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In a context of unprecedented insect decline, it is critical to have reliable monitoring 
tools to measure species diversity and their dynamic at large-scales. High-throughput 
DNA-based identification methods, and particularly metabarcoding, were proposed as 
an effective way to reach this aim. However, these identification methods are subject to 
multiple technical limitations, resulting in unavoidable false-positive and false-nega-
tive species detection. Moreover, metabarcoding does not allow a reliable estimation of 
species abundance in a given sample, which is key to document and detect population 
declines or range shifts at large scales. To overcome these obstacles, we propose here a 
human-assisted molecular identification (HAMI) approach, a framework based on a 
combination of metabarcoding and image-based parataxonomic validation of outputs 
and recording of abundance. We assessed the advantages of using HAMI over the 
exclusive use of a metabarcoding approach by examining 492 mixed beetle samples 
from a biodiversity monitoring initiative conducted throughout France. On average, 
23% of the species are missed when relying exclusively on metabarcoding, this per-
cent being consistently higher in species-rich samples. Importantly, on average, 20% 
of the species identified by molecular-only approaches correspond to false positives 
linked to cross-sample contaminations or mis-identified barcode sequences in data-
bases. The combination of molecular methodologies and parataxonomic validation in 
HAMI significantly reduces the intrinsic biases of metabarcoding and recovers reliable 
abundance data. This approach also enables users to engage in a virtuous circle of data-
base improvement through the identification of specimens associated with missing or 
incorrectly assigned barcodes. As such, HAMI fills an important gap in the toolbox 
available for fast and reliable biodiversity monitoring at large scales.
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Introduction

Insects represent 61–71% of the known eukaryotic biodi-
versity (Adler and Foottit 2017) and despite their critical 
importance in ecosystem functioning (Goulson 2019), they 
remain far less well monitored than other organisms such as 
vertebrates (Goulson 2019). This situation arises mostly from 
the complexity associated with species recognition in general, 
and limited availability of taxonomic expertise (Hoagland 
1996, McGill et al. 2016, Engel et al. 2021). This trend is 
also evident within insect taxa (Troudet et al. 2017).

Over the last decades, two main strategies have been devel-
oped to face the taxonomic impediment and limit taxonomic 
biases associated with large-scale monitoring of insects. The 
first strategy is to simplify species identification by assigning 
individuals into recognizable taxonomic units (RTU; Oliver 
and Beattie 1993). This simple categorization of individuals 
into morphologically uniform groups, on the basis of exter-
nal characteristics, is fast, easy to implement, and has there-
fore been widely used in ecological studies (Krell 2004). It 
produces relatively accurate data on species richness, but the 
resulting datasets are generally study-dependent and have 
little or no other application, since the specific composition 
of samples is not inferred (Krell 2004). The second strategy 
arose with the development of DNA-based identification 
methods such as DNA barcoding (Hebert  et  al. 2003). Its 
evolution into metabarcoding – a high-throughput approach 
– enables the simultaneous identification of multiple species 
in pooled samples, based on the amplification and sequencing 
of universal markers acting as molecular barcodes (Epp et al. 
2012). These methods, notably those relying on free environ-
mental DNA (eDNA), are now proposed as a theoretically 
effective way of rapid, and large-scale biodiversity monitoring 
(Taberlet et al. 2018, Dornelas et al. 2019). When based on 
well-curated reference DNA-barcode libraries, metabarcod-
ing is fast, highly accurate for species-level identification and 
can be applied to any development stage, tissue fragment or 
free DNA available for an insect community (Liu et al. 2020, 
Chua et al. 2023). However, this approach is technologically 
demanding and faces multiple intrinsic limitations impact-
ing their generalization for biodiversity monitoring. First, 
abundance data cannot be reliably inferred with this method. 
While several studies show a positive correlation between 
biomass or DNA quantity in a sequenced specimen/sample 
and the number of sequenced reads (Luo et al. 2023), this 
alone is insufficient to estimate how DNA degradation state 
and primer biases affect DNA amplification patterns within 
and between samples (Elbrecht and Leese 2015, Lamb et al. 
2019). Yet, providing reliable abundance data is at least as crit-
ical as estimating species richness in biodiversity monitoring. 
Abundance provides valuable insights on population varia-
tion across locations and taxa (van Klink et al. 2022), which 
are crucial parameters for implementing management and 
conservation measures (Lacasella et al. 2017, Callaghan et al. 
2024). Abundance is also required to detect population 
declines and range contractions before species extinctions. 
Second, factors such as DNA quality (Hawthorne  et  al. 

2023), cross-contaminations (Drake et al. 2022), and PCR 
primer efficiency (Elbrecht and Leese 2015) can cause false 
positive or false negative identifications that are difficult to 
control, especially when samples are not verified afterwards 
(destructive methods, but see Batovska et al. 2021) or are not 
available (eDNA approaches). Finally, molecular approaches 
remain at a relatively early stage of development, with no 
bioinformatic consensus on best practices for avoiding errors 
(e.g. data filtering, Creedy et al. 2022), and reference DNA-
barcode libraries are incomplete for most insect groups.

Despite the complementary nature of human verification 
of samples and abundance recovery on one hand, and fast 
and accurate species-level barcoding identification on the 
other, these two approaches are currently always used sepa-
rately. Pereira et al. (2021) proposed an automatic pipeline 
combining identification data produced in parallel with 
metabarcoding and taxonomic approaches. Though this 
method provided reliable and cross-validated identifications, 
it still relies on taxonomic expertise, and it is therefore dif-
ficult to apply on a large scale. In this study, we introduce the 
human-assisted molecular identification (HAMI) framework 
for insect monitoring and macro-arthropods in general. We 
developed and tested HAMI on a large dataset of relatively 
diverse, but also well-known temperate beetle communi-
ties (ca 500) from agricultural field margins in continental 
France. This framework takes full advantage of the speed and 
reliability of DNA metabarcoding approaches and combines 
them with key parataxonomic checks to act as safeguard for 
molecular identification and to recover reliable abundance 
data. Here we describe the HAMI framework, highlight its 
strengths over traditional approaches, and discuss its applica-
bility in various contexts.

Material and methods

Sample collection

Beetle communities were collected as part of the 500-ENI 
network, a national, standardized effort to monitor biodiver-
sity in ca. 500 agricultural field margins across the French 
mainland (Andrade  et  al. 2021, Supporting information). 
Agricultural lands occupy 34% of the Earth’s emerged sur-
face (Ramankutty et al. 2008), and field margins represent an 
important dispersal and refuge habitat for species of conser-
vation interest (Marshall and Moonen 2002), making it an 
interesting case-study to implement large-scale biodiversity 
monitoring strategies. In this context, field margin beetles 
were collected three times a year in spring using sweeping 
nets along two 10 m transects, which were positioned 30 m 
apart in the same field margin for a given site. Live specimens 
were then collected from the nets using a mouth aspirator, 
killed directly and preserved in 96% ethanol. Beetles col-
lected on the same day at the same site from both transects 
were pooled and constitute a single sample in the following 
analyses. Details of the spatio-temporal characteristics of the 
samples can be found in the Supporting information.
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The HAMI framework

The aim of the HAMI framework is to leverage metaba-
rcoding to identify rapidly large volumes of mixed insect 
samples, in combination with parataxonomic expertise to 
increase the accuracy of results and incorporate abundance 
data. The framework includes four main steps: pre-sorting of 
specimens into RTUs and high-definition imaging (Fig. 1A), 
DNA amplification and sequencing of mixed samples using 

a standard metabarcoding approach (Fig. 1B), bioinformat-
ics processing of sequence data for accurate molecular species 
identification (Fig. 1C), and a final step of visual data rec-
onciliation between molecular outputs and RTUs (Fig. 1D).

RTU sorting and imaging

This step relies on parataxonomic expertise and can be carried 
out by one or several people with general knowledge in beetle 

Figure 1. Description of the four stages of the HAMI methodology applied to our beetle samples (n = 492). Human iconography highlights 
steps where a parataxonomist is involved. The values shown in the occurrence matrix in 1C are the read numbers associated with each 
identification; values in the occurrence matrix in 1D represent the corresponding abundance data filled by matching the sequencing results 
with the stored photography of the same sample.
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taxonomy. The goal of this first step is to separate individuals 
into groups of putative species, but being able to identify spe-
cies is not needed. Training, based on pre-sampling of already 
identified specimens from collections, could be considered 
to guarantee the best sorting resolution, but was not used 
here. However, if several parataxonomists with heterogeneous 
taxonomic skills participate in the same effort, training is rec-
ommended to ensure consistency.

For each sample, specimens were first removed from 
alcohol, dried at room temperature and sorted into RTUs 
on a standard Petri dish under a binocular magnifier. Mixed 
samples of beetles from the same site generally consisted of 
an assemblage of species from divergent lineages, and a sam-
ple rarely contained closely related species belonging to the 
same genus. In case of doubt (intraspecific variation, sexual 
dimorphism or closely related species), distinct morphs were 
separated into different groups to obtain only homogeneous 
RTUs. Once sorted, the Petri dish was photographed using 
a Panasonic DMC-LX100 camera, mounted on a fixed base 
with a light maximizing device to maintain high-definition. 
Photographs were also taken on a millimetric paper to retain 
information on specimens’ size (Supporting information).

Then, in line with our subsidiary objective of enriching 
the COI databases, and given that the RTUs often consisted 
of a single specimen, a protocol was implemented in order to 
conserve DNA-grade material for each species. Thus, as far as 
possible, a sole leg was taken from each RTU and transferred 
to a single tube for DNA extraction (bulk samples). However, 
when the RTUs were specimen-rich or tied to a complex 
fauna with potential cryptic species, we sampled several 
individuals to avoid species lumping. In addition, to limit 
PCR competition during the amplification step (Veillat et al. 
2023), the volume of tissue included for each RTU was bal-
anced at this stage: for very large specimens (> 10 mm), only 
a part of a leg was taken, while for very small specimens (< 2 
mm), whole bodies were transferred to extraction tubes. The 
remaining specimens were stored in 96% ethanol at 4°C. To 
control the risk of cross-contamination between samples, the 
forceps used were disinfected using a Bunsen burner between 
each sample processed. In total, 492 beetle samples were 
processed.

Non-destructive DNA extraction, amplification, and 
sequencing

Bulk samples were subjected to a two-step PCR metaba-
rcoding strategy (as detailed in Galan  et  al. 2018). DNA 
from each bulk sample was extracted using a 96-well plate 
animal genomic DNA miniprep kit (Biobasic) follow-
ing the manufacturer’s instructions, with an overnight 
lysis step to ensure extraction of hard-bodied beetle DNA. 
Based on the comparative study of Elbrecht  et  al. (2019) 
and preliminary tests conducted on mock communities 
constructed from our samples, the primer pair BF3+BR2 
(called hereafter ‘BB’; CCHGAYATRGCHTTYCCHCG/
TCDGGRTGNCCRAARAAYCA; Elbrecht and Leese 2017, 
Elbrecht et al. 2019) was identified as the most suitable for 

cytochrome c oxidase subunit I (COI) metabarcoding of bee-
tle communities (targets a 418 bp COI fragment that is part 
of the 658 bp universal COI barcode fragment). For library 
construction, we used the protocol detailed in Galan et  al. 
(2018) with slight modifications (Supporting information). 
PCR1 were duplicated for each sample to ensure repeatabil-
ity, and in each plate two negative controls were systematically 
incorporated for extraction (NEC) and for PCR (NPCRC). 
The resulting libraries were checked by electrophoresis on a 
1.5% agarose gel, pooled and cleaned using AMpure beads 
(Beckman Coulter, CA, USA) with a volume ratio of 0.8X. 
Libraries were then paired-end sequenced in two different 
runs with the MiSeq Reagent Kit ver. 2 (500 cycles).

Bioinformatic processing

The bioinformatic workflow used here combined standard 
denoising and filtering steps for Illumina amplicon sequenc-
ing data and three data reduction steps specific to the HAMI 
(Fig. 1C): 1) cleaning of BOLD taxonomic affiliations; 2) fil-
tering of nuclear mitochondrial pseudogenes (NUMTs); and 
3) reduction of intraspecific haplotype diversity.

Reads were processed using FROGS, a user-friendly 
pipeline for analyses of large sets of DNA amplicons 
(Escudié et al. 2018), with the exception of the preprocess-
ing step that fails for data produced following the dual index 
method of Kozich  et  al. (2013). Instead, we used a Shell 
script, available at https://doi.org/10.5061/dryad.sj6mf40 
(Sow et al. 2019), which merges paired end reads into con-
tigs (using Flash – ver. 1.2.6, Magoč and Salzberg 2011) and 
trims primers (with Cutadapt – ver. 1.8.3; Martin 2011). 
As a first step, FROGS retained reads with the expected 
length while accommodating for potential indel events 
(418 ± 3, 6 or 9 bp). In a second step, the SWARM algo-
rithm (Mahé et  al. 2014), was used to perform read clus-
tering, leading to the formation of molecular operational 
taxonomic units (MOTUs), with a maximum sequence dif-
ference set at d = 1 in order to obtain the finest partition. 
In a third step, MOTUs from chimeric sequences, or arti-
ficial DNA sequences resulting from the erroneous assem-
bly of several DNA sequences produced during the two 
PCR steps, were removed using VSEARCH with de novo 
UCHIME method (Rognes et al. 2016). MOTUs were then 
subjected to molecular identification on the BOLD data-
base (all arthropod sequences extracted from this database 
in August 2023, Supporting information). Using BLAST+, 
alignments between each MOTU and the database were 
produced (Camacho  et  al. 2009). Only the best hits with 
the same score are reported. If taxonomic affiliation does not 
provide a single identification among the best hits, this step 
returns multi-affiliation outputs to highlight possible con-
flicts and uncertainties in the databases. Identifications were 
also associated with an identification quality index (percent-
age of identity) for each taxonomic affiliation performed. 
All metrics for molecular identification were summarized 
in a table containing the number of reads associated with 
each affiliation in each sample. After FROGS processing, 
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following the two-step approach of Chapuis et al. (2023), 
we applied the more sensitive ‘isBimeraDenovo’ R function 
(from DADA2 ver. 1.28.0; Callahan  et  al. 2016) to the 
FROGS output to remove residual chimeras (Supporting  
information). In parallel, we cleaned up BOLD taxonomic 
nomenclature errors in taxonomic ranks (Fig. 1C, (1)).  
This is based on the deletion of special characters, num-
bers, excessive number of words, and the standardiza-
tion of unknown names and uncertainties in taxonomic  
affiliation (Fig. 1C, (1)).

Then, we carried out a contamination filtering step  
following the strategy proposed by Galan et al. (2016) and 
automated in Chapuis et al. (2023) with R scripts available  
at https://doi:10.18167/DVN1/D31UAV. Noise due to 
index switching during sequencing was removed by exclud-
ing occurrences in each sample whose read count was less 
than 0.002% of the cumulative total.

MOTUs with incongruous occurrences in duplicated 
PCR samples or with counts below the maximum for 
negative control samples (NEC and NPCRC) were elimi-
nated as they were considered contaminations (Supporting 
information).

Particular attention was paid to removing divergent 
NUMT sequences (mitochondrial pseudogenes; Fig. 1C, 
(2)) which may introduce bias in molecular identification 
due to their old nuclear origin and divergence with the 
functional COI copy (Song et al. 2008). Divergent NUMTs 
generally result in non-functional amino acid sequences or 
stop codons or include frame shifts. Sequences with these 
characteristics were filtered out (Supporting information) 
as recommended by Song  et  al. (2008) and Creedy  et  al. 
(2022).

Finally, in order to simplify the output file, redundant 
MOTUs resulting from intraspecific variability were merged 
(Fig. 1C, (3)). MOTUs sharing the same taxonomic affili-
ations and falling within the standard percentage identity 
range of [97–100%] were merged together, while those 
with a percentage of identity below 97% were merged into a 
separate unique MOTU. MOTUs above the 97% arbitrary 
threshold were considered ‘reliable’ identifications because 
they were closely related to a reference COI barcode. Other 
MOTUs could either represent species for which barcode or 
divergent haplotypes are missing from the COI databases or 
recalcitrant NUMTs (Schultz and Hebert 2022) that have 
passed the filters. They were automatically discarded if, and 
only if, they were totally redundant with ‘reliable’ MOTUs, 
i.e. associated to the same taxonomic reference and occur-
ring in the same samples (=NUMTs). Otherwise, they could 
be informative of biological variation, and for this reason 
were specifically ‘flagged’ MOTUs and retained in the final 
abundance table for morphological verification during the 
cross-validation step. Based on the recommendations of 
Creedy et al. (2022), the post-FROGS bioinformatics steps 
were designed in a user-friendly pipeline (https://github.
com/BenoitPenel/HAMI) written in Python (van Rossum 
1995) according to the Snakemake rules (Mölder et al. 2021) 
to ensure reproducibility.

Image-based cross-validation of metabarcoding 
identifications

In this final key step, the parataxonomist reconciliate MOTUs 
with the pre-sorted RTUs by examining the high-definition 
images of the samples (Fig. 1D). For each sample, when 
MOTUs affiliations aligned with delimited RTUs (true posi-
tive identification; TPI), records were associated with a visual 
count of their actual abundance in the samples and recorded 
in the occurrence table. MOTUs associated with a species 
absent in a given sample (false positive identification; FPI) 
were excluded. Conversely, RTUs that were not recovered 
by metabarcoding (false negative identification; FNI) were 
recorded and identified to the lowest taxonomic level (family, 
tribe, genus) based on the closest molecular taxonomic affili-
ation, the skills of the parataxonomist, and available resources 
(Supporting information).

The beetle fauna of western Europe is quite well charac-
terized, both in terms of COI barcode libraries and images 
available in books or on the web. As such, an accurate identi-
fication of RTUs, according to MOTUs, can be obtained for 
the large majority of species, and an overview of their appear-
ance can be easily verified, thus facilitating the reconciliation 
step by the parataxonomist. The composition of a beetle sam-
ple from a single locality (high phylogenetic diversity, rarely 
containing closely related species) also facilitates this step. In 
the case of complex speciose groups (e.g. Curculionoidea), 
the reconciliation step was validated by a second parataxono-
mist. Closely related species found together in a sample and 
indistinguishable on images were recorded at the genus level 
only (two species complexes in our case: Captation seniculus 
with C. meieri and Oulema duftschmidi with O. melanopus).

Comparing metabarcoding alone versus HAMI

The performance of HAMI, in terms of the diversity of spe-
cies recorded in samples, was evaluated by a comparison with 
outputs of the metabarcoding protocol alone. Visual verifica-
tion of samples in HAMI enables calculating the number and 
rate of true positive, false negative and false positive identifi-
cations in metabarcoding data alone.

TPI was calculated as the number of species identified by 
the molecular approach (with a threshold of 97%) and vali-
dated by the parataxonomist. The TPI rate, or the ability of 
molecular approaches alone to provide a correct species iden-
tification, i.e MOTU is the same as RTU in a sample, was 
calculated using the following formula:

TPI rate TPI/ TPI FNItotal� �( ) 	  (1)

The total number of FNI (FNItotal) was calculated as the sum 
of two types of FNI. These cases refer to the species iden-
tified by the parataxonomist but either: 1) not recorded at 
all by metabarcoding, linked to a failure of DNA amplifica-
tion (hereafter referred to as FNIfail), 2) or discarded because 
identification exceeded the 3% divergence threshold with a 
reference barcode sequence, in accordance with standard COI 
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metabarcoding practices (hereafter referred to as FNIdatabase). 
The FNItotal rate, or the rate of RTUs recovered by morpholog-
ical cross-validations of HAMI in a sample, was calculated as:

FNI rate FNI / FNI TPI( )total total total� � 	  (2)

FPI was calculated as the number of species identified with 
metabarcoding alone (percentage of identity higher than 
97%) while it is not present in a sample. The FPI rate, or the 
rate of unfounded MOTUs that were rejected by morpho-
logical cross-validations of HAMI in a sample, was calculated 
as follows:

FPI rate FPI/ FPI TPI� �� � 	  (3)

Finally, we used a GAM model (gam function from ‘mgcv’ ver. 
1.9-0; Wood 2011) to see if we could find a linear or non-lin-
ear relationship between the raw species richness estimated by 
metabarcoding alone, versus the one estimated with HAMI.

Results

Of the 492 samples processed, over 11  700 specimens were 
examined and preliminary sorted into 4800 RTUs (i.e. the 
sum of the number of RTUs present in each sample – 10 ± 
6 RTU/sample). Of all the sequences produced during the 
two sequencing runs, 5  775  155 and 3  061  634 sequences 
were retained, representing 33  678 and 77  424 MOTUs, 
respectively.

The dechimerization step associated to isBimeraDenovo 
functions lead to an exclusion of 99  284 and 116  628 
sequences respectively and diminish the number of MOTUs 
to 25  322 and 55  152. The data filtering step associated to 
PCR duplicate and negative control has led to a slight reduc-
tion in the number of sequences but leading to a sharp fall 
in the number of MOTUs (Supporting information). At this 
stage, 6046 (85.7%) of the MOTUs in the first sequencing 
run and 5882 (81.1%) in the second have species-level affilia-
tion, of which 3751 (53.2%) and 3805 (52.5%) corresponded 
to beetle species with more than 97% similarity to a sequence 
in the BOLD database. This represented 457 valid species 
once the HAMI cross-validation process was completed.

On average, samples consisted of 24 ± 30 specimens, cor-
responding to 9 ± 6 species (maximum: 32). One nitidulid 
species Brassicogethe aenus accounted for 18.6% of the speci-
mens encountered (2193 specimens). Conversely, 143 of 
the beetle species recorded were only represented by a single 
specimen, and 59 species by only two specimens in the entire 
dataset.

Metabarcoding alone compared to HAMI

The average sensitivity of molecular approaches (correct 
identification of species), was estimated at 76% of species in 
a given sample (Fig. 2). A total of 360 samples out of 492 

(73%) were affected by FNIs. FNIs represented an average 
of 24% of the species composition of each sample, or just 
over two species per sample (2.6 spp/sample). 40% of FNI 
cases stemmed from low alignment (< 97%) with reference 
linked to the lack of barcode and/or haplotype diversity in 
the national database, while 60% were due to the absence of 
amplification of the specimen’s DNA (Fig. 2). Four families 
were particularly impacted by the FNIdatabase, accounting for 
more than 50% of the FNIdatabase cases (Chrysomelidae 20.8%, 
Curculionidae 16.8%, Staphylinidae 12.0% and Latridiidae 
8.8%). As for FNIfail cases, i.e. species whose DNA was not 
amplified, more than 50% of the cases were associated with 
three families (Chrysomelidae 23.2%, Curculionidae 20.9% 
and Coccinellidae 10.50%).

FPIs were observed in 367 of 492 samples (74.7%) when 
using the molecular approach alone. On average, 22% of the 
specific composition identified by the molecular approach, or 
around two species per sample (2.2 spp./sample), were false 
positives. Interestingly, the genus Leptomias (Curculionidae) 
was identified in 76 of the 492 samples analyzed by the 
molecular approach, with perfect or near-perfect [100%; 
97.12%], match between the sequenced DNA sequence 
and the reference COI barcode. This genus is known from 
Asia and was never encountered during the morphologi-
cal examination by the parataxonomist, nor is it a species 
studied in our laboratory. This taxonomic misidentification 
corresponds to a Wolbachia endosymbiont widely found in 
beetles and erroneously published under the name Leptomias 
(OM830079.1 and OM830078.1). Another instance of FPI 
relates to the detection of a species of tropical weevil stud-
ied in the laboratory Elaeidobius kamerunicus in 10 out of 
492 samples, probably due to contaminants during the PCR 
amplification process.

Overall, when considering the species richness of samples 
(thus excluding composition), the correlation between the 
estimates provided by metabarcoding alone and the actual 
richness validated by the parataxonomist is high but not per-
fect (Person’s correlation: 0.79, p value < 0.001). The GAM 
model shows a non-linear relationship between metabarcod-
ing estimates and HAMI estimates of species richness, where 
species-poor samples (ca < 20 species) have a better linear 
correlation, and where metabarcoding underestimated spe-
cies richness in species-rich samples (Poisson GAM, k = 3, 
AIC = 2466, p-value < 0.01 – Fig. 3).

Discussion

Ecologists are increasingly using metabarcoding approaches 
(Creedy et al. 2022, Chua et al. 2023). But, as with many 
fields in the era of Big Data, a major challenge now lies in our 
ability to refine the quality of data produced (Hortal  et  al. 
2015). In this study, we propose a first formal metabarcod-
ing framework reintegrating the expertise of parataxonomists 
to produce qualitatively and quantitatively reliable data on 
biodiversity. This approach takes the best of both worlds, 
speeding up species identification via metabarcoding, while 
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reintroducing human expertise into key steps to validate 
molecular identification and provide reliable abundance 
data. The advantages and limitations of this approach are  
detailed below.

Advantages and constraints of metabarcoding in a 
biodiversity monitoring context

Traditionally, morphology-based techniques have been used 
to monitor insects. However, these identification approaches 
are time-consuming, labor-intensive and require skilled ento-
mologists, who are progressively disappearing (Engel  et  al. 
2021). Over the past two decades, we have witnessed a grad-
ual shift away from morphology-based approaches to DNA-
based techniques (Piper et al. 2019). Applied to biodiversity 
monitoring, the development of high-throughput sequencing 
technologies has revolutionized the field due to their speed 
and cost-effectiveness. These attributes enabled species-level 
identification of thousands of beetle specimens from a set  
of 492 samples in just two months in our study-case. Such data  

Figure 2. Performance of the metabarcoding approach to identify field margin beetle communities of 500-ENI network agricultural plots 
(n = 491). (A) Representation of the average proportion of identification produced by molecular approaches that are fictitious (FPI = False 
positive identification) and reliable (CorrectID = 1-FPI). (B) Representation of the average proportion of species correctly identify by 
molecular approaches on a given sample (TPI = true positive identification) and the proportion of species that have been missed 
(FNItotal = total number of false negative identification). (C) Boxplot of the FPI rate and FNItotal rate across samples with a decomposition 
of FNItotal according to the two possible types of FNI (FNIdatabase = false negative identification linked to database incompleteness and 
FNIfail = false negative identification linked to species not amplified).

Figure  3. Relation between richness estimated by molecular 
approach from the one observed with HAMI framework. The black 
dotted line represents the expected x = y relation, while the full red 
is the predictive evolution of molecular richness estimation accord-
ing to our GAM model and the number of species on a given sam-
ple (Poisson GAM, n = 492, k = 3, AIC = 2466, p-value < 0.001).
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would have required hundreds of additional hours and a  
vast network of taxonomists to be produced based on  
morphology alone.

However, our results show that when applied to natural  
and highly diverse insect communities, metabarcoding is 
less effective than had been envisioned when this method 
was first proposed (Epp et al. 2012). In our dataset of 492 
beetle samples with an average diversity of 9 ± 6 species, 
many species were missed (on average 2.6 species) by the 
molecular approach alone (type II error or FNItotal). The 
sensitivity estimated here (76%) is lower than what can 
be observed for insect mock communities using COI (e.g. 
100% in Batovska et al. 2021 or 98% in Kocher et al. 2017). 
However, estimates similar to those inferred here have also 
been made on arthropod samples (Mata et al. 2021 [82.5% 
for ‘mixture’ sample] – calculated using their supplementary 
data and formula 1). The later estimate is also based on arti-
ficial communities (i.e. the ‘mixture’ sample which excluded 
singleton species), but includes a higher species diversity (40 
species in the ‘mixture’ sample of Mata  et  al. 2021 versus 
less than 10 species in Kocher et al. 2017 and Batovska et al. 
2021). These observations suggest that studies evaluating the 
effectiveness of molecular approaches with mock communi-
ties are not necessarily unrealistic when mock communities 
are sufficiently rich. These observations are in line with our 
metabarcoding sensitivity results and the conclusion of Duke 
and Burton (2020): the more species-rich a sample is, the 
greater the chances to miss species. To explain this, we can list 
the biases of the PCR primers that amplify some species more 

than others (Elbrecht and Leese 2015), variations in DNA 
quality across specimens and samples (Hawthorne  et  al. 
2023) and database completeness (Keck et al. 2023).

Our results also show that the false-negative rate is highly 
dependent on database completeness, bioinformatics tasks  
and the user’s choice of parameters. Despite a clear trend 
towards increased use of COI metabarcoding, the field remains 
at a relatively early stage of development (Creedy et al. 2022). 
This is particularly true when it comes to accepting or reject-
ing molecular identification. Indeed, molecular approaches 
rely on barcode database completeness and the barcoding 
gap hypothesis that posits that intraspecific genetic distance 
is smaller than interspecific distance, and that this gap could 
be used as a threshold to discriminate between species (Fig. 4, 
case 1 – Hebert et al. 2003). The standard threshold for the 
COI fragment in arthropods, including beetles, is 3% (e.g. 
Coccinellidae; Huang et al. 2020). Yet, intraspecific genetic 
distance can vary considerably across taxa (Fig. 4. case 2 
– Avtzis  et  al. 2019; or case 3 – Ma et  al. 2022) and may 
even overlap with interspecific genetic distance (Fig. 4. case 
4 – Wiemers and Fiedler 2007). As such, a species with high 
intraspecific genetic divergence (Fig. 4, case 3) but for which 
few divergent haplotypes are available in barcode databases 
may be rejected by using metabarcoding alone (Meier et al. 
2008). Although in the future we expect to see a reduction 
of such FNI cases because barcode databases will become 
more complete, the continued use of a single DNA fragment  
and threshold value for species identification remains  
inherently problematic (Wizenberg  et  al. 2023). This is 

Figure 4. Iconography of the main source factors at the origin of false negative identification (FNI) and false positive identification (FPI). 
(A) Representation of the primer-bias issue leading to non-amplification of some specific DNA sequences. (B) Representation of the incom-
pleteness of barcode databases compromising taxonomic identification of amplicons. (C) Representation of the relationship between FNI 
and FPI ratio according to the haplotype availability and the arbitrary threshold of 3% (illustrated by the red dotted line) used to distinguish 
intraspecific from interspecific distance in a molecular identification protocol (histograms).
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why alternative, but also more complex, approaches using  
multiple thresholds (Arribas  et  al. 2021) or multiple frag-
ments (Wizenberg et al. 2023) are emerging. In the mean-
time, the visual cross-validation implemented in HAMI  
also overcomes this flaw of traditional COI metabarcoding 
by ‘rescuing’ RTUs (here 420) with divergent haplotypes 
during the image cross-validation phase.

Furthermore,despite the use of a standardized proto-
col for specimen sampling and preservation, common and 
large-bodied (around 10 mm) beetle specimens, for which 
no amplification bias is known, were sporadically unde-
tected by molecular approaches (13% of the FNIfail). Our 
results further illustrate that there is a level of heterogene-
ity in DNA degradation between samples that poses a sig-
nificant challenge to the metabarcoding approach when used 
alone (Hawthorne  et  al. 2023). In such cases, small varia-
tions in DNA quality, associated with the stochastic process 
of PCR amplification of mixed samples, are a plausible 
explanation. However, in contrast to the previous types of 
FNI, no long-term improvement is expected in reducing this  
type of FNI, despite it being the largest source (account-
ing for 60% of FNIs here). We therefore emphasize that 
even common species playing a major role in ecosystems 
(Winfree et al. 2015) can be overlooked in such assessments. 
This is a second critical aspect of the use of COI metabarcod-
ing approaches alone for biodiversity monitoring, favoring 
the idea of a systematic morphological control of outputs. 
These types of shortcomings are also common in environ-
mental DNA (eDNA) approaches for biodiversity moni-
toring. Efforts to compensate for the absence of specimens 
are very rarely implemented in this non-invasive method 
(Lyet et al. 2021, Mirimin et al. 2021, both using eDNA and 
camera/video trap) but may introduce significant biases in 
diversity estimates.

While several factors lead to a significant fraction of FNI, 
our study also highlights the prevalence of false positives 
(FPI), i.e. species that are not in the sample but are detected 
by the molecular methods, when metabarcoding is used 
alone. Here, 22% of the specific composition identified by 
the molecular approach, or approximately two species per 
sample, were false positives. In this study, the vast majority 
of beetle species are phytophagous or predators of non-beetle 
groups. We also mainly used legs for DNA extraction, so it 
is unlikely that these FPIs correspond to co-amplified gut 
content of the specimens. These fictitious identifications are 
likely the result of unavoidable cross-contaminations that 
occur between samples during the molecular laboratory pro-
tocol (Drake et al. 2022) despite the implementation of best 
practices to avoid them (i.e. single-use consumables, disin-
fection of forceps with a Bunsen burner and separate pre-
PCR and post-PCR workspaces; Taberlet et al. 2018). To a 
lesser extent, contamination may also come from the working 
environment (Drake  et  al. 2022), as illustrated by the low 
prevalence of FPI due to contaminations from other beetle 
species studied in the same laboratory (1.3% of FPI). When 
contamination involves species from distant biomes, these 
cases can be easily filtered out. But when the FPI involves 

species from the same region, identification of a potential FPI 
is impossible without morphological verification of the spec-
imens. FPIs also often result from errors in the taxonomic 
affiliation associated with the reference barcode sequences. 
In our case, a reference barcode assigned to a tropical beetle 
species was in fact the result of Wolbachia co-amplification 
and inadequate quality control during barcode production 
and submission. This type of bias persists for a significant 
fraction of molecular databases (Mioduchowska et al. 2018) 
and shows the importance of incorporating morphological 
controls into such approaches, as well as curated reference 
databases. Finally, despite the filtering steps, mitochondrial 
pseudo-genes (i.e NUMTs) cannot be excluded as factors 
of FPIs. Recalcitrant NUMTs remain a limitation, even for 
insect communities which, with a few exceptions, are less 
affected by NUMTs (Hebert  et  al. 2023) than most other 
animal communities (Schultz and Hebert 2022). However, 
the implementation of more complex filters (Andújar et al. 
2021, Noguerales et al. 2023) is a possible area for improve-
ment, in addition to morphological control.

Benefits of integrating parataxonomic checkpoints 
in metabarcoding

Neither the species richness nor the species composition 
estimated by the molecular approach alone are totally con-
sistent with what is observed in a given sample (Fig. 2–3). 
The implementation of a parataxonomic visual check in the  
metabarcoding protocol significantly improved the resolution 
of the biodiversity assessment and species identifications in 
the samples. It resulted in the exclusion of an artefactual spe-
cific richness (22% of the richness estimated by metabarcod-
ing – FPI) and to rescue 24% of the sample’s species richness 
(FNI) among the 492 samples studied. The improvement in 
data quality was achieved by image-based verification, which 
greatly reduced sample handling time. On average, the total 
handling time was estimated at an hour (40 min for step A; 
20 min for step D – Fig. 1) per sample, for beetle commu-
nities with a high variability in specimen count, averaging 
24 ± 30 specimens, but sometimes reaching up to hundreds 
of individuals, and including up to 32 species (mean 9 ± 
6). In this respect, the HAMI framework echoes the call by 
Dornelas et al. (2019) to build a ‘Macroscope’, by combin-
ing complementary tools and sources of information (in this 
case DNA and morphological approaches) to improve bio-
diversity monitoring (Pereira et al. 2021, Keck et al. 2022). 
The HAMI framework also echoes Engel et al. (2021), who 
argued that there is an urgent need to reconsider the place of 
taxonomic expertise in the study of biodiversity rather than 
blindly relying on technology alone. As well as generating 
high-quality data that can be linked to large-scale biodiversity 
inventory initiatives, HAMI also speeds up identification of 
common species, enabling parataxonomists to pinpoint and 
focus on problematic cases. Because HAMI highlights FNI, 
it can encourage the production of barcode sequences for  
species absent in databases (identified by taxonomists, with 
voucher specimens deposited in a reference collection; 
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Bourret  et  al. 2023), thus initiating a virtuous circle of 
improvement of the approach overall (Supporting informa-
tion). Importantly, during this study, the parataxonomist 
also greatly improved his own taxonomic expertise by being 
repeatedly exposed to images of insects and their correspond-
ing names. This could enable and accelerate better detection 
of inconsistencies in metabarcoding outputs, but it could also 
become a strategy for training new taxonomists, especially in 
areas where this skill is in short supply.

Aside from species identifications, HAMI stands out from 
conventional molecular biomonitoring methods as it allows 
recovering reliable abundance data. This represents a major 
step forward in large-scale biodiversity monitoring based on 
molecular methods. Although recent studies have shown a 
positive correlation between the biomass or the amount of 
DNA in a sequenced specimen/sample and the number of 
sequenced reads (Luo  et  al. 2023), the level of uncertainty 
in the estimates prevents this correlation from being applied 
to complex field samples (reviewed by Lamb et al. 2019). By 
accumulating quantitative data rather than qualitative pres-
ence/absence data, HAMI has overcome the previous limita-
tion of the molecular approach. It offers a significant advance 
to monitor differences in population dynamics across various 
taxa and locations on a large scale (van Klink et al. 2022), 
which would benefit several research fields. As an example, 
such improvement will greatly benefit noxious species bio-
monitoring (i.e. invasive and/or pest species) by making 
better estimates of suitable settlement areas and priority 
management areas through abundance data (Lacasella et al. 
2017). Reliable abundance data will also greatly support the 
field of conservation (Callaghan  et  al. 2024) by enabling 
efforts to be focused on specific populations, based on their 
abundance trends and the definition of appropriate policies.

Perspectives and future challenges

To address the challenges of the Anthropocene, the scientific 
community requires quick and reliable tools to monitor the 
evolution of biodiversity in a changing environment. While 
metabarcoding has undeniably accelerated the taxonomic 
identification of complex community samples (Piper  et  al. 
2019), the rapid generation of a large amount of error-laden 
data hinders the creation of robust and accurate inferences. 
HAMI, which takes full advantage of the speed of metaba-
rcoding and key parataxonomic verifications, has shown 
promising results in enhancing large-scale insect biodiversity 
monitoring, while remaining fast, affordable, and including 
reliable estimates of abundance. Its first application here in 
moderately diverse but also well-known system, represents an 
encouraging and revelant first step, since agricultural land-
scapes are associated with major insect declines (Wagner et al. 
2021). Therefore, implementing large-scale monitoring strat-
egies such as HAMI to help early detection of population 
declines and range shifts linked to these habitats is fundamen-
tal to propose coherent conservation strategies in productive 
environments. With relevant adaptation of this approach 
(e.g. appropriate primers, alternative barcode thresholds), 

HAMI can also be applied to multiple other contexts, such 
as large-scale monitoring of various insect clades, and the 
consideration of abundance over large spatial and temporal 
scales. Applying the HAMI approach to lesser-known com-
munities, such as tropical environments, or communities 
with small species, and frequent cryptic species complexes, 
could admittedly be challenging. Yet, in the first case, HAMI 
can be applied without a strict barcode threshold to focus on 
MOTUs and images alone, which provides a relevant first 
approach to target poorly known faunas. The virtuous circle 
of COI database improvement promoted by HAMI can also 
be seen as an opportunity to enhance biodiversity discovery 
and taxonomist training in such cases. In regard to small, 
species-rich and morphologically homogeneous insect com-
munities, the application of robotically automated individual 
imaging and Sanger barcoding, such as the DiversityScanner 
of Wührl  et  al. (2022), can also be implemented in the 
HAMI framework to improve its applicability in such cases. 
Furthermore, in the current context of rapid development of 
image analysis using artificial intelligence (AI), this protocol 
could also be further improved with automated recognition 
and counting of RTU in the images taken, as AI alone is not 
yet reliable for arthropods (Badirli et al. 2023). However, the 
efficiency of photo-based AI methods is highly sensitive to 
image quality (Fujisawa et al. 2023). Implementing an image 
stacking procedure as part of HAMI framework could be a 
first step towards improving the quality of photographs and 
support the combination with AI.
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