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Abstract

Motivation: Taxonomic analysis of environmental microbial communities is now routinely performed thanks to advances in DNA sequencing.
Determining the role of these communities in global biogeochemical cycles requires the identification of their metabolic functions, such as
hydrogen oxidation, sulfur reduction, and carbon fixation. These functions can be directly inferred from metagenomics data, but in many envi-
ronmental applications metabarcoding is still the method of choice. The reconstruction of metabolic functions from metabarcoding data and
their integration into coarse-grained representations of biogeochemical cycles remains a difficult bioinformatics problem today.

Results: We developed a pipeline, called Tabigecy, which exploits taxonomic affiliations to predict metabolic functions constituting biogeo-
chemical cycles. In a first step, Tabigecy uses the tool EsMeCaTa to predict consensus proteomes from input affiliations. To optimize this
process, we generated a precomputed database containing information about 2404 taxa from UniProt. The consensus proteomes are searched
using bigecyhmm, a newly developed Python package relying on Hidden Markov Models to identify key enzymes involved in metabolic function
of biogeochemical cycles. The metabolic functions are then projected on coarse-grained representation of the cycles. We applied Tabigecy to
two salt cavern datasets and validated its predictions with microbial activity and hydrochemistry measurements performed on the samples. The
results highlight the utility of the approach to investigate the impact of microbial communities on biogeochemical processes.

Availability and implementation: The Tabigecy pipeline is available at https://github.com/ArnaudBelcour/tabigecy. The Python package bige-
cyhmm and the precomputed EsMeCaTa database are also separately available at https://github.com/ArnaudBelcour/bigecyhmm and https://

doi.org/10.5281/zenodo.13354073, respectively.

1 Introduction

The characterization of environmental microbial communi-
ties has enormously progressed thanks to advances in meta-
barcoding and metagenomics over the past two decades
(Pinto and Bhatt 2024). These approaches are based on high-
throughput sequencing and allow the identification of micro-
bial community composition in different environments
(Thompson et al. 2017, Shaffer et al. 2022). Moreover, they
enable the analysis of metabolic functions associated with in-
dividual microbial species, genera or families in order to un-
derstand, e.g. their impact on soil biogeochemistry. One of
the ultimate objectives is to elucidate the role these organisms
play in major biogeochemical cycles (Sunagawa et al. 2020,
Sokol et al. 2022).

Metagenomics approaches sequence DNA extracted from
environmental samples and assemble genomes without the
need for lab cultivation (Chen and Pachter 2005, Escobar-
Zepeda et al. 2015). The metabolic functions associated with
the genomic data can be directly inferred by matching DNA
sequences with corresponding protein sequences in annotated
reference databases. In comparison with metagenomics,
metabarcoding approaches are directed against specific

barcode sequences (e.g. 16S rRNA in bacteria). The sequen-
ces are amplified through Polymerase Chain Reaction (PCR)
and compared with a taxonomic reference database to iden-
tify the presence of specific taxa in the sample (Taberlet ez al.
2012). The association with metabolic functions is then
obtained either by literature search or by relying on anno-
tated genomes available in public databases. In metabarcod-
ing, the relation between the DNA extracted from a sample
and metabolic functions of the microorganisms is thus more
indirect, mediated by taxonomic categories, than in metage-
nomics. Metabarcoding is still a method of choice in many
environmental studies, however, among other things because
it (i) requires less DNA for sequencing, (ii) is faster when
dealing with a great amount of samples, and (iii) requires less
bioinformatics analysis (Srinivas et al. 2022).

The mapping of metabarcoding data to networks of meta-
bolic functions interconverting organic and inorganic com-
pounds present in the environment is a complex
bioinformatics problem. Several methods have been devel-
oped for extracting metabolic functions from metabarcoding
data, such as PICRUSt2 (Douglas et al. 2020) or Tax4Fun2
(Wembheuer et al. 2020). These methods are usually limited to
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16S markers and, more fundamentally, they return specific
annotation types (EC numbers, KEGG orthologs, ...) that
may be difficult to interpret and to integrate into aggregated
steps of biogeochemical cycles, such as methanogenesis, deni-
trification, and sulfate reduction. There exist methods for
extracting such coarse-grained metabolic functions from se-
quencing data of microbial communities, notably
METABOLIC (Zhou et al. 2022). This method, however, is
restricted to metagenomics data and cannot be easily adapted
for datasets generated by metabarcoding.

In this work, we propose an integrated approach for the re-
construction of coarse-grained representations of biogeo-
chemical cycles from metabarcoding data which addresses
the above problems. The approach takes the form of a bioin-
formatics pipeline which, in a first step, exploits taxonomic
affiliations from metabarcoding sequencing to obtain a list of
enzymes (metabolic reactions) occurring in the species associ-
ated with the taxa. This step is based on the method
EsMeCaTa, which predicts consensus proteomes from taxo-
nomic affiliations (Ruiz et al. 2024, Belcour et al. 2025), and
exploits a precomputed database relating taxa to proteomes
to speed up computations. In a second step, the list of
enzymes (metabolic reactions) inferred from the metabarcod-
ing data are analyzed by means of Hidden Markov Models
(HMMs) linking proteins to coarse-grained metabolic func-
tions associated with biogeochemical cycles. This second step
is based on METABOLIC (Zhou et al. 2022), while slightly
modifying its repertoire of HMMs to account for genes of in-
terest in specific environments. In a third step, the inferred
metabolic functions are mapped to carbon, nitrogen, and sul-
fur cycle diagrams, each consisting of metabolic functions
and the compounds they consume and produce. The entire
pipeline, called Tabigecy, has been implemented in the work-
flow language Nextflow (Di Tommaso et al. 2017). The code
of the pipeline as well as the Python package performing the
HMM search of metabolic functions (bigecyhmm) and the
precomputed EsMeCaTa database are available.

We show the applicability of the Tabigecy pipeline by ana-
lyzing two datasets concerning microbial communities in salt
caverns (Bordenave et al. 2013, Schwab et al. 2022). The
analysis reproduces the main features of the interpretation of
the data in the source publications, but also refines the con-
clusions and proposes new insights. Our results notably high-
light the diversity of metabolic functions active in different
caverns, suggest how this diversity could be related to human
activity, and discuss the impact of identified metabolic func-
tions on the capacity for CO, and H, storage.

The approach presented in this article is generally applica-
ble to metabarcoding datasets in environmental microbiol-
ogy, possibly after refining the prediction of coarse-grained
metabolic functions to the type of communities and biogeo-
chemical cycles studied. The approach is modular in that the
prediction of coarse-grained metabolic functions can also
start from a list of proteins obtained from the analysis of
metagenomics rather than metabarcoding datasets.

2 Materials and methods

2.1 Implementation of the Tabigecy pipeline

The Tabigecy pipeline was developed as a Nextflow
workflow (Di Tommaso et al. 2017). The pipeline can be di-
rectly called at its GitHub repository using nextflow run
ArnaudBelcour/tabigecy ... in the local command line, as

Belcour et al.

detailed in the README file of Tabigecy. Tabigecy consists
of three processes (Fig. 1) and expects three mandatory
inputs: (i) a file with taxonomic affiliations in tabulated for-
mat, processed by the ETE3 package (Huerta-Cepas et al.
2016), (ii) the precomputed EsMeCaTa database, and (iii) an
output folder. There are two optional arguments: (i) a tabu-
lated file listing the abundances associated with the taxo-
nomic affiliations and (ii) the number of cores to be used
by bigecyhmm.

2.2 Generation and use of the EsMeCaTa database

To obtain the input for the construction of the EsMeCaTa
database, a SPARQL query was performed on the UniProt
Endpoint (Bateman et al. 2025), resulting in a list of all taxa
available for each taxonomic rank (“species,” “genus,”
“family,” “order,” “class,” and “phylum”), corresponding to
six tabulated files. For each file, the “esmecata proteomes”
command was run against UniProt (version 2024_05;
Bateman et al. 2025), using the rank limit option associated
with the corresponding taxonomic rank. For example, when
processing species, the rank limit parameter of EsMeCaTa
was set to “species,” to avoid EsMeCaTa using higher taxo-
nomic ranks. EsMeCaTa produces a list of taxa, having at
least five associated proteomes, and the corresponding pro-
teomes. The latter were then clustered with “esmecata
clustering” using 36 CPUs on a HPC cluster by means of
MDMseqs2 (version 15.6f452; Steinegger and Soding 2017).
Next, the consensus proteomes predicted by EsMeCaTa were
annotated by means of “esmecata annotation” using
eggNOG-mapper (version 2.1.12) and the eggNOG database
(version 5.0.2; Huerta-Cepas et al. 2019, Cantalapiedra et al.
2021). The generation of the annotated consensus proteomes
using the HPC cluster took 104 h for “esmecata proteomes,”
25h for “esmecata clustering” (32 cores), and 31h for
“esmecata annotation” (32 cores).

The folders containing the above results were then used as
input by the new EsMeCaTa command esmecata_create_db.
The command compiles the information for each taxon into
a consensus proteome FASTA file and an annotation file. The
annotation file is generated by combining the results from
eggNOG-mapper and MMseqs2, listing for each protein clus-
ter the annotation and the included proteins. The new sub-
command esmecata precomputed extends the standard
esmecata workflow command to exploit the database thus
obtained. It takes as input a tabulated file containing taxo-
nomic affiliations and the compressed zip archive of the data-
base. EsMeCaTa parses the taxonomic affiliations using
ETE3 and searches for the presence of corresponding taxa in
the database. If it finds a match, the consensus proteome
FASTA file and the annotation file are extracted and trans-
ferred to the output folder.

The above commands and the precomputed database were
included in a new version of EsMeCaTa (version 0.6.0).

» «

2.3 Implementation of the bigecyhmm package

We developed the Python package bigecyhmm, which re-
implements the task in METABOLIC (Zhou et al. 2022)
concerned with the prediction of coarse-grained metabolic
functions in biogeochemical cycles from consensus pro-
tein sequences.

Function prediction is called by means of the command
bigecybmm and takes as input either (i) a FASTA file with
protein sequences or (ii) a folder containing multiple such
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Figure 1. Overview of the Tabigecy pipeline. The input of Tabigecy consists of (i) taxonomic affiliations assigned to metabarcoding data, (i) the
EsMeCaTa database with precomputed mappings of concensus proteomes to taxonomic affiliations, and optionally, (iii) the abundance of the sequenced
organisms in the environmental samples. The output of Tabigecy consists of coarse-grained metabolic functions associated with biogeochemical cycles
and their visualization. The figure also summarizes the generation of the precomputed EsMeCaTa database. The pipeline draws upon a variety of existing
bioinformatics tools, and extends and optimizes them for the purpose of this study, as explained in the main text.

FASTA files. An internal database, contained within the
package, includes the HMM profiles for enzymes associated
with  biogeochemical cycles used by METABOLIC.
Compared to the profiles in METABOLIC, several HMM
profiles associated with the following genes were added:
hycE (formate lyase), acsB (acetyl-CoA synthase), fthfs/fhs
(formate-tetrahydrofolate ligase), mtaB/mtbA (coenzyme M
methyltransferase), and hydB/bydG (sulthydrogenase).

The input protein sequences are searched for matches with
the HMM profiles using PYHMMER (Larralde and Zeller
2023), a Python library binding to HMMER (Eddy 2011).
Boolean functions consisting of combinations of OR and
AND operators between HMM profiles are used to conclude
on the presence of specific coarse-grained metabolic func-
tions. When a folder of FASTA files is provided as input to
bigecyhmm, the number of cores can be specified as an op-
tional argument of the command. bigecyhmm then parallel-
izes the process by distributing the HMM search of
individual protein sequence files over the cores.

The biogeochemical cycle diagrams of Zhou et al. (2022)
were reconstructed as svg templates and the metabolic func-
tion predictions are projected on the diagrams using the
Pillow library (Murray et al. 2025). bigecyhmm also com-
putes the occurrence and, when a file with the abundances of
microbial species is given as an additional input, the relative
abundance of each metabolic function. Occurrences are de-
fined as the number of taxa possessing a function as a frac-
tion of the total number of taxa in the community. Relative
abundances correspond to the sum of the abundances of all
taxa possessing a function divided by the sum of abundances
in the sample. Heatmaps describing either the occurrence or
abundance of all metabolic functions are generated using sea-
born (Waskom 2021) and matplotlib (Hunter 2007, T. M. D.

Team 2024) packages. The occurrences and abundances of
major identified functions in the biogeochemical cycles are
also shown in polar plots generated by means of the plotly
package (P. T. Inc. 2015).

2.4 Salt cavern datasets

The communities sequenced in the study of Schwab et al.
(2022) were analyzed by first retrieving the reads available in
European Nucleotide Archive (ENA, accession number
PRJEB49822). The >500 000 reads were processed by means
of the FROGs pipeline (version 4.1.0; Escudié et al. 2018,
Bernard et al. 2021) accessible through Galaxy France
(https://usegalaxy.fr/; Abueg et al. 2024) to infer Amplicon
Sequence Variants. In more detail, reads were first merged
with VSEARCH (version 2.17.0; Rognes et al. 2016) and der-
eplicated. They were then clustered using swarm with dis-
tance parameter equal to 1 and fastidious option (version
3.0.0; Mahé et al. 2021). Chimera were identified by means
of VSEARCH and removed. Only clusters comprising at least
0.005% of all sequences were retained and those aligning to
contaminants, as determined by means of BLAST (version
2.10; Camacho et al. 2009) were removed. Taxonomic as-
signment was then performed using BLAST and the reference
database 16S SILVA 138.1 (Quast et al. 2013) with best-hit
approach using a 96% identity threshold. The resulting file in
Biological Observation Matrix (BIOM) format was converted
into a tabulated file.

Table 2 in the study of Bordenave et al. (2013) was used to
create the Tabigecy input files with taxonomic affiliations.
Each genus in the table was processed by the ETE3 package
(version 3.1.3; Huerta-Cepas et al. 2016) to retrieve the
whole lineage (from genus to kingdom). Associating a genus
with its complete lineage is necessary to prepare the input file
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for EsMeCaTa, in order to allow EsMeCaTa to use a higher
taxonomic level when not enough proteomes are found at the
genus level.

2.5 Application of the pipeline to salt cavern
communities

The two salt cavern datasets were processed using Tabigecy
(version 0.1.1). Consensus proteome predictions were per-
formed by EsMeCaTa (version 0.6.4) with the precomputed
database (version 1.0.0) generated from UniProt release
2024_05 and the NCBI Taxonomy database with timestamp
2024-10-01. Prediction and visualization of the coarse-
grained metabolic functions was achieved by means of bige-
cyhmm (version 0.1.6). On a personal computer, using 5
cores, the whole workflow took 14 min to complete for the
Schwab dataset and 3 min for the Bordenave dataset. By com-
parison, the original EsMeCaTa application without the pre-
computed database took 12.5h to process the Schwab
dataset and 3 h for the Bordenave dataset on a computer clus-
ter with 10 cores. The PCA biplots in the Supplementary
information were generated using R (version 4.4.1; R Core
Team 2024), factoextra library (version 1.0.7; Kassambara
and Mundt 2020) and the ade4 library (version 1.7-22;
Chessel et al. 2004, Dray et al. 2007, Dray and Dufour 2007,
Thioulouse et al. 2018). Correlation plots for PCA dimen-
sions and function abundances were created by means of the
R corrplot library (version 0.94; Wei and Simko 2024).

3 Results

3.1 Pipeline for inferring coarse-grained
representations of biogeochemical cycles from
taxonomic affiliations

Tabigecy is a workflow which takes as input taxonomic affili-
ations resulting from the taxonomic assignment of metabar-
coding sequences and which produces as output network
diagrams of metabolic functions associated with major bio-
geochemical cycles (Fig. 1). It accepts the relative abundances
of the microorganisms in the community as an additional, op-
tional input to weigh the activity of the metabolic functions.
Tabigecy has been implemented in the workflow system
Nextflow (Di Tommaso et al. 2017), which allows to con-
struct a computational pipeline from individual tasks defined
with input requirements and output declarations. Below we
characterize the basic functionality of the pipeline in three
steps, putting special emphasis on the novel contributions of
this work. For technical details on the implementation of
Tabigecy, we refer to the Section 2.

3.1.1 Prediction of consensus proteomes from taxonomic
affiliations

The input of the approach consists of the taxonomic affilia-
tions of the microbial species present in the sample, as identi-
fied from the metabarcoding data (Liu et al. 2021). We first
use EsMeCaTa (Ruiz et al. 2024, Belcour et al. 2025) to pre-
dict consensus proteomes from the taxonomic affiliations. In
summary, EsMeCaTa searches the UniProt database
(Bateman et al. 2025) for the proteomes associated with each
taxon (species, genus, family, ...). It then uses MMseqs2
(Steinegger and Soding 2017) to generate consensus sequen-
ces for proteins by clustering the UniProt proteomes at a spe-
cific taxonomic rank. The resulting consensus proteomes are
annotated with eggNOG-mapper (Huerta-Cepas et al. 2019,
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Cantalapiedra et al. 2021), which assigns functional catego-
ries to the protein clusters based on orthology predictions.
The entire process of EsMeCaTa is resource and time-
consuming and may take up to tens of hours to complete. In
order to overcome this limitation, we generated a precom-
puted database of EsMeCaTa predictions and exploit this
database to optimize the process. The database was obtained
by running EsMeCaTa on 25 874 taxa present in UniProt
(Table 1), at different taxonomic ranks, using a computer
cluster (Section 2). This greatly reduces the time required by
EsMeCaTa to predict consensus proteomes, typically to tens
of minutes for the datasets considered below. Moreover, it
improves the reproducibility of the results by ensuring that a
well-defined database is used in every run of EsMeCaTa.

3.1.2 Inference of coarse-grained metabolic functions from
consensus proteomes
In a second step, the workflow uses the consensus proteomes
derived in the previous step to predict coarse-grained meta-
bolic functions accomplished by environmental microbial
communities. We developed the Python package bigecyhmm
which implements the search for enzymes involved in meta-
bolic functions using Hidden Markov Models (HMMs),
as proposed in METABOLIC (Zhou et al. 2022). The
METABOLIC implementation has a complex architecture
with multiple dependencies for metabolic function prediction,
which does not allow this task to be easily isolated and
adapted to metabarcoding data. The bigecyhmm package
was designed to be portable, self-contained, and easy-to-use.
bigecyhmm takes as input protein sequences in FASTA
files, which are searched by pyHmmer (Larralde and Zeller
2023) using an internal database of HMMs. The enzymes
thus identified are then mapped to coarse-grained metabolic
functions involved in biogeochemical cycles. In comparison
with METABOLIC, we extended the repertoire of HMM:s
with five profiles to account for metabolic specificities of the
microbial communities in salt caverns analyzed in this work
(Section 2).

3.1.3 Visualization of metabolic functions in

biogeochemical cycles

In a third step, Tabigecy visualizes the identified metabolic
functions in the form of a polar plot summarizing the major
functions. Moreover, it projects the functions on biogeo-
chemical cycle diagrams for carbon, sulfur and nitrogen bor-
rowed from Zhou et al. (2022). The diagrams show which
organic and inorganic compounds in the environment are
consumed and produced by the metabolic functions. If the
abundances of the microorganisms in the communities are
provided as optional input (e.g. through high-throughput

Table 1. Contents of the precomputed EsMeCaTa database.?

Taxonomic rank UniProt taxa Included taxa Number of proteomes

Species 13187 403 5043
Genus 8926 960 11 490
Family 2215 519 9519
Order 899 292 7169
Class 373 139 4298
Phylum 274 91 2942

? The column “UniProt taxa” refers to the total number of taxa in
UniProt and the column “Included taxa” to those having more than five
associated proteomes and included in the precomputed
EsMeCaTa database.
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sequencing of 16S rRNA), then the functions are weighted by
the relative abundances. Tabigecy also generates a heatmap
showing, for each metabolic function associated with an
HMM, the relative abundance of the microorganisms (when
available) or the relative occurrence of this function in the
taxa identified in the sample (Section 2).

3.1.4 Benchmarking of workflow tasks

While the Tabigecy pipeline performs a task that is, to our
knowledge, not covered by other tools in the literature, it is
possible to compare subtasks of the pipeline with existing
tools. We performed two such benchmarking studies (see
Supplementary Text S1 for details). First, we compared the
prediction of metabolic functions from reference metabarcod-
ing datasets using both Tabigecy and other tools for this pur-
pose, notably PICRUSt2 and Tax4Fun2 (Douglas et al. 2020,
Wembheuer et al. 2020) (Supplementary Fig. S1). Second, we
compared the predicted coarse-grained representations of
biogeochemical cycles obtained by bigecyhmm with the pre-
dictions of METABOLIC (Zhou et al. 2022) using as input
several metagenomics datasets available in the literature
(Supplementary Fig. S2). The conclusion of these benchmark-
ing studies is that Tabigecy performs similarly to some of the
best available tools on the isolated subtasks.

3.2 Application of the pipeline to the analysis of salt
cavern communities

Salt caverns are artificial underground formations that are
created by drilling a well into a salt formation and injecting
water to dissolve the salt, called solution mining. The result-
ing brine, consisting of water mixed with salt, is extracted,
leaving space for storage. The impermeability of salt caverns
prevents gas leakage, making them ideal for gas storage
(Voormeij and Simandl 2004). Despite the high salinity of the
environment, microbial life, mostly bacteria and archaea, is
abundant in salt caverns. In case of hydrogen storage, micro-
bial activity can change the gas composition and damage the
operating infrastructure (Dopffel et al. 2021). Current
knowledge of the microbiology of salt caverns is limited for a
number of reasons, including the difficulty to obtain suffi-
cient DNA from samples for characterizing microbial diver-
sity, the under-representation of salt cavern communities in
public genome databases, and the difficulty of culturing mi-
crobial species present in caverns in the laboratory (Lépez-
Lépez et al. 2013, Stowakiewicz et al. 2024). Predicting the
metabolic functions performed by microbial communities in
salt caverns is helpful for designing mitigation strategies
against harmful microbial reactions. We therefore applied
our Tabigecy pipeline to two publicly available datasets
(Section 2).

3.2.1 Diversity of acetate metabolism in salt caverns

Schwab et al. (2022) investigated the microbial diversity in
five German salt caverns (Cav. A to E) which have been used
for natural gas storage. Taxonomic assignment of the meta-
barcoding reads was performed on duplicate samples from
the caverns and the resulting affiliations were used to predict
metabolic functions using Tabigecy (Fig. 1). The results for
each replicate and each sample are shown in Supplementary
Figs S3 and S9. As observed by Schwab et al. (2022) at the
taxonomic level, the replicates of Cav. A, C, and E yield re-
producible functional profiles, whereas replicates of Cav. B
and D have several differences.
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We performed a Principal Component Analysis (PCA) on
the predicted metabolic functions in the different samples and
found that the «caverns separate into two groups
(Supplementary Fig. S4A). We analyzed one representative
sample of each group in detail (A1 and D1, the first replicates
of caverns A and D). The polar plot in Fig. 2A shows the
main metabolic functions performed by the communities in
the two caverns. The plot reveals that many functions are pre-
sent in both caverns, e.g. generic metabolic functions like fer-
mentation and organic carbon oxidation, but also more
specific functions such as iron reduction and sulfur oxidation.
However, the analysis also predicts differences, such as the
presence of hydrogen generation in A1, but not in D1. One of
the major differences concerns acetate metabolism: whereas
acetate is produced in Al, it is consumed in D1. The latter
observation is confirmed by the PCA in Supplementary Fig.
S4, where the analysis of the main principal components
shows that acetate oxidation and acetogenesis are seen to be
strongly but negatively correlated.

The predicted metabolic functions were mapped to the bio-
geochemical cycle diagram for carbon, shown in Fig. 2B. The
functions were weighted with the measured relative abundan-
ces of microorganisms predicted to perform these functions,
based on the information provided by the consensus pro-
teomes. When focusing on acetate production and consump-
tion, the diagram indicates that acetogenesis from hydrogen
and CO,, via the Wood-Ljungdahl pathway, occurs in Al,
whereas acetate oxidation takes place in D1. These two pre-
dictions are strongly supported by the abundance data, which
suggest that the vast majority of microorganisms in A1 have
the capacity for acetogenesis (74%) and in D1 for acetate ox-
idation (94%). Ethanol oxidation is predicted to be more pre-
sent in D1 than in Al.

The above predictions can be validated by hydrochemical
measurements reported in the same study (Schwab et al.
2022). Acetate is present at a concentration of 0.5 mM in A1,
but is undetectable in D1, consistent with the predominance
of acetate production in Al and of acetate consumption in
D1. Ethanol is present in both samples, but at a higher con-
centration in A1 than in D1 (2.6 versus 7.0 mM), as expected
from the abundances. Ethanol is probably artificially intro-
duced in caverns due to injection of workover fluids, showing
the possible consequences of human intervention on biogeo-
chemical cycles.

The reconstruction of coarse-grained representations of
biogeochemical cycles by means of Tabigecy is thus shown to
reproduce and refine the main observations in the original
study. In particular, our analysis provides further evidence
for the hypothesis of Schwab e al. that the community is ca-
pable of producing acetate from hydrogen and CO,. While
Fig. 2 focuses on the carbon cycle, Supplementary Fig. S5 dis-
plays the projection of the metabolic functions on the nitro-
gen and sulfur cycles.

3.2.2 Impact of microbial activity on CO, storage capacity

Bordenave ef al. (2013) analyzed four samples from a salt
cavern plant in Canada, including brine samples obtained
from two salt caverns (SC02 and SCO03), in view of the use of
these caverns for CO; storage. The two caverns differ in that
one had been used for oily sand disposal (SC02) whereas the
other was unused (SC03). The authors already assigned taxo-
nomic categories to the data and provided the relative abun-
dances of the microorganisms in the samples, which were
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Figure 2. Reconstruction of coarse-grained representations of biogeochemical cycles from the taxonomic affiliations of salt cavern communities. Salt
cavern datasets from Schwab et al. (2022) and Bordenave et al. (2013) were analyzed using the Tabigecy pipeline. (A) Polar plot indicating for each major

metabolic function the relative abundance of microorganisms found in two

samples (A1 and D1) in the Schwab dataset. Only functions having at least

10% of relative abundance in a sample are shown. (B) Projection of the metabolic functions from panel A on the carbon cycle diagram from Zhou et al.
(2022), with weights in the functions given by the relative abundance of the organisms in the two samples. Measurements of acetate and ethanol from
Schwab et al. (2022) are shown in the accompanying table. (C) As in panel A, but for two samples (SC02 and SC03) from the Bordenave dataset. (D) As in
panel B, but for the Bordenave dataset, completed with measurements of acetate and methane in high and low salinity conditions (Bordenave

etal. 2013).

used as input for Tabigecy. The results for all samples are
shown in Supplementary Figs S6 and S10.

Like for the previous salt cavern study, we find a global
correspondence of metabolic functions in the two samples
but also interesting differences (Fig. 2C). A first observation
is that in both samples, as observed by Schwab ez al. (2022),
a vast majority of organisms are capable of fermentation and
organic carbon oxidation. Moreover, the samples show pre-
dicted differences in acetate metabolism, like in the previous
study. Whereas acetate oxidation (consumption) is found in
SC02, acetate is produced in the cavern corresponding to
SCO03. Other major differences between the two samples are
the capacity for methanogenesis, present in SC02 (63% of

microorganisms) but much less so in SC03 (19%), and the ca-
pacity for hydrogen oxidation, present in SC03 (93%) but
much less so in SC02 (12%). This observation is confirmed
by the differential correlation of the metabolic functions with
the first dimension of the PCA, which accounts for almost
80% of the variance in the data (Supplementary Fig. S7).
Mapping the identified functions to the carbon cycle dia-
gram suggests possible explanations for the above-mentioned
differences (Fig. 2D). It seems that in SC02, hydrogen accu-
mulating in the caverns is mostly converted into methane,
whereas in SC03, hydrogen is utilized both by acetogenesis
and hydrogen oxidation. This hypothesis is partially vali-
dated by the microbial activity measurements carried out
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through enrichment cultures in the laboratory, in the pres-
ence of CO, and for different levels of salinity (Bordenave
et al. 2013). A 4-fold higher concentration of methane was
found in SC02 as compared to SC03 (at low salinity), while
acetate is detected at higher concentrations in SC03 as com-
pared to SC02 (at high salinity). These differences are
expected given the higher capacity for methanogenesis in
SCO02 and for acetogenesis in SC03. Given the high salinity in
salt caverns, the absence of methanogenesis in high-salinity
conditions suggests little consumption of CO,, a substrate for
methanogenesis together with hydrogen. This implies a lower
risk for CO, loss in case the caverns are used for
CO; storage.

The above observations concern the carbon cycle, but
analysis of the nitrogen and sulfur cycles shown in
Supplementary Fig. S8 may provide further insights. The pre-
dicted strong presence of sulfur-related functions producing
toxic, corrosive H,S gas is an interesting observation for fur-
ther research on the microbiology of salt caverns (Dopffel
etal. 2021).

4 Discussion

Tabigecy is a workflow to predict coarse-grained metabolic
functions accomplished by microbial communities from
metabarcoding data and map these functions to global bio-
geochemical cycles. Tabigecy takes as input taxonomic affili-
ations inferred from the sequence data and predicts
consensus proteomes at the most specific taxonomic ranks
possible given the available proteomes in public databases.
The consensus proteomes are then analyzed to identify meta-
bolic functions associated with key enzymes and these func-
tions are projected on global cycles for carbon, nitrogen, and
sulfur. The identified metabolic functions can be given more
or less weight by taking into account, as optional input, the
measured abundances of the microorganisms predicted to
carry out the functions. The challenge is to make reliable pre-
dictions from metabarcoding data, which, while being less
informative than metagenomics data, are often found in envi-
ronmental studies for reasons of costs, speed, and technical
constraints (Srinivas et al. 2022).

The pipeline is built upon existing bioinformatics tools but
adapts and optimizes them for our purpose. Tabigecy uses
EsMeCaTa for the prediction of consensus proteomes from
taxonomic affiliations (Ruiz et al. 2024, Belcour et al. 2025),
but exploits a newly developed precomputed database which
strongly reduces run times (around 60-fold for the datasets
considered here, with half the number of the cores, see
Section 2). While the idea of inferring metabolic functions
from sequence data and the projection of these functions on
diagrams of biogeochemical cycles was borrowed from
METABOLIC (Zhou et al. 2022), Tabigecy adapts the ap-
proach both on the conceptual and implementational level.
Instead of taking metagenomics data as input, we start from
metabarcoding data. The latter are widely used in studies of
environmental communities where the DNA yields of samples
are often low. Moreover, we reimplemented one of the core
tasks of METABOLIC, the HMM search of proteomes to
identify enzymes involved in metabolic functions, in a stand-
alone Python package, bigecyhmm, allowing this task to be
integrated into Tabigecy and other pipelines. We also slightly
enlarged the repertoire of HMMs with profiles specific to the
communities analyzed in this work.
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We tested the capabilities of Tabigecy by analyzing two
biogeochemistry datasets obtained in salt caverns. These cav-
erns can be used for the storage of hydrogen and CO,, which
poses the question of the interactions between the stored
gases and resident microbial communities. The application of
Tabigecy reproduced the observations made in the original
source publications (Bordenave et al. 2013, Schwab et al.
2022), but also provided a more comprehensive and quanti-
tative view. Instead of limiting the analysis to a few a-priori
selected metabolic functions, we systematically scanned the
datasets for evidence of the presence of dozens of functions.
Moreover, the integration of measurements of microbial
abundances makes it possible to assign a quantitative weight
to predicted metabolic functions. It is important to emphasize
that the predicted functions correspond to a metabolic poten-
tial but not necessarily to a metabolic activity, as the enzymes
involved in the functions may be inactive. Some of the predic-
tions of Tabigecy, however, could be validated by relating the
microbial functions to reported measurements of substrates
and products obtained in situ or from laboratory enrich-
ment cultures.

Tabigecy is directly applicable to the study of other envi-
ronmental microbial communities, for which it is often diffi-
cult to extract enough DNA for metagenomic analyses. This
generalization of the pipeline to other applications may re-
quire the extension of the repertoire of available HMMs and
metabolic functions. Moreover, one needs to be aware of pos-
sible limitations and biases that were also encountered in the
analysis of the salt cavern datasets. First, the functional char-
acterization of communities with little-studied microorgan-
isms may be less reliable. When few relatively close
proteomes are available, EsMeCaTa will use more distant
organisms to produce consensus proteomes (Belcour et al.
2025). The latter are potentially less representative for the
microorganisms under study. In addition, due to evolutionary
divergence, bigecyhmm may have more difficulty in identify-
ing, in the proteomes, key enzymes of metabolic functions for
uncharacterized species. A second bias comes with the use of
16S barcode sequences to quantify abundances of specific
microorganisms in a sample (Matchado et al. 2024). The
copy number of 16S genes varies within and between species
(Acinas et al. 2004), which may lead to over- or underesti-
mated abundances. While methods have been developed to
correct for this bias by predicting 16S gene copy numbers
(Douglas et al. 2020), they may be difficult to apply in the
case of poorly studied microorganisms.

A major strength of Tabigecy is that it integrates the meta-
bolic functions inferred from the sequence data into diagrams
that provide a coarse-grained representation of biogeochemi-
cal cycles. These diagrams are helpful for understanding the
functioning of the communities and identifying possible per-
turbations due to human interference (Amundson et al.
2025), as illustrated by the analysis of the Schwab dataset.
The use of the diagrams could be pushed further by realizing
that every identified coarse-grained metabolic function corre-
sponds to a macroreaction, e.g. HCO; + 4 H, + HY —
CH,4 + 3 H,O for methanogenesis. Together, the reactions
describe the flow of material through carbon, nitrogen, and
sulfur cycles. The network of metabolic macroreactions thus
obtained could be transformed into a mathematical model
enabling the quantitative analysis and simulation of the com-
munity dynamics (Widder et al. 2016). This opens the per-
spective of gaining a better, time-resolved understanding of
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the interactions between human activities and environmental
microbial communities, e.g. in the context of underground
gas storage and other industrial applications.
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