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Abstract 23 

1. Polyurethane foam passive air samplers (PUF-PAS) are widely deployed to monitor 24 

environmental pollutants, yet their capacity to capture biological signals such as environmental 25 

DNA (eDNA) remains largely unexplored. Recent advances in airborne eDNA research create a 26 

timely opportunity to evaluate PUF-PAS as a tool for biodiversity monitoring and to leverage 27 

existing global sampling networks for conservation. Focusing on insects, we assess whether PUF-28 

PAS can provide eDNA-based biodiversity data comparable to those obtained with traditional 29 

sampling methods. 30 

2. We compared the taxonomic richness, community composition, and detection biases of PUF-31 

PAS to a conventional method for sampling flying insects, Malaise traps. We deployed both 32 

sampling approaches across five sites in Montreal, Canada, during the entire flight season, and 33 

collected samples biweekly. Insect communities were characterised at the order level using 34 

morphological identification (Malaise traps) and DNA metabarcoding (PUF-PAS). 35 

3. Insect communities collected with PUF-PAS and Malaise traps showed substantial overlap, with 36 

73.3% (n = 11) of insect orders detected by both methods; 20% (n = 3) were unique to Malaise 37 

traps and 6.7% (n = 1) to PUF-PAS. On average, estimates of insect abundance from Malaise traps 38 

were strongly positively associated with PUF-PAS detection probability and read counts. 39 

However, PUF-PAS detection probability and read counts were best explained by Malaise trap 40 

counts measured several weeks prior and integrated over extended temporal windows, indicating 41 

a delayed biological signal. 42 

4. Our results suggest that PUF-PAS is better suited for interannual monitoring of common insect 43 

taxa, particularly for detecting broad temporal trends rather than short-term dynamics. Given the 44 

availability of global passive air sampling infrastructure, this approach not only has strong 45 
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potential for large-scale biodiversity monitoring, but also could foster interdisciplinary 46 

collaborations between environmental toxicologists and biodiversity scientists. 47 

Keywords: airborne eDNA, metabarcoding, global monitoring, insects, Passive air sampler  48 
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1. Introduction 49 

Globally, substantial changes in insect populations have been documented, with declines reported 50 

in many regions and ecosystems (Didham et al., 2020; Halley & Pimm, 2023; Harvey et al., 2022). 51 

For instance, long-term monitoring programs have reported large reductions in the biomass and 52 

abundance of flying insects, in some cases exceeding 70% (Dalton et al., 2023; Hallmann et al., 53 

2017; Van Klink et al., 2024). Documenting such trends is essential for understanding ecosystem 54 

functioning and predicting the consequences of environmental changes. However, detecting and 55 

tracking changes in insect biodiversity remains challenging because most traditional monitoring 56 

approaches rely on lethal, labor-intensive sampling methods and extensive taxonomic expertise. 57 

As a result, there is growing interest in developing alternative approaches that are standardized, 58 

scalable, non-invasive, and cost-effective to monitor insect communities and inform decision 59 

makers for effective conservation. 60 

Environmental DNA (eDNA) approaches try to overcome the limitations of traditional sampling 61 

methods by capturing DNA directly from the environment, including soil (Semenov, 2021), water 62 

(De Sousa et al., 2019), or air (Roger et al., 2022). Most eDNA applications developed over the 63 

past decades have focused on aquatic environments (Yamahara et al., 2025). However, more 64 

recently, airborne eDNA has emerged as a promising tool to monitor terrestrial species and the 65 

ecological changes they undergo. Additionally, airborne eDNA could be particularly well suited 66 

to monitor insect communities as many studies have already successfully identified insect DNA 67 

from sampled air (e.g., Craine et al., 2025a; Roger et al., 2022; Tournayre et al., 2025), with two 68 

studies finding arthropods as the most dominant metazoan group recovered from airborne eDNA 69 

samples (Nousias et al., 2025; Sullivan et al., 2023). A better understanding of the biases of 70 
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airborne eDNA detection compared to traditional trapping techniques is needed to establish the 71 

method for biodiversity monitoring. 72 

Polyurethane foam passive air samplers (PUF-PAS) have been established on the global scale to 73 

track aerosols and atmospheric pollutants passively (Harner et al., 2024; Liu et al., 2021; Saini et 74 

al., 2020; Schuster et al., 2015). This tool shows promise for airborne eDNA sampling, as it can 75 

be operated without power source, is cost-effective, and is used worldwide in a network designed 76 

to sample air pollutants (Figure 1A) (Pozo et al., 2006). Recent studies have recovered eDNA from 77 

the samplers (e.g., fungi, bacteria, animals), showing promising signs of their use for biodiversity 78 

monitoring (Kalisa et al., 2024; Sanchez et al., 2025). Nevertheless, as with any eDNA technique, 79 

it is crucial to analyse its biases, determine how well airborne eDNA reflects actual species 80 

communities, and assess whether detected DNA signals are linked to organismal abundance or 81 

biomass. 82 

In this study, we investigate the representativeness of insect communities sampled by PUF-PAS, 83 

by comparing them with a traditional generalist sampling method, Malaise traps (Malaise, 1937; 84 

Santos & Fernandes, 2021). Specifically, we assess the extent to which insect detection by PUF-85 

PAS reflects insect community composition and abundance in five sites in the Montreal region, 86 

Canada (Figure 1B). We further investigate the temporal relationship between insect abundance 87 

and detection by PUF-PAS, considering both potential lag effects and the integration of signals 88 

over time. We expect a positive relationship between insect biomass and the probability of 89 

detection and the number of DNA reads recovered by PUF-PAS (Yates et al., 2025). We expect 90 

no lag effect, with eDNA detection by PUF-PAS positively correlated with instantaneous insect 91 

abundance.  92 

  93 
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2. Materials and Methods 94 

2.1. Sampling tools 95 

2.1.1. Polyurethane Foam (PUF) Disk-based Passive Air Sampler (PUF-PAS). PUF-PAS are 96 

passive air sampling devices consisting of a polyurethane foam (PUF) disk housed within a double-97 

dome stainless steel chamber, following standard designs used in atmospheric monitoring (Shoeib 98 

& Harner, 2002) (Tisch Environmental, Inc., USA). The chamber is composed of two opposing 99 

hemispherical bowls (upper dome: 25 cm diameter × 8 cm tall; lower dome: 20 cm diameter × 7 100 

cm tall) overlapping vertically by approximately 1 cm, with a side gap of 2 cm and seven holes of 101 

0.65 mm on the underside in a circular distribution. The PUF disks (14 cm diameter × 1.35 cm 102 

thickness) were autoclaved prior to deployment and transported to the field in sterile containers. 103 

Disks were positioned centrally within the chamber and secured on a support rod (Figures 1C, 1D). 104 

To minimize contamination, disks were handled using sterile forceps and gloves at all stages of 105 

deployment and retrieval. Samplers were deployed in open air without active airflow and exposed 106 

continuously for two weeks. 107 

2.1.2. Malaise trap. We used Malaise Trap II, Townes Style (Bugdorm, MegaView Co., Ltd., 108 

Taiwan). This sampling device is a modular flight interception trap, 165 cm in length, 115 cm in 109 

width, 200 cm high for the tall end, 110 cm high for the short end. The intercept panels have a 680 110 

µm aperture, and the central mesh panel a 470 µm aperture. The collection bottles were filled with 111 

90% ethanol to minimize individual degradation.  112 

2.2. Sampling protocol 113 
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We set up each sampler in five different locations around Montreal, Canada (Figure 1B; Table S1). 114 

Malaise traps were placed with the tall end south-facing. PUF-PAS were placed 1.5 m above 115 

ground, two meters from the Malaise trap, south-facing (Figure 1C, D). From 13 May 2024 to 9 116 

October 2024, we visited each site every two weeks to change the Malaise trap bottle and the PUF 117 

disk (Table S2). Malaise trap bottles were refilled with 90% ethanol, and the PUF disks were stored 118 

in sterile 50 mL falcon tubes. Both were placed in coolers for transportation from the field to the 119 

laboratory, where they were stored in a -20 °C freezer to minimize degradation of the individuals 120 

and DNA.  121 

2.3. Sample processing 122 

2.3.1. Malaise trap. Samples collected from Malaise traps were sorted manually and identified to 123 

the order level. To estimate the biomass of each order, we followed the protocol by Dunn et al. 124 

(2023), by straining the organisms and leaving them to dry for one hour at room temperature. To 125 

estimate the number of individuals, we placed the individuals on a flat surface and photographed 126 

them using a Canon EOS 5D Mark III camera. Individuals were then manually counted from the 127 

images using ImageJ 1.54 (Rueden et al., 2017).  128 

2.3.2. PUF-PAS analysis. Following the work of Kalisa et al. (2024), we extracted metagenomic 129 

DNA from the PUF discs using the DNeasy PowerMax Soil Kit (Qiagen, Venlo, Limburg, The 130 

Netherlands) with a slightly modified version of the manufacturer instructions to accommodate for 131 

the size of the PUF disk. We included four negative controls (two sterile PUF disks and two DNA-132 

free PCR samples) to evaluate possible contamination during DNA extractions and sequencing. 133 

Additionally, we designed and sequenced two replicated PUF discs using a mock community as 134 

positive control (Marinchel et al., 2023; Smith et al., 2017). We used PCR to amplify a 313 bp 135 

fragment of the COI gene using the “Leray” set of primers for insect metabarcoding (Morrill et al., 136 
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2021). Then, we distributed the samples between two libraries (Table S2) and sequenced them on 137 

an Illumina Miseq (600-cycles, Illumina, San Diego, USA). We performed all bioinformatic 138 

processing within the QIIME2 v2025.4.0 environment (Bolyen et al., 2019) and employed the 139 

COInr database as our reference database for taxonomic assignment (Meglécz, 2023). We 140 

employed two different libraries, two denoising algorithms, and four quality filtering stringencies, 141 

which resulted in 16 ASVs × sample matrices. Finally, we filtered each of these matrices using a 142 

standardized protocol based on negative controls cleaning and minimum number of reads 143 

thresholds (Drake et al., 2022). Full details on library construction, mock community design, 144 

bioinformatic processing, and filtering choices are provided in Supplementary Text S1.  145 

2.4. Statistical analyses 146 

All analyses were conducted using R 4.5.2 (R Core Team, 2026) and RStudio v.2026.01.1+403 147 

(RStudio Team, 2026). Due to the strong positive correlation between insect biomass and insect 148 

count (Bayesian Regression Model: Bayes R2 = 0.82, Est.Error = 0.005, Est. Slope = 1.31) (Figure 149 

S1), we used only insect count as explanatory variable. Bayesian regression models (BRM) were 150 

fitted using the brm function in the brms package (Bürkner, 2017), using four chains, 4000 151 

iterations, 2000 burn-in, target average acceptance probability for the No-U-Turn Sample of 0.999 152 

and tree depth of 15. The MCMC convergence was evaluated using Rhat and Bulk and Tail ESS 153 

values (Table S3). To compare alpha diversity between sampling methods, we fitted a Bayesian 154 

regression model with order richness (i.e., the number of insect orders per sampling event) as the 155 

response variable, sampling method as a fixed effect, and sample nested within site as random 156 

effects, using default priors. To assess sampling coverage, we computed rarefaction and 157 

extrapolation curves of taxonomic order richness using the iNEXT package (Chao et al., 2014). 158 

To compare the community composition at the order level between sampling methods, we 159 
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computed the Jaccard Index using the function vegdist from the package vegan (Dixon, 2003). To 160 

differentiate between the nestedness and turnover components of the Jaccard Index, we used the 161 

function beta.pair from the betapart package (Baselga & Orme, 2012). We then computed the 162 

mean Jaccard Index value and percentage of nestedness component by fitting an intercept-only 163 

BRM for each response variable, with site as random effect and default priors. All BRMs were 164 

fitted with weakly informative priors for all parameters (Table S4) for higher stability, no 165 

divergences, and reducing high Pareto k-values, while still allowing the data to inform the posterior 166 

(Gelman, 2006; Gelman et al., 2008).  167 

We used Spearman rank correlations to test associations between (i) detection probabilities 168 

derived from the two sampling methods, (ii) insect abundance from Malaise traps, and (iii) 169 

sequencing read counts from PUF-PAS. Detection probabilities by PUF-PAS and Malaise traps, 170 

predicted number of sequenced reads and predicted insect count were derived from four BRMs 171 

which included presence and absence of insect order by both sampling methods, number of 172 

sequenced reads and insect count as a response variables, insect order as explanatory variable 173 

and sampling date nested within site as random effects.  174 

To characterize potential lag in the relationship between PUF-PAS signals of insect detection with 175 

those obtained with the Malaise traps, we considered both lag effects (delay between insect 176 

presence and detection) and temporal integration windows (duration over which abundance 177 

contributes to detection). We defined a set of candidate lag durations (0, 14, 28, and 42 days) and 178 

integration window lengths (14, 28, 42, and 56 days), corresponding to multiples of our bi-weekly 179 

sampling interval and allowing integration of signal across successive sampling occasions. To 180 

understand whether insect detection with PUF-PAS was driven by recent abundance, lagged 181 
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abundance, or by cumulative abundance over extended periods, we fitted a model for each of the 182 

16 temporal windows. Windows requiring data prior to the start of the sampling period were 183 

excluded. Using a sliding window approach, we calculated the mean count (log-transformed) of 184 

insects identified with the Malaise trap for each site and order, then determined the temporal 185 

window that best explains the eDNA signal detected with the PUF-PAS (presence or absence as 186 

well as the number of sequence reads of an insect order) using Akaike’s Information Criterion 187 

(AIC). For both response variables, we used the standardized log-transformed mean Malaise-trap 188 

count within each lag–window combination as the predictor, and site and order as random 189 

intercepts. For the detection probability in PUF-PAS, we computed a binomial generalized linear 190 

mixed-effects model, whereas for the number of sequencing reads, we used a hurdle modelling 191 

framework to account for the excess of zero observations and overdispersion in the data. 192 

Specifically, we fitted generalized linear mixed-effects models using a truncated negative binomial 193 

distribution for positive counts and a separate zero process. Residual diagnostics (e.g., simulated 194 

residuals) were examined to assess dispersion, uniformity, and potential model misspecification. 195 

Model adequacy was assessed using simulation-based residual diagnostics using the DHARMa 196 

package (Hartig, 2022). When deviations from model assumptions were detected, we refined the 197 

functional form of the predictor by introducing higher-order polynomial terms (e.g., quadratic and 198 

cubic).  199 

  200 
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3. Results 201 

3.1. Richness and composition 202 

Rarefaction curves showed clear differences in taxonomic richness between sampling methods 203 

(Figure 2A). Malaise traps consistently detected a higher number of insect orders than PUF-PAS 204 

(Figure 2B, Figure S2). For instance, at comparable sampling intensity (48 samples), Malaise traps 205 

reached an estimated richness of 14 orders, whereas PUF-PAS reached 12 orders (Figure 2C). The 206 

order accumulation curve approached an asymptote for PUF-PAS samples, indicating lower total 207 

detectable diversity. 208 

Malaise traps detected an average of 8.03 orders [95% CI 7.47-8.69], while PUF-PAS detected 209 

4.50 [95% CI 3.89-5.07], with an average difference estimate of 3.53 [95% CI: 3.02-4.05].  210 

Jaccard dissimilarity between sampling methods had a mean value of 0.46 [95% CI 0.36-0.56], 211 

indicating moderate difference in the community composition. A further beta partition analysis 212 

shows that a mean of 98.2 % [95% CI 88.6-100] of the Jaccard Index stems from nestedness, 213 

showing that the communities sampled by PUF-PAS represent a subset of those sampled by 214 

Malaise traps. 215 

3.2. Relationship between detection probability in PUF-PAS and insect counts 216 

Across the entire season, there was a strong positive correlation in the detection probability of each 217 

order between Malaise and PUF-PAS (Spearman correlation: S = 37.7, rho = 0.93, P < 0.0001), 218 

and between the detection probability by PUF-PAS and insect counts of each order (S = 10.6, rho 219 

= 0.98, P < 0.0001). Malaise traps consistently exhibited higher detection probabilities than PUF-220 

PAS (Table S5).  221 

The relationship between Malaise trap abundance and PUF-PAS detection depended strongly on 222 

the temporal lag and integration window used to summarize insect counts. Across all candidate 223 
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models, the best-supported models used a 42-day lag with a minor effect of integration window 224 

(ΔAIC < 2, Table S6). The model explained a substantial proportion of variation, with a marginal 225 

R² of 0.49 (conditional R² = 0.70). Model support declined sharply for shorter lags (ΔAIC for 28-226 

day lag = 36.78-38.77; ΔAIC for 14-day lag = 88.06-92.78; ΔAIC for 0-day lag = 112.86- 227 

126.10, Figure 3a). 228 

3.4. Relationship between number of sequenced reads and insect counts 229 

The number of sequenced reads was strongly positively correlated with insect count (Spearman 230 

correlation: S = 61.7, rho = 0.88, P < 0.0001). Orders like Diptera, Hymenoptera, Coleoptera, and 231 

Trichoptera were disproportionately represented in the Malaise trap relative to the PUF-PAS 232 

(Table S5).   233 

The relationship between Malaise trap abundance and PUF-PAS read counts was also strongly 234 

influenced by the temporal lag and integration window used to summarize insect counts. The 235 

best-supported model included a 42-day lag and a 56-day or 42-day integration window (ΔAIC < 236 

2, Figure 3b). The top model showed a marginal R² of 0.32 (conditional R² = 0.72). Model 237 

support declined sharply for shorter lags (Table S7).  238 

  239 
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4. Discussion 240 

In our study, we hypothesized that insect sampling with PUF-PAS and Malaise traps would yield 241 

similar community composition. However, our results provide evidence that PUF-PAS sampling 242 

captured only a subset of the insect community detected by Malaise traps. More specifically, order 243 

richness was consistently higher in Malaise traps across all sites, and the richness accumulation 244 

curve reached a plateau in PUF-PAS but not in Malaise traps. The number of DNA sequencing 245 

reads detected with the PUF-PAS was strongly positively associated with insect counts recorded 246 

in Malaise traps. Interestingly, there was a strong lag effect, with PUF-PAS detection probability 247 

best explained by Malaise abundance measured several weeks prior and integrated over extended 248 

temporal windows. Here, we discuss potential sources of difference in sampling between the two 249 

methods and present advantages and pitfalls of PUF-PAS in insect monitoring.  250 

The insect orders sampled with PUF-PAS were concordant with other airborne eDNA studies that 251 

amplified insect DNA (e.g., Craine et al., 2025; Roger et al., 2022; Tournayre et al., 2025), and 252 

corresponded to the most abundant and widespread taxa typically sampled in entomological 253 

surveys across Canada (Langor, 2019). However, species richness was higher in the Malaise trap 254 

(14 vs. 12 orders), and its accumulation curve did not reach an asymptote, contrary to the PUF-255 

PAS, which plateaued. Importantly, some insect orders (Mantodea, Mecoptera, and Plecoptera) 256 

were detected by Malaise traps but not by PUF-PAS, suggesting that their absence in PUF-PAS 257 

samples is more likely due to methodological limitations rather than geographic or ecological 258 

constraints. In contrast, one order (Psocoptera) was detected by PUF-PAS but not by Malaise traps, 259 

highlighting a slight advantage of PUF-PAS over Malaise trap for this taxonomic group.   260 

Across the entire season, we found strong positive relationships between detection probabilities 261 

obtained by both methods as well as between insect counts from Malaise traps and detection 262 
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probabilities from PUF-PAS. This is consistent with the general expectation that higher 263 

organismal abundance and biomass increase eDNA production and thus detection probability. 264 

However, the non-linear relationship indicates that airborne eDNA was detected only when a 265 

threshold of insect abundance was reached. This is likely because airborne eDNA detection is 266 

governed by a nonlinear chain of processes, involving DNA shedding (Andruszkiewicz Allan et 267 

al., 2021), atmospheric transport (Strickler et al., 2015; Tzafesta & Shokri, 2025), particle 268 

capture (Gloor et al., 2017), and molecular amplification (Berelson et al., 2025; Moreno et al., 269 

2026). PUF-PAS seems to behave as a threshold-sensitive sampler that is more likely to detect 270 

common taxa.  271 

Our results reveal a strong lagged and temporally integrated relationship between insect 272 

abundance and airborne eDNA detection, with the best-supported models indicating a delay of 273 

up to six weeks and integration over eight weeks. This finding highlights an important feature of 274 

PUF-PAS, that is, rather than reflecting instantaneous community composition, it integrates 275 

biological signals over time, similar to the dynamics in aquatic systems (Troth et al., 2021). 276 

Airborne eDNA originates from multiple sources, including tissue fragments, carcasses, and 277 

fecal material, which may be released or resuspended after peak organismal abundance 278 

(Andruszkiewicz Allan et al., 2021). In addition, DNA particles can remain suspended in the 279 

atmosphere or be transported across space before deposition, further decoupling detection from 280 

real-time local abundance (Garrett et al., 2025). Importantly, although the identification of a 281 

“best” lag–window combination provides one explanation for the observed pattern, it also 282 

reflects the fact that later-season observations are inherently easier to predict from insect 283 

abundance than early-season observations, as larger lag–window combinations rely on a subset 284 

of data with sufficient temporal history and reduced early-season variability. To our knowledge, 285 
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this is the first study that explicitly shows such pronounced temporal decoupling between insect 286 

abundance and airborne eDNA signals. Further work is needed to better understand the 287 

mechanisms responsible for these extended lags, such as residence time, resuspension, and 288 

degradation dynamics. 289 

Study limitations. This study has some limitations that should be considered when interpreting 290 

the results. First, the analyses were limited to the order level, which may mask important 291 

variation at finer taxonomic scales (e.g., family or species). Nevertheless, meaningful differences 292 

among sampling methods were still detected at this taxonomic level, indicating that order-level 293 

resolution can capture broad community patterns. Secondly, we used a single primer set that, 294 

although has good coverage for insects, may miss certain taxa. Despite these limitations, our 295 

approach allowed us to evaluate the potential of existing PUF-PAS monitoring networks for 296 

airborne eDNA applications, highlighting both their limitations and their promise for large-scale 297 

biodiversity surveillance.  298 

  299 
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5. Future directions: advancing airborne eDNA monitoring of insects 300 

This study provides a foundation for integrating passive airborne eDNA sampling into insect 301 

biodiversity monitoring frameworks. By demonstrating that PUF-PAS can reliably detect 302 

widespread and common insect orders, our results highlight the potential to leverage existing 303 

passive air sampling networks, originally developed for contaminant monitoring, for large-scale 304 

biodiversity surveillance.  305 

A key finding of this study is that airborne eDNA signals are delayed relative to local biological 306 

dynamics, which has important implications for their interpretation. From a monitoring 307 

perspective, this temporal integration suggests that PUF-PAS may be particularly well suited for 308 

capturing broad temporal trends, such as interannual variation in insect occurrence and relative 309 

abundance, where delayed signals are less problematic. In contrast, the method may be less 310 

appropriate for resolving fine-scale seasonal dynamics, unless the mechanisms underlying the lag 311 

(e.g., atmospheric residence time, resuspension, and DNA degradation) are better understood and 312 

explicitly accounted for (Barnes & Turner, 2016; Garrett et al., 2025).  313 

The current design of the PUF-PAS can be enhanced to improve eDNA sampling performance. 314 

Optimizing filter materials and particle capture efficiency, as well as systematically comparing 315 

passive and active air samplers under standardized conditions, will help identify approaches that 316 

maximize taxonomic recovery. In particular, active air samplers have shown higher detection 317 

efficiency than passive systems (Newton et al., 2026), with the potential to approach the 318 

performance of conventional trapping methods such as Malaise traps (Craine et al., 2025) 319 

Refining deployment strategies, including shorter sampling intervals, will also be essential to 320 

reduce temporal averaging and better resolve temporal dynamics in eDNA signals. Beyond 321 
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methodological improvements, accounting for atmospheric transport and DNA decay will be 322 

necessary to translate eDNA signals into ecologically meaningful metrics. As these 323 

developments progress, passive airborne eDNA sampling has the potential to become a powerful 324 

component of global biodiversity monitoring systems, particularly for detecting broad patterns of 325 

insect occurrence across large spatial and temporal scales. 326 
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Figures 355 

 356 

Figure 1. Sampling methods and locations. (A) Global Atmospheric Passive Sampling Network 357 

(GAPS) locations. (B) Study area indicating the five sampling sites, (1) McGill Bird Observatory, 358 

(2) Parc National des Îles-de-Boucherville, (3) Jardin Botanique de Montréal, (4) Marais IPEX, 359 

(5) Parc Jean-Drapeau. (C) Malaise trap with PUF-PAS. (D) PUF-PAS showing the position of 360 

the polyurethane disk. GAPS map provided by Tom Harner.  361 
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 363 

Figure 2. Order richness for each sampling method. (A) Rarefaction (solid lines) and extrapolation 364 

(dashed lines) curves of insect order richness for Malaise traps (orange) and PUF-PAS (blue). 365 

Shaded areas represent 95% credible intervals. (B) Order richness for each sampling method. Lines 366 

connect the same sampling event, representing higher order richness in Malaise traps (red), same 367 

order richness sampled (gray), and higher order richness in PUF-PAS (green). The orders 368 

Mantodea, Mecoptera, and Plecoptera were detected in the Malaise traps only, whereas 369 

Psocoptera was detected only in the PUF-PAS.  (C) Venn diagram with the communities sampled 370 

by each method, with silhouettes of the orders and percentages of convergence and divergence. 371 

Silhouettes were downloaded from PhyloPic.  372 
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 374 

Figure 3. Model performance across temporal lag–window combinations for (a) insect detection 375 

probability and (b) eDNA read abundance measured by PUF-PAS, each explained by insect 376 

counts from Malaise traps. Colors represent the proportion of variance explained (R²), while 377 

values within cells indicate Akaike Information Criterion (AIC). Temporal windows vary in both 378 

duration and lag relative to the sampling date. The red square highlights the model with the 379 

lowest AIC, indicating the best-supported model. 380 
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Supplementary materials 563 

Text S1: PUF-PAS analysis 564 

DNA extractions 565 

We performed DNA extractions, PCR, indexing, and sequencing at the Genomics platform of the 566 

CERMO-FC Center of UQÀM (Quebec, Canada). Following a previously published work of 567 

metabarcoding analyses of PUF-PAS (Kalisa et al. 2024), we extracted metagenomic DNA from 568 

the PUF discs using the DNeasy PowerMax Soil Kit (Qiagen, Venlo, Limburg, The Netherlands) 569 

with a slightly modified version of the manufacturer instructions. Specifically, we employed 570 

each whole PUF disc as substrate during the lysis step. Each PUF disc was allowed to absorb the 571 

lysis solution mix (15 mL of PowerBead Solution + 1.2 mL of C1 Solution) inside the 572 

PowerMax Bead Pro tubes. After digestion, the supernatant was extracted from the PUF using 573 

the centrifugation step (2500 g × 3 min), i.e., the supernatant flowed to the bottom of the tube. 574 

All following steps were performed as described in the manufacturer’s instructions. After 575 

extractions, DNA concentrations were measured across all samples, as well as the positive and 576 

negative controls, using a Qubit fluorometer (Thermo Fisher Scientific, Waltham, Massachusetts, 577 

USA). 578 

To evaluate possible contamination during DNA extractions, we included two negative controls 579 

consisting of autoclaved PUF discs. Additionally, since the inclusion of mock communities has 580 

been considered a standard control in metabarcoding studies to reveal biases and test 581 

bioinformatic pipelines (Smith et al. 2017; Marinchel et al. 2023), we included two replicated 582 

PUF discs that we used to sample our mock community. This mock community consisted of 583 

eight exotic species that are not found naturally in Canada and whose samples were donated by 584 

the Montreal Insectarium. These species consisted of the lepidopterans Caligo eurilochus, 585 
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Cethosia biblis, Heliconius doris, Papilio demoleus, Papilio lowii, Papilio rumanzovia, and 586 

Parthenos sylvia and the mantid Hymenopus coronatus. We performed five smears across the 587 

two positive PUF discs using one frozen-and-thawed individual of each species. 588 

 589 

PCR amplification and sequencing 590 

We used PCR to amplify a 313 bp fragment of the COI gene using the “Leray” set of primers for 591 

insect metabarcoding (Morrill et al. 2021). This pair of primers consisted of the forward primer 592 

mlCOIintF: 5’-GGWACWGGWTGAACWGTWTAYCCYCC-3’ (Leray et al. 2013) and the 593 

reverse primer jgHCO2198: 5’-TAIACYTCIGGRTGICCRAARAAYCA-3’ (Geller et al. 2013). 594 

Both primers were modified to include standard Nextera adapter sequences. We performed PCR 595 

using 1X of BioBasic Inc. Taq PCR Master Mix, 10 mM of dNTPs, 0.4 µM of each primer, 0.5U 596 

of BioBasic Inc. Taq DNA polymerase, and 4 µL of extracted DNA. Thermal conditions during 597 

PCR consisted of 95 ºC for 2 min, followed by 35 cycles of 95 ºC for 20 s, 46 ºC for 30 s, and 72 598 

ºC for 30 s, with a final extension period of 72 ºC for 5 min. We included two negative PCR 599 

controls using DNA-free mixes to assess contamination during the PCR steps. Then, we 600 

performed a second PCR to add Illumina sequencer adapters with dual indexes for sample 601 

demultiplexing. PCR products were assessed on 2% agarose gels and normalized using the Just-602 

a-plate PCR normalization and purification kit (CharmBiotech, San Diego, California, USA). We 603 

pooled the samples across two libraries (Table S2) and purified each of them using the AMPure 604 

XP beads kit using the manufacturer protocol (Beckman Coulter, Brea, California, USA). The 605 

pooled libraries were quantified using the QubitTM dsDNA HS Assay Kit (Thermo Fisher 606 

Scientific) and average fragment sizes were determined using a High sensitivity D1000 607 

ScreenTape on a TapeStation 4200 instrument (Agilent Technologies, Santa Clara, California, 608 
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USA). Sequencing was performed on a Miseq using a MiSeq reagent kit v3 (600-cycles; 609 

Illumina, San Diego, California, USA). Before sequencing, Phix control library (Illumina) was 610 

spiked into each library to improve unbalanced base composition. 611 

 612 

Reference database 613 

We employed the COInr database as our reference database for bioinformatic processing 614 

(Meglécz 2023). The COInr database is a freely available, comprehensive and dereplicated 615 

database of COI sequences extracted both from BOLD (Ratnasingham et al. 2024) and GenBank 616 

(Benson et al. 2012). We downloaded the 2025-05-23 version of COInr 617 

(https://zenodo.org/records/15515860). Then, we used the select_region.pl perl script found 618 

within the mkCOInr-0.5.0 tool (Meglécz 2023) to perform in silico PCR on the whole database 619 

for the Leray set of primers. This allowed us to recover a final dataset consisting of 5,748,708 620 

unique taxonomically identified sequences for the specific COI region that we amplified. 621 

 622 

Bioinformatic analyses 623 

We performed all bioinformatic processing within the QIIME2 v2025.4.0 environment (Bolyen 624 

et al. 2019). Samples were processed independently based on the library at which they were 625 

sequenced. Excluding positive and negative controls, we recovered 2,344,638 paired raw reads 626 

between the two libraries with an average of 47,850 (SD=28,068) paired reads per sample. First, 627 

we employed cutadapt (Martin 2011) to remove primers both from the R1 and R2 reads. Then, 628 

we performed quality-filtering and merged the R1 and R2 reads using VSEARCH merge-pairs 629 

function (Rognes et al. 2016). We tested multiple combinations of quality score thresholds to 630 

perform sequence truncation (--p-truncqual; t) and the minimum accepted overlap after 631 

https://zenodo.org/records/15515860
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truncation to merge R1 and R2 reads (--p-minovlen; l). However, based on the low number of 632 

reads per sample, we decided to keep four filtering schemes: i) relaxed filtering (t=0; l=10); ii) 633 

moderate filtering (t=20; l=10); iii) strict filtering based on sequence overlap (t=20; l=50); and 634 

iv) strict filtering based on quality trimming (t=26; l=10).  Additionally, we filtered the database 635 

for merged reads within the expected amplicon length (313 bp) and with a maximum number of 636 

expected errors in the merged read of 1 (--p-maxee 1). Then we denoised the reads of each 637 

filtering scheme using the denoise-other function in Deblur. Finally, to test an alternative 638 

denoising algorithm, we employed the denoise-paired function of the DADA2 software 639 

(Callahan et al. 2016) by applying it on the primer-filtered reads of both libraries (after cutadapt). 640 

We applied the same four filtering stringencies that we kept with VSEARCH. These analyses 641 

produced a final number of 16 ASVs × sample matrices (2 libraries × 2 denoising algorithms × 4 642 

quality filtering stringencies). Finally, we performed the taxonomic assignment of each of the 16 643 

ASVs databases at the species level using a naive bayes algorithm that we trained using the 644 

feature-classifier classify-sklearn function with Scikit-learn (Pedregosa et al. 2011) and our 645 

processed COInr database. 646 

 647 

ASV filtering 648 

To filter the 16 ASVs databases for contaminations and wrongly assigned reads we implemented 649 

a standardized protocol based on minimum number of reads thresholds (Drake et al. 2022). 650 

Specifically, first we removed across all samples the ASVs that appeared in any of our four 651 

negative controls (2 extraction controls + 2 PCR controls) and that presented a read count equal 652 

or below the values seen in the negative controls (Max contamination method). Then, we 653 

removed ASVs within each sample that had a relative frequency below 8 stringency thresholds 654 



 35 

(0.025%, 0.05%, 0.075%, 0.1%, 0.25%, 0.5%, 0.75% and 1%; Sample % method). For each 655 

ASV × sample matrix and filtering scheme we estimated the final number of ASVs, percentage 656 

of samples retained, number of correctly identified taxa within the positive controls, number of 657 

incorrect taxa within the positive controls, and number of samples that included ASVs assigned 658 

to species from the mock community (tag-jumping).  659 

To limit contamination and non-local signals while retaining low-abundance detections, we 660 

employed the Deblur denoising algorithm with moderate quality filtering (t=20; l=10) and negative 661 

control cleaning, but no filtering by relative frequency threshold (Supplementary data 1). 662 

Additionally, further analyses were performed after limiting the taxonomic identification depth of 663 

the selected filtered ASV × sample matrix to the order level to compare it to the Malaise traps, 664 

which further limited taxonomic misidentification (Somervuo et al., 2017; Sotnikov et al., 2025) 665 

and the number of false positives. 666 

 667 

 668 

 669 

 670 

 671 

 672 

 673 

 674 

 675 

 676 

 677 

 678 

 679 
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Table S1: Geographic coordinates of the study sites where Malaise traps and PUF-PAS were 680 

placed. 681 

Site Latitude Longitude 
McGill Bird Observatory 45.42908 -73.93803 
Technoparc IPEX 45.48299 -73.74932 
Parc Jean-Drapeau 45.50213 -73.52686 
Jardin Botanique de Montreal 45.55881 -73.56339 
Parc national des Îles-de-Boucherville 45.60498 -73.46430 

 682 

  683 
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Table S2: PUF-PAS metadata with unique ID, site, date of sampling start, date of sampling end 684 

and sequencing library 685 

ID site from to library 
PUF_BOT_3 Botanical Garden 14/06/2024 28/06/2024 first library 
PUF_BOT_10 Botanical Garden 20/09/2024 04/10/2024 first library 
PUF_BOU_7 Boucherville 19/08/2024 02/09/2024 first library 
PUF_BOU_9 Boucherville 16/09/2024 30/09/2024 first library 
PUF_IPEX_1 IPEX 15/05/2024 29/05/2024 first library 
PUF_IPEX_3 IPEX 12/06/2024 26/06/2024 first library 
PUF_IPEX_8 IPEX 21/08/2024 04/09/2024 first library 
PUF_JD_4 Jean-Drapeau 03/07/2024 17/07/2024 first library 
PUF_JD_10 Jean-Drapeau 25/09/2024 09/10/2024 first library 
PUF_MBO_4 Bird Observatory 01/07/2024 15/07/2024 first library 
PUF_BOT_1 Botanical Garden 17/05/2024 31/05/2024 second library 
PUF_BOT_2 Botanical Garden 31/05/2024 14/06/2024 second library 
PUF_BOT_4 Botanical Garden 28/06/2024 12/07/2024 second library 
PUF_BOT_5 Botanical Garden 12/07/2024 26/07/2024 second library 
PUF_BOT_6 Botanical Garden 26/07/2024 09/08/2024 second library 
PUF_BOT_7 Botanical Garden 09/08/2024 23/08/2024 second library 
PUF_BOT_8 Botanical Garden 23/08/2024 06/09/2024 second library 
PUF_BOT_9 Botanical Garden 06/09/2024 20/09/2024 second library 
PUF_BOU_1 Boucherville 27/05/2024 10/06/2024 second library 
PUF_BOU_2 Boucherville 10/06/2024 24/06/2024 second library 
PUF_BOU_3 Boucherville 24/06/2024 08/07/2024 second library 
PUF_BOU_4 Boucherville 08/07/2024 22/07/2024 second library 
PUF_BOU_5 Boucherville 22/07/2024 05/08/2024 second library 
PUF_BOU_6 Boucherville 05/08/2024 19/08/2024 second library 
PUF_BOU_8 Boucherville 02/09/2024 16/09/2024 second library 
PUF_IPEX_2 IPEX 29/05/2024 12/06/2024 second library 
PUF_IPEX_4 IPEX 26/06/2024 10/07/2024 second library 
PUF_IPEX_5 IPEX 10/07/2024 24/07/2024 second library 
PUF_IPEX_6 IPEX 24/07/2024 07/08/2024 second library 
PUF_IPEX_7 IPEX 07/08/2024 21/08/2024 second library 
PUF_IPEX_9 IPEX 04/09/2024 18/09/2024 second library 
PUF_IPEX_10 IPEX 18/09/2024 02/10/2024 second library 
PUF_JD_1 Jean-Drapeau 22/05/2024 05/06/2024 second library 
PUF_JD_2 Jean-Drapeau 05/06/2024 19/06/2024 second library 
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PUF_JD_3 Jean-Drapeau 19/06/2024 03/07/2024 second library 
PUF_JD_5 Jean-Drapeau 17/07/2024 31/07/2024 second library 
PUF_JD_6 Jean-Drapeau 31/07/2024 14/08/2024 second library 
PUF_JD_7 Jean-Drapeau 14/08/2024 28/08/2024 second library 
PUF_JD_8 Jean-Drapeau 28/08/2024 11/09/2024 second library 
PUF_JD_9 Jean-Drapeau 11/09/2024 25/09/2024 second library 
PUF_MBO_1 Bird Observatory 20/05/2024 03/06/2024 second library 
PUF_MBO_2 Bird Observatory 03/06/2024 17/06/2024 second library 
PUF_MBO_3 Bird Observatory 17/06/2024 01/07/2024 second library 
PUF_MBO_5 Bird Observatory 15/07/2024 29/07/2024 second library 
PUF_MBO_6 Bird Observatory 29/07/2024 12/08/2024 second library 
PUF_MBO_7 Bird Observatory 12/08/2024 26/08/2024 second library 
PUF_MBO_8 Bird Observatory 26/08/2024 09/09/2024 second library 
PUF_MBO_9 Bird Observatory 09/09/2024 23/09/2024 second library 
PUF_MBO_10 Bird Observatory 23/09/2024 07/10/2024 second library 

 686 
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Table S3: Summary of MCMC convergence diagnostics for all Bayesian Regression Models in 687 

this study 688 

Model Rhat Min Bulk ESS Min Tail ESS 
log(biomass_mg + 1) ~ log(count + 1) + 

(1|site/ID) 
1.003 2022 2456 

Richness ~ source + (1|site/Sample) 1.002 2790 3514 
1.003 1898 2580 

Jaccard ~ 1 + (1|site) 1.002 1560 1678 
Percentage Nestedness ~ 1 + (1|site) 1.002 1666 1782 
Insect Count ~ order + (site/date) 1.003 1280 2393 

No. sequenced reads ~ order + (site/date) 1.003 1518 1742 
Detection by PUF ~ order + (site/date) 1.003 1903 2392 

Detection by Malaise ~ order + (site/date) 1.004 2671 2647 
 689 

  690 
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Table S4: Priors used for the detection of orders by sampling method, detection in PUF-PAS and 691 

number of reads models 692 

Model Family Parameter Prior distribution 

Detection by PUF ~ 
order + (site/date) 

Bernouilli Fixed effects intercept Normal(0, 3) 
Bernouilli Fixed effects slopes Normal(0, 2) 
Bernouilli Group-level SDs Student-t(3, 0, 1) 

Detection by Malaise ~ 
order + (site/date) 

Bernouilli Fixed effects intercept Normal(0, 3) 
Bernouilli Fixed effects slopes Normal(0, 2) 
Bernouilli Group-level SDs Student-t(3, 0, 1) 

# sequenced reads ~ 
order + (site/date)  

Gaussian Fixed effects intercept Normal(0, 10) 
Gaussian Fixed effects slopes Normal(0, 10) 
Gaussian Group-level SDs Student-t(3, 0, 5) 
Gaussian Residual SD Student-t(3, 0, 5) 

Insect Count ~ order + 
(site/date) 

Gaussian Fixed effects intercept Normal(0, 10) 
Gaussian Fixed effects slopes Normal(0, 10) 
Gaussian Group-level SDs Student-t(3, 0, 5) 
Gaussian Residual SD Student-t(3, 0, 5) 

 693 

 694 

 695 

 696 

 697 

 698 

 699 
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Table S5. Detection probabilities in malaise traps and PUF-PAS, mean number of sequenced reads 705 

and mean insect count, with 95% Bayesian credible intervals, per order 706 

 707 

 708 

  709 

 
Malaise PUF-PAS 

 
Probability of detection Insect count Probability of detection Number of reads 

Order mean CI mean CI mean CI mean CI 

Coleoptera 0.94 [0.86, 0.99] 41.57 [32.04, 53.56] 0.42 [0.21, 0.67] 2.15 [0.99, 3.82] 

Dermaptera 0.32 [0.15, 0.49] 0.81 [0.38, 1.32] 0.02 [0, 0.08] 0.08 [-0.31, 0.71] 

Diptera 1 [0.97, 1] 1036.41 [789.86, 1317.49] 0.79 [0.61, 0.94] 11.92 [7.41, 19.31] 

Ephemeroptera 0.04 [0, 0.11] 0.03 [-0.2, 0.34] 0.01 [0, 0.05] 0.06 [-0.31, 0.65] 

Hemiptera 1 [0.97, 1] 124.82 [97.18, 163.73] 0.99 [0.95, 1] 478.07 [309.24, 749.33] 

Hymenoptera 1 [0.97, 1] 150.23 [115.98, 194.03] 0.91 [0.8, 0.99] 10.6 [6.66, 17.38] 

Lepidoptera 1 [0.97, 1] 47.48 [36.65, 61.44] 0.96 [0.88, 1] 48.41 [30.84, 75.78] 

Mantodea 0.03 [0, 0.08] 0.01 [-0.21, 0.32] 0 [0, 0.03] 0 [-0.35, 0.56] 

Mecoptera 0.03 [0, 0.08] 0.01 [-0.21, 0.3] 0 [0, 0.03] 0 [-0.35, 0.58] 

Neuroptera 0.54 [0.34, 0.72] 0.85 [0.42, 1.4] 0.04 [0, 0.11] 0.23 [-0.22, 0.88] 

Odonata 0.47 [0.29, 0.67] 0.58 [0.21, 1.03] 0.02 [0, 0.08] 0.12 [-0.28, 0.76] 

Orthoptera 0.62 [0.42, 0.79] 1.7 [1.08, 2.5] 0.08 [0.01, 0.2] 0.28 [-0.19, 0.98] 

Plecoptera 0.03 [0, 0.08] 0.02 [-0.23, 0.3] 0 [0, 0.03] 0 [-0.35, 0.56] 

Psocoptera 0.01 [0, 0.05] 0 [-0.23, 0.28] 0.02 [0, 0.08] 0.16 [-0.26, 0.79] 

Trichoptera 0.98 [0.93, 1] 20.88 [16.05, 27.22] 0.13 [0.03, 0.3] 0.72 [0.13, 1.76] 
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Table S6. Model comparison of generalized linear mixed models relating PUF-PAS detection 710 

probability (presence/absence of insect orders) to insect abundance measured by Malaise traps 711 

across combinations of temporal lags and integration windows. Lag (days) represents the delay 712 

between insect occurrence and eDNA detection, while window (days) defines the duration over 713 

which insect counts were aggregated. Models are ranked by Akaike Information Criterion (AIC), 714 

with ΔAIC indicating differences relative to the best-supported model. β denotes the fixed effect 715 

of insect count, and marginal (R²m) and conditional (R²c) coefficients of determination quantify 716 

variance explained by fixed effects alone and by both fixed and random effects, respectively. n 717 

indicates the number of observations. 718 

 719 
Window code Lag 

(days) 
Window 

(days) 
n AIC beta R2m R2c  ΔAIC 

detection_ window15 42 56 435 244.04 2.30 0.49 0.70 0.0 
detection_window11 42 42 435 244.17 2.27 0.49 0.69 0.1 
detection_window7 42 28 435 245.26 2.19 0.47 0.68 1.2 
detection_window3 42 14 435 245.92 2.11 0.45 0.67 1.9 
detection_window14 28 56 510 280.82 2.20 0.45 0.69 36.8 
detection_window10 28 42 510 282.26 2.11 0.43 0.68 38.2 
detection_window6 28 28 510 282.27 2.06 0.42 0.68 38.2 
detection_window2 28 14 510 282.82 1.95 0.38 0.67 38.8 
detection_window13 14 56 585 332.10 2.06 0.43 0.67 88.1 
detection_window9 14 42 585 332.26 2.01 0.41 0.66 88.2 
detection_window5 14 28 585 333.44 1.92 0.39 0.65 89.4 
detection_window1 14 14 585 336.82 1.69 0.32 0.64 92.8 
detection_window12 0 56 660 356.91 2.02 0.40 0.68 112.9 
detection_window8 0 42 660 359.28 1.88 0.36 0.67 115.2 
detection_window4 0 28 660 363.70 1.60 0.27 0.66 119.7 
detection_window 0 14 660 370.14 1.06 0.11 0.67 126.1 

 720 

  721 
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Table S7. Model comparison of generalized linear mixed models relating sequencing read 722 

counts from PUF-PAS to insect abundance measured by Malaise traps across combinations of 723 

temporal lags and integration windows. Lag (days) represents the delay between insect 724 

occurrence and eDNA signal, while window (days) defines the duration over which insect counts 725 

were aggregated. Models are ranked by Akaike Information Criterion (AIC), with ΔAIC 726 

indicating differences relative to the best-supported model. β denotes the fixed effect of insect 727 

count on read abundance, and marginal (R²m) and conditional (R²c) coefficients of determination 728 

represent variance explained by fixed effects alone and by both fixed and random effects, 729 

respectively. n indicates the number of observations. 730 

 731 
Window code Lag 

(days) 
Window 

(days) 
n AIC beta R2m R2c  ΔAIC 

count_window15 42 56 435 1983.65 1.10 0.32 0.72 0.0 
count_window11 42 42 435 1985.48 1.05 0.30 0.71 1.8 
count_window7 42 28 435 1988.45 0.98 0.26 0.70 4.8 
count_window3 42 14 435 1992.89 0.83 0.20 0.68 9.2 
count_window14 28 56 510 2290.23 1.01 0.27 0.70 306.6 
count_window10 28 42 510 2293.67 0.92 0.23 0.68 310.0 
count_window6 28 28 510 2296.39 0.84 0.19 0.68 312.7 
count_window2 28 14 510 2298.13 0.69 0.13 0.68 314.5 
count_window13 14 56 585 2543.75 1.02 0.27 0.70 560.1 
count_window9 14 42 585 2545.93 0.97 0.25 0.69 562.3 
count_window1 14 14 585 2546.09 0.84 0.19 0.68 562.4 
count_window5 14 28 585 2547.27 0.90 0.21 0.69 563.6 
count_window12 0 56 660 2890.17 0.97 0.24 0.71 906.5 
count_window8 0 42 660 2892.40 0.89 0.20 0.71 908.7 
count_window4 0 28 660 2893.21 0.83 0.17 0.71 909.6 
count_window 0 14 660 2898.58 0.68 0.11 0.71 914.9 

732 
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 733 

Figure S1: Correlation plot between the individual abundance and biomass (both logarithmic 734 

transformed + 1). The area around the line represents the standard error. To assess the possible 735 

correlation between insect biomass and insect count, we fitted both variables to a Bayesian 736 

Regression Model, with sampling date nested within site as random effects. We calculated the 737 

Bayesian R2 for each model. We found a significant relationship between insect count and 738 

biomass from the malaise traps (Bayes R2 = 0.82, Est.Error = 0.0051). 739 
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 743 

 744 

Figure S2: Rarefaction and extrapolation curves (top row), order richness plots (middle row) and 745 

boxplot of the number of reads (bottom row) per order subdivided by sites, including McGill 746 

Bird Observatory, Parc National des Îles-de-Boucherville, Jardin Botanique de Montréal, Marais 747 

IPEX and Parc Jean-Drapeau. 748 
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