
HAL Id: hal-05282545
https://hal.science/hal-05282545v1

Submitted on 25 Sep 2025

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documentsmay come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaireHAL, est des-
tinée au dépôt et à la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
français ou étrangers, des laboratoires publics ou
privés.

Distributed under a Creative Commons CC BY 4.0 - Attribution - International License

Cluefish: mining the dark matter of transcriptional data
series with over-representation analysis enhanced by

aggregated biological prior knowledge
Ellis Franklin, Elise Billoir, Philippe Veber, Jérémie Ohanessian, Marie Laure

Delignette-Muller, Sophie Martine Prud’homme

To cite this version:
Ellis Franklin, Elise Billoir, Philippe Veber, Jérémie Ohanessian, Marie Laure Delignette-Muller, et al.. Clue-
fish: mining the dark matter of transcriptional data series with over-representation analysis enhanced by ag-
gregated biological prior knowledge. NARGenomics and Bioinformatics, 2025, 7 (3), pp.lqaf103. ⟨10.1093/nar-
gab/lqaf103⟩. ⟨hal-05282545⟩

https://hal.science/hal-05282545v1
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr


NAR Genomics and Bioinformatics , 2025, 7 , lqaf103 
https://doi.org/10.1093/nargab/lqaf103 
Computational Methods for Transcriptome Analysis 

Cluefish: mining the dark matter of transcriptional data 

series with o v er-r epr esentation analysis enhanced by 

aggreg at ed biological prior kno wledg e 

Ellis F r anklin 

1 , 2 , 3 , * , Elise Billoir 1 , Philippe Veber 2 , Jérémie Ohanessian 

1 , 

Marie Laure Delignette-Muller 2 , Sophie Martine Prud’homme 

1 , * 

1 Université de Lorraine, CNRS, LIEC, F-57000 Metz, France 
2 Université Claude Bernard Lyon 1, LBBE, UMR 5558, CNRS, VAS, F-69622 Villeurbanne, France 
3 Present address: Université de Lorraine, CNRS, LIEC, F-57000 Metz, France 
* To whom correspondence should be addressed. Email: ellis.franklin@univ-lorraine.fr 
Correspondence may also be addressed to Sophie Martine Prud’homme. Email: sophie.prud-homme@univ-lorraine.fr 

Abstract 

Interpreting transcriptomic data presents significant challenges, particularly in non-targeted approaches. While modern functional enrichment 
methods are well-suited for experimental designs involving two conditions, they are less applicable to data series. In this conte xt, w e de v eloped 
Cluefish, a free and open-source, semi-automated R w orkflo w designed for untargeted, comprehensive biological interpretation of transcriptomic 
data series. Cluefish applies o v er-representation analy sis on pre-clustered protein–protein interaction netw orks, using clusters as anchors to 
identify smaller, more specific biological functions. Inno v ativ e features, including cluster merging and reco v ery of isolated genes through shared 
biological contexts, enable a more complete exploration of the data. We applied Cluefish to an in-house dataset with zebrafish exposed to a 
dose-gradient of dibutyl phthalate and to two published toxicology datasets featuring different organisms. Combined with DRomics, a tool for 
dose–response analysis—Cluefish identified gene clusters deregulated at low doses and linked to biological functions o v erlook ed b y the standard 
approach. Notably, it re v ealed that retinoid signaling disruption ma y be the most sensitiv e pathw a y affected b y dibutyl phthalate during z ebrafish 
de v elopment, potentially leading to morphological changes. The Cluefish workflow aims to provide valuable clues for biological hypothesis 
generation and experimental validation. It is freely available at https:// github.com/ ellfran-7/ cluefish . 
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ntroduction 

dvances in omics approaches has made the comprehensive
easurement of DNA, RNA, proteins, and metabolites in bi-
logical samples a standard practice [ 1 ]. This has led to a mas-
ive increase in generated data, providing a goldmine for un-
overing novel biological functions, genotype–phenotype re-
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lationships, and elucidating molecular mechanisms [ 2 ]. How-
ever, the sheer volume presents significant challenges in both
analysis and interpretation [ 3 , 4 ]. 

In the context of transcriptomics, analyses yield extensive
transcript lists that require impractical manual literature re-
views. To address this, functional enrichment analysis, also
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known as pathway enrichment analysis, has become the stan-
dard approach. This method condenses large gene lists into
more manageable and interpretable sets of biological func-
tions or pathways [ 5 ]. Functional enrichment relies on pre-
defined gene sets representing molecular functions, biological
processes, or pathways, as outlined by databases like the Gene
Ontology (GO) [ 6 ], pathway databases such as the Kyoto En-
cyclopedia of Genes and Genomes (KEGG) [ 7 ] and Wikipath-
ways (WP) [ 8 , 9 ], or experimentally derived gene sets available
in the MSigDB [ 10 , 11 ]. 

Functional enrichment methods have evolved over
four generations. The first generation consists of over-
representation analysis (ORA) methods, which test whether
a predefined gene set contains a disproportionately large
number of deregulated genes compared to a uniform random
sample of genes among all the genes detected in the exper-
iment. In this case, the functional gene set is considered as
enriched. The second generation includes Functional Class
Scoring (FCS) methods, which evaluate whether genes within
a set are concentrated at the top or bottom of a ranked list
of all the genes from the experiment, based on expression
changes such as fold-change [ 11 ]. FCS improves on ORA
by considering coordinated changes in functionally related
gene sets, though it still treats genes as independent [ 12 ]. The
third generation introduced Pathway Topology (PT)-based
methods, which leverage pathway topology information from
databases such as KEGG and Reactome [ 13 ]. These methods
utilize knowledge about gene positions, roles and interactions
within pathways [ 14 , 15 ]. While PT-based methods improve
on ORA and FCS by incorporating gene dependencies and
interactions, they still view pathways as isolated entities
and thus overlook pathway crosstalk [ 16 ]. The most recent
and fourth generation, Network Topology (NT)-based ap-
proaches, goes a step further by systematically considering
pathway crosstalk within a network [ 17 ]. NT-based methods
utilize biological interaction networks, such as those based
on protein–protein interactions (PPI) from databases like
FunCoup and STRING [ 18 , 19 ]. These approaches examine
changes in network structure and correlations to provide
a more integrated understanding of pathway interactions,
accounting for crosstalk and overlap between pathways—
elements neglected by previous generations [ 20 ]. However,
despite their potential, NT-based methods are limited. This
is because biological networks are often incomplete, with
many missing or unreliable interactions, and these methods
tend to focus solely on the network itself, which restricts
the effectiveness and completeness of the analyses [ 17 ]. As a
result, earlier generations of functional enrichment methods
still remain largely used in practice. 

While these earlier methods are commonly applied to tran-
scriptomic data with two or three conditions, dealing with
data involving many ordered conditions—referred to as “data
series”—poses substantial complexity, even before functional
enrichment. Data series capture measurements collected over
successive points in time, space, or under varying conditions
(e.g. different doses of a contaminant). In dose–response (DR)
designs, which explore the relationship between exposure and
effect, differential gene expression (DEG) analysis, although
often used, is not well-suited. DEG relies on the comparison
of the response at each dose to the control (or sometimes on
pairwise comparisons across all conditions), multiplying the
number of tests, applying each to a subset of the data, and
generating multiple fold-change values for each transcript.
In contrast, DR omics analysis replaces DEG by leveraging 
the entire DR relationship for each transcript [ 21 ]. Tools,
like the DRomics R package [ 22 ], identify significantly dereg- 
ulated transcripts and model their DR relationships. These 
models are used to characterize the response (whether mono- 
tonic or biphasic) and to calculate a benchmark dose (BMD) 
for each transcript. A BMD is a dose or concentration that 
produces a predetermined change in the response rate of an 

adverse effect, reflecting the sensitivity of a transcript to a 
given stressor [ 22 ]. However, FCS, and PT-based enrichment,
which rely on fold-change values, are not adapted for func- 
tional enrichment in a DR context [ 12 ]. In contrast, ORA is 
currently the only suitable method available to complement 
DR modeling, as it exclusively uses deregulated gene lists.
Alternative approaches exist for analyzing data series, such 

as weighted gene co-expression network analysis (WGCNA) 
[ 23 ], which clusters genes based on expression correlation pat- 
terns across conditions. Other methods like maSigPro [ 24 ],
RNFuzzyApp [ 25 ], and TRAP [ 26 ], tailored for time-series 
RNA-seq data, offer comprehensive analytical frameworks 
that include, among other utilities, identification of genes with 

significant temporal expression changes and clustering of ex- 
pression patterns. Nevertheless, to derive biological meaning 
from these identified gene sets and clusters, functional enrich- 
ment methods, predominantly ORA, remain necessary down- 
stream steps, whether or not they are included in the work- 
flow [ 27–31 ]. However, ORA comes with several other lim- 
itations. The enrichment results, often derived from Fisher’s 
exact tests, tends to highlight broad biological functions. In- 
deed, when using the entire list of deregulated genes, the large 
test denominator makes it more challenging to achieve the sta- 
tistical significance needed to identify smaller or lesser-known 

functions. This tendency is intrinsically tied to the granularity 
of gene sets in certain databases (e.g. GO). Gene sets may be 
overly specific, while others are too general, potentially com- 
promising the relevance of the analysis [ 32 , 33 ]. Additionally,
the enrichment results represent only a fragmented portion of 
the deregulated gene list, as the interpretation is based solely 
on the biological functions and the genes participating in their 
enrichment. Consequently, relying solely on ORA, as done in 

the standard approach, is not sufficient. Additional methods 
are needed in combination to address the shortcomings of the 
standard approach. 

Our main goal was to create a workflow that allows to in- 
clude a greater part of the deregulated gene list in the inter- 
pretation, capturing a more complete picture of the transcrip- 
tomic data. We also aimed to improve functional enrichment 
detection sensitivity to identify more specific and smaller bio- 
logical functions while minimizing redundancy. Furthermore,
we wanted to ensure the workflow is applicable to a wide 
range of both model and non-model organisms. 

To meet these goals, we constructed Cluefish (Clustering,
Enrichment, and Fishing), a semi-automated workflow de- 
signed for comprehensive and untargeted exploration of tran- 
scriptomic data series. We developed Cluefish using a DR tran- 
scriptomic dataset from zebrafish embryos exposed to varying 
doses of dibutyl phthalate (DBP), a plasticiser found in hu- 
man biological samples [ 34 ] and environmental surface wa- 
ters [ 35 ]. This main dataset allowed us to fully test and ap- 
ply the workflow, conducting an in-depth biological interpre- 
tation. To demonstrate Cluefish’s versatility across different 
organisms with varying annotation richness in knowledge- 
bases, we extended our validation to two secondary exter- 
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ally published DR transcriptomic datasets: Sprague Daw-
ey rat ( Rattus norvegicus ) liver exposed to a dose-gradient
f perfluorooctanoic acid (PFOA) [ 36 ], and Poplar ( Populus
anadensis ) roots exposed to a dose-gradient of phenanthrene
PHE) [ 37 ]. Cluefish is open-source and available under the
eCILL license, offering a powerful tool for improving biolog-

cal interpretation and aiding in the development of targeted
nterventions. 

aterials and methods 

ebrafish dataset 

ish 

ebrafish ( Danio rerio ) embryos (AB strain) were obtained
rom the Luxembourg Centre for Systems Biomedicine (LCSB)
quatic platform (Luxembourg University, Belval, Luxem-
ourg). They were collected within 1 h after spawn, placed in
tandardized fish water at 26 

◦C [NF EN ISO 7346-2 (1998),
re-oxygenated by bubbling for 12h] and transferred to the
IEC laboratory facilities (Metz, France). 

BP solutions preparation and DBP quantification 

ommercial DBP (purity 99%, CAS no. 84-74-2) was pur-
hased from Sigma-Aldrich (St. Louis, MO, USA). Solvent-
ree DBP stock solution was made in fish water at an effec-
ive concentration of 5.4 mg / l. Stock solution and fish water
ffective DBP concentration quantification were performed 1
ay before the beginning of exposure (three technical repli-
ates) on an Ultimate 3000 Rs chromatography system with
V detection at 230 nm (DAD) (Dionex, C A, US A). Quantifi-

ation was performed on an injected volume of 10 μl, using
n Acquity UPLC HSS T3 2.5 μm, 2.1 × 100 mm column
Waters, Germany) as stationary phase, and 60% acetonitrile
nd 40% H 2 O as mobile phase, under a flow of 8 ml / min at
5 

◦C. Fish water DBP quantification were below the limit of
etection (LOD) of 3 μg / l. The stock solutions were stored
n the dark at 26 

◦C for the all experiment and were stable
or at least the duration of exposure under these conditions
 Supplementary Table S1 ). Tests solutions of DBP were made
aily in fish water by serial dilution of the DBP stock solution
n oxygenated fish water during the whole experiment to reach
 concentration gradient [0–5–10–50–100 μg / l] built from en-
ironmental concentrations (median to high) up to the NOEC
f DBP for chronic exposure in fish (100 μg / l), according to
he European CHemicals Agency (ECHA). To avoid any ex-
ernal contamination of test solutions by phthalates or other
lasticisers, only glassware was used for fish water, stock and
est DBP solutions preparation, handling, and storage. 

ebr afish embry os exposure and sample collection 

hirty zebrafish embryos (256 cells stage [ 38 ]) were ran-
omly distributed in glass beakers with 60 ml of test solution,
ith five replicate beakers of 30 embryos for each exposure

ondition. Embryos were kept in a climate-controlled cham-
er (Cooled incubator MIR-554-PE, PHC Europe B.V.) at 26
 ±0.5) ◦C, under 14:10 light / dark photoperiod (20 μE / m 

2 / s).
xposure was semi-dynamic, with 1 / 3 of exposure solution
olume being replaced every day by freshly prepared test so-
utions. After 120h exposure to DBP, pools of 10 embryos
“protruding mouth” stage [ 38 ]) were collected as one sam-
le, flash-frozen in liquid nitrogen, and stored at −80 

◦C be-
ore RNA extraction. Remaining embryos were fixed in 4%
paraformaldehyde (PFA) in PBS at 4 

◦C for 1 week and washed
several times with PBS before morphological assessment. 

Transcriptome sequencing 
Total RNA of zebrafish embryos (pools of 10 embryos, 5 repli-
cates per condition) was extracted using the RNeasy mini
extraction kit (Qiagen). After quality and integrity assess-
ment of extracted RNA by NanoDrop (Thermo Fisher Sci-
entific, Waltham, MA) and by the RNA Nano 6000 Assay
Kit of the Bioanalyzer 2100 system (Agilent Technologies,
C A, US A), the three higher quality RNA samples per condi-
tion (A260 / A280 > 1.7, A260 / A230 > 2, RIN > 8.8) were
selected for high throughput mRNA sequencing. mRNA li-
braries were prepared after poly-A enrichment from 250 ng
total RNA using NEBNext ® Poly(A) mRNA Magnetic Isola-
tion Module (New England Biolabs) followed by NEBNext ®

Ultra ™II Directional RNA library Prep kit (New England Bi-
olabs). Library size was checked by the DNA 1000 Assay Kit
of the Bioanalyzer 2100 system. Libraries were sequenced on
a NextSeq500 Illumina sequencer with 1 × 75 bp single reads,
providing 40 to 57 million reads for each sample. Library
preparation, quality check and sequencing were performed by
Helixio, France. 

mRNAseq data processing 
Raw mRNAseq data processing was performed on the Galaxy
french server provided by the “Institut Français de Bioinfor-
matique”(IFB). Raw reads were filtered according to size ( > 55
bp) and quality parameters (mean Phred score > 20 on 5 

′

and 3 

′ bases and on a 4 bp sliding window) using Trimmo-
matic [ 39 ], leading to keep 87% to 92% of total reads ac-
cording to the sample. Cleaned reads were mapped to the ze-
brafish reference transcriptome GCRz11 and quantified using
Salmon quant (v. 1.5.1) [ 40 ]. Each transcript was annotated
with the Ensembl transcript stable identifier (ID; e.g. ENS-
DART00000121728.3). 

Embryos morphological traits 
Lateral images of the fixed embryos were taken using a digi-
tal microscope (VMX-7000, KEYENCE, France). Body length
and left eye area were measured using the “VHX-6000_950F
Measurement Data Tabulation Tool” image processing soft-
ware (KEYENCE, France). 

External datasets 

To further evaluate the generalisability of Cluefish, datasets
of two external transcriptomic studies were included. These
studies were selected based on the inclusion of DR experi-
mental designs and the contrasting richness of organism gene
annotation available in public knowledgebases between them.

From Gwinn et al. [ 36 ], we selected the dataset exploring
male Sprague Dawley rat ( Rattus norvegicus ) liver tissue sub-
jected to PFOA, as their analysis reported a high number of
deregulated transcripts and many enriched biological func-
tions. The experiment involved exposing male rats, aged 8–10
weeks, to a concentration gradient of PFOA [0–0.156–0.3125
– 0.625 – 1.25 – 2.5 – 5 – 10 – 20 mg / kg] for up to 5 days. Each
condition included four biological replicates. RNA was ex-
tracted from liver tissue and analyzed via TempO-Seq. As de-
scribed in the paper [ 36 ], filtered reads were aligned to the rat
S1500 + probe sequences. Each transcript was labelled with a
unique combination of NCBI gene symbol and probe IDs spe-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
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cific to TempO-Seq assays (e.g. NFIL3_9304). The count ma-
trix was retrieved from the Gene Expression Omnibus (GEO)
under the accession number GSE147072. 

From Gréau et al. 2024 [ 37 ], we selected the dataset ex-
ploring root tissue exposed to PHE as their analysis reported
the highest number of deregulated transcripts. Poplar plants
( Populus canadensis) were exposed for 4 weeks to a PHE con-
centration gradient [0–100–200–400–700–1000–1500–2000
mg kg −1 ]. Each condition included eight biological repli-
cates. RNA was extracted from root tissue and analyzed via
RNAseq. As described in the paper [ 37 ], filtered reads were
mapped and counted on the Populus trichocarpa genome (V4,
Phytozome). Each transcript was annotated with the Ensembl
gene stable ID (e.g. Potri.001G000400). The count matrix was
retrieved from GEO under the accession number GSE263776.

The three datasets, the main dataset and two external ones,
will hereafter be referred to as the zebrafish, rat liver, and
poplar root datasets. 

Dose–response analysis 

The DRomics R package was used to identify significantly
deregulated transcripts and model DR curves. The default pa-
rameters in DRomics were applied to all three datasets [ 41 ].
Transcript count datasets were imported, normalized, and
transformed into a logarithmic scale using the rlog method
within DRomics [ 42 ]. Significantly deregulated transcripts
were selected using quadratic trend tests with a false discov-
ery rate (FDR) of 0.05 [ 43 ]. DR models (linear, Hill, expo-
nential, Gauss-probit, or log-Gauss-probit) were fitted using
non-linear regression and selected based on the lowest second-
order Akaike information criterion [ 44 ]. The modeled DR
curves were characterized by their trends (bell-shaped, de-
creasing, increasing, and U-shaped) and yielded a benchmark
dose (BMD-1SD) [ 22 ], calculated from a benchmark response
(BMR-1SD) using the following equation: BMR-1SD = y 0 ±
SD , where y 0 is the theoretical level at the control given by
the DR model and SD is the residual standard deviation of
the modeled DR curve [ 22 , 45 ]. The 95% confidence inter-
vals (CIs) on the BMD-1SD values were computed by non-
parametric bootstrap (5000 iterations). Modeled DR curves
were discarded if the point or the interval estimates of the
BMD could not be successfully calculated. For the zebrafish
embryo morphological traits, body length and left eye area
were likewise analyzed using the DRomics workflow for con-
tinuous anchoring (individual) data. 

The Cluefish workflow 

Cluefish is composed of 11 main data analysis steps, followed
by optional data visualization steps (Fig. 1 ). The workflow
was applied to the in-house zebrafish dataset and the two
external published datasets. Default Cluefish parameters and
detailed steps for the zebrafish case study are described be-
low, whereas details on the choices made for the two external
datasets are provided in the Supplementary Text S1 . Each step
is as follows: 

Step 1: download transcription (co-)factor annotations 

Transcription factors (TFs) and transcriptional co-factors
(CoTFs) form multi-protein complexes that mediate cel-
lular signaling and facilitate gene transcription [ 46 , 47 ].

This combinatorial function establishes a crucial link 
between signaling pathways and gene regulation [ 48 ].
To incorporate this regulatory information, lists of TF 

and CoTF genes for the specified organism are obtained 

from the Animal Transcription Factor Database 4.0 

(AnimalTFDB4) [ 49 ]. If these files are not available for 
a particular organism, this step can be skipped. The ze- 
brafish TF and CoTF gene lists were successfully down- 
loaded. 

Step 2: load background and deregulated transcript lists 

The background transcript list includes all transcript IDs 
detected in the experiment, whereas the deregulated 

transcript list contains only the IDs of significantly 
deregulated transcripts. The deregulated transcript list 
was derived from the DRomics pipeline in our case stud- 
ies. 

Step 3: retrieve gene identifiers 

Transcript IDs are converted to gene IDs and other perti- 
nent annotations by linking with the Ensembl database 
via the biomaRt R package [ 50 , 51 ]. To ensure com- 
patibility with databases and tools used later in Clue- 
fish, specifically the STRING database and g:Profiler 
[ 52 ], the results must include IDs supporting the or- 
ganism in both platforms. In most cases, the Ensembl 
gene ID meets this requirement for well-referenced or- 
ganisms, significantly reducing the need for repeated ID 

conversions throughout the workflow. In this step, all 
detected transcript IDs are mapped to their correspond- 
ing Ensembl gene IDs, forming the foundation for the 
deregulated gene list. In our case, the zebrafish tran- 
script IDs were converted to their Ensembl stable gene 
ID and external gene name, corresponding to readable 
gene names. 

Step 4: determine deregulated gene regulatory status 

The next step involves determining the regulatory status of 
the deregulated genes, using the TF and CoTF annota- 
tion files acquired earlier. If these files are not available 
for a particular organism, this step can be skipped. Since 
the files were successfully downloaded for zebrafish, it 
was possible to assess the regulatory status of the dereg- 
ulated genes. 

Step 5: construct and retrieve the clustered protein–protein in- 
teraction (PPI) network 

The preceding output is then manually imported into the 
Cytoscape application [ 53 ]. Using the StringApp plugin 

[ 54 ], the deregulated transcripts’ STRING-compatible 
IDs are entered into the Protein Query search bar. This 
query process is customisable, offering inclusion of spe- 
cific interaction types, setting limits for interaction con- 
fidence scores, and supplementary interactions. The de- 
fault value in STRING is set at 0.4 for the confidence 
score limit to construct the PPI network, representing 
the probability that the interaction really exists given the 
available evidence. In our zebrafish case study, a confi- 
dence score of 0.9 was utilized to only consider highly 
confident interactions, and we included all interaction 

types. The resulting PPI network was constructed from 

both known and predicted protein–protein associations 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
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Figure 1 . Sc hematic of Cluefish w orkflo w. Steps perf ormed in R are sho wn in single-line frames, with dashed frames f or optional steps, while the step 
carried out in Cytoscape is shown within a double lined frame. In Step 5, deregulated genes, which code for proteins in STRING, are represented as 
nodes. Their interactions are illustrated by lines. Clusters are represented by full circles, while isolated genes are categorized as lonely genes, forming 
the lonely cluster, represented by a dashed circle. The schematic guides the user through the various steps but does not explicitly depict the 
output-to-input relationships, as some steps require multiple previous outputs. The full detailed workflow is provided in the vignette 
( https:// ellfran-7.github.io/ cluefish/ articles/ cluefish.html ) * The final step can only be performed if the list of deregulated transcripts loaded in Step 2 is 
derived from the outputs of DRomics. Abbreviations: bg: background, drg: deregulated. 
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from the STRING database. To identify clusters, the
Markov Chain Clustering (MCL) algorithm is applied
using the clustermaker2 extension [ 55 , 56 ]. The granu-
larity of clusters is controlled by the inflation parame-
ter, with lower values [ 1 , 2 ] yielding fewer, larger clus-
ters, and higher values [ 5 , 6 ] resulting in more, smaller
clusters. Very large clusters may lack coherent biologi-
cal context, while very small clusters may not represent
a biological complex or may only be involved in specific
cases. In our zebrafish case study, this parameter was set
at 4 which is the default value in clustermaker2. This set-
ting balances the creation of few large clusters and many
small clusters. The node table, containing clustered ele-
ments, is manually exported as a CSV file. 

tep 6: filter clusters 

Returning to the R environment, clusters are filtered based
on their gene set sizes using what is called the lower
cluster size filter, under which clusters are removed. By
default, in Cluefish, this filter is set at 4. The choice of
lower cluster size limit may depend on the study, organ-
ism, and earlier decisions during PPI network creation
and clustering. Higher size limits result in fewer large
clusters, whereas smaller limits retain both large and
small clusters, removing only very small clusters. In our
zebrafish case study, the default value was used. 

Step 7: perform cluster-wise functional enrichment 

To characterize each cluster, ORA can be conducted us-
ing the gprofiler2 R package [ 57 ], which interfaces with
g:Profiler. This tool was chosen firstly for its extensive
support of both model and non-model organisms, total-
ing 984 and the ability to use custom annotation data.
The main tool of interest in g:Profiler is g:GOst, which
can perform ORA on multiple gene lists and search
against a wide range of functional databases, includ-
ing GO, KEGG, and Wikipathways (WP). Specifically,
Fisher’s one-tailed tests can be applied to measure the
likelihood that the overlap between a query gene set and
biological function gene sets is due to chance. Another
important aspect of g:Profiler is its access to previous
versions of the software and data, ensuring reproducible
analyses. Furthermore, it offers a filtering method for
highlighting GO driver terms by considering the under-

https://ellfran-7.github.io/cluefish/articles/cluefish.html
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lying topology of annotations, as described in Kolberg
et al. 2023 [ 52 ]. By default, in Cluefish, the deregulated
gene list is concurrently analyzed against GO Biological
Processes (GO:BP), KEGG, and WP pathways, using the
background gene list comprising all annotated protein-
coding genes from the experiment. The FDR multiple
testing correction method is applied, with a significance
limit set at 0.05. To address the inherent complexity
and redundancy within GO term hierarchies, only high-
lighted GO:BP terms are retained. In our zebrafish case
study, the default settings were chosen. In addition to
these, we implemented two new filters. 

• The first one, called the biological function size filter, are
the minimum and maximum gene set sizes of biological
functions, i.e. the number of genes associated with each
biological function found within the background gene
list. By default, in Cluefish, lower and upper biological
function size limits are set at 5 and 500 respectively. Very
large gene sets, which are dependent on the organism, are
often associated with broad biological processes. These
can introduce noise and obscure more specific functions.
Conversely, very small gene sets hold little statistical sup-
port, as minor changs in gene membership can substan-
tially affect FDR values, leading to unstable enrichment.
Additionally, very small gene sets can be overly specific
and may not capture the full biological context of a path-
way. These lower and upper limits can be adjusted based
on the study, the organism, and the type of transcrip-
tomic data (e.g. whole transcriptome or tissue-specific).
In our zebrafish case study, the default values were used.

• The second filter, called the enrichment gene count fil-
ter, is the minimum number of genes participating in the
enrichment of a biological function. By default, in Clue-
fish, the enrichment gene count filter is set at 3 in order
to avoid identifying biological functions enriched by too
few genes, particularly in smaller clusters. Such clusters
can lead to a higher rate of false positives, and enrich-
ments based on very few genes may not provide sub-
stantial biological insight into the cluster itself. This limit
should be proportionate to the cluster sizes, particularly
the smallest clusters. In our zebrafish case study, the de-
fault value was used. 

Step 8: merge clusters 

After characterizing the clusters, the next step is to identify
and merge clusters that share the same enriched biolog-
ical functions from at least one specified database (e.g.
GO, KEGG etc.) in the ORA. By default, in Cluefish, the
merging process is conducted separately for each cho-
sen database, in descending order of the total number
of unique genes present in both the database and the
background list. This step combines clusters whose pro-
teins were insufficiently interactive in STRING to form
a single cluster but are shown through functional en-
richment to participate in the same biological processes.
Merged clusters thus form larger, contextually unified
groups representing distinct biological functions. In our
zebrafish case study, the default settings were chosen,
with clusters first merged based on shared GO Biologi-
cal Process (GO:BP) functions first, followed by KEGG,

and finally WP.  
Step 9: fish lonely genes 

Genes not assigned to any cluster are referred to as �
lonely genes �. These genes are not typically explored 

because they do not contribute to functional enrich- 
ment, and thus, they do not help in characterizing the 
data. Genes become lonely in one of two cases: either 
they are initially not sufficiently interactive with an- 
other protein complex to participate in or form a clus- 
ter, or they were initially part of a cluster but failed to 

pass the cluster size filtering step, thus falling into the 
lonely cluster . To achieve a more comprehensive anal- 
ysis and expand clusters, lonely genes are incorporated 

into existing clusters based on shared functional anno- 
tations. Specifically, if a biological function annotation 

of a lonely gene matches a biological function enriched 

in a cluster, the lonely gene is integrated into the corre- 
sponding cluster. The friendliness metric represents the 
number of clusters a lonely gene can be incorporated 

into. 

Step 10: perform functional enrichment of the lonely cluster 
genes 

The lonely cluster , now consisting of the remaining lonely 
genes , can undergo a simple functional enrichment anal- 
ysis to gain further insight into the biological context of 
the genes not associated with any existing clusters. The 
customizations used in the earlier cluster-wise enrich- 
ment analysis are fully applicable here as well. There- 
fore, the parameters were set to match those chosen in 

the previous cluster-wise functional enrichment analysis 
for the zebrafish dataset. 

Step 11: generate outputs for exploration 

To fully explore the Cluefish results, DRomics results are 
required in order to include DR modeling metrics. While 
DR analysis is not required for previous steps of Clue- 
fish, it becomes essential for generating the following 
outputs. A summary table, which captures key details 
from each step and tool used in the Cluefish work- 
flow, can be generated and exported to CSV for man- 
ual exploration. Additionally, plots of fitted DR curves 
for each cluster’s gene set can be generated and ex- 
ported to PDF, offering a visual exploration of cluster 
content. Three report templates created using Quarto 

(Allaire, J .J ., Teague, C., Scheidegger, C., Xie, Y., & 

Dervieux, C., 2024. Quarto. Zenodo. https:// doi.org/ 10. 
5281/zenodo.5960048 ) are incorporated into the Clue- 
fish compendium, which may be useful to users. Exam- 
ples can be found in Supplementary Files 3 –5 . These 
templates summarize Cluefish results interactively, inte- 
grate them with DRomics findings, and enhance data us- 
ability for comprehensive biological interpretation. Al- 
though these reports can be generated automatically,
they may require adjustments to suit various types of 
cases. 

The standard workflow 

To illustrate Cluefish’s capacity to improve biological inter- 
pretation of DR transcriptomic data, we compared it with 

the standard approach. This involved applying a simple func- 
tional enrichment analysis to the entire deregulated gene list,

https://doi.org/10.5281/zenodo.5960048
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
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Table 1. Number of transcripts across the three datasets (zebrafish, rat 
liver, and poplar root) showing the tot al experiment al background, dereg- 
ulated transcripts identified by DRomics, and deregulated transcripts with 
computed BMD and CIs 

Zebrafish Rat liver Poplar root 

Total background transcripts 39 890 2654 34 699 
Deregulated transcripts 2449 873 6463 
With BMD and CI 2433 843 6352 

Table 2. Distribution of transcript trend types across the three datasets 
(z ebrafish, rat liv er, and poplar root). T he table presents the number and 
percentage of transcripts exhibiting monotonic (increasing or decreasing) 
and biphasic (bell-shaped or U-shaped) trends among deregulated tran- 
scripts with computed BMD and CIs 

Zebrafish Rat liver Poplar root 

Increasing (inc) 1132 (46%) 314 (37%) 2156 (34%) 
Decreasing (dec) 1145 (47%) 353 (42%) 1683 (26%) 
Bell-shaped (bell) 64 (3%) 71 (8%) 1375 (22%) 
U-shaped (U) 92 (4%) 105 (13%) 1138 (18%) 
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sing the same parameters as those chosen for the cluster-
ise enrichment step in Cluefish. For the zebrafish and rat

iver datasets, three databases were used: GO:BP, KEGG, and
P. For the poplar root dataset, only GO:BP and KEGG were

sed, as WP lacked sufficient coverage. Both approaches were
ompared in terms of number of enriched biological functions
nd number of deregulated genes involved in them. 

mplementation 

or gene ID retrieval and functional enrichment analyses
cross all three datasets, we used Ensembl genome assem-
lies (release 111): GRCz11 (GCA_000002035.4) for ze-
rafish, mRatBN7.2 (GCA_015227675.2) for rat liver, and
op_tri_v4 (GCA_000002775.4) for poplar root. Details of
he versions of tools and databases used for each dataset
re provided in Supplementary Table S2 . Cluefish is primar-
ly implemented in the R statistical computing language [ 58 ],
ith a short manual processing step halfway in the Cytoscape

pplication. Dependencies in R, including binary dependen-
ies, are automatically bundled and installed using renv (v.
.0.7) [ 59 ]. Cluefish is structured as a research compendium,
hich is an organized collection of files and directories en-

ompassing all necessary data, code, and documentation re-
uired to reproduce the research [ 60 ]. Git is utilized for ver-
ion control (v. 2.45.2.windows.1.). The workflow requires
wo main data inputs: the background and deregulated tran-
cript lists. If these inputs come from DRomics results, the en-
ire Cluefish workflow can be used. However, if the inputs
re from a different selection method, Cluefish can be ap-
lied up to Step 10. This is because the outputs for visual
xploration depend on DRomics figures (e.g. DR curves) and
he associated computed metrics. Cluefish is freely available
t https:// github.com/ ellfran-7/ cluefish with an associated vi-
nette serving as a guide through the Cluefish workflow with
ome additional functionalities available, which has not been
ncluded in the workflow description for the sake of simplicity
 https:// ellfran-7.github.io/ cluefish/ articles/ cluefish.html ). 

esults 

ose–response analysis 

 total of 41 396, 2654, and 34 699 transcripts were detected
n at least one sample across the zebrafish, rat liver, and poplar
oot datasets, respectively. One control sample from the ze-
rafish dataset was excluded from the analysis due to its diver-
ence in the principal component analysis (PCA) plot, indicat-
ng it was an outlier ( Supplementary Fig. S1 ). Thus, the analy-
is proceeded with the remaining 14 samples from the original
5, resulting in 39 890 transcripts forming the background
ranscript list for the zebrafish dataset. The main outputs of
he DR analysis with DRomics are summarized in Tables 1
nd 2 for all three datasets. Across all datasets, most dereg-
lated features exhibited monotonic trends along the dose-
radient, with 93%, 79%, and 60% showing either increas-
ng or decreasing trends for the zebrafish, rat liver, and poplar
oot datasets, respectively, and a minority of bell or U-shaped
rends. 

omparison of both approaches 

efore performing functional enrichment analysis, transcript
Ds were converted to Ensembl gene IDs for the zebrafish
nd rat liver datasets, as described in Step 3. The poplar root
dataset was already annotated with Ensembl gene IDs. In the
zebrafish dataset, the background and deregulated transcript
lists (with computed BMD and CI) were converted to 27729
and 2365 unique Ensembl stable gene IDs, respectively. For
the rat liver dataset, these lists were mapped to 2367 and 756
unique Ensembl stable gene IDs, respectively. 

Simple functional enrichment analysis revealed that the
deregulated gene lists significantly enriched multiple biolog-
ical functions across the GO:BP and KEGG databases in all
datasets, and in the WikiPathways (WP) database for the ze-
brafish and rat liver datasets only. 

For the zebrafish dataset, the standard approach identified
enrichement in 12 GO:BP, 6 KEGG and two WP biological
functions. A total of 320 genes contributed to these enrich-
ments, while 2045 genes did not ( Supplementary Table S3 ).
Cluefish identified all 6 KEGG and 2 WP pathways found
through the standard approach and additionally detected 45
KEGG and 8 WP pathways (Fig. 2 A). In contrast, only 5
GO:BP terms were shared between both approaches. Clue-
fish identified 36 unique GO:BP terms, whereas the stan-
dard approach identified seven. These seven GO:BP functions
were higher-level parent terms, representing more general and
broader biological concepts. They were redundant with the
lower-level child terms found by Cluefish, although they did
not share the same GO term names. Cluefish led to the con-
sideration of an additional 733 genes into enriched biologi-
cal functions, accounting for 30% of the deregulated gene list
(Fig. 2 B). Of the 320 genes found by the standard approach,
293 were also recovered by Cluefish, leaving 27 unique to the
standard approach. 

For the rat liver dataset, the standard approach identified
enrichment in one GO:BP, four KEGG, and one WP biological
function, involving 69 genes, whereas 687 genes did not par-
ticipate in any of these enrichments ( Supplementary Table S4 ).
Cluefish recovered all functions detected through the standard
approach, while also adding 16 GO:BP, 64 KEGG, and 7 WP
functions (Fig. 2 C). Cluefish incorporated an additional 282
genes into enriched biological functions, accounting for 37%
of the deregulated gene list (Fig. 2 D). Of the 69 genes partici-
pating in enrichment found by the standard approach, 64 were
also recovered by Cluefish, leaving 5 genes unique to the stan-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://github.com/ellfran-7/cluefish
https://ellfran-7.github.io/cluefish/articles/cluefish.html
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
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Figure 2. Significantly enriched biological functions (left panel) and in v olv ed deregulated genes (right panel) for zebrafish ( A and B ), rat liver ( C and D ), 
and poplar root ( E and F ) datasets. Left panels ( A, C, and E ) illustrate the overlap of enriched functions by database and approach. Right panels ( B, D, 

and F ) display the overlap of deregulated genes involved in these enriched functions, representing the set of genes considered for biological 
interpretation for both approaches. Rounded squares indicate the total number of deregulated genes with computed BMD and CIs. 
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dard approach. Full details on outputs and details of key steps
throughout the Cluefish application of the rat liver dataset can
be found in Supplementary Tables S5 –S10 . 

For the poplar root dataset, the standard approach identi-
fied enrichment in 13 GO:BP and 1 KEGG pathway, involv-
ing 466 genes, while 5886 were not associated with any en-
riched function ( Supplementary Table S11 ). Cluefish recov-
ered the same KEGG pathways detected by the standard ap-
proach and identified 9 additional ones (Fig. 2 E). Only 4
GO:BP terms were shared between both approaches. Clue-
fish identified 13 unique GO:BP terms, whereas the standard
approach identified 9 unique GO:BP terms. Of the 9 GO:BP
terms uniquely identified by the standard approach, some
were redundant with terms found by Cluefish, represented un-
der different names and at different levels of the GO hierar-
chy. For example, while both approaches identified the “trans-
lation” (GO:0006412) term, the standard approach addition-
ally identified the “Ribosome” (KEGG:03010) and “ribosome
assembly” (GO:0042255) term. These biological terms sub-
stantially overlapped with “translation.” Specifically, 93 out
of 101 deregulated genes (92%) annotated for “Ribosome”
and 26 out of 31 deregulated genes (84%) annotated for “ri-
bosome assembly” were also among the 198 genes annotated
for “translation” ( Supplementary Table S12 ). Cluefish led to
the consideration of an additional 1778 genes into enriched
functions, accounting for 28% of the deregulated gene list
(Fig. 2 F). Of the 466 genes considered by the standard ap- 
proach, 403 were also considered by Cluefish, leaving 63 genes 
uniquely considered by the standard approach. Full details 
on outputs and aspects of key steps throughout the Clue- 
fish application of the poplar root dataset can be found in 

Supplementary Tables S5 , S6 , and S13 –S16 . 

Exploration of the Cluefish application to the 

zebrafish dataset 

Overview of the results 
From the AnimalTFDB4 database, 3328 Ensembl genes corre- 
sponding to known zebrafish TFs and CoTFs were retrieved.
Among the 2365 deregulated genes, 286 were identified as 
coding for these transcriptional regulators. After constructing 
the PPI network and performing MCL clustering, 204 clus- 
ters were formed ( Supplementary Table S5 ). Of these, only 53 

clusters passed the size filter, encompassing 399 genes. Cluster- 
wise ORA identified 41 driver GO:BP, 51 KEGG, and 10 WP- 
enriched functions. See the Supplementary Table S6 for the 
cluster-wise ORA results both before and after filter, and the 
Supplementary Table S17 for the initial ORA results prior to 

filtering. Several clusters were merged based on shared bio- 
logical function, reducing the total number of clusters to 44.
Following lonely fishing , the number of genes in the newly ex- 
panded clusters increased to 904 (37% of the deregulated gene 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
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Figure 3. Results of the Cluefish workflow applied to the zebrafish dataset. ( A ) Summarized BMD 25th quantile values for each cluster, with points 
ordered from most to least sensitive and sized according to the number of transcripts. ( B–E ) DR fitted curves and computed BMD points for transcripts 
in (B) cluster 43, (C) cluster 37, (D) cluster 10, and (E) cluster 15, with colors indicating the trend for each curve shape: dec (decreasing), inc (increasing), 
and U (U-shaped). Grey dotted vertical lines represent the experimental doses. 
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ist). The majority of fished lonely genes had a friendliness
alue of one, two, or three, with the highest value reaching
ight. The final number of clusters was 45 (44 expanded clus-
ers + Lonely cluster ) ( Supplementary Table S18 ). The size of
he lonely cluster was greatly reduced, containing 1461 genes.
he functional enrichment of the lonely cluster identified six
river GO:BP, four KEGG, and two WP biological functions
 Supplementary Table S19 ). These functions did not overlap
ith any from the cluster-wise enrichment. With this added in-

ormation, over 1026 deregulated genes enriched at-least one
iological function, corresponding to 43% of the deregulated
ene list. The sensitivity of the 44 expanded clusters can be
llustrated using summarized BMD-1SD values for the tran-
cripts within each cluster (Fig. 3 A). The first quartile repre-
ents the value below which 25% of the BMD of the tran-
cripts fall below. According to this summary, the most sen-
itive clusters #43, #37, #10, and #15 with BMD-1SD first
uantile values of ∼1.95, 2.19, 2.23, and 2.62 μg / l, respec-
ively. In contrast, clusters #51, #27, #35, and #38 were the
least sensitive, with first quartile values of 33.6, 31.7, 31.2,
and 29.8 μg / l, respectively ( Supplementary Table S20 ). 

In-depth exploration of findings 
In ecotoxicology, the primary focus is on examining the im-
pact of low doses of contaminants in the environment. Priori-
tizing the exploration of the most sensitive clusters is a reason-
able approach in this context. Since the cluster #37 was not
characterized, it was excluded from subsequent analysis (Fig.
3 C). We chose to focus on clusters #43, #10, and #15, as they
exhibited the lowest 25th BMD quantile values. Cluster #43
comprised 9 distinct transcripts and genes, with some show-
ing increasing and some showing decreasing trends (Fig. 3 B).
Most of the transcripts BMDs ranged between 1.23 and 7.27
μg / l. This cluster solely enriched the “Retinol metabolism”
(KEGG:00830) KEGG pathway, with no GO:BP or WP func-
tion enrichments. Cluster #10 was composed of 16 distinct
transcripts, with the majority showing decreasing trends, also
with similar shaped DR curves (Fig. 3 D). Ten BMD values

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
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Figure 4. DR curves and computed BMD points for deregulated zebrafish transcripts and individual endpoints. ( A ) Hox gene transcripts. ( B ) Transcripts 
associated with e y e de v elopment and function, with transcripts’ genes from the cry stallin f amily highlighted in pink and other e y e-related genes in light 
grey. ( C ) Body length measurements. ( D ) Eye surface area measurements. Grey dotted vertical lines represent the experimental doses. 
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ranged between 0.84 and 5.29 μg / l, while the remaining six
ranged between 23.1 and 49.4 μg / l. This cluster enriched
sphingolipid metabolism functions in GO:BP and KEGG,
specifically “sphingolipid metabolic process” (GO:0006665)
and “Sphingolipid metabolism” (KEGG:00600), respectively.
Cluster #15 comprised 31 distinct transcripts, mostly show-
ing decreasing trends, also with similar DR curve shapes (Fig.
3 E). In this cluster, 18 BMD values ranged between 0.49 and
7.37 μg / l, while the remaining 13 BMD values ranged be-
tween 19.0 and 57.1 μg / l. This cluster enriched one GO:BP
(lipid biosynthetic process; GO:0008610), one KEGG (steroid
biosynthesis, KEGG:00100), and one WP (cholesterol biosyn-
thesis, WP:WP1387) biological function. None of the three
clusters contained known transcriptional regulators. 

Inv estigations to wards biological interpretation 

Discovering the retinol metabolism pathway as not only
deregulated but also highly sensitive prompted us to inves-
tigate the involvement of Hox genes, which are among the
primary canonical targets of retinoic acids (RAs) [ 61–63 ].
All the Hox genes were located within the lonely cluster ,
where we identified 13 Hox gene transcripts, all showing
increasing trends (Fig. 4 A). Eleven of these transcripts had
BMD values between 2.51 and 6.80 μg / l and very similar DR
curves, while the remaining two had values of 28.9 and 40.6
μg / l ( Supplementary Table S21 ). All of these genes act as tran- 
scriptional regulators. 

Further exploration of the lonely cluster revealed that the 
biological functions enriched by the highest number of dereg- 
ulated genes were “lens development in camera-type eye”
(GO:0002088) and “visual perception” (GO:0007601), each 

enriched by 26 genes. In total, 58 deregulated genes were re- 
lated to eye development or function (Fig. 4 B). Among these,
27 crystallin gene transcripts were found, all following de- 
creasing trends, with BMD values ranging from 18.6 to 52.6 

μg / l ( Supplementary Table S22 ). Our transcriptomic findings 
led us to investigate individual endpoints. At the individual 
level, zebrafish embryos exhibited a dose-dependent reduc- 
tion in body length and eye surface area, with BMD val- 
ues of 11.5 and 55.1 μg / l, respectively (Fig. 4 C and D). See 
Supplementary Table S23 for the raw left eye area and body 
length measurements. 

Discussion 

Building the road towards the biological interpretation of 
transcriptomic data series is a challenging task. To address 
this, we developed Cluefish, a free and open-source, semi- 
automated R workflow that offers a comprehensive and 

untargeted exploration of such data. When used alongside 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
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Romics, Cluefish offers a more complete analysis of DR
ranscriptomic data. This workflow aims to address the lim-
tations of the standard approach towards biological inter-
retation by leveraging the power of ORA on pre-clustered
etworks. These clusters act as anchors for ORA, improv-
ng enrichment detection sensitivity. This allows us to iden-
ify smaller, more specific biological processes while simulta-
eously forming exploratory gene groups. 
Cluefish integrates valuable information from various

iological function / pathway databases (e.g. GO, KEGG,
nd WP), the AnimalTFDB4 database of TFs and co-factors
or 183 animal genomes, and the STRING database of known
nd predicted PPIs for 12 535 organisms. Despite drawing
rom multiple complementary databases, these databases col-
ectively provide a broad coverage of organisms, ensuring that
luefish is applicable to a wide range of both model and non-
odel organisms. Innovative features such as cluster merging

nd the fishing of lonely genes based on shared biological con-
ext ensure a more comprehensive analysis. 

The standard approach identified a limited, overly broad
et of enriched functions for the three studied datasets. This
imitation stems from the statistical method and the coarse
ranularity of functional gene sets. As a result, both the qual-
tative and quantitative interpretation of the data suffer. Ad-
itionally, focusing solely on enriched functions is risky, as it
ay overlook valuable insights from deregulated genes that
o not contribute to functional enrichment. Indeed, with the
tandard approach, a substantial proportion of deregulated
enes failed to contribute to any functional enrichment: over
4% in zebrafish, 81% in rat liver, and 93% in poplar root
atasets. By analyzing biologically homogeneous gene sub-
ets, Cluefish minimizes the influence of unrelated genes and
nsures a more focused analysis. Moreover, by reintegrating
onely genes back into these clusters through shared biologi-
al context, Cluefish enhances the biological coherence of each
luster and increases the number of genes available for biolog-
cal interpretation. 

Some genes, however, remain lonely and persist in the lonely
luster. These genes should not be dismissed as noise, as their
xclusion from PPI-based clusters likely reflects either [ 1 ] lim-
ted interactions or annotation data for the organism in pub-
ic databases, or [ 2 ] their involvement in non-physical associ-
tions, such as transcriptional regulation or functional simi-
arity not captured through physical interaction networks. By
xplicitly characterizing the biological functions represented
n the lonely cluster, Cluefish ensures that no potentially valu-
ble data is overlooked. 

The effectiveness of the Cluefish workflow is illustrated in
ur zebrafish case study by the identification of specific clus-
ers, such as clusters #43, #10, and #15, which contain tran-
cripts with high sensitivity values. Importantly, the biologi-
al functions tied to these clusters, including retinol and lipid
etabolism, were missed by the standard approach, as they
ere not identified as enriched. Cluster #43 includes genes in-

olved in retinol (vitamin A) metabolism. Our findings suggest
 mechanistic hypothesis centred on the disruption of RA sig-
aling. Disrupted retinol metabolism may lead to altered lev-
ls of biologically active retinoids, such as 9- cis RA, all- trans
A (ATRA), and 11- cis Retinal, causing significant changes in

etinoid signaling in zebrafish embryos. This hypothesis is sup-
orted by the deregulation of several ATRA target genes abun-
ance. Hox genes, particularly those located in the anterior
art of the embryo, are canonical targets of RA signaling [ 64 ,
65 ]. Among the 48 Hox genes in the zebrafish genome [ 66 ], we
detected 47 in our dataset, with 13 upregulated and homoge-
neous in DR curve shape, all located in the anterior positions
1–9 of the Hox clusters. Other canonical ATRA target genes
are c yp26a1 , c yp26b1 , and c yp26c1 . Cyp26 enzymes are key
regulators of ATRA levels control in cells, by transforming
ATRA into inactive metabolites. Cyp26 are thus responsible
for the prevention of activation of RA receptors by RA in spe-
cific cells [ 65 ]. Cyp26 coding transcripts are not identified as
deregulated in our dataset ( Supplementary Fig. S2 A–C). How-
ever, cyp26a1 was selected as significantly deregulated along
the dose-gradient but no DR model was successfully fitted to
the DR curve of this transcript. Visual inspection of expres-
sion data for cyp26a1 suggests however a bell-shape response
of transcript abundance. Altogether, these responses in abun-
dance of transcripts of canonical ATRA response genes sug-
gest an increased ATRA signaling at the lowest DBP exposure
concentrations. 

RA plays a central role in early patterning and definition
of the spinal cord during zebrafish development [ 67 ]. Disrup-
tion of this pathway has been linked to teratogenic effects, in-
cluding spinal deformities such as bent spine and malformed
tail, highlighting its crucial role in embryogenesis [ 68 , 69 ].
The dose-dependent reduction in body length observed in ze-
brafish embryos further strengthens this connection. In addi-
tion, the crucial role of RA in ocular development [ 70 ] can be
linked to the identification of 59 deregulated genes related to
eye development. The downregulation of crystallin genes—
responsible for maintaining lens transparency and refractive
power [ 71 , 72 ]—points to potential defects in lens function.
The dose-dependent reduction in eye surface area aligns with
this, suggesting compromised eye development linked to dis-
rupted retinoid signaling. 

The sensitive downregulation of genes involved in lipid
metabolism and transport (clusters #10 and #15) could also
be attributed to the deregulation of retinol metabolism under
DBP exposure. 9- cis RA serves as a ligand for the retinoid X
receptors (RXRs) that acts as co-receptors for several nuclear
receptors involved in lipid metabolism genes regulation [ 73 ].
This may otherwise be due to the sensitive downregulation of
one of the genes coding for RXRs, rxraa ( Supplementary Fig.
S3 ). While it is currently unclear whether rxr genes expression
is under direct regulation of retinoids, both this rxraa down-
regulation at the lowest DBP concentration and retinoid abun-
dance deregulation could directly or indirectly participate to
the downregulation of lipid metabolism and transport genes. 

This hypothesis of DBP mode of action based on retinoid
signaling disruption is consistent with findings from previ-
ous studies [ 69 , 74 , 75 ]. This has been previously suggested
through screening in mouse stem cell lines [ 75 ] and observed
in transcriptomic data from adult male fish testes [ 76 ] as well
as in rodent models [ 77 ]. However, most studies on DBP focus
on its interaction with the PPAR signaling pathway [ 78–80 ].
By applying the Cluefish workflow, our DR transcriptomic
data suggests that retinoid signaling, and function disruption
may be the most sensitive pathway affected by DBP during
zebrafish development, potentially leading to significant mor-
phological changes. RA signaling, while still understudied in
the context of endocrine disruption, has been increasingly rec-
ognized as vulnerable to pollutants in both toxicological and
ecotoxicological settings [ 81 , 82 ]. Given the critical role of
RA signaling in embryonic development, which is conserved
across both vertebrates and invertebrates, the potential im-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf103#supplementary-data
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pact of DBP on this pathway deserves closer attention [ 83 ].
These findings illustrate how Cluefish can reveal connections
that would have been missed by the standard approach. By
investigating clusters, we identified links between them and
guided us to delve deeper into the lonely cluster , where valu-
able insights resided, and target individual endpoints. Clue-
fish enabled us to formulate hypotheses supported by multi-
ple concordant elements that not only make biological sense
but also hold a major scientific interest. These insights pri-
marily arise from exploring three of the four most sensitive
clusters. While a more comprehensive analysis could uncover
additional roads for biological interpretation, a complete bio-
logical interpretation is beyond the scope of this paper. 

An important consideration in biological interpretation ap-
proaches for transcriptomic and other omics data is the organ-
ism under study. Gene annotation richness varies substantially
across species, typically reflecting whether the organism is an
established model system with extensive reference databases
or a less-studied species with limited annotation. A critical
aspect of validating Cluefish’s capacity to enhance biological
interpretation was testing its performance across diverse or-
ganisms. To assess Cluefish’s versatility and generalizability,
we applied it to two externally published DR transcriptomic
datasets: rat liver exposed to PFOA and poplar roots exposed
to PHE. 

In the rat liver dataset, cluster #3 emerged as the most sen-
sitive to PFOA exposure. This cluster was characterized by
enrichment in cellular response to lipid (GO:0071396), super-
oxide metabolic process (GO:0006801), positive regulation of
tumor necrosis factor production (GO:0032760), and activa-
tion of innate immune response (GO:0002218). These find-
ings suggest that even the lowest doses of PFOA may trigger
inflammation, oxidative stress, and lipid metabolism disrup-
tion. While the original study did not include detailed biolog-
ical interpretation, our results align with existing literature on
PFOA toxicity mechanisms [ 84–88 ]. 

For the poplar root dataset, the standard approach iden-
tified several redundant biological functions with substan-
tial gene overlap. In contrast, Cluefish detected more spe-
cific processes within similar branches of the GO term hi-
erarchy. In the original study, authors reported enrichment
in oxidative stress response, cellular redox homeostasis, de-
fense response, and biotic stimuli response pathways. Clue-
fish successfully identified these same, or similar, functions
but also provided additional resolution. Notably, the au-
thors hypothesized that PHE induces ethylene signaling path-
way responses, yet this biological function was not identi-
fied as enriched in their analysis nor the standard approach
in this study, illustrating the challenges of developing com-
plex hypotheses without prior knowledge of potential mech-
anisms. Cluefish, however, revealed biological functions di-
rectly supporting this hypothesis, including ethylene-activated
signaling pathway (GO:0006979), hormone-mediated signal-
ing pathway (GO:0009755), and response to toxic substance
(GO:0097237). This demonstrates how Cluefish can reduce
the need for extensive manual mining of data functional an-
notation and allow for a more automatic exploration inde-
pendent of researcher prior knowledge. 

The preliminary insights gained from these external
datasets demonstrate Cluefish’s potential, though a more com-
prehensive analysis would be necessary to plan targeted exper-
imental validations and fully elucidate the molecular mecha-
nisms underlying toxicant effects. 
The Cluefish workflow involves several filters, and select- 
ing appropriate values can be challenging. One key parameter 
is the lower cluster size filter, which excludes clusters based 

on gene set size. Users should evaluate the total number of 
clusters, the number of genes contributing to enrichment, and 

the number of lonely genes successfully fished. The goal is to 

find a balance between these metrics and identify the point at 
which the lonely gene fishing process begins to plateau. Other 
filters depend on factors such as the organism (from poorly to 

well-annotated genomes), the type of transcriptomic data (e.g.
whole transcriptome versus tissue-specific), and choices made 
in previous steps. We recommend exploring a range of param- 
eter settings to better understand their effects and to fine-tune 
the workflow for each specific dataset. 

Clustering is essential in RNA-seq data analysis, group- 
ing genes or samples by shared traits like expression patterns 
or network connections [ 89 , 90 ]. A widely used approach is 
weighted correlation network analysis (WGCNA) [ 91 ], which 

identifies co-regulated genes by constructing co-expression 

networks from their expression profiles across samples [ 92 ].
The underlying hypothesis behind WGCNA is that coreg- 
ulated genes are functionally related. However, due to the 
complexity and multi-faceted interconnectivity of organismal 
pathways, this can result in clusters of co-regulated but func- 
tionally unrelated genes. In our approach, DRomics first iden- 
tifies a list of deregulated transcripts. Then, using STRING 

within Cytoscape, we group genes based on known and pre- 
dicted interactions, directly forming clusters of functionally 
relevant genes without relying on gene expression patterns.
This approach avoids clustering functionally unrelated genes 
and allows us to characterize the clusters and their genes using 
the results of DR modeling, within a non-targeted approach. 

PPI network construction and clustering are often applied 

post-enrichment to visualize relationships between gene sets,
using tools like GSCluster [ 93 ] and NeVOmics [ 94 ]. Other 
tools like EnrichmentMap [ 95 ] and ClueGO [ 96 ], both ex- 
tensions of Cytoscape, help reduce redundancy in biological 
functions via PPI networks by accounting for both the overlap 

and interactions between gene products. Recently, clustering 
PPI networks before enrichment has gained traction, as seen in 

tools like PathFindR [ 97 ] and ANUBIX [ 98 ]. This approach 

improves enrichment sensitivity, uncovering hidden biological 
mechanisms [ 99 ]. Though both tools share the pre-clustering 
concept with Cluefish, their application to lesser-referenced 

organisms is limited. ANUBIX uses constrained randomiza- 
tion to evaluate subnetwork relevance, making it optimal for 
highly comprehensive PPI networks. PathFindR, primarily de- 
signed for human datasets, is applicable to non-human or- 
ganisms but enrichment is limited to KEGG, Reactome [ 100 ],
and MSigDB databases, with the latter two being restricted to 

very few model organisms. Cluefish, by contrast, seeks to over- 
come these limitations by incorporating a functional enrich- 
ment tool that supports a broader range of organisms. Never- 
theless, challenges still remain for lesser-referenced species. 

While Cluefish improves traditional ORA, it has some lim- 
itations. Cluefish relies on STRING’s PPI data, which can 

be limiting for transcriptional regulators. For instance, Hox 

genes, despite being functionally linked, often cluster sepa- 
rately due to a lack of direct interactions [ 101 ]. This also 

affects other transcriptional regulators, many of which fall 
into the lonely cluster . Additionally, Cluefish remains semi- 
automated due to a manual Cytoscape step. Full automation 

could be achieved by integrating this step into R using the 
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Cy3 package [ 102 ], but querying large gene lists and clus-
ering complex networks is still computationally challenging.

e plan to implement full automation as soon as it becomes
easible. 

Despite these limitations, enhancing the methods and
atabases used in Cluefish could be highly beneficial. Firstly, a
ore comprehensive set of databases would greatly increase

he workflow’s versatility and applicability. For instance, ex-
anding PPI data to include lesser-studied organisms would
roaden its scope, while extending TFlinks [ 103 ]—a database
f TF-target gene relationships—to cover a wider range of
odel organisms would significantly enhance biological in-

erpretation in a mechanistic context. Secondly, a major chal-
enge is the complexity and redundancy of biological func-
ions, particularly in GO terms [ 104 , 105 ]. To reduce redun-
ancy, we applied Alexa et al.’s (2006) method [ 106 ], which
elects representative terms using the hierarchical structure
f the GO tree. This seems to be a more effective approach
han semantic similarity methods based solely on gene over-
ap [ 106 ]. KEGG pathways also face redundancy issues, and
hile some methods address this [ 97 , 107 ], simplifying bio-

ogical functions remains challenging. Finally, ORA assumes
hat both genes and pathways are independent, meaning that
either topology nor pathway overlap is considered, which
imits its scope. Newer enrichment methods (e.g. topology-
ased) show promise but are not yet compatible with DR
odeling metrics, which Cluefish uses. These methods also

equire highly complete datasets, limiting their application to
ell-referenced organisms like humans and mice. To enhance
luefish’s functionality, tools that handle metrics beyond ex-
ression values, like BMD and trend metrics, are needed. 
To the best of our knowledge, Cluefish is the first workflow

o integrate DR modeling with the functional enrichment of
re-clustered networks. This comprehensive approach allows
or the creation of biologically meaningful clusters, character-
zed by sensitivity and trend derived from DR analysis. With
nnovative features such as cluster merging and lonely gene
shing, Cluefish provides users with a powerful tool for a
ore thorough interpretation of transcriptomic datasets. By
ffering clearer insights, it facilitates the generation of biolog-
cal hypotheses and guiding experimental validation. 

To further establish Cluefish’s advantages over standard
ethods and demonstrate its versatility, future work should

pply the workflow to additional DR datasets. Testing across
ore organisms, spanning from poorly to well-annotated

enomes, and varying numbers of deregulated transcripts will
llow for a deeper evaluation of its robustness and broader
pplicability. 

While Cluefish employs DR modeling to identify deregu-
ated transcripts and visually explore the results, its core func-
ionality extends beyond this specific tool or analysis type.
luefish can process a background list of transcripts along
ith a sub-list, typically consisting of deregulated transcripts.
hese deregulated transcripts can be derived from a wide
ange of experimental designs, from the simplest to the more
omplex ones, such as time or spatial data series. Therefore, it
ould be interesting to explore the application of Cluefish to
ther types of data series. 
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( Supplementary Table S23 ). Additionally, two external tran-
scriptomic datasets were utilized: the rat liver dataset from
Gwinn et al. (accession GSE147072) and the poplar root
dataset from Gréau et al. (accession GSE263776), both of
which are also publicly available through the GEO database. 
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