

While all these tools address clustering to some degree, annota-
tion of the resulting clusters remains limited. Most rely on parent
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term relationships or word-cloud-based algorithms, both of which
can lose important biological information (Fig. 1) (Bindea et al.
2009, Supek et al. 2011, Klopfenstein et al. 2018, Brionne et al.
2019, Zhou et al. 2019, Ge et al. 2020, Sherman et al. 2022, Gu and
Hubschmann 2023, Xu et al. 2024).

The rise of large language models (LLMs) like ChatGPT offers
new possibilities in bioinformatics. LLMs have already begun
supporting NGS and multi-OMICs data analysis, such as assisting
in cell-type annotation for single-cell sequencing datasets (Hou
and Ji 2024, Sarumi and Heider 2024, Enhancing functional gene
set analysis with large language models 2025). They now pre-
sent an exciting opportunity: unbiased, fast, and biologically in-
formed annotation of multiple enrichment terms.

Here, we introduce SummArizeR, an R package designed to
streamline enrichment analysis across multiple conditions and
databases. SummArizeR clusters enriched terms based on
shared genes and uses LLMs such as ChatGPT to generate mean-
ingful cluster annotations, allowing us to investigate biological
insights of OMICs data. We believe that SummaArizeR overcomes
the aforementioned limitations. It enables simultaneous analy-
sis of multiple conditions, such as different cell types, disease
states, or treatment groups and supports the separate evalua-
tion of up- and downregulated genes (Fig. 1). With a simple R in-
terface requiring only minimal coding knowledge, users can
quickly perform analyses.

2 Methods

SummArizeR was developed using R 4.2.2, utilizing the Enrichr (Xie
et al. 2021), dplyr, tidyr, stringr, and igraph packages. Output
plots are based on Complex Heatmap (Gu et al. 2016) and ggplot2.
Additional plots were generated using ggVennDiagram.

2.1 Methods within SummArizeR

2.1.1 Enrichment analysis

Input gene lists are processed to extract gene identifiers and,
optionally, log2 fold-change values. Functional enrichment is
performed using either the Enrichr Application Programming
Interface (API), or an offline available enrichment algorithm
based on the hypergeometric test used in Enrichr. This offline
functionality allows the user to select and upload custom gene
sets. Results are filtered based on an adjusted P-value threshold
of <.05 and a minimum number of genes per term. When speci-
fied, genes are separated into upregulated and downregulated
subsets based on a user-defined log2 fold-change threshold.

To support the analysis of multiple experimental conditions
simultaneously, the enrichment pipeline is applied across com-
binations of user-defined experimental groupings and selected
Enrichr databases. Enrichment results from all conditions and
databases are aggregated, with a configurable filter applied to
retain the top-ranking terms per condition based on statistical
significance.

2.1.2 Clustering of terms

Identified terms are clustered based on methodologies previously
implemented in the simplifyEnrichment package (Gu and
Hiibschmann 2023). Briefly, a binary gene-term incidence matrix is

constructed to calculate pairwise Jaccard distances. A weighted
undirected graph is built, and low-weight edges are pruned based
on a user-defined threshold. Clusters are defined by the
Community Walktrap algorithm (igraph package), allowing assign-
ment of biologically coherent clusters. In brief, the walktrap com-
munity detection is based on random walks through a network in
order to measure distance between vertices, where a random walk
gets trapped in denser neighborhoods of the network that corre-
spond to communities (Pons and Latapy 2005).

2.1.3 Cluster annotation and P-value pooling

Generated clusters are annotated, by creating a prompt for any
LLM. P-values for terms within clusters are pooled using a choice of
four different methods: Fisher’s method (Fisher 1992), Stouffer’s
method (Stouffer et al. 1949), a weighted Z-test (Zaykin 2011) or
the Cauchy combination test (Liu and Xie 2020). By default, pooled
P-values are capped at a minimum threshold for visualisation
purposes.

Clusters get annotated by mapping manual summaries to
cluster IDs. For each cluster and condition, P-values are pooled
using the selected method. If regulation status (up/down) is
available, it is retained. Redundant columns are removed, and
unique terms and gene counts are calculated per cluster.

2.1.4 Visualization: heatmaps and bubble plots

Enrichment results can be visualized using heatmaps and bubble
plots. Heatmaps show —logl0(pooled P-values), with optional
bar plot annotations for term counts per cluster. Furthermore,
conditions and clusters can be further grouped using hierarchical
clustering. Bubble plots display condition vs. cluster annotation,
with bubble size representing significance and color reflecting the
number of genes enriched in the specific cluster.

2.2 Example data

To demonstrate the usage of SummaArizeR and compare it to
published results, we used published data from Kugler et al.
(2023). Data were processed as described in Kugler et al. and
used as an input for SummaArizeR. GO terms were further used as
an input for simplifyEnrichment v.1.99.0 (Gu and Hubschmann
2023) and rrvgo v. 1.20.0. (Supek et al. 2011) using the following
parameters: similarity method “Sim_XGraSM_2013” and cluster-
ing method “binary_cut” for simplifyEnrichment; similarity
method “Rel,” similarity threshold of 0.7 for rrvgo.

We additionally demonstrated the usability of SummaArizeR by
applying it to publicly available datasets. Specifically, Della
Chiara et al. performed clustering of KEGG pathways using the
EnrichmentMap plugin in Cytoscape (Della Chiara et al. 2021),
while Feng et al. clustered KEGG pathways and Gene Ontology
Biological Process terms using the ClueGO Cytoscape plugin
(Feng et al. 2022). For each study, we reproduced the corre-
sponding enrichment analyses and extracted the reported sets
of enriched terms for downstream comparison. SummArizeR
clustering thresholds (ts) were selected to reproduce the same
number of clusters reported in the original publications.

We further compared the cluster annotation approach used by
Feng et al., which relied on parent terms, with SummaArizeR-based
annotation and a word cloud-based annotation derived from the
simplifyEnrichment package (Gu and Hiilbschmann 2023).
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2.3 Comparison of clustering methods

Term membership within clusters was evaluated using the
Jaccard index (Bonchi et al. 2013), calculated between the gene
set of each individual term and the combined gene sets of the
remaining terms within the same cluster. For each term, Jaccard
indices were computed to quantify gene set overlap. These val-
ues were visualized as heatmaps, and the mean Jaccard index
across all terms was compared between different clustering
methods to assess overall cluster coherence (for clusters con-
taining more than one term).

3 Results
3.1 SummArizeR Workflow

In a first step, users can upload a table including gene names and
condition names (Fig. 2A). For a separate analysis of up- and down-
regulated genes, a column indicating log2-fold change has to be
present. The user can select any database available from the exten-
sive Enrichr library (Xie et al. 2021) or use custom gene sets with an
internal enrichment function. The clustering can be influenced by

setting a threshold parameter. An interactive igraph network visu-
alizes the term clustering (Fig. 2B), and a threshold evaluation plot
can be used to check modularity, connected cluster and cluster
count for different thresholds (Fig. 2C). A unique feature of
SummaArlzeR is its use of LLMs to annotate clusters based on the
underlying terms, preserving individual term information in an effi-
cient and unbiased way (Figs 1 and 2A). The output is a table, list-
ing clusters, their annotations, associated terms, and underlying
genes. This avoids a “black box” approach, empowering users to
investigate clustering decisions and customize their own visualiza-
tions. Graphical outputs include heatmaps and bubble plots
(ggplot2 object), enabling straightforward comparison across mul-
tiple conditions (Fig. 1D).

3.2 Dataset: cytokine stimulation of
fibroblast-like synoviocytes (FLSs)
induces unique and shared
transcriptional programmes.

To demonstrate how SummArizeR improves the visualization
and interpretation of enrichment results, we applied it to a

A Workflow how SummArizeR clusters and annotates enrichment results
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Figure 2 (A) Core workflow of SummaArizeR. (B) Example of a network plot (SummaArizeR output) with colors indicating cluster membership. (C)
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previously published dataset by our group that required com-
parison across multiple conditions and was affected by high
term redundancy, requiring manual annotation (Kugler et al.
2023). The dataset contains bulk-RNA sequencing results of
fibroblast-like synoviocytes, stimulated with different cyto-
kines. We performed the enrichment analysis using the “GO-
Biological-function_2021” database, selecting the top five
terms per condition, comparable to the analysis performed in
the publication (Kugler et al. 2023, Fig. 2). In the original analy-
sis, terms were manually clustered into 6 groups based on
term semantic similarity. With SummaArizeR, we performed the

enrichment analysis under the same conditions. We observed
similar cluster distribution; however, some differences could
be observed in the term assignments (Fig. 3A and B).

The term “defense response to virus (GO:0051607)” was not
assigned to a group in the original analysis (Fig. 3A), but it was
assigned to the “Type | Interferon Mediated Antiviral Response”
cluster by SummaArizeR. The enrichment analysis showed that
48 genes in the dataset matched the term. All of these genes over-
lapped with enriched genes found in the cluster “Type | Interferon
Mediated Antiviral Response” after excluding the term “defense re-
sponse to virus (GO:0051607)” from this cluster (Fig. 3C).

Comparing SummArizeR to manual clustering and annotation of GO-Terms

A Manual clustering and annotation

cellular response to oxygen-containing compound (GO:1901701)

cellular resp to ine (GO:
eosinophil chemotaxis (GO:0048245)
eosinophil migration (GO:0072677
e ion of cell migration (GO:003033!
regulation of cell migration (GO:0030334

Migration &
Chemotaxis

positive

cellular response to cytokine stimulus (G0:0071345) Cytokine
cytokine-mediated signaling pathway (G0O:0019221) signaling

external

structure (G0:0045229)
matrix 189) ECM
extracellular structure organization 260: maoszs organization
i i process (GO: )

inflammatory response (GO:0006954)
response to interleukin-1 (GO:0070655) Inﬂammatory
response to tumor necrosis factor (G0:0034612) e€sponse

cellular response to type | interferon (GO:0071357) |nterferon
cellular response to interferon-gamma (G0:0071357) response
type | interferon signaling pathway (GO:0060337) p

cellular

to oxyg ini (G0:1901701
defense response to symbiont (GO:0140546
defense to virus (GO:0051607

kinetochore organization (GO:0051383

negative regulation of viral process (GO:0048522;
positive regulation of cellular process (GO:0048522
positive regulation of MAPK cascade (GO:0043410;

Other

C Differential cluster assignments

glycosaminoglycan biosynthetic process (GO:0006024)

external

cellular response to interferon-gamma (GO:0071346)

B Clustering and annotation with SummArizeR

Cellular Response to
Oxidative Stress
Glycosaminoglycan
Biosynthesis
Kinetochore Assembly
and Function

Positive Regulation of
Cellular Processes
Extracellular Matrix
and Structural
Organization

kinetochore organization (GO:0051383)

positive regulation of cellular process (GO:0048522)
matrix (GO )

(GO:0045229)
extracellular structure organization (GO:0043062)

defense response to symbiont (GO:0140546)

defense response to virus (GO:0051607)
Type | Interferon-
Mediated Antiviral
Response

negative regulation of viral process (GO:0048525)
cellular response to type | interferon (GO:0071357)
type | interferon signaling pathway (GO:0060337)

Regulation of Cell
Migration and MAPK
Signaling

positive regulation of cell migration (GO:0030335)
regulation of cell migration (GO:0030334)
inophil is (GO
eosinophil migration (GO:0072677)
cellular response to chemokine (GO:1990869)

Inflammatory and
Chemotactic
Response

response to tumor necrosis factor (GO:0034612)
inflammatory response (GO:0006954)

response to interleukin-1 (GO:0070555)

cellular response to cytokine stimulus (GO:0071345)

Cytokine Signaling
Response

positive regulation of MAPK cascade (GO:0043410) %

cytokine-mediated signaling pathway (GO:0019221)

E Enrichment analysis using multiple databases

within SummArizeR

Proidad [ xﬁ?‘}larlaeld 'FNﬂ- - . Me:g Signif up reg. genes
GO:00516
& Response . camino 2y | ||
3 Extracellular L1
Lyl gycan e \ Matrix and | || [ | 5
s88s e Structural s [l | |
oot pocess 126) Orgnzsin o Bl EEE =
0
cellular response Tipel 8 TNFa .--. - Mean Signif down reg. genes
to type | . Interferon- count -
interferon )t Mediated
(GO:0071357)" Antiviral
Response
[ 5
csag

count

D Comparison of multiple clustering methods

°
T

°
7

°
¥

o
1

°
i

Mean Jaccard index (non-zero)

T T T T
SummArizeR REVIGO  manual simpifyEnrichment
Method

[
3
Integrated Cellular Signaling and Immune Response .

0

Extracellular Matrix Organization
Skeletal and Cartilage Development
Extracellular Matrix Organization
Skeletal and Cartilage Development
p38 MAPK Signaling Pathway
Ephrin Receptor B Signaling

Antiviral Defense and Interferon Signaling
Antiviral Defense and Interferon Signaling
Calcium Regulation in Cardiac Function

Cell Cycle Regulation and Chromosome Segregation
Integrated Cellular Signaling and Immune Response
Cell Cycle Regulation and Chromosome Segregation
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The term “glycosaminoglycan biosynthetic process (GO:0006024)”
was manually clustered in the group “ECM organization” (Fig. 3A).
In  contrast, SummaArizeR clustered the term separately.
Investigating overlapping genes revealed that only 2% of the genes
overlapped with the cluster “Extracellular Matrix and Structural
Organization,” after excluding the term “glycosaminoglycan bio-
synthetic process (G0:0006024)” from the cluster (Fig. 3C).

The term “cellular response to type | interferon (GO:0071357)”
was manually annotated in a group called “Interferon response,”
together with the term “cellular response to interferon-gamma
(GO:0070655)” (Fig. 3A). The enrichment analysis showed that 38
genes in the dataset matched the term. All of these genes over-
lapped with enriched genes found in the cluster “Type |
Interferon Mediated Antiviral Response” after excluding the term
“cellular response to type | interferon (G0O:0071357)” (Fig. 3C).

Overall, SummaArizeR exhibited higher within-cluster gene
overlap compared to manual clustering. We next assessed
SummArizeR’s performance relative to established methods for
GO term summarization, such as REVIGO and simplifyEnrichment
(Fig. 1A and B, available as supplementary data at Bioinformatics
online). To quantify cluster coherence, we computed the Jaccard
index for each term, measuring gene set similarity between
individual terms and their respective clusters. REVIGO and
simplifyEnrichment produced clustering results comparable to
SummaArizeR for some clusters, such as “Extracellular Matrix
and Structural Organization.” In contrast, for selective terms as
“defense response to symbiont” and “defense response to
virus,” as well as for the “Inflammatory and Chemotactic
Response” cluster, SummArizeR achieved superior clustering
performance compared with the other methods (Fig. 1C, avail-
able as supplementary data at Bioinformatics online). These
differences were reflected in the mean Jaccard index across all
clustered terms (clusters containing more than one term),
which was highest for SummArizeR (Fig. 3D).

As a next step, using SummaArizeR, we could extend the en-
richment analyses to include other databases and visualize
them (Fig. 3E). We used the “GO_Biological_Process_2025" and
“BioPlanet_2019” databases, selecting the top 5 hits for each
condition. We performed the cluster annotation with ChatGPT-4
and could further show that other LLMs like DeepSeek, Claude,
Perplexity Al and Gemini Al led to similar cluster annotation
(Table 1, available as supplementary data at Bioinformatics
online). Including additional databases uncovered additional
insights, such as the involvement of cell cycle-related genes, car-
tilage development pathways, calcium regulation mechanisms,
and ephrin receptor B signaling - processes relevant to fibro-
blast activation in synovial tissue. Importantly, separating upre-
gulated and downregulated genes revealed more nuanced
patterns; e.g. TGF-f stimulation led to both upregulation and
downregulation of genes involved in cellular signaling and im-
mune responses, highlighting the complex regulatory dynamics.

To confirm the broader usability of the tool, we evaluated
SummaArlzeR across different datasets. We observed term clus-
tering results comparable to the Cytoscape (EnrichmentMap)-
based clustering reported by Della Chiara et al., who performed
enrichment analysis on enhancer-associated genes. While over-
all cluster structures were similar, SummArlzeR further resolved
one cancer associated cluster into two distinct clusters:
“Developmental and cancer-associated signaling pathways” and

“Oncogenic signaling and cancer metabolism.” This refined sep-
aration resulted in higher Jaccard indices for the included terms
and added an additional layer of biologically meaningful inter-
pretation (Fig. 2B and C, available as supplementary data at
Bioinformatics online).

In addition to term clustering, SummArlizeR provides an unbi-
ased approach for cluster annotation. While SummArizeR clus-
tering was identical to the Cytoscape(ClueGO)-based clustering
reported by Feng et al., cluster annotation in that study relied
on parent terms, which often misses important information
when the parent and child terms are semantically unrelated
(Table 2, available as supplementary data at Bioinformatics on-
line). We therefore further compared this strategy to SummaArizeR
and word cloud-based annotation.

SummaArizeR enabled informative cluster annotation while
preserving information from all included terms. For example,
the terms “HIF-1 signaling pathway,” “Renal cell carcinoma,”
and “Central carbon metabolism in cancer” clustered together.
Parent term-based annotation labeled this cluster as “HIF-1 sig-
naling pathway,” whereas SummArizeR annotation described it
as “Cancer Metabolism and Hypoxia Signaling,” and word
cloud-based annotation resulted in “cancer/carbon/carcinoma/
cell/central.” Notably, only SummArizeR annotation retained
the biological information conveyed by each individual term.

The presented results could clearly demonstrate that
SummaArlizeR is a powerful tool for enrichment analysis, enabling
systematic, unbiased clustering and annotation of enriched
terms. It supports efficient visualization and direct comparison
of multiple conditions, facilitating accurate and comprehensive
data interpretation.

4 Discussion

To date, no tool has provided an easy and systematic approach
for clustering and annotating enrichment results across multiple
databases. With SummaArizeR, we introduce a user-friendly
R-package that enables grouping of enrichment terms into clus-
ters, annotation of these clusters, and direct comparison of
P-values across multiple conditions.

SummaArizeR offers several advantages over manual annota-
tion and existing tools. It provides an unbiased, reliable, and
user-friendly approach, generating outputs that support fully
customizable visualisation. We compared clustering and annota-
tion results obtained with SummArizeR to those generated
through manual grouping of GO terms. SummaArizeR produced
comparable clustering and annotations, while offering additional
advantages by grouping terms based on shared underlying genes,
even when term names did not directly overlap. Compared to
the existing R packages REVIGO and simplifyEnrichment,
SummaArizeR showed overall highest gene similarity between
clusters. Furthermore, SummaArizeR revealed a more compre-
hensive enrichment result compared to the original analysis. It
performed enrichment analysis separately for each condition
and independently for upregulated and downregulated genes,
ensuring that important results, especially from conditions
with lower enrichment signals, are not overlooked.

Using additional publicly available datasets, we demon-
strated that SummArizeR enhances enrichment analysis and
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cluster annotation, thereby facilitating more straightforward
and biologically meaningful interpretation.

SummaArizeR allows for easy and reliable enrichment based
on a widely used tool such as Enrichr, while also adding offline
functionality and customizability by allowing for user-provided
enrichment gene sets. This functionality allows for broader ap-
plication of the tool to data from different model and non-
model organisms, as well as other omics analysis such as prote-
omics or metabolomics.

While LLMs facilitate cluster annotation, clustering more than
200 terms may occasionally result in incomplete output. This
limitation is expected to improve as more advanced LLM ver-
sions become available. However, SummaArizeR’s transparent
use of LLM outputs allows users to review and potentially adapt
the generated annotation results.

Overall, we believe that SummArizeR simplifies enrichment
analysis across multiple databases and conditions, making it a
valuable and practical addition to the R toolkit for sequencing
data interpretation.

Acknowledgements

We thank the Division of Rheumatology at the Medical
University of Vienna for critical feedback on using and testing
SummaArizeR. We thank Dr. Stefan Badelt for his critical review
of the manuscript.

Author contributions

Marie Brinkmann (Conceptualization [lead], Data curation
[equal], Formal analysis [lead], Methodology [equal], Software
[equal], Visualization [lead], Writing—original draft [equal],
Writing—review & editing [equal]), Michael Bonelli (Funding ac-
quisition [lead], Supervision [equal], Writing—review & editing
[equal]), and Anela Tosevska (Conceptualization [equal], Data
curation [equal], Formal analysis [equal], Investigation [equal],
Methodology [equal], Project administration [lead], Software
[equal], Supervision [equal], Validation [equal], Visualization
[supporting], Writing—original draft [equal])

Supplementary material

Supplementary material is available at Bioinformatics online.

Conflict of interests

None declared.

Funding

None declared.

Data availability

The SummaArizeR package (v0.1.0) is available as an open-source
R package, with a comprehensive user manual provided in its

GitHub repository (2). All versions of the software are archived
on Zenodo (28). The full source code and example datasets used
to reproduce the analyses are openly accessible through the
GitHub repository: https://github.com/bonellilab/SummaArizeR.

References

Bindea G, Mlecnik B, Hackl H et al. ClueGO: a Cytoscape plug-in
to decipher functionally grouped gene ontology and pathway
annotation networks. Bioinformatics 2009;25:1091-3.

Bonchi F, Gionis A, Ukkonen A. Overlapping correlation cluster-
ing. Knowl Inf Syst 2013;35:1-32.

Brionne A, Juanchich A, Hennequet-Antier C. ViSEAGO: a
Bioconductor package for clustering biological functions us-
ing Gene Ontology and semantic similarity. BioData Min 2019;
12:16.

Dai X, Shen L. Advances and trends in omics technology develop-
ment. Front Med 2022;9:911861.

Della Chiara G, Gervasoni F, Fakiola M et al. Epigenomic land-
scape of human colorectal cancer unveils an aberrant core of
pan-cancer enhancers orchestrated by YAP/TAZ. Nat Commun
2021;12:2340.

Bhuva DD, Smyth GK, Garnham A. msigdb: An ExperimentHub
Package for the Molecular Signatures Database (MSigDB).
Bioconductor, 2025. https://doi.org/10.18129/B9.BIOC.
MSIGDB

Enhancing functional gene set analysis with large language mod-
els. Nat Methods 2025;22:22-3.

Feng S, Xia T, Ge Y et al. Computed tomography imaging-based
radiogenomics analysis reveals hypoxia patterns and immu-
nological characteristics in ovarian cancer. Front Immunol
2022;13:868067.

Fisher RA. Statistical methods for research workers. In: Kotz S,
Johnson NL (eds.), Breakthroughs in Statistics. New York, NY:
Springer New York, 1992, 66-70.

Ge SX, Jung D, Yao R. ShinyGO: a graphical gene-set enrichment
tool for animals and plants. Bioinformatics 2020;36:2628-9.
Gu Z, Eils R, Schlesner M. Complex heatmaps reveal patterns and
correlations in multidimensional genomic data. Bioinformatics

2016;32:2847-9.

Gu Z, Hibschmann D. simplifyEnrichment: a bioconductor pack-
age for clustering and visualizing functional enrichment
results. Genomics Proteomics Bioinf 2023;21:190-202.

Hayes CN, Nakahara H, Ono A et al. From omics to multi-omics: a
review of advantages and tradeoffs. Genes 2024;15:1551.

Hou W, Ji Z. Assessing GPT-4 for cell type annotation in single-
cell RNA-seq analysis. Nat Methods 2024;21:1462-5.

Klopfenstein DV, Zhang L, Pedersen BS et al. GOATOOLS: a
Python library for Gene Ontology analyses. Sci Rep 2018;
8:10872.

Kugler M, Dellinger M, Kartnig F et al. Cytokine-directed cellular
cross-talk imprints synovial pathotypes in rheumatoid arthri-
tis. Ann Rheum Dis 2023;82:1142-52.

Liu Y, Xie J. Cauchy combination test: a powerful test with ana-
lytic p-value calculation under arbitrary dependency struc-
tures. J Am Stat Assoc 2020;115:393-402.

Pons P, Latapy M. Computing communities in large networks
using random walks. In: Yolum |, Glingor T, Giirgen F, et al.


https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag102#supplementary-data
https://github.com/bonellilab/SummArIzeR
https://doi.org/10.18129/B9.BIOC.MSIGDB
https://doi.org/10.18129/B9.BIOC.MSIGDB

Bioinformatics, 2026, Vol, 42, Issue 3

(eds.), Computer and Information Sciences—ISCIS 2005. Vol.
3733. Berlin, Heidelberg: Springer, 2005, 284-93.

Sarumi OA, Heider D. Large language models and their applica-
tions in bioinformatics. Comput Struct Biotechnol J 2024;
23:3498-505.

Sherman BT, Hao M, Qiu J et al. DAVID: a web server for func-
tional enrichment analysis and functional annotation of gene
lists (2021 update). Nucleic Acids Res 2022;50:W216-21.

Stouffer SA, Suchman EA, Devinney LC et al. The American
Soldier: Adjustment During Army Life. (Studies in Social
Psychology in World War Ii). Princeton Univ. Press., 1949.

Supek F, Bosnjak M, Skunca N et al. REVIGO summarizes and visual-
izes long lists of gene ontology terms. PloS One 2011;6:€21800.

© The Author(s) 2026. Published by Oxford University Press.

The Gene Ontology Consortium. The Gene Ontology Resource:
20 years and still GOing strong. Nucleic Acids Res 2019;
47:D330-8.

Xie Z, Bailey A, Kuleshov MV et al. Gene set knowledge discovery
with Enrichr. Curr Protoc 2021;1:e€90.

Xu S, Hu E, Cai Y et al. Using clusterProfiler to characterize mul-
tiomics data. Nat Protoc 2024;19:3292-320.

Zaykin DV. Optimally weighted Z-test is a powerful method for
combining probabilities in meta-analysis: Optimally weighted
Z-test is a powerful method. J Evol Biol 2011;24:1836-41.

Zhou Y, Zhou B, Pache L et al. Metascape provides a biologist-
oriented resource for the analysis of systems-level datasets.
Nat Commun 2019;10:1523.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

Bioinformatics, 2026, 42, 1-8
https://doi.org/10.1093/bioinformatics/btag102
Original Paper



	Active Content List
	1 Introduction
	2 Methods
	3 Results
	4 Discussion
	Acknowledgements
	Author contributions
	Supplementary material
	Conflict of interests
	Funding
	Data availability
	References


