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Abstract: Genomic contamination remains a pervasive challenge in (meta)genomics, prompting
the development of numerous detection tools. Despite the attention that this issue has attracted,
a comprehensive comparison of the available tools is absent from the literature. Furthermore, the
potential effect of horizontal gene transfer on the detection of genomic contamination has been little
studied. In this study, we evaluated the efficiency of detection of six widely used contamination
detection tools. To this end, we developed a simulation framework using orthologous group inference
as a robust basis for the simulation of contamination. Additionally, we implemented a variable
mutation rate to simulate horizontal transfer. Our simulations covered six distinct taxonomic ranks,
ranging from phylum to species. The evaluation of contamination levels revealed the suboptimal
precision of the tools, attributed to significant cases of both over-detection and under-detection,
particularly at the genus and species levels. Notably, only so-called “redundant” contamination
was reliably estimated. Our findings underscore the necessity of employing a combination of tools,
including Kraken?2, for accurate contamination level assessment. We also demonstrate that none of
the assayed tools confused contamination and horizontal gene transfer. Finally, we release CRACOT,
a freely accessible contamination simulation framework, which holds promise in evaluating the
efficacy of future algorithms.

Keywords: genomic contamination; contaminant levels; contamination simulations; horizontal gene
transfer simulations; metagenomics

1. Introduction

Genomic contamination is a well-known, albeit recurrent, problem in genomics. It
appears when a genome—often, but not always, a Metagenome-Assembled Genome
(MAG)—contains DNA sequences that do not belong to the expected organism. This
umbrella concept actually masks different sources of DNA mis-affiliation [1]. Hence,
contaminant sequences can arise from three sources, namely biological, experimental, and
computational issues. Nevertheless, regardless of these origins, at the sequence level,
genomic contamination can be categorized into three main types, redundant, replaced,
and single, with the last two being non-redundant contaminations [1]. Besides sequences
artifactually introducing chimerism into genomes, there exists a naturally occurring form of
“contamination”, i.e., horizontal gene transfer (HGT), when two bacteria exchange genetic
material (via transduction, transformation, or conjugation) without being descendants of
one other. Genomes are the basis of numerous studies, and it is no longer necessary to

Appl. Microbiol. 2024, 4, 124-132. https:/ /doi.org/10.3390/applmicrobiol4010009

https://www.mdpi.com/journal/applmicrobiol


https://doi.org/10.3390/applmicrobiol4010009
https://doi.org/10.3390/applmicrobiol4010009
https://doi.org/10.3390/applmicrobiol4010009
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applmicrobiol
https://www.mdpi.com
https://orcid.org/0000-0002-5532-2483
https://orcid.org/0000-0003-2388-6185
https://doi.org/10.3390/applmicrobiol4010009
https://www.mdpi.com/journal/applmicrobiol
https://www.mdpi.com/article/10.3390/applmicrobiol4010009?type=check_update&version=1

Appl. Microbiol. 2024, 4

125

demonstrate that genomic contamination is a cause for errors, notably in phylogenomic
inference [2—-4]. Consequently, the detection of contaminants is a topic that has attracted the
attention of scientists, with the development of numerous detection tools and an increasing
rate of publication in recent years. Although all these tools ultimately report a quantified
level of contamination, they are based on various algorithms and do not measure the same
information [1,5]. Indeed, among the most popular tools, two major categories can be
distinguished: those relying on the presence of multiple marker genes (e.g., CheckM [6]
and BUSCO [7]) and those based on whole-genome surveys (e.g., GUNC [8], Physeter [5],
and Kraken2 [9]). Because of these differences in algorithms, Cornet et al. (2018) [10] and
Lupo et al. (2021) [5] have reported the difficulty of meaningfully comparing these tools, as
well as computing statistically sound correlations between their estimates. Furthermore,
with the notable exception of the recently released GUNC, the impact of HGT on the
detection of genomic contamination has never been assessed. In the present study, we
utilize orthologous gene inference (homologous genes that have undergone a speciation
event; Walter and Fitch 1970 [11]) to define shared orthologous groups (sets of genes
orthologous to each other) among organisms for the simulation of contamination events
and horizontal transfer by orthologous gene insertion and/or deletion. We then compare
the detection performance of six of the most used tools (CheckM [6], BUSCO [7], GUNC [8],
Physeter [5], Kraken2 [9], and CheckM2 [12]) in order to assess their efficiency. To do so, we
use simulations at multiple taxonomic ranks, while varying the contamination scenarios. In
all cases, we know the exact amount of contaminant sequences introduced in the simulated
genomic sequences.

2. Materials and Methods
2.1. Contamination Simulations (Overview of CRACOT)

The simulations were performed with the newly developed Nextflow script CRA-
COT, standing for “Critical Assessment of Genomic Contamination Detection at Several
Taxonomic Ranks”, freely available at https://github.com/Lcornet/ GENERA /wiki/20.-
CRACOT (accessed on 6 January 2024).

Seven hundred and five (705) high-quality genomes belonging either to class Clostridia
(e.g., Clostridium) or class Bacilli (e.g., Lactobacillus) were selected as input for CRACOT.
These genomes were selected based on the GUNC [8] clade separation score (CSS), which
measures the chimerism of genome contigs. Furthermore, we required these genomes
to have no more than five contigs and no “N” within contigs. The contamination values
of these genomes for the six tools are available in Table S1. The median contamination
level was 0.02% for GUNC V1.0.5 [8], 0.45% for CheckM V1.2.1 [6], 0.87% for BUSCO
V5.4.3[7], 2.45% for Kraken2 V2.1.2 [9], 8% for CheckM2 V0.1.3 [12], and 22.3% for Physeter
V0.213470 [5]. These contamination levels reflected the initial state of contamination of the
input genomes.

The first step of CRACOT, as shown in Figure 1, was to create random genome pairs,
one genome being considered hereafter as the main “expected” organism and the second as
the slave “contaminant” organism. The pairing, based on the NCBI Taxonomy [13,14] asso-
ciated with the genomes, handled through Bio-MUST-Core V0212670 (https://metacpan.
org/dist/Bio-MUST-Core, accessed on 6 January 2024), was achieved for one specific taxo-
nomic rank, ranging from phylum to species. For a given rank, the two genomes should
belong to the same taxon at this rank but have a different taxonomy starting with the next
(lower) rank. For instance, analysis at the phylum rank (e.g., Firmicutes) implies that the
two genomes to be mixed indeed belong to the same phylum but are not part of the same
class (e.g., if one genome belongs to Bacilli, the other genome belongs to Clostridia).
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Figure 1. Flowchart of CRACOT. CRACOT is a Nextflow workflow, supported by a Singularity
container. It is a six-step program. The first step is genome selection according to a user-specified list.
The second step is the association of genomes, by pairs of the same taxonomic group. Steps 3 to 5
correspond to the removal of plasmids, protein prediction, and orthology inference. Finally, genome
contamination simulations are based on the information produced during the orthology inference
step, with common genes being used for “redundant” and “replaced” contamination events, while
singletons are used for “single” contamination events. Optionally, a determined mutation rate can be
enabled for each of these three basic event types to simulate horizontal gene transfer.

The plasmids of the selected genomes were removed after the pairing step, to not
Interfere with the detection of contamination. Removal was performed with PlasmidPicker
(https://github.com/haradama/PlasmidPicker, accessed on 6 January 2024), run with
default settings. Proteins were then predicted with Prodigal V2.6.3 [15], used with de-
fault settings. Finally, OrthoFinder V2.5.4 [16], run with default settings, was used for
orthology inference.

The three types of contamination were simulated based on the common and singleton
protein orthogroups (0Gs). Common proteins were defined as proteins present in only
one copy for both the main and the slave genome in the OG, while single proteins were
singletons of the slave genome. “Duplicated” contamination events were fished from the
pool of common 0oGs, and the corresponding gene sequences of the slave genome were
added to the end of the last contig of the main genome. Among the six tools analyzed,
three (CheckM [6], CheckM2 [12], BUSCO [7], GUNC [8]) rely on Prodigal [15] for protein
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prediction, and the addition of the duplicated genes at the end of the contigs had no
influence on Prodigal as the prediction start codons are also translocated at the end of the
contig. The two genome-wide tools tested in this study (Kraken2 and Physeter) classify
sequences based either on the long kmers of 31 nucleotides (Kraken2) or on the pseudo-
reads of 150 nucleotides created with a sliding window (Physeter), which makes the
classification independent of the genomic position of the duplicated genes. “Replaced”
contamination events were also fished from the pool of common 0oGs but slave genes
replaced the genuine genes within the main genome. “Single” contamination events were
fished from the pool of singletons of the slave organism, and the corresponding gene
sequences were added to the end of the last contig of the main genome, as above. The
number of events of each type is a user-specified option. For each simulation, 150 chimeric
genomes were specified as CRACOT output, but the real output number depended on the
number of available common and single-protein OGs. The numbers of simulated genomes
used in this study are given in Table S2, while the chimeric levels of the simulations
are indicated in Table S3. CRACOT was employed to simulate contamination events,
encompassing not only the “redundant”, “replaced”, or “single” types individually but
also their combined occurrence in more complex scenarios, allowing for the presence of the
three types of contamination simultaneously.

To estimate the impact of HGT on genomic contamination detection, we added an
optional mutation rate to our simulations to mimic real HGT. The idea is that HGT is akin to
an old contamination that would have diverged from the orthologous sequence still present
in the donor organism. In this context, varying the mutation rate is a way to simulate
horizontal transfer events of different ages. HGT can be simulated for each of the three
contamination types. Mutations were simulated at a given rate with HgtSIM [17], with
the rate option set at 1-0-1-1, so that a mutation rate in DNA sequences corresponds to the
same simulation rate in the proteins [17]. Hence, two HGT simulations for a combination of
the three contamination types, with a mutation rate of either 10% or 25%, were generated.

2.2. Genomic Contamination Estimation

Genomic contaminants were estimated using the Nextflow workflow GENcontams
(https:/ /github.com/Lcornet/ GENERA /wiki/09.-Genome-quality-assessment, accessed
on 6 January 2024) from the GENERA project [18]. CheckM V1.2.1 [6] was used with
the “lineage_wf{” option and the provided database. GUNC V1.0.5 [8] was used with
default settings and the Progenomes 2.1 database [19]. BUSCO V5.4.3 [7] was used in
“auto-lineage” mode and the provided database. BUSCO'’s number of duplicated markers
was used as a proxy for the contamination level. Physeter V0.213470 was used with
the “auto-detect” option and the database provided in Lupo et al. (2021) [5]. Kraken2
V2.1.2 [9] was used with default settings and the database “PlusFP”, downloaded from
https:/ /benlangmead.github.io/aws-indexes/k2 (accessed on 6 January 2024). Kraken?2
levels of contamination were computed with the Physeter parser with the “auto-detect”
option set to “count_first”. The list of taxa used by the Physeter parser was automatically
produced by the create-labeler.pl script using the list of genera found in the “nodes.dmp”
file from the local mirror of NCBI Taxonomy. CheckM2 V0.1.3 [12] was used with default
settings and the provided database.

2.3. Correlation and Violin Plot Creation

Spearman correlations between the contamination level estimates of the tools and
the simulated levels of contaminants, as created by CRACOT, were computed with R [20].
Violin plots were created with ggplot [21]. The R code for the creation of these plots is
available at https:/ /github.com/Lcornet/ GENERA /blob/main/Supplemental-scripts/
CRACOT.R (accessed on 6 January 2024).
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3. Results and Discussion

Regardless of the contaminant source, it is established that it can be summarized into
three main types at the genomic sequence level (Figure 1) [1,8]. The first type is redun-
dant contamination, which occurs when the contaminant sequence is redundant with a
homologous genomic sequence of the expected organism [1]. The second type is replaced
contamination, which is similar to the first one, but with the genuine sequence of the ex-
pected organism lacking from its genome [1]. The third type is single contamination, which
occurs when the contaminant sequence has naturally no homologous sequence within the
genome of the expected organism [1]. To mimic these three situations, we selected 705 high-
quality reference genomes belonging either to class Clostridia (e.g., Clostridium) or class
Bacilli (e.g., Lactobacillus) and simulated contamination events of the three types (Figure 1).
The contamination detection discussed below depends on the initial contamination state of
the 705 genomes used. Deviations from the simulations are minimal for four tools, with a
low median initial contamination level of 0.02% for GUNC, 0.45% for CheckM, 0.87% for
BUSCO, and 2.45% for Kraken2. However, they are higher for the last two tools tested, with
8% for CheckM2 and 22.3% for Physeter. Cornet et al., 2018 [10] and Lupo et al., 2021 [5]
have shown that it is complicated to compute meaningful correlations of the contamination
levels between different tools. These differences in the initial state of contamination in very
high-quality genomes are therefore not surprising. Unfortunately, it turns out that to obtain
enough genomes for simulations, it is necessary to incorporate genomes with a non-zero
contamination level for at least one or two of the tools. Our simulations were performed at
six different taxonomic ranks, from intra-phylum to intra-species. The rationale behind this
strategy is twofold. Firstly, from a contamination perspective, especially for their in silico
origin, it is easier to confuse sequences from a lower taxonomic rank, and, conversely, it is
more challenging to distinguish them at the contamination detection level.

Surprisingly, our results reveal that, except for Kraken2, none of the tested tools
was able to accurately estimate the contamination level (CL) of our combined scenarios,
when the three different contamination types were mixed (Figure 2). Separate simulations
are available in the Supplementary Materials for “redundant” (Figure S1), “replaced”
(Figure S2), and “single” (Figure S3) events. CheckM, based on the duplication of gene
markers [6], overestimated the redundant CL (Figure S1), but, quite logically, did not
detect replaced (Figure S2) or single (Figure S3) contamination events. Like its main
metric, CheckM’s complementary metric used for genetically close contaminants (“strain
heterogeneity”) also overestimated CL, but at the genus and species ranks (Figure 2).
BUSCO, which is also based on marker duplication [7], largely overestimated the redundant
CL (Figure 51) at all ranks and, as for CheckM, under-detected replaced (Figure S2) and
single (Figure S3) contamination events. GUNC, which searches for sequence chimerism [8],
presented a pattern of both over- and underestimation at four ranks (phylum, class, order,
and family) (Figure 2), with a minimum of 59% of underestimation (see Table S4 for the
percentage of underestimation of each tool at each taxonomic rank). At the genus and
species ranks, GUNC only underestimated CL (Figure 2), notably for replaced events,
where it detected nothing (Figure S2). Physeter, which is based on the Lowest Common
Inference (LCA) of DIAMOND blastx [22] hits [5], overestimates CL at all ranks for all types
of contaminants (Figure 2). In contrast, Kraken2, which takes advantage of exact long k-mer
matching [9], showed the best estimation of CL, fitting well to the simulations, except for the
species rank, at which it was largely underestimated (see Table S4). It is noteworthy that the
genomes used in our simulations were included in the Kraken2 database. Owing to its exact
k-mer matching algorithm [23], one cannot exclude that Kraken2 would perform poorly
on rare genomes, compared to our simulations. CheckM2, which uses a machine learning
approach based on genomic contamination simulations (gradient boost model) without
relying on taxonomic information [12], largely overestimated redundant CL (Figure S1),
especially at the genus and species ranks. Replaced (Figure S2) and single (Figure S3) CL
were underestimated at all ranks, apart from the single type at the genus and species ranks.
The percentages of underestimation (Table S4) show that CheckM2 underestimated CL in
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more than 97% of the cases for both replacement and single events, while it never under-
detected the redundant type (with the exception of the species rank in 1.3% of the cases).
To overcome the impossibility of directly correlating the performance of the different tools
(due to their algorithmic differences [1]), we computed the correlation of each tool with the
expected CL of our simulations. All the tools, not including Kraken2, correlated poorly,
often negatively, with the simulated CL, with the correlation coefficient (Rz) never reaching
beyond 0.37 (Figures 2 and S1-53). All the tools used in this study, except for Kraken?2,
have the initial goal of calculating genomic contamination and informing researchers
about the quality of the input genomes. The answer to this question should be similar
for all algorithms because they all aim to detect the same phenomenon. CheckM and
BUSCO have algorithms specifically created to estimate redundant contaminations and
naturally disregard other types of contamination. The other four tools (GUNC, Kraken2,
Physeter, and CheckM?2) should detect all types of contamination, and, indeed, this is the
case, but never precisely, except for Kraken2. GUNC exhibits both patterns of under- and
over-detection, especially in non-redundant contaminations, which are under-detected by
CheckM2. Physeter over-detects at all levels. It might be surprising that the best tool in
these comparisons is Kraken2, which was not initially designed for contamination detection
but for the classification of reads.

CheckM
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Figure 2. Contamination estimation, at six taxonomic ranks, of the combined types of contamination.
Simulations were performed with a combination of the three contamination types (redundant,
replaced, single). The median values of the contamination level (% CL) of these simulations are
indicated by the blue line, while the CL estimated by the six tools are summarized by the violin
plots. Spearman correlation values between the estimates of each tool and the simulated levels of
contamination are indicated in red.
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Besides genomic contamination, another type of genomic exchange naturally affects
genomes: horizontal gene transfer (HGT). One of the major differences between HGT
and contamination is that the first one accumulates mutations in the receiver (and donor)
organisms [24] after transfer, whereas contamination occurs shortly before or after genome
sequencing; hence, contaminant sequences are exact matches between donor and receiver
genomes [1]. To investigate the effect of HGT on the detection performance, a non-null
mutation rate was optionally enabled during the simulations (see Section 2), either at 10%
(Figure S4) or 25% (Figure S5). None of the tools (with the exception of Physeter) confused
contamination and HGT, which suggests that HGT events should not increase CL on real
data. While reassuring, a possible drawback is that if the “contaminant” sequence is the
result of a HGT, it has a low likelihood of being detected. This can be damaging since
HGT frequently occurs in bacteria [25-29]. Somewhat ironically, the inability of Physeter
to differentiate between HGT and genomic contamination indicates that LCA algorithms
would be useful in such a case, even if probably too conservative due to their inclination
towards over-detection.

4. Conclusions

We conducted this comparative study of contamination detection tools because no
systematic benchmark, despite the availability of 18 programs, has been published to
date, raising the question, “which tool should we use?” Our results show that CL is
frequently overestimated, resulting in the unwarranted removal of sometimes precious
(e.g., rare) genomes. Nevertheless, especially at the genus and species ranks, the odds
of underestimation are always significant. This is a matter of concern because the risk of
contamination by closely related taxa is higher when dealing with MAGs [30]. We also
show that the replaced and single contamination types suffer less from underestimation
compared to redundant events. The results of this study are quite surprising, as our
simulations were rather simple. Furthermore, simulations were conducted with only one
contaminant genome, at low CL, while contamination by more than one foreign taxon,
at high CL, regularly occurs in public repositories [5,10]. Our conclusion is that, given
the current algorithmic state of the field, which requires more innovation, users should
use a combination of tools to estimate CL, and one of these tools should be Kraken2.
Our contamination simulation framework, CRACOT, is freely available as a Nextflow
workflow [31], sustained by a Singularity container [32], at https://github.com/Lcornet/
GENERA /wiki/20.-CRACOT (accessed on 6 January 2024). It might be useful in future
projects—for example, to estimate the accuracy of new tools under development.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/applmicrobiol4010009/s1, Figure S1: Contamination estimation, at six
taxonomic ranks, of the redundant type of contamination; Figure S2: Contamination estimation, at
six taxonomic ranks, of the replaced type of contamination; Figure S3: Contamination estimation, at
six taxonomic ranks, of the single type of contamination; Figure S4: Contamination estimation, at six
taxonomic ranks and with a mutation rate of 10%, of the combined types of contamination. Figure S5:
Contamination estimation, at six taxonomic ranks and with a mutation rate of 25%, of the combined
types of contamination. Table S1: Level of contamination estimation in reference genomes for the six
tools; Table S2: Number of simulations used; Table S3: Chimeric levels of the simulations; Table S4:
Under-detection of the tools.
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