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Abstract 

Biologically meaningful interpretation of transcriptomic datasets remains challenging, particularly when context-specific gene sets are either 
una v ailable or too generic to capture the underlying biology. We here present InCURA, an integrative clustering strategy based on transcription 
factor (TF) motif occurrence patterns in gene promoters. InCURA takes as input lists of (i) all expressed genes, used solely to identify dataset- 
specific expressed TFs, and (ii) differentially regulated genes (DR Gs) used f or clustering. P romoter sequences of DR Gs are scanned f or TF binding 
motifs, and the resulting counts are compiled into a gene-b y -TFBS matrix. InCURA then uses unsupervised clustering to infer gene modules with 
shared predicted regulatory input. Applying InCURA to diverse biological datasets, we uncovered functionally coherent gene modules re v ealing 
upstream regulators and regulatory programs that standard enrichment or co-expression analyses fail to detect. In summary, InCURA provides 
a user-friendly, regulation-centric tool for dissecting transcriptional responses, particularly in settings lacking context-specific gene sets. 
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igh-throughput transcriptomic profiling has become a cor-
erstone of modern life science research. Understanding how
ene expression is regulated across different contexts is cen-
ral to uncovering mechanisms that drive cellular function in
evelopment, homeostasis, and disease [ 1 , 2 ]. Therefore, the
dentification of differentially regulated genes (DRGs), such
s differentially expressed genes (DEGs) or differentially ac-
essible regions (DARs) linked to genes, across conditions, tis-
ues, and time points has become a routine analysis of tran-
criptomic and epigenomic datasets, yet it is only the first step
oward understanding the underlying regulatory mechanisms
hat shape these changes. A list of genes alone provides lim-
ted biological insight unless it can be contextualized in terms
f functional pathways or regulatory control. Therefore, for
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drawing biological interpretations, researchers frequently em-
ploy gene set enrichment analysis [ 3 ] or over-representation
analysis using curated gene set catalogues from databases like
the Gene Ontology (GO) [ 4 ], WikiPathways [ 5 ], KEGG [ 6 ],
or Reactome [ 7 ]. These resources, while valuable, are often
too generic, not tailored to specific experimental, tissue, or
cell-type contexts, or biased to certain research areas [ 8 , 9 ].
This is particularly problematic in dynamic or poorly anno-
tated systems, where predefined gene sets may miss subtle or
novel regulatory programs [ 10 ]. As a result, the existing tool-
box is missing broadly applicable approaches that help dissect
datasets and enable the extraction of truly biologically mean-
ingful insights. 

Addressing the limitations of the classical enrichment ap-
proach of predefined gene sets, co-expression-based meth-
25 
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ods such as weighted gene co-expression network analysis
(WGCNA) or non-negative matrix factorization were estab-
lished for identifying gene modules with coordinated expres-
sion patterns [ 11 , 12 ]. These approaches can uncover gene
communities potentially involved in related biological pro-
cesses and are particularly useful when prior knowledge is
limited [ 13 ]. However, co-expression clustering relies exclu-
sively on correlation in gene expression levels, which may not
directly reflect shared TF–target gene interactions of two or
more co-expressed genes [ 14 , 15 ]. Moreover, most implemen-
tations consider the entire expressed transcriptome, which can
introduce substantial noise from genes unrelated to the condi-
tion of interest [ 16 ]. As a result, subtle regulatory relationships
among smaller, condition-specific subsets of genes can be ob-
scured, limiting the biological resolution of these analyses [ 17 ,
18 ]. 

While co-expression can suggest functional connections, it
only indirectly informs about regulatory control. Transcrip-
tion factors (TFs) play a central role in regulating gene expres-
sion by binding to specific sequence motifs in DNA [ 19 , 20 ].
Notably, TF binding sites (TFBS) are known to accumulate
densely in regions proximal to the transcription start site (TSS)
[ 21 ], making promoter regions a rich and functionally relevant
source of regulatory information. Computational scanning of
promoter sequences for TFBS, using tools such as FIMO from
the MEME Suite, enables the prediction of potential regula-
tory inputs for individual genes [ 22 , 23 ]. Importantly, genes
that share similar combinations of TFBS in their promoters
are likely to be under coordinated regulatory control, even if
the magnitude of their expression is not strongly correlated
[ 24 ]. Thus, regulatory motif analysis provides a complemen-
tary and mechanistically grounded perspective for identifying
gene modules shaped by shared transcriptional regulation [ 25 ,
26 ]. Related approaches, such as TF activity estimation, often
fall under the broader umbrella of enrichment analysis and
aim to score TFs based on the expression of their known tar-
get genes [ 27 , 28 ]. While these methods are effective for nomi-
nating individual regulators, they typically do not resolve gene
modules or capture the combinatorial action of multiple TFs
acting together on gene sets. As such, promoter-based cluster-
ing strategies offer a valuable extension to this class of meth-
ods by directly linking genes through shared predicted regu-
latory input. 

To overcome the limitations of expression-based cluster-
ing and incorporate regulatory information directly into the
analysis, we developed InCURA, an integrative gene cluster-
ing based on TFBS occurrences. InCURA focuses specifically
on gene-level features and integrates TFBS predictions to iden-
tify clusters of genes with shared upstream regulatory profiles,
making it independent of predefined gene sets. By prioritizing
promoter-level information and limiting analysis to condition-
relevant genes, InCURA was designed to extract interpretable,
biologically meaningful gene modules in a context-specific
manner. We demonstrate that InCURA identifies functionally
coherent gene modules and highlights upstream regulators
that are consistent with known biology. Through case studies,
we showcase that InCURA captures regulatory relationships
that would otherwise be missed by one of the most commonly
used co-expression-based methods, WGCNA. Together, our
results position InCURA as a valuable tool for dissecting tran-
scriptional programs in a regulation-centered, context-aware
manner, especially in the absence of curated gene sets. 
Methods

Data acquisition and preprocessing

All data processing and analyses were conducted using Python 

v3.10 and R v4.3.3 packages. Apptainer (Singularity) image 
definition files and singularity image files are provided on Zen- 
odo, ensuring full reproducibility of the computational envi- 
ronment. 

Bulk RNA-seq dataset (Case study 1 and 2)

The bulk RNA-seq dataset used for the first case study was 
obtained from a previously published study on T cell exhaus- 
tion in a T O X knockout model [ 29 ]. In this dataset, CD8 

+ 

T cells were isolated from wild-type and T O X-deficient mice,
and transcriptomic profiling was performed to assess differen- 
tial gene expression associated with the loss of T O X, a key reg- 
ulator of T cell exhaustion. Raw RNA count files were down- 
loaded from the Gene Expression Omnibus (GEO) under ac- 
cession number GSE132987. The data were imported into a 
Python environment and structured using the anndata format 
for downstream analysis. Quality control was performed us- 
ing scanpy v1.11.0 and the decoupler v2.1.1 package with 

default parameters [ 28 , 30 ]. Differential expression analysis 
(DEA) between T O X knockout and wild-type samples was 
carried out using pyDESeq2 v0.5.0 , a Python implementation 

of the DESeq2 algorithm [ 31 , 32 ]. Genes with an adjusted 

P -value ≤ .05 were considered significantly differentially ex- 
pressed. These DEGs were extracted and saved as a plain- 
text file to be used as input for the InCURA workflow. The 
gene signatures used for functional evaluation of the result- 
ing clusters were curated based on marker genes defined by 
the original authors in their study (Supplementary File). The 
bulk RNA-seq dataset of the second case study was based on 

a dataset investigating B cell subsets in systemic lupus ery- 
thematosus (SLE). The raw counts and metadata were down- 
loaded from GEO under the accession number GSE110999 

[ 33 ]. The same analytical workflow was applied as for the T 

cell dataset: quality control using decoupler and DEA using 
pyDESeq2. The dataset was subsetted to include only samples 
from SLE patients and healthy controls, excluding rheuma- 
toid arthritis patients. We performed two separate contrasts,
CD11chi B cells versus memory B cells and CD11chi B cells 
versus naive B cells, and extracted the union of significantly 
DEGs across both comparisons, using an adjusted P -value 
threshold of 0.05. This union set of DEGs was then sub- 
mitted to the InCURA workflow. For the functional evalua- 
tion of resulting clusters, we used a marker gene signature for 
CD11chi B cells derived from the supplementary material of 
the original study . Specifically , we selected genes from the first 
eight marker gene categories (CD11chi Phenotype, Activation,
BCR signaling, Cytokines/Receptors, Differentiation), retain- 
ing only those with a log 2 fold change > 10 in both contrasts: 
CD11chi versus Naive B cells as well as CD11chi versus Mem- 
ory B cells (Supplementary File). 

Single-cell RNA-seq dataset (Case study 3)

The second case study was based on a publicly available 
single-cell RNA-seq dataset of FACS-sorted hepatocytes from 

adult mice with either a hepatocyte-specific double knock- 
out of the core circadian regulators REV-ERB α and REV- 
ERB β or a wild-type genotype. We downloaded the prepro- 
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essed Seurat object from the GEO under the accession num-
er GSE143528 [ 34 ]. From the full dataset, we subsetted the
ata to retain only hepatocytes. Cells originating from differ-
nt liver lobule zones were then merged into a single zone-
naware hepatocyte population to increase statistical power
nd focus the analysis on genotype-driven effects rather than
patial heterogeneity. DEA between double knockout and
ild-type hepatocytes was performed using Seurat’s v4.3.1
indMarkers function with default settings [ 35 , 36 ]. We used
he adjusted P -value to assess statistical significance and ap-
lied a threshold of adjusted P ≤ .05 to identify DEGs. The
esulting DEG list was then extracted and used as the input
or InCURA. 

atabase-derived differentially expressed genes
Case study 4)

or the third case study, we used a web-based resource associ-
ted with a single-cell RNA-seq study of mouse gastrulation,
n which individual cells were computationally grouped into
etacells and assigned embryonic age estimates by the origi-
al authors ( https:// apps.tanaylab.com/ MCV/ embflow/ ) [ 37 ].
he accompanying web tool provides multiple functionalities,

ncluding on-demand DEA between any two metacells, with
esults displayed as tables containing gene names and asso-
iated statistical metrics. To investigate developmental tran-
itions within the mesoderm lineage, we selected three meta-
ells (IDs: 329, 84, and 154) representing early, intermediate,
nd late stages along the mesodermal trajectory. Based on the
uthors’ annotations and literature references, these metacells
orrespond to primitive streak, early nascent mesoderm, and
ostral mesoderm cell states, respectively. We performed DEA
etween the early and intermediate metacells, and separately
etween the intermediate and late metacells, using the built-
n functionality of the web tool. The resulting gene lists were
anually extracted from the output tables and saved as plain-

ext files for use as input in the InCURA workflow. The cell
tate-specific gene signatures used for functional evaluation
f the resulting clusters were curated based on marker genes
efined by the original authors in their study (Supplementary
ile). 

eatures derived from chromatin accessibility data

o demonstrate the application of InCURA to non-
ranscriptomic features, we extracted genes linked to DARs
rom the supplementary material of the original study [ 38 ].
or these genes, promoter regions were scanned using the full
et of human TFs to quantify TF binding motif occurrences as
nput for the InCURA analysis. 

F motif query

o identify TFBS in promoter regions, we first filtered the list
f expressed genes for TFs. As a reference set of TFs, we used
urated lists of known mouse and human TFs provided by
he cisTarget resource [ 39 , 40 ]. The corresponding TF motifs
ere retrieved using the MotifDB R package [ 41 ], which ag-

regates position weight matrices (PWMs) from multiple pub-
icly available motif databases [ 29 ]. The selected motifs were
xported in MEME format, which is compatible with down-
tream motif scanning tools, such as FIMO from the MEME
uite [ 22 , 23 ]. 
Promoter definition and TFBS scanning

Promoter regions were defined as the genomic intervals
spanning –2000 to + 500 base pairs relative to the TSS.
Promoter sequences were extracted using betools v2.27.1
and the Python package promoterExtract ( https://pypi.org/
project/ promoterExtract/ ), based on Ensembl genome assem-
blies (mm10 for mouse and hg38 for human). The extracted
sequences were sorted by Ensembl gene ID and annotated with
corresponding gene symbols for downstream matching. Next,
promoter sequences were filtered to retain only those corre-
sponding to the input list of DRGs. The filtered set of pro-
moters was then scanned for TF binding motifs using FIMO
from the MEME Suite v5.5.7 . Only motifs associated with the
list of expressed TFs were included in the query. FIMO was
run using a Markov background model generated from the
input promoter sequences using FIMO’s native background
function. An FDR threshold of 10% was applied to identify
significant motif hits. 

Downstream processing of motif hits

Following motif scanning, overlapping motif hits for the same
TF within the promoter region of the same gene (DRGs) were
consolidated into single entries. Specifically, multiple occur-
rences of the same motif with overlapping genomic coordi-
nates (minimum 1 bp overlap) were collapsed to avoid re-
dundant counting of densely clustered binding sites. A mo-
tif count matrix was then constructed by tallying the num-
ber of non-overlapping motif occurrences for each TF in the
promoter region of each DEG, resulting in a matrix of di-
mensions n DRGs × n TF . This matrix was then used as the in-
put for k -means clustering to group genes into transcription-
ally coherent modules based on their shared TFBS architec-
ture. Genes are clustered without separating up- and down-
regulated genes, allowing the workflow to unbiasedly capture
shared regulatory patterns. Directional effects can be exam-
ined within clusters downstream if desired. Cluster assign-
ments were saved in tab-separated value files for downstream
analysis. The number of clusters ( k ) was determined by a com-
bination of visual inspection of cluster compactness and sil-
houette score analysis using sklearn v1.5.2 and scipy v1.15.2 ,
selecting the highest k value before a pronounced decline in
silhouette scores was observed, balancing resolution with sta-
bility. To visualize the cluster structure, the dimensionality
of the TFBS count matrix was reduced using UMAP (from
umap v0.5.7) with Canberra distance ( n_neighbors = 15,
min_dist = 0.2) and the cluster labels from the k -means clus-
tering. 

Transcription factor prioritization

To identify putative regulators driving each gene cluster, TFs
were ranked based on their motif enrichment within the pro-
moters of clustered genes. For this purpose, the motif count
matrix was first binarized to indicate the presence or absence
of each TF binding motif in the promoter of each gene. For
each cluster, a Fisher’s exact test was performed to assess
whether motifs for a given TF were significantly enriched in
the promoters of genes within the cluster compared to the
background set, comprising all genes from the remaining clus-
ters. P -value adjustment was performed using the Benjamini–
Hochberg method, and a threshold of 0.05 was applied to
identify significantly enriched TFs. To focus on cluster-specific
regulatory drivers, ubiquitously enriched TFs, those signifi-

https://apps.tanaylab.com/MCV/embflow/
https://pypi.org/project/promoterExtract/
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cantly enriched across multiple clusters, were removed. This
filtering step ensured that only uniquely enriched TFs were re-
tained for downstream interpretation as candidate regulators
specific to individual gene modules. 

Functional enrichment analysis

To evaluate the biological relevance of the identified gene
clusters, we conducted two complementary types of enrich-
ment analysis. First, the curated marker gene sets derived from
prior literature or reported by the authors of the original
studies were tested for enrichment within each cluster using
Fisher’s exact test. P -values were adjusted with the Benjamini–
Hochberg procedure. An adjusted P -value threshold of 0.05
was applied to determine significance. In addition, we per-
formed classical pathway and GO term enrichment analysis
using the EnrichR web tool [ 42 , 43 ]. Only terms with an ad-
justed P -value ≤ .05 were considered significantly enriched.
For visualization and interpretation, enrichment results were
ranked by P -value, and only the top terms per cluster were
reported. 

Benchmarking

To assess the specificity and performance of InCURA, we
benchmarked its results against two alternative clustering
strategies: (i) clustering on a randomized input matrix and (ii)
co-expression-based clustering using WGCNA. 

Randomization of input matrix

For the random control, we first randomly shuffled the gene
symbol column in the summarized output matrix from the
FIMO scanning. This randomized motif hit table was then
used to generate a TFBS count matrix of the same dimensions
as the InCURA-derived gene-by-TF matrix by following the
above-described workflow. The random matrix preserved the
original shape and approximate value range of the motif count
matrix but contained no biologically meaningful structure. It
was then subjected to k -means clustering using the same num-
ber of clusters ( k = 4 ) as applied in the InCURA workflow.
The resulting clusters were then analyzed for enrichment of
the same functional or marker gene signatures used to evalu-
ate InCURA clusters. 

Weighted gene co-expression network analysis

For the co-expression benchmark, we used pyWGCNA for
the bulk RNA-seq datasets and hdWGCNA for the single-cell
pseudo-bulk datasets, applying the methods to the same set
of DRGs that were submitted to InCURA [ 44 , 45 ]. Normal-
ized expression values were used to compute the pairwise cor-
relation matrix. Soft-thresholding powers and dynamic tree-
cutting parameters were selected to generate a number of gene
modules that closely matched the number of InCURA clusters.
Rather than strictly enforcing an identical number, we toler-
ated a ±1 module deviation to accommodate natural variabil-
ity in WGCNA’s module detection. The resulting WGCNA
modules were then evaluated using the same curated gene sig-
natures and enrichment analysis applied to InCURA clusters.

Implementation

We implemented InCURA as a Streamlit-based web applica-
tion (Streamlit 2021, https:// streamlit.io/ ). The web interface
allows users to upload their input gene lists and either a list
of expressed genes for TF filtering or TFs of interest. InCURA 

then performs filtering and the clustering workflow and re- 
turns downloadable gene modules in text format and TF en- 
richment results. For computational efficiency and to elimi- 
nate the need for local TFBS scanning, the application op- 
erates on a precomputed gene-by-TFBS matrix, which was 
generated by scanning promoter regions of all protein-coding 
genes in the reference genome with motifs of all available TFs 
(human or mouse, respectively). To validate the biological util- 
ity of this precomputed approach, we performed a proof-of- 
concept analysis using gene sets from curated databases. For 
the first benchmark, we compiled the union of genes from 

three Gene Ontology Biological Process terms (cytokine pro- 
duction, circadian clock, and cardiac muscle contraction) and 

used this combined set as input to InCURA. Clustering was 
performed using k -means, and the resulting modules were 
evaluated for overlap with the original GO terms. For a second 

benchmark focused on transcriptional regulation, we used the 
union of four hallmark regulatory target gene sets from the 
MSigDB database [ 46 ]: Myc targets v1 , IL2/STAT5 signal- 
ing , P53 pathway , and TGF- β signaling . As in the first test,
k -means clustering was applied to the TFBS profiles, and the 
clusters were evaluated based on their correspondence to the 
known gene sets. In cases where functional interpretation was 
ambiguous from GO enrichment alone, we performed cross- 
validation using Reactome pathway enrichment, which pro- 
vided additional evidence for the regulatory identity of specific 
clusters. 

Results

InCURA: integrative gene clustering on TFBS
information

To systematically uncover transcriptionally co-regulated gene 
modules, InCURA leverages TFBS information in promoter 
regions of DRGs and identifies clusters of genes that are likely 
driven by common upstream regulators (Fig. 1 A). The input 
to the tool consists of two gene lists, derived from a sin- 
gle dataset, provided by the user: (i) a set of DRGs, repre- 
senting the condition-relevant transcriptional response, and 

(ii) a list of all expressed genes in the dataset, from which
the expressed TFs are extracted to restrict the search space
to context-relevant regulators. The promoter regions of the
DRGs are then scanned for binding motifs of the filtered TFs
as defined by the PWMs from MotifDB using FIMO from the
MEME Suite. By default, InCURA defines promoter regions as
the interval from −2000 to + 500 bp around the TSS, although
this can be customized to suit specific use cases. The result- 
ing TFBS predictions are stored in a gene-by-TFBS count ma- 
trix, where each entry reflects the number of predicted bind- 
ing sites for a given TF in the promoter of a given gene and is
treated as a regulatory profile for the analyzed gene. Genes are
then clustered using unsupervised k -means clustering to de- 
fine modules of genes that share similar predicted regulatory
input. These modules can then serve as the basis for down- 
stream analyses, including functional enrichment and identifi- 
cation of driver TFs (Fig. 1 B). InCURA is available as a user- 
friendly web application ( https:// incura.streamlit.app/ ), and
the full source code is accessible via GitHub ( https://github.
com/ SinghalLab/ incura _ app ) and archived on Zenodo (DOI:
10.5281/zenodo.15972184). For users requiring greater flexi-

https://streamlit.io/
https://incura.streamlit.app/
https://github.com/SinghalLab/incura_app
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Figure 1. Ov ervie w of the InCURA w orkflo w. ( A ) InCURA identifies regulatory gene modules b y clustering DR Gs based on shared TFBS patterns in their 
promoter regions. The input consists of DRGs and a list of all expressed genes that is used to identify expressed TFs. Promoter regions of DRGs are 
scanned for TF motifs using FIMO (MEME Suite), generating a gene-by-TFBS count matrix of motif occurrences. Unsupervised clustering ( k -means) is 
applied to define gene modules with similar promoter-le v el regulatory control. ( B ) Possible downstream analyses include the detection of regulatory 
communities, the identification of driver TFs, and the enrichment of regulatory signatures. 
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ility for customization, the workflow can be executed locally
y cloning the repository. 

pplication of InCURA to di ver se transcriptomic
atasets

o evaluate the versatility and biological relevance of In-
URA, we applied the tool to four distinct case studies. These

nclude two bulk RNA-seq datasets from both mouse and
uman, a mouse single-cell RNA-seq dataset, and published
ouse differential expression information obtained from a
eb-based resource [ 29 , 33 , 34 , 37 ]. Together, these use cases

valuate InCURA’s ability to recover biologically meaningful
ene modules when applied to DEGs derived from diverse
ranscriptomic datasets. In each case, we show that the re-
ulting clusters not only share predicted regulatory input but
lso align with known biological functions, pathways, or cell
tates. Additionally, we compared its output to two alternative
lustering strategies: a random network and a co-expression-
ased approach using WGCNA. The primary aim was to eval-
ate whether the biologically meaningful gene modules iden-
ified by InCURA could also be recovered by methods that ei-
her ignore promoter-level regulatory information (WGCNA)
r rely on randomized input. Therefore, we generated a ran-
om gene-by-TFBS matrix for each case study with the same
dimensions as the InCURA-derived matrix and applied the
same unsupervised clustering procedure. Further, we applied
WGCNA (pyWGCNA for bulk data and hdWGCNA for
single-cell data) to the same DEG sets that were used for the
InCURA run. 

Case study 1: InCURA recovers effector T cell
signatures from mouse bulk RNA-seq data

To assess whether InCURA can recover biologically mean-
ingful gene modules from DEGs derived from bulk RNA-seq
data, we applied the tool to a publicly available dataset of
CD8 

+ T cells isolated from a T O X knockout mouse model
with a well-characterized immune phenotype [ 29 ]. In this
study, the authors demonstrated that the TF T O X is critical
for the establishment and maintenance of exhausted T cells
during chronic viral infection. Their transcriptomic analysis
revealed that T O X knockout in T cells resulted in a loss of
exhaustion-associated gene expression and the emergence of
an effector T cell–like transcriptional signature. We hypothe-
sized that these distinct regulatory programs could be recov-
ered through InCURA clustering. Here, we computed DEGs
between wild-type and T O X knockout T cell samples and sub-
mitted them to the InCURA pipeline, as described above. To
determine the optimal number of clusters, we calculated both
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inertia and silhouette scores across a range of k values (2 to
12; Fig. 2 A). Based on these performance metrics, we selected
k = 4 for the main analysis, while also evaluating k = 3 and
k = 5 for comparison ( Supplementary Fig. S1 ). The resulting
gene clusters (Fig. 2 B) exhibited functional coherence, reflect-
ing distinct cellular programs. Enrichment analysis of an in-
dependent effector T cell gene signature revealed significant
overrepresentation in cluster 2 (Fig. 2 C, top row). Further-
more, cluster 2 was also enriched for effector T cell-related
pathways, including the positive regulation of cytokine pro-
duction and the defense response to a viral infection (Fig. 2 D).
In contrast, the exhausted T cell signature was detected in clus-
ter 3 (Fig. 2 C, bottom row). The remaining clusters 0 and 1
showed enrichment for more general T cell functions. Notably,
clustering on a random input matrix still captured the effector
T cell signature (Fig. 2 E), while the WGCNA modules cap-
tured neither of the tested gene programs (Fig. 2 F). These re-
sults demonstrate that InCURA effectively identifies transcrip-
tionally and functionally coherent gene modules, capturing
biologically relevant regulatory patterns that extend beyond
those resolved by conventional expression-based clustering or
enrichment analysis, by considering shared TF–target gene in-
teractions. 

Case study 2: InCURA identifies a specific B cell
signature in response to systemic lupus
erythematosus from human bulk RNA-seq data

Next, we assessed InCURA’s capacity to also recover biolog-
ically meaningful clusters in human data. Therefore, we ap-
plied InCURA to a public dataset of SLE patients [ 33 ]. SLE is
a chronic autoimmune disease characterized by dysregulated
B cell responses, yet the underlying molecular mechanisms re-
main not fully understood. This study identified a subset of
CD11c + T-bet + B cells with a distinct phenotype and tran-
scriptome that is expanded in patients with SLE and may con-
tribute to autoantibody production. To investigate whether In-
CURA can recover this disease-associated gene program, we
performed differential gene expression analysis on bulk RNA-
seq data derived from FACS-sorted B cells of SLE patients
versus healthy individuals. Based on clustering performance
metrics (inertia and silhouette score) (Fig. 3 A), we selected
k = 5 for downstream analysis. InCURA clustering revealed
five distinct transcriptional modules (Fig. 3 B), one of which
(cluster 2) showed significant enrichment for the transcrip-
tomic signature of the CD11c + T-bet + B cell subset described
in the original study (Fig. 3 C). Further, TF enrichment anal-
ysis revealed that two known lupus-associated TFs, KLF13
and FOXP1 , were predicted as key regulators driving cluster
2 (Fig. 3 D). Both TFs have been previously implicated in mod-
ulating immune activation and tolerance pathways relevant to
lupus pathogenesis [ 47 , 48 ]. Importantly, this disease-relevant
gene signature was not recovered using either random cluster-
ing or a co-expression–based approach via WGCNA (Fig. 3 E–
G). 

Case study 3: InCURA recovers regulatory
distinction between circadian and metabolic
programs in hepatocytes

To assess InCURA’s ability to resolve complex regulatory ar-
chitecture in tissue-specific circadian perturbations, we an-
alyzed single-cell RNA-seq data from hepatocytes isolated
from adult mice with hepatocyte-specific double knockout of
the core clock components REV-ERB α and REV-ERB β [ 34 ].
This model disrupts the intrinsic circadian clock in hepato- 
cytes while preserving systemic and non-hepatocytic rhyth- 
mic inputs. In addition to hepatocytes, the study also pro- 
filed non-parenchymal liver cells, including endothelial cells 
and Kupffer cells, highlighting the broader impact of clock 

disruption on liver physiology. For InCURA analysis, we fo- 
cused specifically on the hepatocyte subset to identify mod- 
ules of genes under shared regulatory control. We performed 

DEA between knockout and control hepatocytes and selected 

k = 4 for clustering based on inertia and silhouette score eval- 
uations (Fig. 4 A). The resulting InCURA clusters revealed dis- 
tinct transcriptional programs, including one cluster that sep- 
arated clearly from the others and was enriched for genes as- 
sociated with circadian regulation, while the remaining clus- 
ters reflected metabolic pathways (Fig. 4 B and C). This sep- 
aration supports the functional relevance of the clusters and 

mirrors the dual disruption of rhythmic and metabolic pro- 
cesses described in the original study. Pathway enrichment 
analysis of InCURA clusters recovered several pathways high- 
lighted in the original work, including PPAR signaling, one- 
carbon metabolism, and multiple amino acid metabolic path- 
ways (Fig. 4 C). Additionally, InCURA identified key TFs as 
potential upstream regulators of these clusters, such as Es- 
rra , Xbp1 , Arid3b , Stat5b , and Bcl6 , all of which were also
highlighted in the original study through cistrome-wide bind- 
ing similarity analysis. Notably, neither random clustering nor 
WGCNA was able to resolve the regulatory separation be- 
tween circadian and metabolic gene modules, further empha- 
sizing the mechanistic specificity offered by InCURA’s motif- 
guided approach ( Supplementary Fig. S2 ). 

Case study 4: InCURA identifies modules in DEGs
derived from web-based resource

Finally, we demonstrate that InCURA can also be applied to 

DEGs obtained from external databases, particularly in cases 
where raw transcriptomic data are not readily accessible. For 
this purpose, we selected a dataset investigating mouse gas- 
trulation, in which single cells were computationally grouped 

into metacells and assigned embryonic age estimates [ 37 ]. The 
authors provided a web-based tool that enables DEA between 

any two metacells. We selected three mesoderm-lineage meta- 
cells, representing early, intermediate, and late embryonic time 
points, and extracted the resulting DEGs. Next, we used the 
union of the webtool’s DEA output between the early versus 
the intermediate metacell and the intermediate versus the late 
metacell as input for the InCURA workflow. We first evaluated 

the k-means performance metrics and found that the optimal 
number of clusters likely lies between 3 and 5 based on both 

inertia and silhouette score (Fig. 5 A). Given the availability 
of three mesoderm-lineage stages in the dataset, we selected 

k = 3 for the downstream analysis with InCURA (Fig. 5 B). To 

assess the biological relevance of the resulting clusters, we cu- 
rated three gene signatures based on published marker genes,
including those from the original study. These signatures cor- 
responded to primitive streak cells, early nascent mesoderm,
and rostral mesoderm. Although none of the three signa- 
tures reached statistical significance, the odds ratios indicated 

a strong enrichment trend across the three clusters, respec- 
tively (Fig. 5 C). Additionally, the top-ranked TFs predicted 

to drive these clusters included regulators with known func- 
tions in gastrulation and mesoderm differentiation (Fig. 5 D).

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1377#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1377#supplementary-data
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Figure 2. InCURA reco v ers eff ector T cell signature in TO X-knockout T cells during chronic viral infection. ( A ) Visualization of k -means performance of the 
input matrix measured by the inertia (elbow method) (left, blue) and the silhouette score (right, green). ( B ) UMAP visualization of gene clusters identified 
by InCURA, based on DEGs derived from the analysis of bulk RNA-seq data of TOX-knockout versus wild-type mouse T cells. ( C ) Odds ratios of the 
enrichment of marker genes for the effector T cell signature (top row) and the exhausted T cell signature (bottom row) in the InCURA clusters. 
Significance ( P -value ≤ .05) is indicated by a red asterisk. ( D ) Top three enriched GO terms per cluster. ( E,F ) Odds ratios of the enrichment of marker 
genes for the effector T cell signature (top row) and the exhausted T cell signature (bottom row) in the random clusters ( E ) and WGCNA modules ( F ). 
Significance (Fisher exact test, Benjamini-Hochberg adj. P -value ≤ .05) is indicated by a red asterisk. 
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or example, Egr1 has been shown to play a critical role in
arly zebrafish mesoderm development, acting downstream of
unx1 [ 49 , 50 ]. Further, Pitx2 and Hoxd10 were identified
s key drivers of clusters 1 and 2, respectively. While Pitx2
s essential for primitive streak formation, Hoxd10 is more
ikely to influence later developmental patterning [ 51 , 52 ]. To-
ether, these findings highlight the utility of InCURA in con-
exts where only summarized gene lists are available and illus-
 

trate its ability to recover biologically meaningful regulatory
modules from minimal input. 

Application to non-transcriptomic features derived
from chromatin accessibility data

To demonstrate the broader applicability of InCURA be-
yond transcriptomic data, we applied the tool to a feature
set derived from a study identifying differentially accessible
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Figure 3. InCURA identifies SLE-specific B cell signatures. ( A ) Visualization of k -means performance of the InCURA input matrix measured by the inertia 
(elbow method) (left, blue) and the silhouette score (right, green). ( B ) UMAP visualization of gene clusters identified by InCURA, based on DEGs derived 
from the analysis of bulk RNA-seq data from B cells of SLE patients versus healthy individuals. ( C ) Odds ratios of the enrichment of marker genes for the 
CD11c + T-bet + B cell signature in the InCURA clusters. ( D ) Top enriched TFs per cluster. ( E ) Visualization of k -means performance of the random input 
matrix measured by the inertia (elbow method) (left, blue) and the silhouette score (right, green). ( F ) UMAP visualization of gene clusters identified by 
random clustering. ( G ) Odds ratios of the enrichment of marker genes for the CD11c + T-bet + B cell signature in the random clusters (right) and WGCNA 

modules (left). Significance (Fisher exact test, Benjamini–Hochberg adj. P -value ≤ .05) is indicated by a red asterisk. 
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Figure 4. InCURA captures the distinction between circadian and metabolic regulatory programs. ( A ) Visualization of k -means performance of the 
InCURA input matrix measured by the inertia (elbow method) (left, blue) and the silhouette score (right, green). ( B ) UMAP visualization of gene clusters 
identified by InCURA, based on DEGs derived from the analysis of single-cell RNA-seq data from adult mouse hepatocytes of REV-ERB α/ β
double-knock out v ersus control liv er tissues. ( C ) Enric hed TFs driving eac h cluster (right) and corresponding enric hed pathw a y s as indicated b y the 
−log 10 ( P -values) based on four different resources (left): Reactome (light blue), KEGG (dark blue), WikiPathways (light green), and GO biological
processes (dark green). From top to bottom: cluster 0–3.
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Figure 5. InCURA identifies de v elopmental gene modules from a w ebtool-deriv ed DEG list. ( A ) Visualization of k -means performance measured by the 
inertia (elbow method) (left, blue) and the silhouette score (right, green). ( B ) UMAP visualization of gene clusters identified by InCURA, based on DEGs 
extracted from a web-based tool accompanying a mouse gastrulation study. DEGs were derived from a comparison between mesodermal metacells 
representing early, intermediate, and late embryonic time points. ( C ) Odds ratios of the enrichment of marker genes for the different stages in the rostral 
mesoderm de v elopment. ( D ) Top-rank ed TFs in each cluster. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

chromatin regions (DARs) with the Assay for Transposase-
Accessible Chromatin using sequencing (A T AC-seq) [ 53 ] be-
tween doxorubicin-resistant and doxorubicin-sensitive MCF7
breast cancer cells [ 38 ]. In this setting, TF motif occurrences
were quantified for the genes linked to these DARs by the orig-
inal study (Fig. 6 A and 6 B). InCURA successfully identified
coherent gene clusters enriched for cancer-related pathways,
signaling pathways including Y AP/T AZ and Hippo, and path-
ways associated with chromatin remodeling. The clusters were
also enriched for functionally relevant TFs, such as members
of the AP-1 , TEAD and FOX TF families, which were con-
sistent with the TFs highlighted in the original study (Fig. 6 C
and 6 D). 

InCURA’s implementation as a user-friendly web
tool enables accessible, regulation-centric
clustering

To support broad usability and reproducibility, we imple-
mented InCURA as a user-friendly Streamlit-based web ap-
plication. Users can upload their input gene lists, and the ap-
plication returns gene clusters and TF prioritization. To en-
sure efficient runtime and platform independence, InCURA
operates on a precomputed gene-by-TFBS matrix, enabling
fast analysis without the need for local TFBS scanning. To
validate that InCURA delivers biologically meaningful re- 
sults even when using a precomputed genome-wide TFBS ma- 
trix, we performed a proof-of-concept analysis. As input, we 
used the union of genes from three Gene Ontology Biologi- 
cal Process terms: cytokine production, circadian clock, and 

cardiac muscle contraction. Despite combining diverse func- 
tional groups, InCURA successfully disentangled the input 
sets. Clustering based solely on TFBS features reproduced 

three distinct modules that corresponded directly to the orig- 
inal gene sets (Fig. 7 A–D). We further tested the tool on a 
second, more regulation-focused set: the union of four hall- 
mark regulatory target gene sets from MSigDB ( Myc targets 
v1 , IL2/STAT5 signaling , P53 pathway , and TGF- β signaling ).
Again, InCURA recovered clusters matching the original gene 
sets, demonstrating its ability to group genes based on regu- 
latory input alone (Fig. 7 E–H). However, in some cases, func- 
tional interpretation requires integration with multiple knowl- 
edge bases. For example, the cluster corresponding to TGF- β
signaling did not emerge as the top enriched term in GO en- 
richment analysis but became clearly identifiable when cross- 
validated with Reactome pathway enrichment, confirming the 
TGF- β regulatory signature (Fig. 7 G and H). These analy- 
ses highlight InCURA’s potential for unsupervised regulatory 
module discovery, even when individual motif scanning is dis- 
abled, and the gene-by-TFBS matrix is precomputed for the 
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Figure 6. Application of InCURA to features derived from DARs of doxorubicin-resistant MCF7 breast cancer cells. ( A ) Visualization of k -means 
performance of the InCURA input matrix measured by the inertia (elbow method) (left, blue) and the silhouette score (right, green). ( B ) UMAP 
visualization of gene clusters identified by InCURA, based on genes linked to DARs derived from the analysis of bulk A T AC-seq data from 

do x orubicin-resistant v ersus do x orubicin-sensitiv e MCF7 breast cancer cells. ( C ) T op enriched TFs per cluster. ( D ) T op three enriched terms from 

enrichment analysis of GO biological processes, WikiPathways, and Reactome per cluster. The colors correspond to the legend in panel B. 
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Figure 7. Validation with GO terms and MSigDB hallmark gene sets based on precomputed input matrix. ( A ) Visualization of k -means performance, 
based on GO term gene-b y -TFBS count matrix, measured by the inertia (elbow method) (left, blue) and the silhouette score (right, green). ( B ) UMAP 
visualization of gene clusters identified by InCURA, based on the union of three different GO term gene sets (cytokine production, cardiac muscle 
contraction, and circadian clock). ( C ) GO term enrichment on identified InCURA clusters. ( D ) Cross-validation by enrichment of Reactome pathways. ( E ) 
Visualization of k-means performance, based on MSigDB gene sets gene-by-TFBS count matrix, measured by the inertia (elbow method) (left, blue) and 
the silhouette score (right, green). ( F ) UMAP visualization of gene clusters identified by InCURA, based on the union of four different MSigDB Hallmark 
gene sets (Myc Targets v1, p53 Pathway, IL2/ST A T5 Signaling, and TGF-beta Signaling). ( G ) MSigDB Hallmark gene set enrichment on identified InCURA 

clusters. ( H ) Cross-validation by enrichment of Reactome pathways. 
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ull genome. Its web-based implementation facilitates integra-
ion into a wide range of workflows, lowering the barrier to
egulation-aware transcriptomic interpretation. 

iscussion 

nCURA offers a flexible and conceptually distinct approach
o the functional interpretation of transcriptomic data by clus-
ering genes based on predicted shared regulatory input, rather
han on co-expression patterns or predefined gene annota-
ions. By leveraging TFBS profiles in promoter regions, In-
URA identifies gene modules that are likely co-regulated at

he transcriptional level. This regulation-centric view provides
 complementary layer of information to traditional differ-
ntial expression and co-expression analyses, often revealing
ondition-specific modules that elude standard gene set en-
ichment or network-based clustering methods. 

One of InCURA’s key strengths lies in the incorporation of
egulatory information, while relying on minimal yet adapt-
ble data input requirements: A list of DRGs and a list of
ll expressed genes from which context-specific TFs are fil-
ered. This design makes it applicable across a wide range of
xperimental contexts, including scenarios where raw tran-
criptomic data are not readily available. However, it also
eans that InCURA is inherently reliant on the quality of up-

tream DEA. As with all DEG-based methods, results depend
n the contrast being tested, sequencing depth, and statisti-
al robustness [ 54 , 55 ]. Importantly, functional signals iden-
ified through such analyses may reflect tissue composition
r context-specific background noise rather than condition-
pecific regulation. This source bias complicates downstream
nterpretation, especially when using precurated pathway
atabases. In fact, preselection of DRGs can lead to significant
athway enrichments even in randomized data, undermin-
ng the specificity and interpretability of conventional enrich-
ent approaches [ 56 ]. Nevertheless, analysis strategies like In-
URA, which are independent of functional prior knowledge,
llow inferring mechanistic insights while enabling a reliable
iological interpretation. 
For all datasets in this study, we used k-means clustering

o group genes based on their TFBS profiles. Alternative data
ransformations, including log-transformation and truncated
ingular value decomposition (SVD), were explored to better
eet k-means’ geometric assumptions. However, these trans-

ormations enhanced variation related to TF family composi-
ion ( R 

2 from a multivariate linear model = 0.6 with SVD ver-
us 0.3 without SVD), which masked the variation associated
ith the biological condition of interest. Therefore, clustering
as performed on the original TFBS count matrix. We selected
 based on a combination of inertia, silhouette scores, and
rior knowledge of the underlying biological structure. Our
oal was to choose the smallest k that still captured mean-
ngful regulatory patterns and avoid over-fragmentation into
lusters that would be difficult to annotate or interpret bi-
logically [ 57 ]. We acknowledge that this choice may miss
ner regulatory distinctions. Moreover, in UMAP visualiza-
ions, clusters sometimes appear overlapping despite showing
lear enrichment for distinct biological signatures, indicating
hat regulatory coherence may not always manifest as spa-
ial separation in low-dimensional embeddings. To account
or dataset-specific needs, the web implementation of InCURA
llows users to adaptively choose k based on their data and
esearch question. 
Benchmarking results showed that InCURA outperforms
both random clustering and WGCNA in identifying cell type-
and context-specific gene modules. Notably, in one of the case
studies, we observed a single statistically significant enrich-
ment for one signature in the random clustering. This occurred
in a dataset with a high number of DEGs and pronounced ex-
pression changes, which may increase the likelihood of coinci-
dental enrichment. This underscores the need for multiple vali-
dation methods beyond statistical enrichment (e.g., TF enrich-
ment, clustering performance metrics) when evaluating the bi-
ological relevance of the inferred modules. To further assess
the specificity of InCURA’s clustering, we compared its per-
formance to WGCNA. While WGCNA remains a powerful
tool for detecting broad co-expression patterns, its reliance on
global correlation structures across the transcriptome may ob-
scure subtle but biologically meaningful regulatory programs.
In contrast, InCURA clusters genes based on shared promoter
architecture, which can highlight coordinated regulation even
in the absence of strong expression correlation. 

InCURA is also complementary to various tools designed to
extract functional signatures from large datasets. For instance,
GeneWeaver aggregates gene sets from diverse experimental
sources and literature, enabling hypothesis-driven discovery
research [ 58 ]. When used alongside InCURA, GeneWeaver
can supply context-relevant gene sets, while InCURA adds
a mechanistic regulatory layer through TF motif-based clus-
tering. Similarly, iRegulon, which infers regulatory networks
based on motif and ChIP-seq enrichment, aligns well with In-
CURA’s promoter-centric design [ 59 ]. While iRegulon is typ-
ically used downstream of co-expression networks to iden-
tify regulators, InCURA can be applied earlier, offering an
unsupervised way to extract regulatory modules de novo . In
comparison, gene regulatory network (GRN) inference frame-
works, like SCENIC [ 40 ], provide deeper mechanistic insights
by modeling the interactions between TFs and their target
genes. Yet, GRN inference methods are typically computa-
tionally intensive, require substantial data preprocessing and
parameter tuning, and often demand a higher level of compu-
tational expertise, limiting their accessibility to a broad user
base, particularly the wet lab users. Additionally, they rely
on different types of input data, making them less flexible
than InCURA, which operates on simple gene lists. Thus, In-
CURA fills a methodological gap by providing a computa-
tionally lightweight, accessible alternative for extracting reg-
ulatory structure from transcriptomic data, while still being
compatible with existing complex analytical frameworks. To-
gether, these tools provide a versatile ecosystem for dissecting
regulatory control in transcriptomic datasets. 

Still, InCURA has limitations. In scenarios where regula-
tory control is diffuse or not sharply reflected in promoter
motifs, the method may not recover coherent clusters as antic-
ipated. This reflects a broader limitation of relying solely on
promoter-level features in contexts where post-transcriptional
regulation or distal enhancers might dominate. Moreover, the
accuracy of TFBS-based clustering depends on the complete-
ness and quality of the TF motif database. While tools like
FIMO from the MEME suite enable comprehensive scanning,
they usually produce a high proportion of false positive hits.
Further, motif availability and resolution vary across species
and TF families [ 60 ]. Additionally, InCURA depends on accu-
rate TSS annotation, which can differ between genome builds
and annotation sources, potentially affecting the definition of
promoter regions and, in turn, the identification of regulatory
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motifs [ 61 ]. Finally, InCURA does not pre-split DRGs by up-
and downregulation. While we thereby avoid imposing direc-
tional assumptions, we acknowledge that it represents a lim-
itation, as the regulation direction is not explicitly modeled.
However, if required by the user, the resulting gene clusters
can be stratified by up- and downregulation during the down-
stream analysis process. 

Despite these challenges, InCURA successfully identified bi-
ologically meaningful gene modules across diverse case stud-
ies, including bulk RNA-seq, single-cell transcriptomics, chro-
matin accessibility data, and web database-derived DEG sets.
Taken together, InCURA contributes a valuable addition to
the transcriptomics analysis toolbox. Due to its simple input
requirements, InCURA can be readily integrated into any ex-
isting analysis workflow coordinated by frameworks such as
BioConductor and scverse [ 62 , 63 , 64 ]. Its promoter-based
clustering and motif-based feature space offer a robust alter-
native to current approaches. InCURA enables the extraction
of biologically coherent gene modules in a regulation-aware
manner that supports both discovery-driven and integrative
analyses, especially in systems where co-expression and pre-
defined annotations fall short. 
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