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Background: The rapid accumulation of sequencing data from metagenomic studies is enabling the gen-
eration of huge collections of microbial genomes, with new challenges for mapping their functional
potential. In particular, metagenome-assembled genomes are typically incomplete and harbor partial
gene sequences that can limit their annotation from traditional tools. New scalable solutions are thus
needed to facilitate the evaluation of functional potential in microbial genomes.
Methods: To resolve annotation gaps in microbial genomes, we developed KEMET, an open-source Python
library devised for the analysis of Kyoto Encyclopedia of Genes and Genomes (KEGG) functional units.
KEMET focuses on the in-depth analysis of metabolic reaction networks to identify missing orthologs
through hidden Markov model profiles.
Results: We evaluate the potential of KEMET for expanding functional annotations by simulating the
effect of assembly issues on real gene sequences and showing that our approach can identify missing
KEGG orthologs. Additionally, we show that recovered gene annotations can sensibly increase the quality
of draft genome-scale metabolic models obtained from metagenome-assembled genomes, in some cases
reaching the accuracy of models generated from complete genomes.
Conclusions: KEMET therefore allows expanding genome annotations by targeted searches for ortholo-
gous sequences, enabling a better qualitative and quantitative assessment of metabolic capabilities in
novel microbial organisms.
© 2022 The Authors. Published by Elsevier B.V. on behalf of Research Network of Computational and
Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-
commons.org/licenses/by-nc-nd/4.0/).
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1. Introduction and fast [4]. Functional analysis of genomes derived from metage-

nomic approaches allows estimating the metabolic potential of

Metagenomics investigates environmental, engineered, and
host-associated microbiomes, stimulating new fast-growing appli-
cations in biomedicine and biotechnology [1,2]. The shift towards a
holistic approach in microbiome studies can uncover biological
activities emerging from synergistic cooperation of microorgan-
isms [3]. Many environments are now being inspected to decipher
inhabiting microbial communities, with the aim of predicting their
functions and interactions. Thanks to recent improvements in
genome-resolved metagenomics, the recovery of metagenome-
assembled genomes (MAGs) of high quality is becoming accessible
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species present in a given microbiota. Several dedicated databases,
such as the Kyoto Encyclopedia of Genes and Genomes (KEGG), are
used as knowledgebases for metabolic pathway inference and
reconstruction [5], while tools such as KEGG Mapper [6] and
eggNOG-Mapper [7] can assign open reading frames to their func-
tion and predict metabolic capabilities at the genome level. How-
ever, newly generated metagenomes contain a large number of
poorly characterized species, which can be hardly annotated
exhaustively with traditional tools [8].

Moreover, genome-scale metabolic models (GSMMs) are now
starting to be applied on a metagenome scale [3,9]. GSMM are
directly informed by annotation databases and can be automati-
cally reconstructed using tools like CarveMe [10] or gapseq [11].
Such models are useful to infer interactions among microbial spe-
cies, but the application to uncultured and non-model species can
be challenging. In fact, MAG-based GSMM:s are especially prone to
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reconstruction errors due to the gapped nature of metagenomic
assemblies. Starting from GSMM reconstructions, several algo-
rithms for network gap-fill enable in silico growth simulation and
phenotype data fitting. Nevertheless, reactions added this way
are not always supported by genomic evidence [12], possibly
resulting in erroneous predictions.

To obtain a more exhaustive functional annotation of microbial
genomes and improve associated GSMMs, we present KEMET.
KEMET - KEgg Module Evaluation Tool - is a command-line,
open-source Python toolbox aiming at summarizing and expand-
ing KEGG annotation by comparing microbial sequences to ortho-
logs with curated annotations. With KEMET, annotation recovery
from trusted knowledgebases can strengthen the biological fidelity
and phenotype prediction in GSMMs and lower the manual refine-
ment effort.

2. Methods and implementation

Starting from genome sequences and associated KEGG annota-
tions, KEMET serves three main goals: functional annotation eval-
uation, HMM-driven ortholog search in the original sequence, and
integration of the corresponding metabolic reactions into GSMMs
(Fig. 1). KEMET is a system-independent tool and every depen-
dency is available to UNIX-based and Windows systems. KEMET
is freely available and can be downloaded from the GitHub page
https://github.com/Matteopaluh/KEMET, where all the procedures
to reproduce the results presented in this manuscript are available.

2.1. Module completeness evaluation

The evaluation of metabolic functions present in microbial gen-
omes of interest is performed according to KEGG Modules [5],
which consist of manually curated logical expressions of ortholog
genes defining the biochemical steps (blocks) of a given function.
Functional annotations deriving from different software can
directly serve as input data for the Module completeness evalua-
tion, allowing for a flexible downstream implementation of KEMET
on pre-existing pipelines. Examples of the supported input files are
available in the “toy” folder of the dedicated GitHub repository. At
the present time, eggNOG-mapper [7], KofamKOALA [13], and
KAAS [14] annotations are supported, and they can be selected
through the -a parameter. Blocks having KEGG Ortholog (KO)
annotations can be identified in target genomes by running
KEMET, which allows scaling up the analysis to hundreds of MAGs.
Present or missing ortholog blocks in the original annotation can
be identified by querying files with KO Module structures. This
analysis brings a considerable advantage with respect to the use
of KEGG tools alone, allowing to point out single missing orthologs,
thus aiding in targeted queries regarding metabolic capabilities of
input genomes. The output includes a human-readable tabular file
and a flat file indicating the sequential position of missing KOs.

To implement this feature, KEGG Module files are downloaded
via the KEGG application-programming interface (API) and parsed
to generate intermediate files (<module_id>.kk files in the GitHub
repository) that are used as Module block structure templates
and queried during script usage. The logic behind the block struc-
ture in KEMET is devised so as to better identify missing orthologs
connected to a single biochemical step. Specifically, the number of
blocks in a Module is given by the highest number of individual
KOs involved in any alternative reaction path. For example, in
Module M00308 the terminal glyceraldehyde-3-phosphate conver-
sion can either be performed via a mechanism involving two KO
genes, or via a single dehydrogenase ortholog. While in KEGG Map-
per these KOs belong to a single block, KEMET decomposes the
longer path into two blocks. These alternative algorithms lead to
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the same results in terms of numbers of missing orthologs but
can give slightly different results when the Module completeness
is inspected, as shown in the Results and discussion Section.

2.2. Identification of missing KEGG orthologs

KOs missing from functional annotation can result in incom-
plete KEGG Modules. This phenomenon can be due to real biolog-
ical gaps in the species metabolic potential, gene truncation
resulting from gaps in the assembly, or limitations of the functional
annotation procedure. Missing genes can be sought more in-depth
in the genomic sequences, using nucleotidic hidden Markov mod-
els (HMM) automatically generated by KEMET, when the --
hmm_mode parameter is indicated. KEMET has different options
for HMM profile generation and for missing KO search. The set of
input sequences for the HMM profiles can derive from KOs in an
input user-defined list (--hmm_mode kos) or from KOs in Modules
of interest, e.g. those pointing to specific metabolic functions in the
input genomes (--hmm_mode modules). Alternatively, HMMs can
be built from the KOs of all Modules with one incomplete ortholog
block (--hmm_mode onebm).

When this analysis is performed, the following workflow is
employed with every KO of interest:

1. A taxonomically relevant subset of the KEGG GENES database is
downloaded via the KEGG API. This subset includes sequences
for every species included in a clade, defined by a C-level KEGG
BRITE taxonomical hierarchy (br08601). Such taxonomy is gen-
erally almost coincident to that on the phylum level, or to that
on the class level for a few specific taxa (e.g. Euryarchaeota).

. A filtering step is performed to obtain a non-redundant set of
sequences. A multiple sequence alignment is built up from
these sequences using MAFFT v7.475 [15]. The --auto parameter
is used here, to choose the appropriate strategy among the pos-
sible algorithms according to the size of the alignment dataset.

. A HMM is generated from the aligned sequences using the
hmmbuild command from the HMMER suite v3.1b2 [16]. Only
the subset of KOs indicated in the --hmm_mode argument is
utilized.

. The obtained profiles are searched in the genome of interest
with the nhmmer program from HMMER version 3.1b2 [16].

The default threshold value depends on the nhmmer score
divided by the length of the profile HMM. Preliminary tests were
performed to fine-tune this value, comparing translated BLASTp
hits against the NCBI nr dataset (performed in March 2021), which
were manually checked for two different MAG datasets. The
threshold identified the highest number of hits with sequence
names matching the correct KEGG ortholog gene descriptors, while
pointing to the lowest number of false positives. Values obtained
from the aforementioned tests resulted in 4.6-7.5% of the hits,
depending on the input dataset. Stringency of the scoring for sig-
nificant hits can be modulated with the --threshold_value
parameter.

2.3. Integration of recovered biochemical reactions into genome-scale
metabolic models

In automated draft GSMM reconstruction, metabolic reactions
are collected based on genome or protein sequence alignment
scores. Using KEMET, the HMM best scoring hits can be selected,
providing new insights into the metabolic network obtained from
the initial gene calling process. One option is the generation of a
novel GSMM with newly identified orthologs. Alternatively, the
HMM prioritization process determines a different set of reactions
to be included in an existing GSMM. KEMET implements the --
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Fig. 1. Workflow of KEMET reporting the input files, outputs, and main parameters for all the tasks that can be executed: KEGG Module evaluation, identification of missing
KOs, and integration of identified KOs in GSMMs. On the right side, the rationale of each task is visually outlined.

gsmm_mode parameter to include the newly predicted biochemical
functions obtained from genomic evidence into the GSMMs.

KEMET links HMM-identified KOs to their corresponding bio-
chemical reactions present in reference databases for GSMM,
namely BiGG [17] and ModelSEED [18]. Their namespaces are
adopted by popular GSMM reconstruction tools, such as CarveMe
[10] and gapseq [11]. The retrieved reactions can then be incorpo-
rated in input GSMMs. As a second option, the translated HMM KO
hits can be directly added to the input sequences used for de novo
genome-scale model generation.

3. Results and discussion

To validate KEMET, we first compared its KEGG Module parti-
tioning with those performed by KEGG Mapper and METABOLIC
v4.0 [19] across all the KEGG Modules present at the time of the
tests. As shown by Fig. 2A, the three tools interpret the Module
block structure in a largely consistent way. However, KEMET is
able to capture more Modules in the evaluation and has a block
structure that more closely resembles that of KEGG as compared
to METABOLIC.

Next, we validated KEMET annotation expansion by two differ-
ent approaches: (a) an annotation removal strategy to test its abil-
ity to identify known KO annotations, and (b) a draft GSMM
reconstruction strategy to verify that newly identified annotations
produce more sound quantitative models of microbial metabolism,
and thus reflect correctly identified functions.

Strategy (a) was used to test kemet.py --hmm_mode capability to
retrieve the proper annotated sequences when either the original
annotation was removed or the sequence was truncated. The ratio-
nale was to simulate misassembly-derived gene disruptions and
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other problems impairing functional prediction in MAGs. KEMET
was tested on 12 MAGs derived from a contig-level assembly
resulting from a previous work [20] as well as 5 complete genomes
downloaded from NCBI (details in Supplementary Data). In terms
of taxonomic “novelty”, the MAGs were highly different and
included species assigned at different levels (spanning from class
to species) using GTDB-tk v1.5.0 [21]. The gene calling was per-
formed using Prodigal v2.6.3 [22] with default options. Functional
annotations of predicted genes were performed using eggNOG-
mapper v2 [7] with default parameters. While in principle alterna-
tive gene predictions can impact the subsequent functional anno-
tation, previous empirical investigations found negligible
performance variation among different tools [23,24]. For this rea-
son, our tests focused on benchmarking functional annotation pre-
diction by using a single state-of-the-art gene prediction tool.
The test consisted in the removal of three KO annotations from
the input set of each genome (i.e. from eggNOG results) before run-
ning KEMET with the --hmm_mode onebm option. The selected KOs
were annotated once per genome, only on a single gene. Moreover,
removed KOs were chosen from different Modules marked “Com-
plete” by KEMET, among the mandatory orthologs for a given bio-
chemical step. In this way, removing them would result in the
change of Module completeness to “1 block missing”. Altogether,
20/36 and 8/12 KO mock removals (55% and 67% true positive rate)
resulted in the correct gene and annotation recovery for MAGs and
complete genomes, respectively (Fig. 2B and Supplementary Data).
To model MAG construction issues more closely, the removal
strategy was repeated two more times by simulating the deletion
of tested KO-annotated gene sequences, either by 30% or 70% of
their original length. This was done to mimic the typical scenario
of a highly fragmented assembly where gene sequences can be
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Fig. 2. Results of KEMET quality tests. (A) Comparison between KEMET and METABOLIC in terms of KEGG Module block structure with respect to the original KEGG Modules
obtained through KEGG Mapper. The plot shows the intersections among the Module datasets for the three tools, together with the total number of Modules evaluated by
each of them. (B) True positive rate for gene sequence identification by HMMs. Results for both isolated genomes (red) and MAGs (blue) are reported. Gene deletions of
different extents were performed prior to running KEMET. When deletions were performed, gene annotation recovery was evaluated both with the gene prediction resulting
from the original sequences and from those truncated, in order to account for the impact of deletions on gene prediction. (C) Fraction of correct metabolic phenotypes
predicted by GSMMs reconstructed from microbial MAGs (green), the same MAGs with an expanded annotation through KEMET (orange), and the corresponding genomes
from isolates (purple), based on the literature. The lines track the performance of individual GSMMs corresponding to the same strain. For readability purposes, only lines
between points having performance differences across the datasets were drawn. (For interpretation of the references to colour in this figure legend, the reader is referred to

the web version of this article.)

split between two different contigs, resulting in a missed gene pre-
diction or improper functional annotation. These additional tests
resulted in a decreased performance using both the complete gen-
omes and the MAGs dataset, as expected, but nonetheless gave a
significant annotation recovery rate for gene truncations shorter
than 50%. Specifically, an annotation recovery between 20% and
33% was achieved when accounting for the impact of sequence
truncation on the gene prediction step, whereas a recovery rate
of 42% was obtained assuming an unbiased gene prediction. This
interval therefore captures KEMET performance in the presence
of minor gene deletions. Similarly, for 70% gene truncations the
annotation recovery rate further decreases, more clearly for the
MAG dataset, as it is sensible with most of the gene sequence lack-
ing. Hence, these results provide a proof-of-principle of KEMET
annotation recovery in the occurrence of gene sequence disruption.
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Detailed results are included in the GitHub page at https://github.-
com/Matteopaluh/KEMET/blob/main/tests/README.md.

Strategy (b) was implemented to assess the impact of recover-
ing missing KO annotation on downstream metabolic analyses,
i.e. via GSMM reconstruction. Specifically, we compared microbial
phenotypes recovered from the literature (indicated in Supple-
mentary Data) in terms of metabolite production or consumption
capabilities, to their corresponding in silico model predictions. This
analysis was performed starting from MAGs and their correspond-
ing complete genomes recovered from the NCBI or from the PATRIC
database (as pointed by https://github.com/snayfach/IGGdb), by
selecting species collected from the anaerobic digestion micro-
biome [20]. MAG quality metadata were recovered and included
genome completeness and contamination. If more than one MAG
per species was present in the database, those with > 90% com-
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pleteness and < 5% contamination were considered for the subse-
quent analysis. Both MAGs and the complete genomes of isolates
were used to check the Module completeness. MAGs were also
used to search for missing KOs by using kemet.py --hmm_mode
onebm. GSMMs were reconstructed from complete genomes and
MAGs using CarveMe v1.4.1 [10] with the options --fbc2 -u, using
as input both the MAG original gene calling and this same data
added with the translated nucleotide sequences identified with
the HMM via KEMET using the --gsmm_mode denovo parameter.
Moreover, KEMET performance times were monitored and are
included in Supplementary Data.

To benchmark how the addition of newly identified sequences
affects GSMM ability to describe in silico microbial physiology,
metabolic capabilities retrieved from the literature were compared
with predictions obtained starting from three types of input for
GSMM reconstruction: MAG annotation, MAG annotation
expanded with KEMET, and complete genome annotation. Flux
variability analysis (FVA) was performed on the obtained GSMMs
for assessing such metabolic capabilities, as follows. For each
metabolite export reaction, it was determined whether the range
of possible fluxes was directed towards metabolite consumption
or production (respectively, having flux ranges consisting only of
negative or positive values), while maintaining a fixed maximal
growth rate. FVA results showing blocked reactions or flux ranging
both positive and negative values were considered as incorrect
predictions. The results show a nearly 10% improvement in the
ability of MAG-derived GSMMs to produce and consume metabo-
lites predicted from wet lab experiments, with an acquired accu-
racy comparable with the accuracy of GSMMs reconstructed from
the genomes of isolates (both around 33%, Fig. 2B and Supplemen-
tary Data). On the annotation level, HMMs used on MAGs resulted
in 84.76% hits in common with the respective reference isolate
genome selected; 7.62% hits were present solely in the MAG data-
set (false positives), and 7.62% hits were present in the complete
genome dataset alone (false negatives). According to the selected
dataset, KEMET HMM predictions therefore display a 91.75% preci-
sion and 91.75% sensitivity (Supplementary Data). Despite the
addition of a limited number of protein sequences, the resulting
models can thus be sensibly more accurate, leading to more precise
inferences based on metabolic capabilities. For example, Selenomo-
nas ruminantium MAG-derived GSMM (PATRIC genome id: 971.16)
phenotype predictions were improved after KEMET usage. The
original GSMM could not predict any known metabolic capability
of S. ruminantium, while the modified GSMM could correctly repro-
duce metabolic exchanges involving cellobiose, salicin, mannitol,
xylose, arabinose, fructose, maltose, lactose, and sucrose. In con-
trast, the GSMM based on the full genome annotation captured
the correct exchanges for glycerol, cellobiose, salicin, mannitol,
xylose, and arabinose.

These results demonstrate that KEMET efficiently tackles the
summarization of (meta)genomic potential in a user-friendly and
scalable way. Other bioinformatics tools allow the evaluation of
microbial genome annotation completeness (e.g. METABOLIC
[19]). However, to date and up to our knowledge, this is the only
tool able to selectively fill the gaps in the annotation, and seam-
lessly add newly gathered information into GSMMs. At the
moment, KEMET relies on KEGG given its structure allowing a sys-
tematic pathway completeness evaluation. Further development
could include support towards other knowledgebases, such as
MetaCyc [25], to further expand the tool compatibility and predic-
tive power. While other published programs, such as DRAM and
Anvi'o [26,27] rely on specific KEGG releases, KEGG databases are
constantly updated due to newly added sequences, or newly
defined KO classifications. In contrast, KEMET allows users to
update the downloaded KEGG GENES database through the KEGG
API, in order to use the most up-to-date version of KEGG database
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without relying on fixed versions. The download of such a database
represents the only limiting computational factor in KEMET (Sup-
plementary Data), being a mandatory step to comply with the
KEGG license. More efficient communication with KEGG servers
could be obtained via license, while better solutions will be
explored and implemented in future versions of KEMET. Neverthe-
less, this step is required only once at each database update, which
can be decided by the user. Further, KEMET is based on HMMs
given their broad applicability in the genomics and metagenomics
fields. Other probabilistic graphical models, such as conditional
random fields or Bayesian networks could be implemented in
future versions of the software.

Altogether, our experiments show that focusing on Module
completeness down to single orthologs can aid in identifying miss-
ing annotations and enable their correction, not only supporting
qualitative evaluation of microbial functions but also improving
quantitative models of microbial metabolism. This enables a better
mechanistic investigation of microbial ecological roles, allowing us
to gather insights without relying necessarily on cultivation or in-
depth characterization, which is impractical for most metagenomic
studies.
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