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Abstract 

Bacterial genomes contain thousands of biosynthetic gene clusters (BGCs) responsible for the production of structurally diverse natural products 
with applications in medicine, agriculture, and biotechnology. Expression of these BGCs is tightly regulated by transcription factors (TFs) respond- 
ing to environmental cues, yet predicting which TFs regulate specific BGCs remains challenging. In particular, TF binding sites (TFBSs) within 
BGCs often diverge from canonical motifs, limiting the effectiveness of standard motif-scanning approaches and hindering systematic exploration 
of BGC regulation. Here, we present COMMBAT (COnditions for Microbial Metabolite Biosynthesis Activated Transcription), a framework for 
large-scale prediction of TF–BGC regulatory interactions across bacterial genomes. COMMBAT integrates motif matching with genomic context 
and gene function information to predict functional TFBSs. The COMMBAT web platform ( https://www.commbat.uliege.be ) enables users to (i) 
identify BGCs potentially regulated by a given TF, and (ii) predict candidate TFs that control a specific BGC. With over 40 0 0 TF position weight 
matrices from four public repositories and more than 40 0 0 0 0 BGCs from MIBiG and antiSMASH DB, COMMBAT provides a scalable resource 
to predict regulatory inputs and guide/prioritize culture conditions and genetic engineering strategies for natural product discovery. 
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biotechnological potential unexplored. Unlocking this hidden 

diversity requires not only advances in genome mining and 

metabolomics but also a deeper understanding of the regula- 
tory mechanisms that govern BGC expression [ 3–5 ]. 

A major bottleneck in exploiting the biosynthetic poten- 
tial encoded in microbial genomes is the limited understand- 
ing of transcription factor regulatory networks (TFRNs) con- 
trolling BGC expression. While genome mining has uncov- 
ered millions of BGCs, predicting the environmental signals 
that activate them remains challenging. TFs act as sensors of 
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ntroduction 

acteria produce structurally diverse specialized metabolites
hat play central roles in ecology, medicine, and biotechnol-
gy. The genes required for their production are typically or-
anized in biosynthetic gene clusters (BGCs), which encode
ore and tailoring biosynthetic enzymes, transporters, resis-
ance determinants, and regulatory elements [ 1 ]. Genome se-
uencing has revealed that only a small fraction of predicted
GCs has been experimentally characterized [ 2 ], leaving a vast
eservoir of cryptic BGCs with immense pharmaceutical and
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environmental or intracellular signals (e.g. nutrients, stress, or
signaling molecules) and modulate BGC expression accord-
ingly. Thus, ecological interactions and environmental cues
strongly influence natural product biosynthesis, underscoring
the importance of regulatory networks for rational activation
of cryptic BGCs [ 3 , 6 ]. High-throughput approaches that map
transcription factor (TF) binding are expected to greatly en-
hance our ability to predict BGC regulation and guide elicitor-
based discovery strategies [ 3 , 7 , 8 ]. Regulatory signatures can
also provide functional clues; for example, binding sites for
the iron homeostasis regulator DmdR1 were harnessed to un-
cover novel BGCs involved in iron homeostasis [ 9 ]. Systematic
exploitation of TF binding information therefore provides a
promising route to connect environmental signals with spe-
cialized metabolism, and, occasionally, even infer the function
(biological activity) and the structure (building blocks and
precursors) of specialized metabolites [ 10 ]. 

BGC transcription is typically controlled by both cluster-
situated (pathway-specific) and global TFs [ 11 , 12 ]. However,
TF binding sites (TFBSs) of global TFs within BGCs often
deviate from the canonical motifs recognized in a TF’s core
regulon, making BGC-associated TFBSs challenging to de-
tect using standard motif-scanning tools [ 12 ]. Consequently,
studies of BGC regulation have largely focused on individual
TF–BGC pairs [ 12 , 13 ], an approach that does not scale to
the rapidly growing number of sequenced genomes and BGC
repositories such as MIBiG [ 14 ] and antiSMASH DB [ 15 ].
As a result, systematic prediction of TF/elicitor pairs remains
an underexploited strategy, despite its promise for activating
silent BGCs and uncovering novel natural products [ 3 ]. 

To enable systematic exploration of regulatory interactions
in specialized metabolism, we developed COMMBAT (COn-
ditions for Microbial Metabolite Biosynthesis Activated Tran-
scription). COMMBAT integrates TF position weight matrix
(PWM)-based motif detection with genomic and functional
context to improve TFBS prediction within BGCs [ 13 ]. The
associated web platform provides a user-friendly interface for
high-throughput analyses, allowing users to (i) identify BGCs
potentially regulated by a given TF or (ii) predict TFs likely
to control a selected BGC. By facilitating large-scale mapping
of TF–BGC interactions, COMMBAT broadens our ability to
connect environmental cues and transcriptional control with
specialized metabolism expression, thereby supporting the ra-
tional activation of cryptic BGCs and the discovery of novel
natural products. 

Materials and methods 

Packages and frameworks 

COMMBAT is coded in Bash, Perl and R, and is freely
available at https://gitlab.uliege.be/Silvia.RibeiroMonteiro/
commbat.git . The scripts use a series of Perl and R dependen-
cies, which are listed in the “README”and “LICENSE-3RD-
PARTY” files. The software requires as input a set of BGCs
and TF position weight matrices (PWMs). The BGCs are
scanned by the PREDetector software [ 16 ] (available at https:
//gitlab.uliege.be/ptocquin/RPREDetector.git ), which uses the
BGC’s sequence and description files (in FASTA and GFF3
format, respectively) and the TF PWMs (in FASTA format)
generated according to the expression described by Hertz and
Stormo [ 17 ]. Only TFBSs with a PWM score equal or superior
to zero are retained for subsequent COMMBAT scoring. 
COMMBAT score calculation 

The COMMBAT score estimates the likelihood that a TF reg- 
ulates the expression of a given BGC. The scoring formula was 
developed and described by Ribeiro Monteiro et al. [ 13 ], and 

is based on the INTERACTION SCORE ( I ) and the TARGET 

SCORE ( T ), following the expression: 

COMMBATscore = 1 

2 

[ I + T ] = 1 

2 

[
ITFBS 

Imax 
+ R + max ( F) 

2 

]

where: 

� I evaluates the binding affinity between a TF and its pre- 
dicted binding site based on the normalized PWM score: 
ratio of a predicted TFBS ( ITFBS ) to the maximum PWM 

score ( Imax ) [ 13 ]. 
� T integrates (i) the Region Score ( R ), which reflects the 

genomic location of the predicted TFBS, and (ii) the 
Function Score ( F ), based on the functional categories 
of genes within BGC that are predicted to be regulated 

by the TF [ 13 ]. The Function Score (F) is derived from 

the genomic context of the predicted TFBS by identifying 
co-transcribed genes and their functional categories (reg- 
ulatory, core biosynthetic, additional biosynthetic, trans- 
port/resistance, or other genes) using antiSMASH anno- 
tations). Co-transcribed genes are predicted based on ex- 
perimentally validated data from a meta-analysis of 71 

polycistronic BGC transcription units, whereby genes lo- 
cated within −90 to + 170 nt relative to the upstream 

gene stop codon are considered part of the same tran- 
scription unit [ 13 ]. The selected F score, max( F ), corre- 
sponds to the score of the gene within the transcription 

unit whose functional category is predicted to most sig- 
nificantly impact the expression of the BGC [ 13 ]. Cat- 
egory weights are based on our previous meta-analysis 
of over 300 experimentally validated TFBSs, which re- 
vealed a hierarchy in TF targeting preferences [ 12 ].
Based on these observations, weights were assigned as 
follows: regulatory genes (1.0), core biosynthetic genes 
(0.8), additional biosynthetic genes (0.5), transport and 

self-resistance genes (0.2), and other/unknown function 

genes (0.1). 

The performance of the COMMBAT scoring approach 

compared to conventional PWM-based methods has been as- 
sessed and demonstrates its superior ability to identify TFBSs 
involved in BGC expression control [ 13 ]. 

Novelty score calculation 

To provide a rough estimation on whether a BGC is known 

or cryptic (the genetic material is not yet associated with 

a metabolite) COMMBAT computes a Novelty score based 

on antiSMASH’s “KnownClusterBlast” similarity values [ 15 ].
The Novelty score ranges from 0 (high similarity to a charac- 
terized BGC) to 1 (no detectable similarity), allowing prioriti- 
zation of cryptic BGCs with potentially novel chemistry. 

Databases 

BGC datasets can be selected from: MIBiG repository (v.
4.0) [ 18 ], antiSMASH DB (version 5) [ 15 ], and user’s anti- 
SMASH predictions (version 8) [ 19 ]. The PWMs from four 
databases are available: COMMBAT DB, LogoMotif [ 20 ],
Prodoric [ 21 ], and RegPrecise [ 22 ]. 

https://gitlab.uliege.be/Silvia.RibeiroMonteiro/commbat.git
https://gitlab.uliege.be/ptocquin/RPREDetector.git
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Figure 1. COMMBAT workflow. COMMBAT supports two types of analysis: Application #1, prediction of BGCs potentially controlled by one TF; 
Application #2, prediction of candidate TFs controlling the expression of a specific BGC. The result output page includes an Interactive Cloud Plot, a 
TFBS Mapping Viewer, and an Interactive Result Table. 
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eb application implementation and availability 

he website interface was developed in R (v. 4.5.0) [ 23 ]
ith the R package RShiny (v. 1.10.0) [ 24 ] and de-
loyed with the open-source Shiny Server v1.5.20.1002
 https://github.com/rstudio/shiny-server ). Web visualizations
re generated using R packages “ggplot2” (v. 3.5.2) [ 25 ]
nd “gggenes” (v. 0.5.1) [ 26 ], and interactive plots are cre-
ted with “plotly” (v. 4.10.4) [ 27 ]. The web application is
reely available at “https://www.commbat.uliege.be’ ’ and
ses the developed COMMBAT software code, available at
ttps://gitlab.uliege.be/Silvia.RibeiroMonteiro/commbat.git . 
oth the COMMBAT web-interface and code will be regularly
aintained. 

esults 

eb server overview 

he COMMBAT web tool enables large-scale predictions of
he transcriptional controls governing specialized metabolism.
t provides two applications (Fig. 1 ): “Multiple BGCs versus

ne Matrix ” which identifies BGCs potentially regulated by
 single TF, and “One BGC versus Multiple Matrices ” which
redicts candidate TFs controlling a specific BGC.ced The
urrent implementation integrates more than 4000 TF posi-
ion weight matrices (PWMs) and enables exploration of over
00 000 BGCs from public databases. The COMMBAT score
epresents the likelihood that a TF regulates a given BGC by
ntegrating predicted TF binding affinity with the genomic po-
sition of the binding site and the functional relevance of the
associated target gene [ 13 ]. The selected BGCs can be retrieved
from the MIBiG repository (only known BGCs), or from an-
tiSMASH database or predictions (both including known and
cryptic BGCs). For each application, users select BGCs (step
1, BGC selection) and TF PWMs (step 2, PWM selection). The
results (step 3) are displayed through an interactive cloud plot,
a result table, and a TFBS mapping viewer. In this visualiza-
tion, BGCs associated with higher COMMBAT scores are pre-
dicted to have more biologically relevant regulatory interac-
tions with the queried TF. 

Step I: Input parameter, BGC selection 

COMMBAT supports BGC selection from three sources: (i)
MIBiG database [ 18 ], (ii) antiSMASH database [ 15 ], and (iii)
user-uploaded collections derived from antiSMASH predic-
tions [ 19 ]. From MIBiG repository (version 4.0; 2636 curated
BGCs) , users may select one, multiple, or all BGCs using ref-
erence identifiers, organism names or taxonomic queries. an-
tiSMASH DB entries (version 5; over 400 000 bacterial BGCs
from 54 800 bacterial species) can be also filtered by BGC ref-
erence ID, genome accession number, or organism name. To
maintain computational efficiency, analyses are currently lim-
ited to 20 bacterial species per session. Users may also analyze
their own antiSMASH results by providing the antiSMASH
job ID. 

https://github.com/rstudio/shiny-server
https://www.commbat.uliege.be'
https://gitlab.uliege.be/Silvia.RibeiroMonteiro/commbat.git
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Figure 2. Overview of the four sections of the COMMBAT output results page using option “Multiple BGCs versus One Matrix” on the MIBiG database. 
( A ) Customization Panel for adjusting score thresholds and filtering options, with real-time updates of displayed results and optional highlighting of 
reference BGCs. Users can also highlight specific experimentally validated BGCs (red circles in the Cloud Plot) to gauge the relevance of the COMMBAT 
score. ( B ) Interactive Cloud Plot showing predicted TFBSs ranked by highest COMMBAT score per BGC. ( C ) Interactive Result Table listing predicted 
TFBSs with sortable and searchable metadata. ( D ) TFBS Mapping Viewer displaying the genetic organization of a selected BGC and the positions of 
predicted TFBSs. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/nar/advance-article/doi/10.1093/nar/gkag416/8675559 by guest on 12 M

ay 2026
Step II: Input parameter, position weight matrix 

selection 

Depending on the selected application, users provide one
PWM to scan multiple BGCs or multiple PWMs to
interrogate a single BGC. COMMBAT includes a collection
of 2278 PWMs sourced from four TF databases: COMMBAT
DB (this work), RegPrecise [ 22 ], Logomotif [ 20 ], and Prodoric
[ 21 ]. Users can select the PWM by TF name, TF family, bac-
terial family, or database source. Additionally, users may also
upload or manually define custom PWMs from FASTA for-
matted sequences. 

The integrated PWM databases differ in scope, curation
strategy, and data origin. Prodoric is a manually curated re-
source focused on experimentally validated TFBSs, primarily
from model bacteria such as Bacillus spp., Escherichia coli ,
and model pathogens. RegPrecise combines curated and com-
putationally inferred PWMs, providing broad taxonomic cov-
erage. LogoMotif contains experimentally validated TFBSs
from Streptomyces species, which are particularly relevant for
COMMBAT given their high BGC content. To complement 
these resources and avoid delays in database updates, we de- 
veloped COMMBAT_DB, an up-to-date collection of PWMs 
derived from manually curated, experimentally validated TF- 
BSs as well as high-confidence predicted motifs. Particular care 
was taken to construct sets of TFBSs with diverse sequences to 

limit redundancy, thereby reducing bias from overrepresented 

motifs and improving prediction sensitivity. 

Step III-1a: data output, application “Multiple BGCs 

versus One Matrix ” using MIBiG. 

Results are presented through four interactive modules 
(Fig. 2 ): a Customization Panel (Fig. 2 A), an Interactive Cloud 

Plot (Fig. 2 B), an Interactive Result Table (Fig. 2 C), and a 
TFBS Mapping Viewer (Fig. 2 D). 

The Customization Panel (Fig. 2 A) enables dynamic filter- 
ing of results by (i) the COMMBAT score, (ii) gene functional 
categories, and (iii) limiting results to either the best TFBS per 
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Figure 3. Overview of the four sections of the COMMBAT output results page using option “Multiple BGCs versus One Matrix” on antiSMASH results. 
( A ) Customization Panel with the filter for adjusting the Novelty score threshold in addition to the filter for the COMMBAT score threshold. ( B ) Interactive 
Cloud Plot. Visual representation where each circle corresponds to a predicted TFBS within a BGC. Predicted TFBSs are plotted according to the 
COMMBAT score ( x axis) and BGCs are ranked according to their Novelty score ( y axis). ( C ) Interactive Result Table. ( D ) TFBS Mapping Viewer with 
localization of the two TFBSs selected in the Interactive Result Table. 
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GC or the best TFBS per gene. Because TFs exhibit highly
ariable binding specificities, with differing tolerance to se-
uence variation and often incomplete binding site informa-
ion, universal score thresholds are not biologically meaning-
ul [ 28 ]. Therefore, COMMBAT enables flexible adjustment
f threshold parameters, allowing users to tailor sensitivity
nd specificity according to the TF and biological context. For
ptimal interpretation of results, users are encouraged to con-
ider the known binding characteristics of their TF of interest,
articularly its tolerance to sequence variability. Additionally,
sers may highlight experimentally validated TF–BGC inter-
ctions (reference BGCs in Fig. 2 A and B) to gauge the rele-
ance of the COMMBAT score. All filters update results in real
ime. Optionally, users can tailor the output of their results by
licking on the “Advanced settings” case, allowing them to ac-
ess additional filtering parameters including the “TFBS posi-
ion” (the region where to identify TFBSs), the “Target score,”
he “Interaction score,” and the “PWM score.” All filters up-
ate results in real time. 
The Interactive Cloud Plot (Fig. 2 B) ranks BGCs according

o their highest COMMBAT score, facilitating rapid identi-
cation of candidate regulatory interactions. Results can be
isplayed as best hits per BGC or per gene to display only the
ost reliable predicted TFBS per BGC or per gene. 
The Interactive Result Table (Fig. 2 C). A sortable and

earchable table listing TFBSs from BGCs according to the
OMMBAT score. The table provides detailed metadata for

ach entry, including the BGC reference ID, the associated
compound name(s), the BGC class, the producing organism,
the gene locus and name (when available) linked to the pre-
dicted TFBS, the known or predicted gene function, the gene
BGC functional category, the TFBS sequence, the TFBS posi-
tion relative to the gene’s start codon, and scoring metrics (Tar-
get, Interaction, and COMMBAT scores). Optional columns
include PWM scores and predicted co-transcribed genes, de-
fined as genes located between − 90 and + 170 nt relative
to the upstream stop codon as described by Ribeiro Monteiro
et al. [ 12 ]. 

The TFBS Mapping Viewer (Fig. 2 D) displays the genetic or-
ganization of the selected BGC and highlights predicted TFBS
positions within the BGC. 

Step III-1b: data output, application “Multiple BGCs 

versus One Matrix ” using antiSMASH results 

COMMBAT also supports predictions on BGCs derived
from antiSMASH, either selected from the database or re-
trieved from user-uploaded collection predictions (Fig. 3 ). an-
tiSMASH “KnownClusterBlast” similarity values to known
MIBiG BGCs [ 18 ] are converted into a “Novelty score” de-
fined as 1 minus the similarity percentage, ranging from 0
(fully characterized, known BGC) to 1 (no similarity, cryptic
BGC). Results are displayed through the COMMBAT inter-
face described above, with additional visualization of a Nov-
elty score to highlight potentially cryptic BGCs. The cloud
plot can display TFBSs according to COMMBAT score while
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Figure 4. Overview of the four sections of the COMMBAT output results page using option “One BGC versus Multiple Matrices.” ( A ) Customization 
Panel allowing tagging of experimentally validated TFs as benchmarks to assess other candidate regulators (see selected PWMs 1, 2, 3 in the “Tag 
reference matrices” window). ( B ) Interactive Cloud Plot. PWMs are ranked in decreasing order of their highest TFBS COMMBAT score and the selected 
reference TFs/PWMs (1, 2, 3) are highlighted in red. ( C ) Interactive Result Table. In the example, the table only shows the TFBSs associated with the 
PWM selected in the Customization Panel. ( D ) TFBS Mapping Viewer with localization of the TFBS selected in the Interactive Result Table. 
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ranking BGCs by Novelty, or by ranking BGCs solely by their
highest COMMBAT score (Fig. 3 B). The combined use of both
metrics facilitates identification of cryptic BGCs (high Novelty
score) under predicted transcriptional control (high COMM-
BAT score). 

Step III-2: data output, application “One BGCs 

versus Multiple Matrices ”

In the “One BGC versus Multiple Matrices ” application,
COMMBAT predicts TFs potentially regulating a selected
BGC. Results are visualized through the interactive mod-
ules described above, with TFBSs ranked according to their
COMMBAT scores to highlight candidate regulators with the
strongest predicted interactions (Fig. 4 ). Additionally, users
may restrict outputs to the top hit per BGC or per gene and
optionally highlight experimentally validated TF–BGC inter-
actions (reference PWMS in Fig. 4 A and B) to gauge the rele-

vance of the COMMBAT score. 
Future developments 

Future development of COMMBAT will focus on expand- 
ing both the scope of its regulatory predictions and the us- 
ability of the web platform. PWM and BGC databases will 
be regularly updated, and support for gapped and variable- 
length motifs will be implemented to overcome current lim- 
itations to ungapped PWMs. Expanding motif diversity and 

TF coverage will improve predictions across broader bac- 
terial taxa. Planned developments also include increased 

computational capacity for large-scale antiSMASH analy- 
ses and integration of rhizoSMASH, gutSMASH, and other 
upcoming BGC resources. We are also considering extend- 
ing COMMBAT to archaeal, fungal and plant BGCs, How- 
ever, this will require addressing key challenges, including 
differences in promoter architecture, more complex gene 
organization such as intron–exon structures, and the lim- 
ited availability of well-characterized PWMs in nonbacterial 
systems. 
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