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Abstract 1 

Amplicon metabarcoding has emerged as a critical tool in ecology and other scientific 2 
disciplines, facilitating species identification in mixed samples for biodiversity monitoring, 3 
community and microbiome analysis, dietary studies, and understanding species 4 
interactions. However, challenges arise from errors and artifacts introduced during sampling 5 
and laboratory processes such as polymerase chain reaction (PCR) and sequencing. Manual 6 
inspection is impractical due to the vast number of sequences, necessitating rapid 7 
algorithms for data cleanup. Thorough bioinformatic processing can reduce such errors 8 
through removal of low-quality or non-target sequences using quality-, abundance-, and 9 
alignment-based approaches. However, in practice, some anomalous sequences evade 10 
detection, while valid sequences may also be incorrectly removed. 11 

Deep neural networks offer a promising complementary solution to alignment-based 12 
methods by recognizing complex DNA sequence patterns. This study introduces MetAnoDe 13 
(Metabarcoding Anomaly Detection), an alignment-free tool that classifies sequences of a 14 
defined amplicon as valid, anomalous (accumulated substitutions or indels, chimeras) or off-15 
target, using a convolutional neural network (CNN) and a recurrent long short-term memory 16 
(LSTM) network combined into one model. Pre-trained models are provided for 13 markers 17 
across bacteria, fungi, plants and animals, and models for further markers can be trained 18 
with the same workflow. To evaluate MetAnoDe independently of its training data, I 19 
simulated mock communities for all markers, including pseudogene-like divergent copies, 20 
chimeras and off-target sequences, and processed them with a standard workflow, so that 21 
the origin of every resulting sequence was known. Added after de novo chimera removal 22 
and taxonomic filtering, MetAnoDe reduced the proportion of retained anomalous 23 
sequences from 22.5-58.1% to 10.5-25.1%, while additionally removing 0.2 to 3.6% of valid 24 
sequences. It detected most divergent copies and many off-target sequences missed by 25 
taxonomic filtering, whereas chimeras were detected mainly already by de novo chimera 26 
removal. MetAnoDe is therefore suited as an additional quality-control layer after standard 27 
processing. 28 
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Introduction 1 

Amplicon-based metabarcoding has emerged as a vital tool in ecology and other scientific 2 
disciplines for assessing biodiversity (Cristescu, 2014; Hajibabaei, 2012; Taberlet et al., 3 
2012). It is a molecular biology technique used to identify and quantify species within a 4 
complex sample based on DNA sequences (Deiner et al., 2017). It involves amplifying and 5 
sequencing a specific region of DNA, typically a standardised marker region (such as 6 
portions of the 16S ribosomal DNA for bacteria or the internal transcribed spacer 2 (ITS2) of 7 
the nuclear ribosomal DNA for plants), from a mixed sample containing DNA from multiple 8 
taxa (Keller et al., 2015; Kozich et al., 2013). Metabarcoding is particularly useful in 9 
monitoring ancient and current biodiversity in environmental samples (like soil or water) 10 
(Deiner et al., 2017; Pedersen et al., 2015), assessing microbiomes (Kozich et al., 2013; 11 
Schmidt et al., 2013; Shanahan et al., 2021), studying diet composition through food or fecal 12 
analysis (Pompanon et al., 2012), ecological interactions (Bell et al., 2023) and various other 13 
ecological and biological applications. In general, metabarcoding follows a systematic 14 
workflow that begins with field sampling, followed by laboratory procedures, including 15 
amplicon library preparation and sequencing, resulting in raw amplicon sequencing reads 16 
(Zinger et al., 2019). Subsequently, bioinformatic analyses are performed to bring such data 17 
into a meaningful format that allows scientific interpretation (Coissac et al., 2012; Zinger et 18 
al., 2019).  19 

The strategy employed in bioinformatics processing is crucial for obtaining reliable results 20 
(Coissac et al., 2012; Hakimzadeh et al., 2024; Zinger et al., 2019). Despite substantial 21 
progress in developing pipelines to transform raw sequencing data into meaningful 22 
biological information, significant challenges remain that can introduce biases and affect 23 
estimates of diversity, community composition, and species interactions (Coissac et al., 24 
2012; Zinger et al., 2019). Sources of erroneous amplicon reads include sequencing and 25 
polymerase chain reaction (PCR) errors, PCR chimeras (formed when incompletely extended 26 
products prime on templates of other taxa in subsequent PCR cycles), off-target and random 27 
PCR products, primer hybrids, and other less well understood issues (Zinger et al., 2019). 28 
Their consequences are particularly pronounced in metabarcoding, because each amplified 29 
molecule is sequenced individually. Erroneous products, including chimeras between 30 
templates of different taxa, thus appear as separate sequence variants instead of being 31 
absorbed into a consensus sequence, as in barcoding of single specimens. While laboratory 32 
procedures, such as selecting low-error sequencing technologies or using proofreading 33 
polymerases, can partly mitigate issues, they cannot entirely eliminate them. Current efforts 34 
to clean up raw data thus involve quality filtering or trimming, amplicon sequence variant 35 
(ASV) denoising or operational taxonomic unit (OTU) clustering, as well as the removal of 36 
singletons and chimeras (Hakimzadeh et al., 2024). These methods are primarily based on 37 
sequence quality statistics, abundance patterns, sequence alignments, or combinations 38 
thereof. They identify anomalous reads using sequencing metrics, inherent sequence 39 
properties, or comparisons against reference databases. Although these approaches 40 
substantially improve data quality, residual anomalous sequences may still persist in final 41 
datasets, while valid sequences can also be incorrectly removed due to rare occurrence, 42 
misclustering, or limitations of reference databases (Zinger et al., 2019). 43 

In an ideal workflow, each read would undergo manual inspection to determine its 44 
trustworthiness. However, this process is extremely time-consuming and requires 45 
considerable expertise (Coissac et al., 2012). Manual inspection of a single sequence can 46 



take minutes to hours, depending on researchers' decisions, and is not always reproducible 1 
or consistent within and across studies. Considering that metabarcoding studies often 2 
involve millions of reads, complete manual verification becomes impractical (Bálint et al., 3 
2016). While the aforementioned tools can reduce this number to few thousands up to 4 
hundreds of thousands of representative sequences to consider (Bálint et al., 2016), the 5 
volume remains daunting. Consequently, many studies either omit manual verification, 6 
pragmatically inspect only the most abundant reads, or apply abundance-based filtering 7 
under the assumption that erroneous sequences are mostly rare. Although such filtering can 8 
remove many artifacts, it may also discard valid low-abundance taxa and retain abundant 9 
artifacts derived from PCR, sequencing, or off-target amplification. This underscores the 10 
need for new algorithms that can rapidly identify anomalous sequences using approaches 11 
distinct from existing pipeline steps, thereby detecting sequences that current methods may 12 
miss or wrongly filter. 13 

Deep neural networks are advanced machine learning models composed of multiple layers 14 
of interconnected nodes, designed to recognize patterns and make decisions from large 15 
datasets (Christin et al., 2019). The biological target amplicon in metabarcoding is usually 16 
well-defined by the primer sequences used during PCR, as well as by its overall layout due to 17 
evolutionary constraints (Valentini et al., 2009), even when sequence patterns are very 18 
complex, divergent between markers and taxonomic groups, and therefore may not be 19 
obvious. Such complex patterns are predestined to be modelled using DNNs. DNNs have 20 
already been applied to the taxonomic classification of DNA (meta-)barcode sequences 21 
(Yang et al., 2022; Ye et al., 2026), but to my knowledge, not yet for data cleanup 22 
procedures. The aim of this study is to enhance metabarcoding data cleanup pipelines by 23 
automatically identifying sequences consistent with valid target amplicons and separating 24 
them from anomalous sequences, whatever their origin, rather than explaining every 25 
individual artifact. 26 

For this purpose, I introduce the new software MetAnoDe (Metabarcoding Anomaly 27 
Detection), a deep neural network framework that reads sequences nucleotide by 28 
nucleotide and combines two complementary architectures (Minar & Naher, 2018; 29 
Mohammed & Kora, 2023). The first is a recurrent neural network (RNN), specifically a long 30 
short-term memory (LSTM) model, designed to capture sequential patterns along the 31 
sequence (Shiri et al., 2023; Yu et al., 2019). The second is a convolutional neural network 32 
(CNN), which captures spatial sequence characteristics as sequence motifs and their 33 
positions (Alzubaidi et al., 2021). Both architectures were newly designed and implemented 34 
specifically for amplicon sequences and combined into one classifier.  35 

Pre-trained models were developed for 13 widely used markers: four regions of bacterial 36 
16S (V3-V4, V4, V4-V5, V5-V7), fungal ITS1 and ITS2, plant ITS2 and the chloroplast gene for 37 
the large subunit of ribulose-1,5-bisphosphate carboxylase/oxygenase (rbcL), three variants 38 
of the 5ʹ region of the mitochondrial cytochrome c oxidase subunit I gene (COI-5P) for 39 
invertebrates, metazoans and vertebrates, and the mitochondrial 12S and 16S rRNA genes 40 
of vertebrates. The software is also applicable to further markers through automated 41 
training with user-provided reference sequences. To evaluate the models independently of 42 
their training data, I simulated mock communities for all markers and processed them with a 43 
standard metabarcoding workflow, so that the origin of every resulting sequence was 44 
known and the contribution of each workflow step, and of MetAnoDe, could be traced for 45 
each type of anomaly. 46 



This tool is intended to complement existing alignment-, abundance-, and quality-based 1 
approaches by using machine learning predictions to detect, classify, and optionally remove 2 
anomalous sequences (Hakimzadeh et al., 2024). It does not replace established steps such 3 
as denoising, de novo chimera removal or taxonomic classification, but adds an assessment 4 
of whether each sequence is consistent with the marker region, independent of reference 5 
databases at the time of prediction. Ultimately, the resulting classifications can support 6 
faster and more reliable assessment of sequence trustworthiness in large datasets, thereby 7 
improving the robustness and quality of downstream metabarcoding analyses. 8 

 9 

Material and Methods 10 

Conceptual framework 11 

MetAnoDe classifies each unique sequence of a defined amplicon region (e.g. dereplicated 12 
reads, ASVs or OTUs) into one of several classes. One class represents valid target 13 
sequences. The other classes represent anomalies, each standing for a group of technical 14 
and biological sources:  15 

1. Sequences with accumulated subs;tu;ons arise from polymerase errors during PCR 16 
and base-calling errors during sequencing, which on Illumina plaiorms are 17 
dominated by subsjtujons (Schirmer et al., 2015). Biologically, similar pakerns result 18 
from divergent non-funcjonal copies of the marker, such as nuclear mitochondrial 19 
pseudogenes (NUMTs) or non-funcjonal ribosomal DNA copies  (Porter & Hajibabaei, 20 
2021). Different mechanisms of biological and technical subsjtujons also 21 
accumulate.  22 

2. Sequences with accumulated inser;ons and dele;ons arise technically from 23 
polymerase slippage, parjcularly in homopolymer and repeat regions, and from 24 
sequencing errors, and biologically from pseudogenes, in which indels are no longer 25 
constrained by funcjon (Keller et al., 2009).  26 

3. Chimeras form during PCR when incompletely extended products prime on 27 
templates of other taxa in subsequent cycles.  28 

4. Off-target sequences result from primer binding to non-target templates present in 29 
the same sample, such as organellar DNA or DNA of co-occurring non-target 30 
organisms (Zinger et al., 2019). In addijon, primers, parjcularly highly degenerate 31 
ones, can bind to similar sites in unrelated genomic regions of any organism in the 32 
sample, producing non-specific amplicons that do not derive from the marker gene. 33 
Known off-target groups are modelled as separate classes, whereas non-specific 34 
amplicons are expected to deviate strongly from the learned structure of the target 35 
region and thus to be assigned to one of the anomaly classes. 36 

A separate model is trained for each marker. Each model consists of a long short-term 37 
memory network (LSTM) and a convolutional neural network (CNN), combined into one 38 
ensemble classifier, hereafter the MetAnoDe model. MetAnoDe does not assign taxonomy 39 
within the target group; this remains the task of taxonomic classifiers applied to sequences 40 
retained as valid. 41 

Markers and reference data 42 

Pre-trained models were developed for 13 markers covering bacteria, fungi, plants and 43 
animals (Table 1). For bacterial 16S, four commonly used regions were included (V3-V4, V4, 44 



V4-V5 and V5-V7), each defined by its primer pair. Their target and off-target sequences 1 
were taken from the SILVA small-subunit rRNA reference database, non-redundant at 99% 2 
identity (SSU Ref NR99), release 144 (Quast et al., 2013), and assigned by the SILVA 3 
taxonomy to the target group (Bacteria and Archaea) and to the off-target groups 4 
(mitochondria, plastids and, for V4-V5, whose forward primer also binds eukaryotic 18S, 5 
eukaryotes). For the other markers, target sequences were obtained from curated 6 
databases where these were available for the marker (Abarenkov et al., 2025; Quaresma et 7 
al., 2024; Ratnasingham & Hebert, 2007) and otherwise from GenBank (Benson et al., 2018). 8 
Off-target sequences were obtained from the same sources. All sequences were reduced to 9 
the amplicon defined by the primer pair: a sequence was retained only if it contained both 10 
primer sites with at most two mismatches each (primer sequences in Table S1), ensuring 11 
that every training sequence covered the complete amplicon with the same boundaries as 12 
real data after primer removal. Sequences with ambiguous nucleotides, sequences outside 13 
the expected length range and sequences not belonging to the respective group were 14 
removed, and identical sequences were kept only once. For fungal ITS, amplicons from 15 
GenBank were complemented with UNITE sequences (Abarenkov et al., 2025). 16 

Intensively sequenced taxa are strongly overrepresented in public databases. To retain 17 
taxonomic breadth while limiting this bias, sequences were selected in a taxonomically 18 
balanced way. For sequences from GenBank and SILVA, at most five distinct sequence 19 
variants were retained per species, and at most 45 per genus (for SILVA, per deepest named 20 
taxon) for records not identified to species. For the larger COI dataset from the Barcode of 21 
Life Data System (BOLD), one sequence was retained per species, and up to three per genus 22 
or family for records identified only to these levels. ITS2 and UNITE were deduplicated after 23 
download as the original datasets already impose similar restrictions: The plant ITS2 data 24 
already comprise up to nine sequences per species (Quaresma et al., 2024), and UNITE 25 
sequences are represented by one sequence per species.  26 

 27 
Table 1. Markers, primers and training data of the pre-trained MetAnoDe models. For each marker, 28 
the primer pair defines the amplicon; all training sequences were trimmed to this amplicon and span 29 
it completely. The target class contains the valid sequences of the marker. Off-target classes contain 30 
known non-target groups amplified by the same primers, each forming a separate class. Numbers 31 
are unique sequences in the training sets after taxonomically balanced selection and before 32 
generation of the anomaly classes. All classes were brought to equal size for training. Primer 33 
sequences are given in Table S1. 34 

Marker Primers  
(forward / reverse) 

Amplicon 
length 
(median, bp) 

Target class:  
source, sequences 

Off-target classes 
(sequences) 

Bacterial 16S-V3-V4 341F / 785R 
(Klindworth et al., 2013)  

422 SILVA 144; 133,858 mitochondria (56), 
plastids (788) 

Bacterial 16S-V4 515F / 806R 
(Caporaso et al., 2011) 

253 SILVA 144; 113,184 mitochondria (128), 
plastids (346) 

Bacterial 16S-V4-V5 515F-Y / 926R  
(Parada et al., 2016) 

373 SILVA 144; 126,677 mitochondria (68), 
plastids (611), 
eukaryotes (10,477) 

Bacterial 16S-V5-V7 799F / 1193R 
(Bodenhausen et al., 
2013; Chelius & Triplett, 
2001)  

377 SILVA 144; 120,491 mitochondria (51), 
plastids (57) 



Fungal ITS1 ITS1F / ITS2 
(Gardes & Bruns, 1993; 
White et al., 1990)  

260 GenBank + UNITE; 
99,426 

plants (2,632) 

Fungal ITS2 fITS7 / ITS4 
(Ihrmark et al., 2012; 
White et al., 1990)  

278 GenBank + UNITE; 
156,235 

plants (21,748) 

Plant ITS2 ITS-S2F / ITS4R 
(Sickel et al., 2015) 

333 Quaresma et al. 
(2024); 197,573 

fungi (31,050) 

Plant rbcL F52 / R193 
(Little, 2014) 

140 GenBank; 8,597 bryophytes (1,015), 
green algae (123) 

Invertebrate COI-5P mlCOIintF / jgHCO2198 
(Leray et al., 2013) 

313 BOLD; 252,710 vertebrates 
(20,182), plants 
(2,295), protists 
(425), fungi (369) 

Metazoan COI-5P mlCOIintF / jgHCO2198 
(Leray et al., 2013) 

313 BOLD; 272,892 plants (2,295), 
protists (425), fungi 
(369) 

Vertebrate COI-5P mlCOIintF / jgHCO2198  
(Leray et al., 2013) 

313 BOLD; 20,182 invertebrates 
(20,182), plants 
(2,295), protists 
(425), fungi (369) 

Vertebrate 12S V12S-U 
(Wang et al., 2023) 

160 GenBank; 17,415 invertebrates 
(2,038), bacteria (5) 

Vertebrate 16S V16S-U 
(Wang et al., 2023) 

208 GenBank; 48,450 invertebrates 
(3,407) 

 1 

Construction of training classes 2 

To create balanced datasets for training and validation, the following sequence classes were 3 
generated for each marker (Figure 1). The same workflow is also automatically applied when 4 
training models for additional user-provided metabarcoding markers (see below). 5 

1. Class 0 sequences (true target amplicons): 6 
All remaining sequences from the database were labelled as true biological target 7 
sequences. To account for natural variation not fully represented within the 8 
reference databases, additional sequences containing random low-frequency 9 
substitutions (probability of 0.5% per position) or insertion-deletion events (indels; 10 
0.5% per position) were generated from the original reference sequences. Low-11 
frequency variants of reference sequences represent the variation of closely related 12 
taxa not covered by reference databases, intra-specific variation or minor 13 
sequencing errors that usually do no affect downstream analyses.  14 

2. Class 1 and 2 sequences (simulated errors): Sequences with high substitution rates 15 
(Class 1) and high indel rates (Class 2) were generated in equal amounts to the Class 16 
0 sequences. To represent a range of error intensities rather than a single level, the 17 
error probability was drawn separately for each simulated sequence from a uniform 18 
distribution. For substitutions, the probability per position ranged from 6.7% to 20%. 19 
Because a random replacement can reproduce the original nucleotide, this 20 
corresponds to about 5 to 15% realised sequence divergence as confirmed for the 21 
simulated sequences of the pre-trained models. For indels, the insertion and 22 



deletion probabilities per position each ranged from 2.5% to 5%. These rates define 1 
the classes as accumultions of biological and technical artifacts; they are not 2 
intended to reproduce the error rates of particular polymerases or sequencing 3 
platforms. 4 

3. Class 3 sequences (chimeras): Chimeras were generated by joining the beginning of 5 
one randomly chosen reference sequence with the end of another, each contribujng 6 
between one quarter and three quarters of its length. 7 

4. Class N sequences (known off-target products): 8 
The soSware addi;onally supports modelling of user-defined sequence classes (Table 9 
1), allowing inclusion of known off-target amplifica;on products. These sets were 10 
balanced to the size of the Class 0 dataset by genera;ng addi;onal sequences with 11 
low-frequency subs;tu;ons and indels, as described above for Class 0 sequences. 12 

Sequences of the target class outside 0.75 to 1.25 times the median amplicon length were 13 
removed; for markers with naturally variable length (ITS, 12S, vertebrate 16S), the range 14 
was 0.5 to 1.5 times the median. Chimeras outside 0.5 to 1.5 times the median length were 15 
replaced. 16 

 17 
Figure 1: Workflow of MetAnoDe. Left (light grey): training of a marker-specific model. Reference 18 
sequences of the target group and of known off-target groups are reduced to the amplicon defined 19 
by the primer pair and selected in a taxonomically balanced way. From these, the training classes are 20 
constructed (target, sequences with accumulated substitutions or indels, chimeras, off-target), and a 21 
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CNN and an LSTM are trained and combined into the MetAnoDe model. Right (dark grey): application 1 
of a trained model within a standard amplicon metabarcoding pipeline. MetAnoDe classifies the 2 
unique sequences after denoising and chimera removal (recommended position, solid arrow). 3 
Application at earlier steps is possible (dashed arrows). Sequences classified as valid are passed to 4 
taxonomic classification. Predictions can be applied to community data with the provided R function. 5 
Steps outside MetAnoDe are shown in italics. 6 

 7 

Model architectures and training 8 

Sequences are encoded nucleotide by nucleotide (Figure 1). The CNN detects local sequence 9 
motifs and their positions, whereas the LSTM reads the sequence position by position and 10 
captures dependencies along it (Figure 2). Both start with a learned representation of the 11 
nucleotides (embedding), use dropout to reduce overfitting and are trained with a cross-12 
entropy loss. The MetAnoDe model combines the class probabilities predicted by the 13 
trained CNN and LSTM, whose weights are kept fixed, using a small fully connected network. 14 

The data of each marker were randomly split into 75% training and 25% validation data, 15 
with identical sequences never shared between the two. Models were trained with the 16 
Adam optimiser for up to 400 epochs. The learning rate was halved when the validation loss 17 
did not improve for three epochs (minimum 10-5), and training stopped when the validation 18 
accuracy had not improved for ten epochs; the weights of the best epoch were retained. For 19 
the LSTM, gradients were clipped to a maximum norm of 0.5 to stabilise training. 20 
Hyperparameters were determined by a Hyperband search (Li et al., 2018).  21 

Hold-out validation  22 

Performance on the validation data for each marker was summarised as precision, recall and 23 
F1 score per class and overall accuracy, separately for the CNN, the LSTM and the MetAnoDe 24 
model (Table S2). Because the validation data were used to stop training and to select 25 
hyperparameters, and because close relatives of validation sequences occur in the training 26 
data, performance on these data is an upper bound. Independent performance was 27 
assessed with the mock communities described below. 28 

 29 



 1 
Figure 2: Architecture of the CNN, the LSTM and the combined MetAnoDe model (implemented in 2 
TensorFlow and Keras). Both branches start with a learned representation of the nucleotides 3 
(embedding). The CNN detects local sequence motifs and their positions through convolutional 4 
layers, and the LSTM captures dependencies along the sequence. In the MetAnoDe model, the class 5 
probabilities predicted by the trained CNN and LSTM, whose weights are kept fixed (lock symbols), 6 
are concatenated and passed through a small fully connected network, which learns how to combine 7 
the two predictions for each class. Predictions of all three models are reported. 8 
 9 

Mock-community benchmark 10 

The hold-out validation tests the models on sequences generated by the same procedure as 11 
the training data. To evaluate them on independently generated anomalies in a more 12 
realistic metabarcoding workflow, I simulated mock communities for all 13 markers. In 13 
contrast to real datasets, the origin of every resulting ASV is known, allowing each 14 
MetAnoDe prediction to be checked against its true origin and the detection of different 15 
anomaly classes to be tracked across workflow steps. 16 

Target and off-target templates were obtained from GenBank (accessed 10. October 2026;  17 
Benson et al., 2018) and for the bacterial 16S regions from SILVA 144 (Quast et al., 2013), 18 
and reduced to the amplicon as described for the reference data. To distinguish the 19 
recognition of known sequences from generalisation to new ones, about half of the target 20 
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templates in each community were identical to training sequences of the model (seen), 1 
while the remainder were not (unseen). For each marker, 25 communities were assembled 2 
from 50 to 200 target templates with log-normally distributed abundances, and off-target 3 
templates contributing 2 to 20% of the community. PCR was simulated with Grinder (Angly 4 
et al., 2012), with 10% chimeric molecules and a polymerase error rate of 0.1% per base, 5 
and sequencing was simulated with InSilicoSeq (Gourlé et al., 2019), using the Illumina 6 
MiSeq error model and paired-end reads of the length used for the respective marker. Both 7 
tools are independent of the simulation used to construct the training classes. To represent 8 
pseudogenes and similar divergent copies, which arise before PCR and are therefore 9 
amplified like genuine sequences, each community additionally contained modified copies 10 
with one to three short insertions or deletions (frameshifts for the protein-coding markers), 11 
each at a lower abundance than its parent. To reflect the composition of real sequencing 12 
libraries, non-specific amplification products, primer dimers and low-quality reads were 13 
added. Their proportions were calibrated so that read-merging rates and the proportion of 14 
reads passing quality filtering fell within the interquartile ranges of real datasets processed 15 
with the same pipeline for the respective makers (see data availability for details).  16 

Simulated reads were processed with a standard VSEARCH-based pipeline (Leonhardt et al., 17 
2022; Rognes et al., 2016; https://github.com/chiras/metabarcoding_pipeline): read 18 
merging, quality filtering, dereplication, denoising, de novo chimera removal and taxonomic 19 
classification against reference databases restricted to the target group of each marker 20 
(Abarenkov et al., 2025; Benson et al., 2018; Quaresma et al., 2024; Quast et al., 2013; 21 
Ratnasingham & Hebert, 2007). For the bacterial regions, classification against an earlier 22 
SILVA release than the one providing the templates ensured that sequences added in the 23 
later release were new to the database, as in real studies. In this reference workflow, ASVs 24 
classified as off-target or not classified to family level were removed (taxonomic filter). 25 
MetAnoDe was applied to the final ASVs after chimera removal. Each ASV was labelled by its 26 
known origin and its fate was traced along the workflow (Figure S1): ASVs identical to a 27 
template as target or off-target; ASVs derived from a chimeric molecule, according to the 28 
simulation record, as chimeras; the modified copies according to their construction; 29 
remaining ASVs according to the predominant type of difference from their closest 30 
template, and ASVs without a template of at least 50% identity as unrelated. 31 

For the reference workflow and for the reference workflow combined with MetAnoDe, I 32 
determined the proportion of target ASVs removed (false removal) and the proportion of 33 
anomalous ASVs retained, for each anomaly class and as the mean across classes. All data, 34 
scripts, parameters and results of the benchmark are archived in Zenodo 35 
(https://doi.org/10.5281/zenodo.23918277). 36 

Final model selection 37 

For each marker, several models were trained with different random seeds and, for some 38 
markers, alternative training settings. The model released for each marker was selected by 39 
its performance in the mock-community benchmark, with hold-out validation and the 40 
performance of the CNN and LSTM as secondary criteria (candidates and their values in 41 
Table S3). Within a marker, candidates differed by at most one to two percentage points so 42 
that the selection has little influence on the reported values. 43 

Downstream filtering 44 



To apply the predictions in community analyses, an R function (MetAnoDe_filter) filters 1 
phyloseq objects (McMurdie & Holmes, 2013) based on the MetAnoDe classes. Filtering 2 
thresholds and criteria can be set manually during the function call. By default, sequences of 3 
off-target classes are removed regardless of their abundance, because off-target amplicons 4 
such as chloroplast sequences are often abundant and widespread. Sequences of the other 5 
anomaly classes can be removed directly or only when they are also rare across samples 6 
(below user-defined thresholds of prevalence and abundance), thereby reducing the risk of 7 
removing misclassified genuine taxa. 8 

Implementation and availability 9 

MetAnoDe is implemented in Python and available at https://github.com/chiras/MetAnoDe. 10 
It is provided as a Docker image with all package versions fixed (based on the NVIDIA 11 
TensorFlow container 25.01; TensorFlow 2.17, Keras 3.3); installation in a Conda 12 
environment is supported as an alternative. Prediction requires a query FASTA file and a 13 
model name; training of a new marker-specific model requires reference sequences of the 14 
target group and, optionally, of off-target groups. By default, all query sequences are 15 
retained and annotated with the predicted class and class probabilities from the MetAnoDe 16 
model and the individual CNN and LSTM. Removal of sequences classified as anomalous is 17 
optional. Parameters and usage examples are given in the repository documentation. The 18 
models and results reported here were generated with release v1.0 which is archived 19 
together with the pre-trained models in Zenodo 20 
(https://doi.org/10.5281/zenodo.23916955). The mock-community benchmark including 21 
scripts, data and full results is archived separately 22 
(https://doi.org/10.5281/zenodo.23918277). Models were trained on Ubuntu 24.04 23 
workstations with graphics processing units (GPUs) by NVIDIA (RTX 4070 Ti Super, 4090 or 24 
5090). Prediction was tested on Ubuntu and macOS with and without GPU support. Mock-25 
community benchmarks were performed on macOS without GPU support.  26 

AI Technology Disclosure 27 

ChatGPT (GPT-5.5, OpenAI) and Claude (Opus 5.5, Anthropic) were used for language 28 
editing, grammar correction, and stylistic refinement during manuscript preparation and 29 
revision. They were also used for limited readability improvements, for review of code 30 
changes and bug fixing of individual software code blocks during software preparation. 31 
Claude Code (Opus 5.5, Anthropic) was used for implementing the Mock-community 32 
benchmark pipeline. The scientific concepts, study design, analyses, interpretation, 33 
manuscript content, and software implementation were developed by the author. No 34 
manuscript content or software code beyond the benchmark pipeline was drafted by AI and 35 
all AI-assisted edits were reviewed, verified, and approved by the author, who remains fully 36 
responsible for the manuscript and software. No AI tool was used to generate or change 37 
data, perform analyses, or determine scientific conclusions. 38 

 39 

Results 40 

Hold-out validation 41 

Overall, all models achieved high accuracy on the validation data, between 0.96 and 0.99 42 
(Table 2). The precision of the target class, i.e. the proportion of sequences classified as valid 43 
that were valid, ranged from 0.90 to 0.97, and its recall from 0.93 to 0.99. For every marker, 44 

https://github.com/chiras/MetAnoDe
https://doi.org/10.5281/zenodo.23916955
https://doi.org/10.5281/zenodo.23918277


the target class was the class most difficult to separate, with the lowest values for markers 1 
of naturally variable length (fungal ITS1 and ITS2, vertebrate 12S), whose natural variation 2 
overlaps more with the simulated anomaly classes. The MetAnoDe model achieved a mean 3 
F1 score across classes of 0.960 to 0.995, the highest of the three models for all markers 4 
except bacterial 16S V5-V7, where it equalled the CNN (0.988), with small gains over the 5 
better of the CNN and LSTM (Table S2). 6 

 7 
Table 2: Performance of the MetAnoDe models. Hold-out validation: overall accuracy and precision and recall 8 
of the target class on the validation data (an upper bound, see Methods). Values for individual classes and for 9 
the CNN and LSTM are given in Table S2. Mock communities: proportion of target ASVs removed and of 10 
anomalous ASVs retained by the reference workflow (de novo chimera removal and taxonomic filter) and by 11 
the reference workflow combined with MetAnoDe, based on all ASVs after denoising. The proportion of 12 
retained anomalies is the mean across anomaly classes. Bacterial 16S templates were drawn from SILVA 144 13 
and classified against SILVA 138.2. Templates of the other markers were drawn from GenBank. 14 

Marker Hold-out Mock:  
false removal 

Mock: 
anomalous ASVs retained 

 accuracy target  
precision / 

recall 

reference (%) reference with 
MetAnoDe (%) 

reference (%) reference with 
MetAnoDe (%) 

Bacterial 16S V3-V4 0.99 0.96 / 0.98 17.5 19.1 27.1 16.4 

Bacterial 16S V4 0.98 0.95 / 0.96 9.1 11.5 30.9 16.1 

Bacterial 16S V4-V5 0.99 0.96 / 0.98 19.1 20.4 22.9 14.3 

Bacterial 16S V5-V7 0.99 0.96 / 0.98 16.7 17.7 22.5 15.9 

Fungal ITS1 0.96 0.90 / 0.93 3.6 7.2 29.8 12.2 

Fungal ITS2 0.97 0.91 / 0.94 3.6 6.3 33.7 19.2 

Plant ITS2 0.98 0.94 / 0.97 0.1 1.2 58.1 21.8 

Plant rbcL 0.98 0.92 / 0.95 5.5 6.3 31.3 19.3 

Invertebrate COI-5P 0.99 0.97 / 0.99 3.1 5.0 30.2 20.4 

Metazoan COI-5P 0.99 0.97 / 0.99 2.9 4.7 35.9 25.1 

Vertebrate COI-5P 0.99 0.96 / 0.99 1.8 2.0 23.5 13.6 

Vertebrate 12S 0.96 0.90 / 0.93 4.8 6.3 31.7 10.5 

Vertebrate 16S 0.96 0.92 / 0.94 0.9 1.5 40.6 13.3 
 15 
Mock community benchmark 16 

The mock communities of all markers were simulated with the same design, but their 17 
composition after denoising differed between markers, depending on template pools, 18 
amplicon length and the number of chimeras surviving denoising (Figure S1). This yielded 19 
1,169 to 2,578 target ASVs and 435 to 1,131 anomalous ASVs per marker after denoising, 20 
about 35,600 ASVs in total over all markers, each with known origin. The reference 21 
workflow, i.e. chimera removal and taxonomic filter, removed 0.1 to 19.1% of the target 22 
ASVs and retained between 22.5 and 58.1% of the anomalous ASVs (class-balanced mean; 23 
Table 2). Adding MetAnoDe reduced the proportion of retained anomalies to 10.5 to 25.1%, 24 
while it increased the removal of target ASVs by 0.2 to 3.6 percentage points. The largest 25 
reductions were found for plant ITS2, vertebrate 16S and vertebrate 12S (by 36.3, 27.3 and 26 



21.2%), whereas the highest additional flagging of target ASVs occurred for the two fungal 1 
ITS markers (2.7 and 3.6%).  2 

Among the final ASVs, MetAnoDe and the taxonomic filter flagged largely different subsets 3 
of anomalies (Figure 3). Depending on the marker, 34 to 70% of the anomalous final ASVs 4 
were flagged by both, 10 to 46% by MetAnoDe only and 0 to 29% by the taxonomic filter 5 
only, while 9 to 25% were flagged by neither. The false removal of the reference workflow 6 
depended on amplicon length. For the four bacterial 16S regions, which shared template 7 
source and reference database, the taxonomic filter removed 8.9% of the target ASVs for V4 8 
(253 bp) but 16.7 to 19.1% for the longer regions (V3-V4, V4-V5, V5-V7; 373 to 422 bp), 9 
because fewer valid sequences reached the identity required for classification over a longer 10 
amplicon. MetAnoDe, in contrast, flagged 1.3 to 2.5% of the target ASVs in all four regions. 11 
On a second benchmark for bacterial 16S-V4 with templates of cultured type strains (NCBI 12 
Reference Sequence database, RefSeq), MetAnoDe flagged fewer target ASVs (0.2% instead 13 
of 2.4%), consistent with the higher false-removal rate for lineages less represented in the 14 
training data (Table S3). 15 

Detection by anomaly class 16 

The contribution of MetAnoDe differed strongly between anomaly classes. Divergent copies 17 
with accumulated substitutions were detected by the reference workflow at 13.6 to 79.5%, 18 
depending on the marker (Table S4), compared with 87.6 to 96.3% by the reference 19 
workflow combined with MetAnoDe. MetAnoDe alone detected 86.1 to 96.3% of them. 20 
Copies with insertions or deletions were rarely detected by the reference workflow (0 to 21 
26.5%). When MetAnoDe was added, detection rose to 14.3 to 76.5%, with the lowest 22 
values for COI and the longer bacterial regions.  23 

For the 19 off-target groups of the non-bacterial markers (Table S4), MetAnoDe alone 24 
detected 84.0 to 100% of the off-target ASVs, all of them for 11 groups and at least 95% for 25 
16. Its detection was equal to or higher than that of the taxonomic filter for every group, 26 
and higher for 15. The difference was largest where the reference database did not cover 27 
the off-target group, as for fungal sequences in plant ITS2 (89.7% against 32.8%). The lowest 28 
detection occurred for bryophytes in plant rbcL, the off-target group most closely related to 29 
the target group (84.0% by MetAnoDe, 85.2% in combination with the taxonomic filter). For 30 
the bacterial 16S regions, the taxonomic filter flagged mitochondrial, plastid and eukaryotic 31 
sequences at 80.4 to 100%, because these were not classified to family against a database 32 
restricted to Bacteria and Archaea. MetAnoDe alone detected mitochondrial and plastid 33 
sequences at 79.8 to 98.9% for V3-V4, V4 and V4-V5, raising the combined detection to 99.0 34 
to 100%, but only 26.0 and 40.7% for V5-V7, and eukaryotic sequences in V4-V5 at 17.9%. 35 
On the bacterial 16S V4 benchmark with cultured type strains and databases lacking 36 
mitochondria, MetAnoDe detected all mitochondrial sequences, against 44.4% for the 37 
taxonomic filter (see benchmark archive: https://doi.org/10.5281/zenodo.23918277). Non-38 
specific products unrelated to the marker were removed almost completely in the combined 39 
workflow (97.8 to 100%).  40 

Confusion between mitochondria and their closest bacterial relatives was not observed: of 41 
9,804 bacterial ASVs in the four 16S regions, including 32 of Rickettsiales and 935 of other 42 
Alphaproteobacteria, none was classified as mitochondrial by MetAnoDe, and none of the 43 
Rickettsiales ASVs was flagged as anomalous, whereas the taxonomic filter flagged 18.8% of 44 
them (Figure S2). 45 



For chimeras, in contrast, de novo chimera removal was decisive (Figure S1). Applied to all 1 
denoised sequences, UCHIME3 (Edgar, 2016) detected 48 to 87% of the chimeric ASVs and 2 
MetAnoDe 15 to 39%, of which 50 to 93% were also detected by UCHIME3. MetAnoDe thus 3 
detected 5.9 to 37.8% of the chimeras that UCHIME3 missed, while 8 to 37% were detected 4 
by neither method.  5 

The classification of the final ASVs by origin and predicted class is shown in Figure S3. Most 6 
misclassifications concerned copies with insertions or deletions classified as valid, 7 
particularly for the COI markers and the longer bacterial 16S regions, consistent with their 8 
low detection (Table S4). 9 

Seen and unseen templates 10 

To distinguish the recognition of known sequences from generalisation, I compared ASVs 11 
derived from templates identical to training sequences (seen) with ASVs derived from 12 
templates absent from the training data (unseen; Figure S4). The reference workflow 13 
retained anomalies derived from unseen templates far more often than those derived from 14 
seen templates (28.7 to 75.9% versus 4.5 to 40.0%), because its taxonomic filter depends on 15 
related reference sequences. With MetAnoDe, the proportion of retained anomalies derived 16 
from unseen templates fell to 11.2 to 18.3%, whereas the reduction was smaller for 17 
anomalies derived from seen templates. MetAnoDe alone flagged 0.3 to 7.3% of the target 18 
ASVs derived from unseen templates, compared with 0.1 to 2.5% of those derived from 19 
seen templates, with the highest values for the two fungal ITS markers. 20 

Runtime  21 

Prediction with a trained model took 1 to 5 s for 955 to 7,280 unique sequences on a single 22 
workstation GPU, for all three models together (about 1,000 to 2,700 sequences per 23 
second). Training a new model took 0.6 to 22.7 h, increasing mainly with the number of 24 
reference sequences: from 0.6 h for plant rbcL (8,597 target sequences) to 22.7 h for 25 
metazoan COI (272,892). 26 

 27 

 28 



 1 
Figure 3: Final ASVs of the mock communities flagged by the reference filter and by MetAnoDe, for 2 
each marker, grouped by organism group. For each marker, the upper bar shows the ASVs derived 3 
from target templates and the lower bar the ASVs derived from anomalies (n is the number of ASVs). 4 
Colours indicate whether an ASV was flagged by both the taxonomic filter and MetAnoDe, by the 5 
reference filter only, by MetAnoDe only, or by neither. For target ASVs, flagging represents a false 6 
removal, for anomalous ASVs, a correct detection. Shown are the final ASVs after denoising and de 7 
novo chimera removal; chimeras removed at that step are not included, the full tracing is available in 8 
Figure S1. Numbers in the bars are ASV counts (omitted for small segments). 9 
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Discussion 1 

MetAnoDe as a complementary anomaly detection layer 2 

Here, I introduce MetAnoDe, a workflow and software for identifying and classifying 3 
anomalous sequences in amplicon metabarcoding data using deep-learning models. The 4 
software provides two principal usage pathways. First, pre-trained models can be applied 5 
directly to query datasets, allowing rapid prediction without further training. Such models 6 
are already provided for 13 markers covering bacteria, fungi, plants and animals (Table 1). 7 
Second, if no suitable model exists for a given target region, new models can be trained 8 
within the same automated software environment using user-provided reference sequences 9 
and optional off-target classes. This design allows MetAnoDe to be used both as an 10 
immediately applicable tool for established markers and as a flexible framework for 11 
extending anomaly detection to additional regions. 12 

Deep-learning models have previously been applied to the taxonomic classification of DNA 13 
(meta-)barcode sequences (Badirli et al., 2023; Yang et al., 2022; Ye et al., 2026). These 14 
approaches, however, assume that the classified sequences are valid representatives of the 15 
target region. To the best of my knowledge, no other workflow or software has been 16 
proposed to date that specifically addresses detection of anomalous metabarcoding 17 
sequences using deep-learning methods, also considering recent reviews of available 18 
metabarcoding software (Hakimzadeh et al., 2024). MetAnoDe is alignment-free and does 19 
not rely on sequencing quality statistics or on matching against a reference database during 20 
prediction. It therefore provides a complementary perspective to existing quality-, 21 
abundance-, and alignment-based filtering strategies rather than replacing these steps.  22 

What MetAnoDe detects that reference-based filtering misses 23 

The mock communities allowed tracing every ASV to its origin, and thereby showed which 24 
anomalies each workflow step detects. Across markers, MetAnoDe reduced the proportion 25 
of anomalous ASVs retained by a standard workflow from 23.5 - 58.1% to 10.5 - 25.1%, at 26 
the cost of 0.2 to 3.6 percentage points of additionally removed target ASVs. Among the 27 
final ASVs, MetAnoDe flagged 10 to 46% of the anomalies that the taxonomic filter retained, 28 
whereas a taxonomic filter added 0 to 29% to MetAnoDe. 29 

The underlying reason lies in the different questions both approaches ask. A alignment-30 
based filter asks whether a sequence resembles a reference sequence of the target group 31 
closely enough. MetAnoDe asks whether a sequence conforms to the structure of the 32 
marker region as represented in the training data. Anomalies that resemble a genuine taxon 33 
therefore pass the alignment-based filter but not MetAnoDe. This applies above all to 34 
divergent copies of genuine sequences, such as pseudogenes or nuclear mitochondrial 35 
copies, which arise before PCR, are amplified like functional sequences and survive 36 
denoising. The reference workflow detected 13.6 to 79.5% of such copies with accumulated 37 
substitutions, MetAnoDe 86.1 to 96.3%. The same principle applies to off-target groups 38 
missing from the reference database: mitochondrial sequences in a bacterial database and 39 
fungal sequences in a plant database were classified as unassigned or as plausible targets by 40 
the alignment-based filter, while MetAnoDe detected them in 100% and 89.7% of cases. 41 

The four bacterial 16S regions illustrate the same principle. The false removal of the 42 
reference workflow doubled from V4 to the longer regions, because the identity required 43 
for classification is reached less often over a longer and more variable amplicon, whereas 44 



the false removal added by MetAnoDe remained low in all regions. Reference-based filtering 1 
thus depends on how well the database represents the community at the resolution of the 2 
chosen region, while MetAnoDe depends on how well its training data represent the region 3 
as a whole. 4 

More generally, errors in metabarcoding data arise mainly at two levels: in the sequences 5 
themselves, which MetAnoDe addresses, and in their taxonomic assignment. Assignment 6 
errors are typically reduced by restricting reference databases to taxa that are plausible for 7 
a given region and season (Keller et al., 2020; Quaresma et al., 2024). Quality control at both 8 
levels is complementary. 9 

Chimeras and the recommended position in the workflow 10 

For chimeras, the picture is reversed. De novo chimera removal detected 62 to 87% of the 11 
chimeric ASVs, MetAnoDe alone 15 to 39%, and most chimeras detected by MetAnoDe were 12 
also detected by UCHIME3. Chimeras of closely related parents differ little from genuine 13 
sequences of either parent, and abundance-based de novo detection, which exploits the 14 
presence of both parents in the same sample, is better suited to them than an assessment 15 
of the sequence alone. MetAnoDe added 2 to 14% of the chimeras missed by UCHIME3 16 
(Edgar, 2016), while 8 to 32% remained undetected by both. 17 

This defines the recommended position of MetAnoDe: after denoising and de novo chimera 18 
removal, as an additional layer on the retained sequences. Applied before chimera removal, 19 
it would largely duplicate UCHIME3 while missing most chimeras. Applied before denoising, 20 
hard removal of sequences classified as anomalous could alter denoising, because 21 
sequences with irregularities may still carry information that denoising algorithms use to 22 
reconstruct ASVs from patterns of sequence similarity and abundance. I therefore 23 
recommend to first perform the standard workflow of the respective pipeline and then 24 
apply MetAnoDe to the final sequences. 25 

Within this framework, the predicted classes can be used flexibly, depending on study goals 26 
and desired stringency. Flagged sequences can be inspected or removed selectively. The 27 
provided R function applies the predictions to phyloseq objects: Off-target sequences are 28 
removed independent of their abundance by default, because off-target amplicons (e.g. 29 
such as chloroplast sequences) are often abundant and widespread. Sequences of the other 30 
anomaly classes can be removed either directly or only when they are also rare across 31 
samples. The latter option reduces the risk of removing misclassified genuine taxa, but 32 
retains artefacts that recur across samples, such as chimeras of abundant parent sequences. 33 

Reuse, scope and marker transferability 34 

Pre-trained models can be applied directly to query data, provided that adapter and primer 35 
sequences have been removed and the analysed amplicon matches the model. By default, 36 
the software retains all query sequences and adds the predicted classes to the output. In 37 
multi-marker studies, sequences of different markers cannot be linked to the same 38 
organism within a mixed sample, and each marker is therefore processed separately: after 39 
assigning sequences to markers, a step supported by common metabarcoding pipelines (e.g. 40 
Leonhardt et al., 2022)), MetAnoDe is applied per marker with the corresponding model. 41 

Models for further markers can be trained with the same workflow. This requires unique 42 
reference sequences of the target group trimmed to the amplicon and ideally balanced for 43 
taxonomic breadth within the target group plus, optionally, known off-target groups. There 44 



is no fixed limit on the number of reference sequences, sequence length or off-target 1 
classes, but memory and training time increase with data size (0.6 to 22.7 h on a single GPU 2 
for the models presented here), so that a GPU is recommended for training, whereas 3 
prediction is fast on systems with central processing units (CPUs) only as well as with GPUs. 4 

The approach requires amplicons of a defined marker region. It is therefore not applicable 5 
to data without defined amplicon boundaries, such as shotgun metagenomic (Quince et al., 6 
2017) or target enrichment data (e.g. Angiosperms353; Benkendorf et al., 2025) which 7 
consist of randomly fragmented reads with varying boundaries and are subject to different 8 
error sources. In principle, MetAnoDe could also be applied to high-throughput sequencing 9 
of single specimen barcoding data amplified with the same primers, but this has not been 10 
tested here, and some anomaly classes, such as chimeras between taxa, would not be 11 
expected in such data. 12 

Limitations and future development 13 

Several limitations should be considered when interpreting the results. First, both the 14 
training classes and the benchmark rely on simulation. The benchmark used tools and error 15 
processes independent of the training data, and its read populations were calibrated against 16 
real datasets. But it cannot capture all context-dependent PCR and sequencing errors. 17 
Performance was therefore summarised per class and as a class-balanced mean, and should 18 
be interpreted per class. In the training classes, substitutions are placed uniformly across 19 
positions. Empirically derived error profiles, such as the preference for transitions in 20 
polymerase misincorporation, could be incorporated as they become better characterised. 21 

Second, the current models do not explicitly include all possible sources of anomalous 22 
sequences. Non-functional ribosomal DNA copies, pseudogenes, primer hybrids, and 23 
unusual degradation products may not always fit the trained anomaly classes (Bálint et al., 24 
2016; Porter & Hajibabaei, 2021; Schirmer et al., 2015). Short frameshifts in COI were 25 
detected least well, by MetAnoDe alone in 12.5 to 20.8% of cases, although still far more 26 
often than by the reference workflow (1.8 to 8.3%), indicating that the models do not 27 
explicitly exploit the reading frame. A frame-aware representation is a concrete direction for 28 
protein-coding markers. Future versions could be extended with open-set or out-of-29 
distribution recognition, as developed to recognise taxa absent from training data in DNA 30 
barcoding and image-based identification (Badirli et al., 2023; Fujisawa & Imai, 2026; Impiö 31 
& Raitoharju, 2024). Applied to MetAnoDe, such methods would allow flagging sequences 32 
that resemble none of the trained classes, and thus dataset-, platform- or run-specific 33 
artefacts that are difficult to anticipate. 34 

Third, performance depends on the breadth of the training data and on the resolution of the 35 
marker. Genuine sequences of lineages absent from the training data are flagged more 36 
often, and as reference databases grow, retraining will extend the taxonomic coverage of 37 
the models. Independent of the training data, short and conserved amplicons provide fewer 38 
positions at which anomalies and related off-target groups differ from valid sequences. This 39 
was most evident for the plant rbcL mini-barcode (about 140 bp; Little, 2014), for which 40 
MetAnoDe reduced the proportion of retained anomalies less than for plant ITS2 (by 12.0 41 
against 36.3 percentage points) and separated bryophytes, the off-target group most closely 42 
related to the target group, least reliably (84.0%). For bacterial 16S, the corresponding case 43 
are mitochondria and their closest bacterial relatives, the Rickettsiales, which include 44 



endosymbionts such as Wolbachia. In the benchmark, no true bacterial ASV was classified as 1 
mitochondrial (Figure S2), including Wolbachia and other Alphaproteobacteria. 2 

Finally, transferability requires a consistent marker definition. Pre-trained models should 3 
only be applied to data generated with primers that define the same amplicon after adapter 4 
and primer trimming. Datasets generated with different primers or substantially different 5 
amplicon boundaries require retraining. 6 

 7 

Conclusions 8 

MetAnoDe provides an alignment-free deep-learning based anomaly detection layer for 9 
amplicon metabarcoding workflows. It comes with pre-trained models for 13 widely used 10 
markers across bacteria, fungi, plants and animals, and a workflow for training models for 11 
further markers. In mock communities with known origin of every sequence, MetAnoDe 12 
reduced the proportion of anomalous sequences retained by a standard workflow from 13 
23.5–58.0% to 10.5–25.1%, while removing 0.2 to 3.6 percentage points more valid 14 
sequences. Its contribution was largest for anomalies that reference-based filtering cannot 15 
recognise: divergent copies of genuine sequences such as pseudogenes, off-target groups 16 
missing from the reference database, and anomalies derived from lineages absent from it. 17 
De novo chimera removal remains necessary, as chimeras of related parents were detected 18 
mainly by UCHIME3. MetAnoDe is therefore best applied after the standard workflow, as an 19 
additional layer that flags residual anomalous sequences for inspection or selective removal 20 
before taxonomic and ecological analyses. 21 
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2025), BOLD (Ratnasingham & Hebert, 2007), GenBank (Benson et al., 2018) and Quaresma et al., (2024). 54 
Versions and download dates are documented in the archives. Previously published metabarcoding datasets 55 



were used only to calibrate the mock simulation. (Elliod et al., 2021; Gaube et al., 2021; König et al., 2022; F. 1 
Leonhardt et al., 2023; S. D. Leonhardt et al., 2022; Marfns et al., 2023; Mayr et al., 2021; Metz et al., 2026; 2 
Peters et al., 2022; Roncheh et al., 2022; Staab et al., 2025; Too et al., 2018; Vaudo et al., 2020; Villagómez et 3 
al., 2024; Vogel et al., 2023; Voulgari-Kokota et al., 2019; Weinhold et al., 2024; Wilson et al., 2021). Their data 4 
are available from the repositories reported in the original publications. 5 
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