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High-throughput metabarcoding combined with trait-based trophic inference models enables the
reconstruction of food webs from community eDNA. However, uneven sequencing depth can bias
inferred food web structure. Network metrics derived from unstandardized read counts may
reflect sampling effort rather than ecological processes. Here, we present an objective and
reproducible framework using iterative rarefaction with trait-based trophic inference to stan-
dardize food web metrics prior to ecological analysis.
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Our approach links rarefaction depth to network-level properties by generating rarefaction
curves based on food web metrics rather than taxonomic richness. An optimal rarefaction
threshold is determined using a first derivative criterion, and rarefied networks are reconstructed
repeatedly to obtain robust mean metric estimates.

We applied this method to soil protist communities assessed using 18S rRNA metabarcoding.
The method reduced sequencing-depth bias and revealed environmental drivers that were masked
in non-rarefied analyses.

This framework provides a standardized solution for comparing food webs derived from
amplicon datasets across environmental gradients.

Integrates trait-based trophic inference with iterative rarefaction of metabarcoding
communities.

Selects rarefaction thresholds using food web network properties rather than species accu-
mulation curve.

Provides reliable estimates of food web structure independent of sequencing effort.

Specifications table

Subject area Bioinformatics

More specific subject area Microbial food webs

Name of your method Pipeline for reconstructing food webs from metabarcoding data

Name and reference of original method [1]

Resource availability https://github.com/VictorLecegui/Lecegui2026_MethodsX
Background

Trait-matching models use functional traits of consumers and resources to predict predator—prey interactions, providing a powerful
framework for reconstructing food webs [2,3]. When combined with high throughput metabarcoding, these approaches enable the
derivation of food web networks directly from eDNA [4]. However, recent work emphasizes that constructing food webs from met-
abarcoding data requires careful attention to model assumptions, trait completeness, and bioinformatic pre-processing [5]. Addi-
tionally, the use of metabarcoding data exposes trait-matching models to a major methodological bottleneck, as uneven sequencing
depth strongly biases community composition and, by extension, inferred network properties [6,7].

To solve this gap, rarefaction emerges as the best statistical method to control for uneven sequencing effort in amplicon data [8].
Originally developed for ecological diversity analyses and now widely used in amplicon data, enables unbiased sample comparison by
standardizing sequencing depth through random subsampling [9]. To date, this is the only method that has been used for building
networks from metabarcoding data, rarefying the community to the lowest sequencing depth [4]. However, this approach is not
exempt from limitations. Food web properties (e.g., number of links and modularity) are highly sensitive to the gain or loss of specific
taxa as their role in the food web can be very variable [10,11]. Hence, rarefying not to the lowest sequencing depth but to a rarefaction
threshold in which the community composition remains stable, with no changes by increasing the sample size, seems more appropriate
in a food web perspective. Moreover, networks constructed from a single rarefaction can incorporate or omit taxa randomly, repeated
rarefactions would therefore provide a more statistically acceptable technique [9].

This study introduces a method that explicitly links and balances rarefaction depth with network-level metrics. We address existing
methodological gaps by integrating a revised metabarcoding pipeline with a trait-based trophic inference model [1] to reconstruct
microbial food webs. By utilizing an iterative rarefaction procedure around food web metrics, our framework offers a transparent
solution for constructing comparable food webs from high-throughput sequencing data. The aim of this method is to reconstruct food
web networks and discern ecological patterns from amplicon data while mitigating the biases introduced by uneven sequencing depth
across samples.

To this end, we focussed on soil protists to address this methodological challenge. Protists underpin critical ecosystem processes,
such as decomposition, nutrient cycling, and CO2 fixation [12-14], and are involved in myriads of trophic interactions [15]. Despite
their important role in ecosystems, the structure of protist-based food webs remains largely under-characterized [12]. Here, we
demonstrate the utility of our method by applying iterated rarefaction, calibrated to network stability, to food webs reconstructed from
wetland soil protist metabarcoding data.

Method details
Metabarcoding data

The proposed framework is designed for metabarcoding datasets intended to characterise and compare food web networks. While
the method assumes structured sampling design to accurately capture ecological patterns, it remains agnostic to ecosystem type,
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Fig. 1. Workflow for rarefaction-based reconstruction and evaluation of community food webs from eDNA metabarcoding data. The workflow is
organized into three color-coded stages. Blue boxes represent data acquisition and annotation steps. Environmental DNA (eDNA) samples were
processed through 18S rRNA sequencing to generate Molecular Operational Taxonomic Units (MOTUs) for each community. MOTUs were subse-
quently taxonomically assigned and annotated with functional traits. Yellow boxes represent trophic interaction inference. A Boosted Regression
Tree (BRT) model was applied to the trait and compositional information of MOTUs to predict trophic interactions and reconstruct a community-
specific metaweb for each community. Green boxes represent the iterative rarefaction framework proposed in this study. Prior to analysis, an
optimal rarefaction threshold was determined by repeating the workflow across multiple sequencing-depth thresholds (see Figs. 2 and 3). For each
community and rarefaction threshold, the procedure was repeated k = 100 times. In each iteration: (1) the community matrix was rarefied, (2) the
induced subnetwork containing MOTUs retained after rarefaction was extracted from the community-specific metaweb, and (3) food web metrics
were calculated. Final food web descriptors correspond to the mean metric values across rarefaction iterations, providing standardized and robust
estimates of community food web structure. The methodological focus of this framework is the standardization of community-specific metawebs
inferred from metabarcoding data. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article.).
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taxonomic group, or genetic marker.

In the present study, we applied this workflow to an empirical dataset obtained from replicated soil samples collected across
multiple wetlands in the Iberian Peninsula, spanning environmental gradients. We followed standardized metabarcoding protocols
described in Guardiola et al., [16], to the samples obtained from the field. We extracted their DNA, amplified the V7 region of the 18S
rRNA amplicon and sequenced it with Next Generation Sequencing (more details in S1). Environmental DNA (eDNA) metabarcoding
employing the 18S rRNA is the standard methodological approach for documenting protist communities across diverse habitats [7,17].
Simultaneously, the rapid expansion of functional trait databases has enabled the integration of trait-based ecology with
metabarcoding-derived taxon lists, facilitating the estimation of trophic interactions [6,18,19].

The bioinformatic pipeline involved clustering and denoising to identify molecular units that represent biological taxa (i.e. MOTUs)
(see details in S1). These molecular units were then assigned to taxa using a customized reference database. This is a crucial step for
building food web networks, as these networks will be built using the functional traits associated with the taxa [20]. Thus, taxa should
be filtered carefully to exclude contaminants and taxa that may not be part of the free-living food web, such as parasites, whose
free-living status cannot be resolved from metabarcoding data. We also excluded miscellaneous fungi and macroscopic organisms.

The resulting database comprises 5804 MOTUs assigned to 646 taxa (233 microalgae, 136 ciliates, 78 nematodes, 77 naked
amoebae, 65 flagellates, 51 testate amoebae, 10 rotifers and 6 fungi) and 4807,994 reads distributed in 448 samples.

Functional traits and trophic interactions assignment

To infer trophic interactions among MOTUs, we used the approach described in [1]. To ensure consistency, we selected the same set
of traits: type of organism, nourishment, feeding group, lifestyle, feeding strategy, morphology, locomotion, movement type, body
width, body length, and biovolume (trait details and categories in [1] Table S2). We built a trait database for our taxa list. For the
shared taxa between our study and [1] we used their trait values, and for the rest of taxa we looked for them into several specialized
databases and literature (e.g. [6]). For MOTUs classified at higher taxonomic levels (e.g. genus - Stentor) we assigned categorical traits
using the most common category and quantitative traits using the mean value of the species belonging to that group (e.g. mean values
of Stentor muelleri and Stentor amethystinus). Then, we assessed the traits of the MOTUs according to the taxa to which they were
assigned.

Finally, for all communities we run the Boosted Regression Tree (BRT) model, following [1], to our dataset. We identified all
potential trophic interactions between the MOTUs present at each community and thereby reconstructed the corresponding
community-specific metaweb.

Food web metrics

To characterize the topological structure and emergent properties of the food webs, we selected a set of food web metrics used as
quantitative descriptors of different food web properties: 1) number of nodes, 2) number of links, 3) link density, 4) mean degree, 5)
mean generality, 6) mean vulnerability, 7) mean trophic level, 8) fraction of basal MOTUs, 9) fraction of top MOTUs [20-22] (full
descriptions in S3).

Rarefaction framework

To minimize bias associated with unequal sequencing depth, we accounted for variation in read counts among samples prior to food
web construction. Differences in sequencing effort can artificially inflate observed MOTU richness, as higher-depth samples are more
likely to detect both common and rare taxa. Because food web metrics are highly sensitive to node presence, uncorrected variation in
sequencing depth may distort estimates of connectance, linkage density, modularity, and nestedness by reflecting sampling intensity
rather than ecological structure [23]. This bias is particularly pronounced for rare MOTUs, whose detection probability is strongly
dependent on sequencing depth and whose inclusion or exclusion can substantially alter network topology. Controlling for sequencing
depth is therefore necessary to ensure that differences in inferred food web architecture reflected ecological patterns rather than
methodological artifacts.

To account for the stochasticity inherent in subsampling-based standardization, we calculated food web metrics within an iterative
rarefaction framework analogous to that implemented in the avgdist approach for community dissimilarities [24]. For each iteration (k
=100), all communities were rarefied to a common sequencing depth to ensure comparability. Then, food webs were predicted using
the BRT model and subsetted to include only the MOTUs retained in the rarefied communities. A complete set of food web metrics was
finally calculated from each subsetted network. This procedure was repeated 100 times (k) to generate independent realizations of
network structure under rarefaction. The final food web metrics for each community was defined as the mean value across all k it-
erations, thereby capturing solid network-level properties rather than single, stochastic outcomes (Fig. 1). We used the mean because
metric values across iterations showed low variability and highly similar distributions, with mean and median values being nearly
identical (Pearson correlation > 0.99), whereas in cases of skewed distributions we would recommend the use of the median instead.

To ensure that the randomly generated rarefied communities represented plausible realizations of the original data in terms of
richness (number of MOTUs), an initial rarefaction at each target sequencing depth was performed. Then each iteration was tested and
if the richness fell within the 95% confidence interval it was retained, thereby excluding low-probability subsampling outcomes and
ensuring that food web metrics are derived from statistically consistent community realizations.
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Potential rarefaction thresholds

To determine an optimal rarefaction threshold, we performed rarefaction across a range of sequencing depths and constructed
rarefaction curves. Unlike traditional approaches that depict species accumulation on the y-axis, our curves displayed the food web
metrics to assess how network properties responded to changes in sequencing depth.

Selecting the rarefaction threshold represents a critical trade-off between retaining the maximum number of samples and pre-
serving the richness of MOTUs within each sample. Higher thresholds provide community structures that better reflect the underlying
reality; however, they result in the exclusion of samples with read counts below the chosen threshold, thereby reducing the overall
sample representation.

Calculating food web metrics across numerous iterations (i.e., 100) and sequencing depths can be computationally demanding.
Therefore, we conducted a preliminary analysis to identify a range of potential rarefaction thresholds. These potential rarefaction
thresholds were selected by doing rarefactions at different cut-off values and we evaluated: (i) the proportion of retained plots relative
to the original dataset, (ii) the mean proportion of MOTUs retained per plot, and (iii) the mean slope of the rarefaction curves.

To ensure comparability across thresholds in subsequent analyses, the same set of samples was used; therefore, this exploratory
assessment was conducted using samples with read counts higher than the maximum value of reads within the tested threshold range.
In our study, we did this test by rarefying from 500 to 8000 reads every 500 and we decided to perform the food web metrics rare-
faction curves from 500 to 4500 reads. This decision was made because over 4500 reads 50% of the samples were lost even though 80%
of the MOTUs per sample were already retained. (Fig. 2). To ensure comparability, we selected the communities with >4500 reads to
perform the exploration of the rarefaction threshold based on food web metrics.

Rarefaction curves based on food web metrics

For each community and candidate rarefaction threshold, the expected number of MOTUs (S) and its 95% confidence interval was
first estimated using the rarefy function from the vegan R package. Rarefied communities were then generated using rrarefy. Each
rarefied realization was evaluated by comparing its observed number of MOTUs to the confidence interval derived at the target
rarefaction threshold, and only realizations whose richness fall within this interval was retained. If a realization falls outside the
confidence interval, rarefaction is repeated until a statistically plausible subsample is obtained. This procedure was repeated until (k =
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Fig. 2. Effect of rarefaction threshold on data retention. The dotted grey line represents the mean proportion of retained MOTUs across samples,
while the dashed grey line represents the proportion of samples retained after rarefaction. The black line is the mean of the richness rarefaction
slopes. The vertical lines indicate candidate rarefaction thresholds from 500 to 4500 reads.
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100) valid rarefied communities were obtained for each community and threshold.

For each accepted realization, the corresponding community metaweb was subsetted to include only the MOTUs present in the
rarefied community, and the set of food web metrics was computed from the resulting network. Final values for each metric were
obtained by averaging across the k iterations, and these mean values were used as the food web metrics at the corresponding
sequencing depth. This process was repeated for each candidate threshold and then the rarefaction curves based on food web metrics
were drawn.

To determine the optimal threshold we used the Dynamical First Derivate Threshold (DFDT) [25], which selects the knee or elbow
point of a curve by partitioning it into regions of high and low first-derivative (slope) values. The DFDT was calculated separately for
each rarefaction curve (i.e., each community) and for each food web metric. This produced one threshold value per community and
metric combination. For each metric, we then calculated the mean threshold across all communities. Finally, to obtain a single
rarefaction threshold applicable to all communities and metrics, we selected the highest of these metric-specific mean thresholds. This

Sequencing depth “

4.0 4.5
Number of nodes Number of links Link density
500 4
2004 | 150007
3001 100001
2004 = .
50004 -~

100 A

01 0+

Mean food web metric value

Rarefaction threshold

Fig. 3. Mean values of nine food-webs metrics across rarefaction thresholds for soil protist communities. Each panel shows the mean metric value
after the iterative method (y-axis; Number of nodes, Number of links, Link density, Degree, Generality, Vulnerability, Trophic level, Faction of basal,
Fraction of top) plotted against rarefaction threshold (x-axis; read count per sample) for individual networks. Colors indicate the log10-transformed
original sequencing depth of each sample prior to rarefaction (for better visualization). Curves show the stability of the metrics at high rarefaction
thresholds. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.).
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conservative approach ensured that the beyond the final threshold most of the communities remained stable for all metrics.

In our study, we followed this pipeline and obtained rarefaction curves for our communities for each food web metric (Fig. 3).
Applying the DFDT procedure to these rarefaction curves yielded a threshold value for each metric. Among them, generality produced
the highest mean threshold across communities and was therefore selected as the final rarefaction threshold according to our con-
servative criterion. This resulted in an optimal threshold at 2348 reads (Fig. 4). Finally, to support this choice, we calculated the Good’s
coverage C, a sample completeness estimator used in rarefaction to estimate how much diversity was captured for the remaining
samples:

1-F

C= N

Where F; is the number of singletons and N the total number of reads. Thresholds are considered acceptable when samples coverage
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Fig. 4. Slopes of rarefaction curves for food web metrics across rarefaction thresholds. Points represent the mean slope values (first derivative) of
the rarefaction curves shown in Fig. 3, and error bars indicate standard deviations across communities. The DFDT was applied to each metric to
identify the rarefaction threshold at which the metric stabilized. The dashed vertical line at 2348 indicates the most conservative (highest) DFDT,
the threshold applied to all food web metrics. Solid blue loess lines (span = 0.75) illustrate the stabilization of slopes beyond the selected threshold.
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values fall between 0.95 and 0.99, indicating that approximately 95-99% of the community’s diversity has been sampled and
undersampling bias is minimal. The samples over 2348 reads achieved C > 0.97, confirming adequate sequencing completeness.
With this pipeline we established an objective and reproducible way to select the rarefaction threshold for rarefaction of food webs.

Final rarefactions

Once the rarefaction threshold was decided, communities without predicted feeding interactions and above the rarefaction
threshold were filtered. Then, the iterative rarefaction procedure was applied, standardizing all communities at the same sequencing
depth and calculating the mean value of the food web metrics.

In our study, we discarded 19 communities for which no trophic interactions were found and we kept all communities with
sequencing depths exceeding 2348 reads (n = 238 communities). We performed rarefaction across 100 iterations per community,
calculating mean values for the 9 food web metrics and used them as descriptors of network structure.

Consequently, these mean metrics now serve as reliable proxies for food web structure, enabling valid statistical comparisons across
sites. This approach facilitates robust ecological conclusions, particularly when examining how network structure varies along
environmental gradients.

Method validation

We empirically evaluated the method by performing the entire analytical procedure without rarefying the data and assessing the
influence of sequencing depth on the results. To enable comparison with rarefied data, we focused on communities containing >2348
reads and directly calculated food web metrics for these communities. We then examined the correlation between each food web
metric and sequencing depth (Table 1), identifying generality, vulnerability, link density, degree, number of links, and number of
nodes as the metrics exhibiting the strongest correlations (correlation coefficient > 0.35).

To assess the influence of sequencing depth on the overall combination of food web metrics and its potential effect on the inter-
pretation of results, we performed a redundancy analysis (RDA). As potential explanatory variables describing the food web structure
across sampled wetlands, we included water table depth, pH, electric conductivity, vegetation height, vascular plant cover,
community-type and diversity, bryophyte cover, community-type and diversity, air mean annual temperature, mean annual precip-
itation, annual potential evapotranspiration and disturbance degree. In addition, we incorporated the number of reads as a potential
explanatory variable. We applied a bidirectional stepwise selection procedure using the ordistep function from the vegan package,
with food web metrics as response variables and environmental factors along with sequencing depth as explanatory variables. The
analysis revealed that the number of reads was among the variables selected by the model and remained statistically significant after
conducting an ANOVA on the final RDA model.

We rarefied the previously analyzed communities using our proposed method and subsequently performed a redundancy analysis
(RDA) with bidirectional variable selection. Comparison of the resulting models revealed a hiding effect in variable selection by the
number of reads. Three variables were retained in the non-rarefied model, whereas seven (including the ones in the non rarefaction
model) variables were selected in the rarefied model (Table 2).

These results highlight the critical importance of accounting for sequencing depth when computing food web metrics from met-
abarcoding data. Failure to control for the number of reads can introduce systematic bias into network properties, which in turn may
generate spurious correlations with environmental variables and obscure genuine ecological signals. Consequently, removing or
statistically correcting for the effect of sequencing depth is essential to avoid misleading interpretations of environmental drivers and
to prevent drawing erroneous conclusions about the underlying ecological processes and patterns.

Although the framework presented here was specifically developed and validated for metabarcoding-derived food webs, but the
general principles underlying the approach are transferable to other ecological applications affected by uneven sampling effort or
incomplete standardization. However, such generalization should be evaluated cautiously and would require dedicated validation in
each specific context. We therefore encourage future studies to explore the applicability of these ideas across other disciplines beyond
metabarcoding-derived food webs.

Table 1
Spearman’s rank correlation between the food web metrics and
sequencing depth.

Food web metric Correlation coefficient
Generality 0.418

Vulnerability 0.411

Link density 0.404

Degree 0.404

Number of links 0.396

Number of links 0.386

Top fraction —0.049

Trophic level —0.039

Basal fraction —0.035
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Table 2

p-values from ANOVA-like permutation tests (999 permutations) on RDA marginal effects, comparing environ-
mental variables explaining protist trophic networks structure. Significance levels: * p < 0.05, ** p < 0.01, ***p <
0.001; NS, not significant (p > 0.05). Rarefaction applied iterative threshold selection; variables excluded from RDA
if non-significant pre-selection.

Variable NOT Rarefied Rarefied
Number of reads 0.001 *** Not included
Water table depth 0.001 ***
Vegetation height 0.005 **
Bryophyte cover 0.001 **=
Vascular plant cover 0.001 ***
Vascular plant community-type 0.003 **
Annual precipitation 0.008 **
Annual potential evapotranspiration 0.018 *

Limitations

One of the main limitations of inferring trophic interactions from metabarcoding data is that trait-matching algorithms depend
critically on the taxonomic assignment of MOTUs, which is itself subject to several sources of bias. First, some taxonomic groups
remain underrepresented in reference databases, particularly rare or poorly studied lineages, leading to higher rates of misassignment
or non-assignment [20]. Second, the choice of amplicon introduces additional bias; for example, the 18S rSSU marker used here
amplifies a broad spectrum of eukaryotic taxa, whereas more taxon-specific markers may overrepresent lineages and artificially inflate
their importance in the inferred food web. Finally, different reference databases can yield divergent taxonomic labels for the same
MOTU, making the selection of the reference database a critical decision that directly influences downstream network inference [26].

Moreover, our method may be particularly useful for reconstructing food webs from metabarcoding data. Its application relies on
two essential components: a comprehensive trait database and a trait-based inference model. Trait information is still incomplete for
many taxa, and although it may often be found in species descriptions, standardized trait databases are crucial for making it usable.
Likewise, developing a robust inference model requires documented trophic interactions, typically gathered through literature
searches or direct observations, and translating these data into a formal model remains a significant challenge.
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