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Abstract 40 

Elevational gradients have long been used to study biodiversity responses, yet insect richness–elevation 41 

relationships remain difficult to generalize. Here, we used standardized Malaise trap metabarcoding across 42 

elevational gradients in seven European countries to examine whether regional differences in insect richness 43 

responses reflect the climatic position of each gradient. Across the studied gradients, insect richness showed 44 

elevational responses ranging from monotonic declines to increases and unimodal patterns. These regional 45 

curves were broadly aligned with a study-wide unimodal climate–richness relationship, indicating that each 46 

elevational transect captures a different segment of a broader curve, thereby helping to explain why regional 47 

richness–elevation relationships differ in direction and shape. Joint species distribution models revealed 48 

that these richness patterns reflected region-specific balances of positive and negative species responses, 49 

indicating turnover in insect communities along the elevational gradient. Closely related taxa responded 50 

similarly within regions, and their responses were correlated across regions occupying comparable climatic 51 

contexts. Our results suggest that the local climatic context and evolutionary history jointly shape insect 52 

community assembly along environmental gradients, highlighting that forecasting insect biodiversity under 53 

climate change should account for both climatic position of the regional gradients and the phylogenetic 54 

structure of taxa.  55 

 56 

Introduction 57 

Mountains serve as natural laboratories for examining biodiversity responses to climate change because 58 

gradients in temperature and precipitation occur over relatively short distances1. Elevational gradients 59 

therefore offer a robust framework for examining how biodiversity varies in response to changing climatic 60 

conditions. This is particularly relevant given that understanding species responses to diverse environmental 61 

conditions holds significant implications for conservation2.  62 

Research on species richness and community composition along elevational gradients has been one of the 63 

central focuses of biogeography since the field’s inception3. Across taxa, richness–elevation relationships 64 

typically display four main patterns: decreasing richness with increasing elevation, low plateaus with 65 

subsequently decreasing richness, low plateaus with mid-elevational peaks, and unimodal patterns with 66 

mid-elevational peaks4. The richness of small mammals predominantly peaks at mid-elevations, whereas 67 

bats exhibit patterns that are divided between decreasing and mid-elevational peaks1. In contrast, studies on 68 

bird and reptile richness in response to elevation have identified all four patterns1. For plants, unimodal 69 

patterns and a decline in richness with increasing elevation have been most frequently reported5,6. Global 70 

syntheses of literature on insect richness have revealed an overall pattern of low-elevation plateaus with a 71 

subsequent decrease in richness with increasing elevation7. However, the richness–elevation relationships 72 

from the individual studies included in this meta-analysis demonstrated highly variable patterns. This large 73 

variability in insect richness responses to elevation may reflect land-use and biogeographical differences 74 

among sampled regions, focus on different taxonomic groups as well as from heterogeneous research 75 

methods used in different studies1,5,7-9.  76 
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Understanding what explains variation in insect responses to elevation is of fundamental importance, as 77 

insects are a critical component of biodiversity and ecosystem functioning, playing important roles in 78 

pollination, decomposition, and trophic interactions10,11. However, insect assemblages are undergoing 79 

widespread global change, with many studies reporting declines in biomass and species richness12-15. To 80 

understand how insect diversity is structured by climate, elevational gradients provide a useful framework 81 

by allowing insect richness and species responses to be compared across varying climatic conditions. 82 

Standardized, multi-country studies across mountain gradients remain scarce, particularly those assessing 83 

entire insect communities. This lack of standardized data across studies limits our ability to determine 84 

whether contrasting insect richness–elevation relationships reflect idiosyncratic regional patterns or 85 

predictable responses to climatic context.  86 

Here, we examine insect community responses to elevation by applying a standardized Malaise-trap 87 

sampling protocol across seven European countries over a common season, thereby generating directly 88 

comparable data across distinct biogeographic regions with varying climatic contexts. We leveraged a DNA 89 

metabarcoding approach to characterize whole insect communities from more than 650 samples and 90 

analyzed richness–elevation patterns coupled with joint species distribution modeling. Additionally, we 91 

tested whether insect responses to elevation are phylogenetically conserved, asking whether closely related 92 

species exhibit similar responses to elevation-associated conditions. We hypothesized that contrasting 93 

regional richness–elevation relationships are not idiosyncratic outcomes of individual gradients but are 94 

driven by the climatic conditions of each regional gradient within a broader climate–richness relationship. 95 

To our knowledge, this is one of the first large-scale, standardized assessments of insect communities across 96 

multiple elevational gradients. Our results indicate that climatic context helps explain contrasting insect 97 

responses to elevation and suggest that forecasts of insect biodiversity change should account for both the 98 

climatic position of regional gradients and the phylogenetic structure of the taxa. 99 

 100 

Results 101 

Insect responses to elevation vary among regions 102 

Per-region generalized additive models (GAMs), which also included seasonal terms, revealed that insect 103 

richness responses to elevation differed among regions. Species richness declined monotonically with 104 

elevation in Poland and Portugal, while Norway and Italy showed significant non-linear richness–elevation 105 

relationships (Fig. 1A; Supplementary Table 1). In Germany, Spain and Greece, richness–elevation 106 

relationships were non-significant, with a slight negative tendency in Germany, a positive tendency in Spain 107 

and an almost flat relationship in Greece. The family-level models showed the same main structure (Fig. 108 

1B; Supplementary Table 1). At least one seasonal term was significant for all regions except for Italy and 109 

Greece (Supplementary Table 1, Supplementary Fig. 1). Thus, richness–elevation relationships differed 110 

among regions, ranging from monotonic declines to unimodal responses and weak, non-significant 111 

relationships, even after accounting for seasonal variation.  112 
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 113 

Figure 1. Regional variation in insect richness–elevation relationships across seven European countries. a-114 

b, Relationships between elevation (centered within each region, unit: meter) and insect species richness 115 

(A) and family richness (B). Points represent individual samples and lines show fitted relationships from 116 

region-specific GAMs. Elevation responses are drawn as curved when the elevation smooth had edf > 1.5 117 

and P < 0.05, and as linear otherwise (Supplementary Table 1). c, Map of study regions and summary for 118 

species-level richness–elevation relationship inferred for each region.  119 

 120 

Results from the joint species distribution models demonstrated that many insect species showed 121 

statistically supported responses to elevation (Fig. 2). Across most regions, the mean species response was 122 

negative, indicating that occurrence probabilities generally declined with increasing elevation (Fig. 2A). 123 

However, positive and negative responses often occurred within the same region (Fig. 2B), revealing 124 

species turnover along elevational gradients. The most pronounced negative effects on species were 125 

observed in Poland, where 29.5% of the modeled species exhibited a negative response to increasing 126 

elevation, while 5.9% showed a positive response (Fig. 2B). Species in Norway, Germany, Italy, and 127 

Portugal datasets displayed a similar pattern, but with a slightly lower proportion of species with statistically 128 

supported responses to elevation. In contrast, species responses to elevation were mostly positive in Spain, 129 

where 21.9% of the modeled species responded positively, while 1.7% negatively. In Greece, species-level 130 

responses were weak overall, with only one modelled species showing a statistically supported negative 131 

response to increasing elevation. Thus, elevational gradients reshape insect assemblages not only through 132 

changes in richness but also through shifts in species identity, with the ratio of elevation-associated gains 133 

and losses differing among regions. Consistent with per-region GAMs, the variation partitioning of joint 134 

species distribution models showed that seasonality explained a substantial part of variation in species 135 

occurrences across all datasets (27.4-57.6%; Supplementary Table 2).  136 
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 137 

 138 

139 

Figure 2. Region-specific insect species responses to elevation. a, Mean effect of elevation on species 140 

occurrence estimated from region-specific joint species distribution models, expressed as the change in the 141 

linear predictor per meter increase in elevation. Negative values indicate that occurrence probability 142 

decreases with increasing elevation, and positive values indicate that occurrence probability increases 143 

towards higher elevations. B, Proportions of species with statistically supported (at least 95% posterior 144 

probability) negative (blue) and positive (red) responses to increasing elevation. All species’ responses to 145 

elevation are listed in Supplementary Table 3.  146 

 147 

Regional richness–elevation patterns reflect climatic context 148 

As insect richness responses to elevation differed among regions, we tested whether these differences could 149 

be explained by the breadth of climatic conditions sampled within each elevational gradient. Climatic 150 

breadth was quantified as climate PC1 range, and regional richness–elevation pattern strength as the range 151 

of predicted link-scale richness (η) along the elevational curve [max(η) − min(η)]. Across the seven regions, 152 

climatic breadth was not associated with richness–elevation pattern strength (linear regression: β = 0.098, 153 

SE = 0.292, t₅ = 0.335, R² = 0.022, P = 0.751). Thus, differences among regions in the strength (amplitude) 154 

of richness–elevation relationships were not simply explained by some gradients spanning broader climatic 155 

ranges than others.  156 
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We then examined study-wide and regional insect richness patterns along the sampled climate gradient. 157 

Study-wide species richness showed a significant unimodal association with the study-wide climate PC1 158 

axis (quadratic term: β = -0.060, SE = 0.019, z = -3.18, P = 0.002) where a quadratic climate term improved 159 

fit over a linear term (likelihood-ratio test: χ²₁ = 8.94, P = 0.003; AIC 8545 vs. 8551.9). After removing 160 

among-region differences in mean log-richness, regional residual-richness trends were broadly consistent 161 

with their position along the study-wide unimodal climate–richness curve (Fig. 3). For example, low-162 

elevation sites in Poland extended towards the climatic optimum (according to the study-wide richness-163 

climate relationship), whereas higher-elevation sites extended towards colder and wetter conditions. As 164 

increasing elevation shifted communities away from the optimum, the positioning of this gradient was 165 

associated with predominantly negative species responses (Fig. 2). In contrast, sites in Spain occupied the 166 

warmest and driest segment of the climatic gradient, so that increasing elevation moved communities 167 

towards intermediate climatic conditions (Fig. 3). Although the regional richness–elevation relationship 168 

was not significant in Spain (Fig. 1A), species-level responses were predominantly positive (Fig. 2), 169 

consistent with movement toward more favorable climatic conditions. Residual-richness trends in Italy and 170 

Norway were unimodal, indicating that these gradients did not simply move towards or away from the 171 

study-wide optimum, but instead showed curved responses within climate space (Fig. 3).  172 

For each region, we compared the observed richness–elevation curve with the climate-based expectation 173 

obtained by projecting the regional elevation gradient onto the study-wide climate–richness relationship. 174 

Regional responses generally followed the expected pattern of richness change, but the magnitude of change 175 

often differed (Supplementary Fig. 2). Here, the magnitude of change was defined as the range of fitted 176 

richness (maximum - minimum) along each regional gradient, and amplitude ratios represent the observed 177 

magnitude of change relative to the expected magnitude. The observed richness–elevation curves in Poland 178 

and Portugal closely matched climate-based expectations in both the pattern of richness change along the 179 

elevation gradient (Spearman’s ρ = 1 for both) and the magnitude of change (amplitude ratios = 1.08 and 180 

1.22, respectively). Spain also showed a high correspondence with the expected pattern (Spearman’s ρ = 181 

1), but the observed change in richness was larger than predicted from climate alone (amplitude ratio = 182 

2.58). The observed changes were also stronger than expected in Italy and Norway (amplitude ratios = 2.78 183 

and 2.62, respectively). In Italy, the climate-based expectation was only a shallow decline because the 184 

gradient was positioned close to the peak of the study-wide climate–richness curve, whereas the observed 185 

richness–elevation relationship was unimodal (Fig. 3); consequently, the observed and expected curves 186 

showed weak rank agreement (Spearman’s ρ = 0.36). In Norway, the observed response was also stronger 187 

than expected, but the overall pattern remained broadly similar to the climate-based expectation despite 188 

significant curvature in the richness–elevation relationship (Spearman’s ρ = 0.84). Germany and Greece 189 

showed high rank agreement between observed and expected curves (Spearman’s ρ = 1 and 0.94, 190 

respectively), but the observed richness change was weaker than expected from climate alone (amplitude 191 

ratios = 0.45 and 0.04, respectively). Thus climate (PC1: mean annual temperature and precipitation) 192 

captured the broad direction of regional richness–elevation responses but did not fully explain their 193 

magnitude or shape (Supplementary Fig. 2). Correspondingly, adding an elevation term to the study-wide 194 

quadratic climate GLMM improved the model fit relative to the climate-only model (LRT χ²₁ = 5.02, P = 195 

0.025; AIC 8541.9 vs. 8545), and allowing the elevation effect to vary with climate improved the fit further 196 

(χ²₁ = 5.09, P = 0.024; AIC 8538.9).  197 
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 198 

Figure 3. Relationship between residual species richness and climate after accounting for regional 199 

variation. The climate PC1 (x-axis) represents the first principal component of the mean annual temperature 200 

and mean annual precipitation, with higher values indicating colder and/or wetter conditions. The y-axis 201 

represents residual log-richness extracted from a study-wide linear model with log-transformed species 202 

richness as the response variable and region as the only fixed effect. Points are sample-level residuals, and 203 

solid lines with shaded 95% confidence intervals represent regional trends of these residuals along climate 204 

PC1: for regions where the richness–elevation GAM indicated a curved relationship, trends were fitted with 205 

a GAM smooth; otherwise, with a linear smooth. The dashed grey curve represents the study-wide climate–206 

richness relationship from a negative binomial GLMM with linear and quadratic climate PC1 terms and 207 

random intercepts for region and Malaise trap. The inset figure (bottom left) represents the relationship 208 

between climate PC1 and elevation within each region, where regional linear fits illustrate how elevation 209 

covaries with climate along each regional gradient.  210 

 211 

Phylogenetic structure and cross-regional consistency in species responses 212 

Next, we examined whether the species contributing to the observed responses were phylogenetically 213 

structured. Species responses to elevation (i.e., conditions associated with elevation) showed significant 214 

phylogenetic structure in all regions, with the exception of Greece. Phylogenetic GLS models outperformed 215 
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null models in Norway, Poland, Germany, Italy, Spain and Portugal (P < 0.001), indicating that closely 216 

related insect taxa tended to show more similar responses than expected by chance. The strength of this 217 

phylogenetic signal varied among regions, being highest in Italy (λ = 0.69), followed by Portugal (λ = 0.44), 218 

Germany (λ = 0.39), Poland (λ = 0.31), Norway (λ = 0.28), and Spain (λ = 0.24). 219 

After accounting for phylogenetic relatedness, posterior mean elevation response estimates of shared or 220 

closely related taxa were positively correlated among several region pairs, indicating a degree of 221 

consistency in the direction of insect elevational responses across regions (Fig. 4). Among statistically 222 

supported correlations, the strongest positive correlations were generally observed between regions 223 

occupying broadly similar parts of climatic space, suggesting that taxa decreasing or increasing with altitude 224 

in one region often show similar directional responses under comparable climatic contexts. However, a 225 

weak but statistically supported positive correlation was also detected between Greece and Poland (Fig. 4). 226 

The correlations in this analysis included posterior mean elevation-response estimates for all modelled taxa, 227 

not only responses with strong posterior support as shown in Fig. 2. In Greece, posterior mean responses 228 

were nearly balanced, with 429 positive and 532 negative estimates, but only one was statistically supported 229 

(Supplementary Table 3). Thus, the Greece–Poland correlation reflects subtle similarity in the relative 230 

ordering of many weak response estimates across shared or closely related taxa, rather than a strong shared 231 

community-wide negative response comparable to Poland. The only statistically supported negative 232 

correlation occurred between Poland and Spain, indicating weak but significant opposition in the responses 233 

of shared or related taxa between these two gradients (Fig. 4). This contrast is consistent with species-level 234 

response patterns, where elevation was associated predominantly with negative responses in Poland but 235 

predominantly with positive responses in Spain (Fig. 2), reflecting their different positions within the 236 

broader climate–richness curve (Fig. 3).  237 

 238 

 239 

Figure 4. Cross-regional consistency in insect responses to elevation. The heatmap shows pairwise 240 

correlations in the elevation responses (HMSC elevation-response coefficients) of shared or closely related 241 

insect taxa across regions (see methods). Cell values are weighted Pearson correlations; warm colors 242 

indicate concordant elevational responses, and cool colors indicate opposite responses. Asterisks (*) mark 243 

correlations stronger (positive) or more opposing (negative) than expected under a phylogenetic null (P ≤ 244 

0.05 and P ≥ 0.95, respectively; Supplementary Table 4). Rows and columns are ordered by average-linkage 245 

hierarchical clustering of the correlation matrix.  246 
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 247 

Discussion 248 

Using standardized sampling across elevational gradients in seven European countries, we show that insect 249 

richness does not respond to elevation in a uniform way. We found that across the studied elevational 250 

gradients, insect richness declined steeply or weakly, tended to increase towards higher elevations, or 251 

showed unimodal responses. Such variation has often made insect richness–elevation relationships appear 252 

inconsistent, obscuring general inferences about how insect diversity responds to environmental gradients. 253 

Here, we show that these apparent inconsistencies correspond generally to distinct climatic contexts in 254 

which each regional gradient is embedded. Regional gradients represented different segments of a broader 255 

unimodal climate–richness relationship, generating predominantly negative or positive richness–elevation 256 

responses depending on their position in climate space. However, additional elevation-associated conditions 257 

can shape regional deviations from the broader climate-based expectation. Furthermore, we found that 258 

insect species responses were phylogenetically structured and demonstrated correlated responses across 259 

climatically similar regions. These results suggest that climatic context and evolutionary history jointly 260 

shape insect community assembly along environmental gradients, highlighting that forecasting insect 261 

biodiversity under climate change should account for both the climatic position of the regional gradients 262 

and the phylogenetic structure of the taxa.  263 

The richness–elevation patterns observed here help to explain why previous studies have reported 264 

inconsistent elevational diversity patterns for insects7,16,17. A recent global synthesis highlighted substantial 265 

variation among individual insect richness–elevation relationships, but showed that overall proportional 266 

richness was best explained by mean annual temperature and temperature seasonality, each explaining more 267 

than half of the variation in proportional richness in separate models7. Our results align with this climate-268 

centered interpretation but add a regional perspective: richness–elevation relationships are context-269 

dependent, reflecting the position of each gradient within broader climatic space. Seasonality also 270 

contributed to variation in richness and species occurrence in our models, indicating that insect assemblages 271 

are also shaped by temporal variation in their activity. This is consistent with previous studies showing 272 

seasonal changes in insect richness along elevational gradients18-20. Importantly, because all regions were 273 

sampled during a common season and seasonal effects were included in the models, the contrasting regional 274 

richness–elevation relationships observed here cannot be attributed to seasonal sampling differences. 275 

Placing regional richness–elevation patterns within a climatic context revealed that regional gradients 276 

generally represent ‘pieces of a curve’, where each transect captures only part of a broader unimodal 277 

climate–richness relationship (Fig. 3).  278 

The idea that local climatic conditions can shape species responses to elevation has previously been 279 

suggested for butterflies. Fleishman et al.21 found opposite richness–elevation patterns in two adjacent 280 

mountain ranges and suggested that gradient-specific climatic context may underlie these contrasting 281 

patterns. A related climate-based explanation for elevational richness patterns has been more explicitly 282 

tested in bats, where richness was found to be highest in an optimal combination of temperature and water 283 

availability22. Beyond elevational-gradient studies, Boucher-Lalonde et al.23 showed that temperature and 284 

precipitation explained much of the variation in bird and mammal richness across the Americas. Our results 285 

are consistent with this broader view of climate as a major correlate of richness patterns but also show how 286 

such climate dependence is expressed within regional elevational gradients.  287 

If insect responses to elevation are largely governed by a region’s position along a climate–richness curve, 288 

then climate warming is unlikely to have uniform effects across mountain systems. In regions positioned 289 

on the colder/wetter side on the climate axis, warming may shift communities toward more favorable 290 



 

 

10 

 

conditions, potentially weakening the negative richness–elevation gradients. In contrast, in regions 291 

positioned on the warm/dry side, warming may shift especially low-elevation sites further away from the 292 

favorable climatic conditions, which could steepen the richness–elevation relationships. Therefore, 293 

predicting insect biodiversity change requires understanding how each region’s climate is shifted relative 294 

to the optimal climatic conditions. The changes in biodiversity patterns also depend on how warming alters 295 

precipitation, seasonality, microclimate, and biotic interactions17, as well as on habitat continuity and land 296 

use9,24-26. Indeed, although climate provided the predominant framework for interpreting regional richness–297 

elevation relationships, it did not fully account for elevation-associated variation. Adding elevation to the 298 

study-wide climate model slightly improved the model fit, indicating that elevation retains explanatory 299 

information beyond the combined mean annual temperature and precipitation gradient. Correspondingly, in 300 

several cases the observed regional richness–elevation curves demonstrated deviations from the climate-301 

based expectations: the elevational richness direction often followed climate, but the magnitude of change 302 

was stronger or weaker than predicted from climate alone (Supplementary Fig. 2). These residual elevation 303 

effects likely reflect finer-scale environmental variation that co-varies with elevation, such as habitat 304 

structure, vegetation, resource availability, and microclimate, that is not captured by macroclimate alone. 305 

For example, the occurrence of herbivorous insects depends not only on the ambient climate but also on the 306 

distribution and phenology of their host plants, which are shaped by local microclimate, soil conditions and 307 

vegetation structure27. Thus, our results suggest that macroclimate sets the broad direction of regional insect 308 

richness responses, whereas fine-scale environmental variation may shape local deviations from this 309 

climate-based expectation.  310 

Beyond richness, species-level responses revealed substantial turnover along elevational gradients. This 311 

indicates that elevation-associated environmental change shapes not only how many species occur, but also 312 

which species occur. This is consistent with the broader view that elevational gradients alter community 313 

composition as species are filtered and replaced along environmental gradients1,3,27. In our study, the species 314 

responses exhibited a phylogenetic structure, indicating that closely related insect taxa tend to demonstrate 315 

similar responses. Corresponding to this, it has been demonstrated that insect responses to climate and land-316 

use change are mediated by species traits9. Since closely related taxa may share traits linked to climatic 317 

tolerance, phenology or habitat use, they may respond similarly to elevation-associated conditions. 318 

Moreover, the response correlations among regions indicated that shared or closely related taxa tended to 319 

show consistent responses when gradients occupied comparable climatic space, whereas opposing 320 

responses emerged between gradients positioned in contrasting climatic contexts (Fig. 4). This suggests that 321 

evolutionary history contributes to the reorganization of insect assemblages across elevational gradients, 322 

whereas the direction of species responses depends on the location of each gradient in climate space.  323 

In conclusion, our study shows that contrasting insect richness–elevation relationships and species-level 324 

responses across studied regions in Europe represent context-dependent expressions of a broader climate–325 

richness relationship. A region’s position in climate space provides a first-order expectation for the direction 326 

of insect responses, whereas local environmental constraints additionally determine the realization of these 327 

responses. The phylogenetic structure of species-level responses further indicates that evolutionary history 328 

contributes to the reorganization of insect assemblages along the elevational gradients. Predicting insect 329 

biodiversity responses to climate change therefore requires understanding how climate change moves 330 

regional assemblages relative to the climatic optimum, and which lineages are most likely to respond along 331 

those shifting gradients.  332 

 333 

Methods 334 
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Sampling 335 

Sampling was conducted following the standardized protocol within the Biodiversity Genomics Europe 336 

project for Malaise-trap sampling28, hosted publicly in WorkflowHub29. In each region, sampling was 337 

conducted at five sites along the elevational gradient. At each site, two Townes-style Malaise traps were 338 

installed. One trap was placed for metabarcoding, and the second trap served as a backup and as a source 339 

of material for potential morphological examination or DNA barcoding of individual specimens. Specimens 340 

were collected into 96% ethanol. Malaise trap samples were collected weekly at each site (that is, after each 341 

7 days; average of 7.3 ± 1.2 SD days) for 19-22 weeks from April to November 2023 (depending on region; 342 

Supplementary Table 5). The number of samples per region was 96, 92, 100, 89, 106, 103 and 96 for 343 

Germany, Greece, Italy, Norway, Poland, Portugal and Spain, respectively.  344 

 345 

DNA extraction and amplicon library preparation 346 

Bulk arthropod samples were processed using the Biodiversity Genomics Europe laboratory workflow for 347 

invertebrate characterization from Malaise-trap samples30. DNA extraction protocol was based on the 348 

FAVIS non-destructive metabarcoding protocol31 with project-specific modifications detailed in the 349 

protocol file30. Before DNA extraction, ethanol was decanted and samples were processed in batches of 22, 350 

together with one lysis blank as a negative control. Lysis was performed directly in the original collection 351 

bottles to minimize specimen handling. Lysis buffer and bottles containing specimens were pre-heated 352 

separately to 56°C, after which buffer and proteinase K were added to the samples. Samples were then 353 

incubated at 56°C in a shaking dry incubator. A lysate aliquot (1.8 ml) was transferred to 2 ml tubes and 354 

stored at -20°C as a working stock for DNA purification. DNA was purified from 200 µl of lysate using the 355 

Omega Mag-Bind Blood and Tissue DNA HDQ 96 Kit on a KingFisher Flex 96 automated extraction 356 

platform. DNA was eluted in a 100 µl elution buffer. Extraction plates included negative controls to monitor 357 

potential contamination.  358 

Amplicon libraries were prepared using a two-step PCR strategy. In the first PCR, we amplified a 418 bp 359 

fragment of the mitochondrial cytochrome c oxidase subunit I (COI) gene using the BF3-BR2 primer pair32 360 

modified with Illumina-compatible overhangs. Resulting PCR products were purified and indexed with a 361 

second round of PCR for sequencing using Illumina NovaSeq 6000 platform (2 × 250 bp). Details of the 362 

PCR procedures are outlined in an open-source protocol hosted in WorkflowHub30 and ReadTheDocs33. 363 

 364 

Bioinformatics 365 

Raw sequences per sample were processed as follows: primers were removed with cutadapt v4.934 by 366 

allowing a maximum of 2 mismatches in the primer search and a minimum overlap of 16 bp. The 367 

corresponding R1 and R2 sequences were discarded if both read pairs did not contain a primer sequence. 368 

Quality filtering (maxEE = 2), denoising (errorEstimationFunction=loessErrfun), merging of paired-end 369 

reads (default settings) and chimera filtering (method = “consensus”) were performed using DADA2 370 

v1.3035. Potential tag-jumps per sequencing run were removed using UNCROSS236 with f = 0.03 (expected 371 

tag-jumps rate), as implemented in PipeCraft237. Followingly, the ASV tables from multiple sequencing 372 

runs were merged using the DADA2 mergeSequenceTables function, and ASVs with no internal 373 

mismatches were collapsed using the collapseNoMismatch function. Taxonomy annotation of ASVs was 374 

performed using SINTAX38, as implemented in vsearch v2.28.139. Sequences in CO1Classifier v5.1.040 375 

supplemented with COI reads from newly barcoded species by the Biodiversity Genomics Europe (BGE) 376 
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consortium (accession numbers are provided in Supplementary Table 5) served as a reference database for 377 

SINTAX. ASVs with a bootstrap value of at least 0.8 to kingdom Metazoa were subjected to metaMATE 378 

v0.4.341 to filter out potential nuclear mitochondrial pseudogenes (NUMTs). ASVs that did not pass the 379 

invertebrate mitochondrial code (--table 5) check and were shorter or longer than 418±2 bp were discarded. 380 

Additional sequence abundance-based filtering of metaMATE included a clade-based strategy for which 381 

the ASVs were clustered with a 90% similarity threshold using VSEARCH (--cluster_fast) to obtain 382 

abundance information per ‘clade’ (herein cluster). Based on metaMATE-find results, the ASV table was 383 

filtered with metaMATE-dump to remove >95% of the estimated verified non-authentic ASVs (vnaASVs). 384 

The reference database for metaMATE was the same as for taxonomy annotation.  385 

In this study, the analyses were performed at the operational taxonomic unit (OTU) level. ASVs were 386 

clustered using the OptimOTU R package42 (version 0.9.3.9000). This operation consisted of two phases: 387 

optimizing cluster thresholds based on the taxonomically annotated reference database (as above) and 388 

clustering the ASVs using their taxonomic identifications to determine the optimal cluster thresholds. 389 

Reference sequences were dereplicated and curated in several rounds to facilitate the threshold optimization 390 

step. In the initial dereplication round, all but one of each set of fully redundant reference sequences – those 391 

which were identical in both sequence and taxonomic annotation – were removed. In the second 392 

dereplication round, remaining sequences that were identical in taxonomic annotation and only partially 393 

overlapped, but were identical in the overlapping region, were merged. This was performed using the --394 

cluster_fast command in VSEARCH, with a 100% identity cutoff. The VSEARCH dereplication was 395 

performed separately for each taxonomic annotation present in the reference database. The resulting 396 

dereplicated sequences were then aligned to the nucleotide Hidden Markov Model (HMM) of the Folmer 397 

barcoding region presented in Roslin, et al. 43, using the ”hmmalign” command in HMMER v3.444. 398 

Insertions relative to the HMM were removed, and positions 241-658, corresponding to the BF3-BR2 399 

amplicon, were extracted. Reference sequences with more than 50 gaps in this region were removed. After 400 

alignment and trimming, any additional fully redundant sequences – i.e., those which were identical after 401 

trimming to the BF3-BR2 region – were again dereplicated. The taxonomic annotations were then processed 402 

by the OptimOTU clean_taxonomy function, which identifies common indicators of ‘missing’ taxa, such 403 

as those including terms linked to uncertainty in identification (‘sp.’, ‘aff.’, or ‘unknown’), as well as those 404 

linked to uncertainty in the taxonomic classification itself, such as ‘incertae sedis’. Although these terms 405 

may be useful for taxonomic identification, they are excluded for cluster threshold optimization because 406 

they cannot be assumed to have intra-group sequence variation similar to other taxa at the same rank. 407 

Thresholds were then optimized for the curated references using the OptimOTU optimize_thresholds 408 

function, which calculates clustering thresholds for each taxonomic group in the reference that lead to 409 

clusters that closely approximate the actual ‘children’ of that taxonomic group. Distances were calculated 410 

using the Hamming distance on the aligned reference sequences. The ASV sequences were then aligned to 411 

the same HMM and trimmed as above. The resulting sequences were clustered using the OptimOTU 412 

optimotu function, which first groups sequences by known taxonomy, in this case, the SINTAX 413 

identifications with 0.9 bootstrap support, and then clusters them within each taxon based on the optimized 414 

thresholds calculated in the first step. This results in clusters at each taxonomic rank in the reference – in 415 

this case, domain, kingdom, phylum, class, order, family, genus, and species. Clusters based on taxa that 416 

were present in the database are given the taxon name from the database, but clusters based on sequences 417 

that were all unidentified at a given rank are given a ‘pseudotaxon’ identifier, such as ‘pseudogenus_00625’ 418 

for an approximately genus-level cluster. The clusters at the species level, i.e., named species and 419 

pseudospecies, were used as OTUs for further analysis. 420 

In addition to length and stop codon filtering, metaMATE implements sequence abundance-based filtering. 421 

However, ASVs that were excluded solely because of low abundance were incorporated into the OTU 422 
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clustering. This decision was based on the observation that many low-abundance ASVs exhibit high 423 

classification confidence against the utilized database. Therefore, a different sequence abundance-based 424 

filtering (SAM) was applied to OTUs; calculated as follows: 425 𝑆𝐴𝑀 = max (0, min ( 𝑆𝐴ை்௎ − 𝑆𝐴௢௙௙avgSApass݃ݒܽ − 𝑆𝐴௢௙௙݃ݒܽ  , 1)) 426 

where SAOTU denotes the sequence abundance (number of sequences) of an OTU; avgSApass denotes the 427 

average number of sequences for OTUs whose representative sequences belong to ASVs that passed 428 

through full metaMATE filter (herein it was 10,695 sequences); avgSAoff denotes the average number of 429 

sequences for OTUs that are found in negative control samples, represent non-land taxa and Chordata (off-430 

targets; herein it was 302 sequences). OTUs that passed the full metaMATE filtering received SAM of 1 431 

and off-target OTUs 0. For the remaining OTUs, SAM was calculated as above, and those with a SAM 432 

value of 0 were discarded.  433 

Additional data filtering 434 

We assessed sequencing completeness per sample using rarefaction curves (rarecurve function with step = 435 

5000 in the vegan v2.6-10 package45 in R v4.4.346) and excluded samples that did not reach asymptote. 436 

Samples with a rarefaction curve slope of > 0.001 between the last two points were considered not to have 437 

reached an asymptote and were excluded. Samples with insufficient sequencing depth were removed, 438 

retaining 663 samples for analysis (mean sequencing depth: 628,882 sequences per sample; Supplementary 439 

Table 6, Supplementary Fig. 3). Subsequent analyses focused on OTUs assigned to the class Insecta 440 

(Supplementary Table 7), which represented 95.2% (15,854) of the total number of OTUs.  441 

Because we applied species-level clustering thresholds that optimize OTUs to represent the closest species 442 

proxies achievable with sequence-based methods, OTUs are referred to as species throughout the results 443 

and discussion sections for simplicity.  444 

Study-wide richness models 445 

We fitted three study-wide (including all samples) negative-binomial generalized linear mixed models 446 

(GLMMs) with species richness (number of OTUs per sample) as the response: (i) an elevation-only model 447 

with elevation in units of meters, centered by region; (ii) a model including elevation and a quadratic climate 448 

term (climate PC1 + climate PC12); and (iii) an interaction model including elevation × climate PC1 + the 449 

quadratic climate term. All models included region and Malaise trap per elevation point as random effects. 450 

Climate PC1 represents the first principal component of the mean annual temperature (MAT) and 451 

precipitation (MAP) data (obtained from the CHELSA database47). Models were compared using 452 

likelihood-ratio tests (LRT) and Akaike information criterion (AIC) to determine whether adding climate 453 

terms (ii) improved the elevation‑only model (i) and whether an elevation × climate interaction (iii) further 454 

improved fit relative to the climate + elevation model (ii). Models were fitted using glmmTMB48 v1.1.11 455 

in R.  456 

Per-region richness–elevation models 457 

Per-region generalized additive models (GAMs) were fitted separately with species richness (number of 458 

OTUs per sample) and family richness (number of families per sample). MAT and MAP were significantly 459 

correlated with elevation in each region (Spearman R = -0.75 to -1, and R = 0.66 to 1, respectively, P < 460 

0.001; Supplementary Fig. 4); thus, we included only elevation in the per-region models. All per-region 461 

models included elevation (centered by region) and seasonality as predictor variables and Malaise trap per 462 
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elevation as a random effect. Elevation was represented by a smooth term, s(elevation_centered, k = 4), 463 

allowing flexible linear or curved regional trends. Effective degrees of freedom (edf) of the elevation 464 

smooth were used to classify relationships as approximately linear (edf ≈ 1) or curved (edf > 1.5). 465 

Seasonality terms were modeled as periodic functions to capture annual [cos(2πt/365), sin(2πt/365)] and 466 

biannual [cos(4πt/365), sin(4πt/365)] cycles, where t is the Julian day. Models were fitted using mgcv49 467 

v1.9.1 (function gam(); family nb()) in R.  468 

Climate range test 469 

To test whether the sampled climatic range within a region explained the magnitude of richness variation 470 

along elevational gradients, we quantified climatic breadth for each region as the range of the first principal 471 

component of MAT and MAP across sampling sites (climate PC1 range = maximum − minimum). Using 472 

the same per-region GAMs of species richness as above, we summarized the amplitude of the fitted 473 

richness–elevation curve in each region. From each fitted model, we predicted richness on the link scale 474 

(η) at 80 evenly spaced elevations between the lowest and highest sampled in that region, using the fitted 475 

elevational pattern. At each of these elevations, predicted η was averaged over the Julian days present in 476 

the regional data. We then calculated the fitted richness amplitude as the difference between the highest and 477 

lowest predicted values along the curve [max(η) − min(η)]. These regional amplitude values were related 478 

to climate PC1 range using linear regression across regions, asking whether regions spanning broader 479 

climatic ranges showed larger changes in richness along elevation.  480 

Climate context of regional richness–elevation patterns 481 

To visualize regional species richness patterns along study-wide climate axis (first principal component 482 

axis of MAT and MAP) while accounting for region-level variation, we extracted residual richness from 483 

study-wide linear model with log-transformed species richness as the response variable and region as the 484 

only fixed effect. The study-wide climate–richness relationship (dashed curve in Fig. 3) was fitted from a 485 

study-wide negative binomial GLMM with a quadratic climate term. This model was selected over a model 486 

with only linear climate term after comparing the two GLMMs using likelihood-ratio test. For the regional 487 

trends along the climate axis, we fitted a GAM smooth for regions whose richness–elevation relationship 488 

was curved according to per-region GAMs, and a linear regression otherwise. 489 

To test whether regional richness–elevation patterns are consistent with a study-wide climate–richness 490 

relationship, we compared, for each region, the observed species richness pattern with the profile expected 491 

if elevation acted only through climate (PC1). Observed profiles (ηobs) were the same link-scale GAM 492 

predictions of species richness along the 80-point elevational sequence described above in the climate range 493 

test section. For the climate-expected profile (ηexp) for each region, we first modelled the relationship 494 

between climate PC1 and elevation (centered) using a linear model. From this regression we predicted 495 

climate PC1 at the same 80 elevations, i.e. the climate expected at each elevation given the observed 496 

climate–elevation relationship in that region. These predicted climate PC1 values were entered into the 497 

already fitted study-wide quadratic climate–richness GLMM (above, in this section) using the predict() 498 

function on the log (link) scale, with random effects omitted (type = "link", re.form = NA). Per-region 499 

climate-expected richness (ηexp) at each elevation was therefore the study-wide climate–richness curve 500 

evaluated at the climate PC1 predicted for that elevation. Both profiles were obtained on the link (log) scale 501 

and mean-centered so that the comparison concerned shape, not baseline richness. We summarized shape 502 

agreement with the Spearman correlation of the centered curves (shape r), and the relative magnitude of 503 

elevational change with the amplitude ratio [max(ηobs) − min(ηobs)] / [max(ηexp) − min(ηexp)]. High shape r 504 

indicates that the two curves rise and fall together along the transect; an amplitude ratio of 1 indicates that 505 

they span the same range of fitted link-scale richness.  506 
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 507 

Joint species distribution models  508 

To analyze species responses to elevation within a region, we applied the Hierarchical Modelling of Species 509 

Communities (HMSC) framework50,51 of joint species distribution modelling. As the response variable, we 510 

used the presence-absences (0/1) of the OTUs (species proxy) in each sample. Predictor variables were 511 

sequencing depth (log-transformed number of sequences per sample), seasonality (as above), sampling 512 

duration (log-transformed number of days a sample was in the field; average of 7.3 ± 1.2 days), and 513 

elevation (centered around the region’s mean elevation). Sequencing depth and sampling duration were 514 

included as covariates to control for the methodological effects. Random effects were specified for both 515 

sample and Malaise trap levels.  516 

Prior to HMSC model fitting, we filtered the data using a prevalence threshold to exclude both rare and 517 

ubiquitous species, and to reduce computational intensity, retaining a maximum of 1,000 species per region. 518 

The prevalence-absence threshold ranged from 10-18% depending on the dataset, meaning species were 519 

retained when present in ≥threshold% and absent in ≥threshold% of samples. We used thresholding 520 

symmetrically for both presences and absences because the lack of either leads similarly to limited variation 521 

in the model. Models were fitted separately for each region to allow for region-specific responses using a 522 

probit distribution for presence-absence data. We assumed the default prior distribution of Hmsc50. The 523 

posterior distributions were sampled using five Markov chain Monte Carlo (MCMC) chains with 375,000 524 

iterations for each chain (125,000 burn-in + 250,000 sampling iterations, thinned by 1000 to yield 250 525 

samples per chain). Models were fitted using Hmsc-HPC52, which serves as a high-performance computing 526 

(HPC) enhancement of the R package Hmsc53. We assessed the convergence of MCMC by analyzing the 527 

potential scale reduction factors54 for the model parameters (Supplementary Table 8).  528 

Phylogenetic structure of species-level elevation responses 529 

To test whether species responses to elevation exhibited a phylogenetic signal, we estimated Pagel’s λ 530 

parameter55 for the species-level elevation coefficients (posterior mean beta parameters) derived from the 531 

HMSC models. Pagel’s λ estimates the strength of a phylogenetic signal, where λ of 0 indicates no signal 532 

(responses are phylogenetically independent) and λ of 1 indicates a perfect phylogenetically structured 533 

signal (closely related species respond similarly). Generalized least squares (GLS) models were fitted with 534 

a Pagel correlation (phylogenetic model) in R. We approximated phylogeny with a taxonomic tree, which 535 

was constructed from nested taxonomic ranks of OTUs (phylum, class, order, family, genus, species; 536 

Supplementary Table 7) using as.phylo function in ape v5.8.1 package56 in R, with equal branch lengths 537 

assigned to each taxonomic rank. AIC values of the phylogenetic models were compared with those of the 538 

null models (without Pagel correlation) to assess whether phylogenetic relationships improve the model fit. 539 

Phylogenetic models were compared against the null models with a likelihood ratio test using the lrtest 540 

function in lmtest v0.9.40 R package57 to test the statistical significance of a phylogenetic signal. 541 

Next, we tested whether the same or related species show similar responses to elevation in different regions. 542 

Because regions differed in which species were detected and thus included into the HMSC models, the 543 

missing responses were imputed using elevation response estimates from taxonomically related species. 544 

This imputation was justified as the region-specific phylogenetic signal analyses (Pagel’s λ) showed 545 

taxonomically conserved responses to elevation (related species tended to have more similar responses than 546 

non-related ones). For a species that was not included in the analysis for a specific region, the missing 547 

response was imputed as the average response among those species that belonged to the same genus (level 548 

2 imputation). If no such species were available, family (level 3), order (level 4), class (level 5), or phylum 549 

(level 6) level response was used, whichever was first available. Then, the correlation in elevation responses 550 



 

 

16 

 

between two region sets (ߩ஼1,஼2, where C1 and C2 denote the regions) were computed as a weighted Pearson 551 

correlation between the posterior mean estimates (elevation responses from the HMSC models) for each 552 

species. To account for the increased uncertainty of the estimate for imputed data, less weight was given to 553 

species where imputation was used, and especially so, if data on close relatives were not available. One 554 

over the product of the two imputation levels was used as a weight. For example, weight was 1 if the species 555 

was included in the models of both regions, and it was 1/(2 × 3) = 1/6 if genus-level imputation was used 556 

in one region and family-level imputation was used in another region. A phylogenetic null model approach 557 

was applied to test whether the observed correlation was statistically significant. The motivation for this is 558 

that the species-specific responses are not independent of each other, as related species tended to have more 559 

similar responses, as tested with the Pagel’s λ approach. To account for this, random (null) responses were 560 

generated from a multivariate normal distribution with mean zero and covariance-variance matrix λC+(1-561 

λ)I, where λ is Pagel’s λ estimated for the region in question, C is the species-by-species taxonomic 562 

correlation matrix, and I is the identity matrix. The C matrix was compiled with the vcv.phylo function of 563 

the ape R-package, assuming equal branch lengths between taxonomic levels. The null distribution of ߩ஼1,஼2 564 

was computed by computing the weighted correlation for the null data (imputed identically as the original 565 

data) using 999 simulations, and significance was evaluated by examining the proportion of the null 566 

distribution for which ߩ஼1,஼2 was greater than or equal to the observed value.  567 

All figures were generated using ggplot2 v4.0.058.  568 

 569 

References 570 

1 McCain, C. M. & Grytnes, J. A. in Encyclopedia of Life Sciences     (2010). 571 

2 Fortini, L. & Schubert, O. Beyond exposure, sensitivity and adaptive capacity: a response based 572 

ecological framework to assess species climate change vulnerability. Climate Change Responses 573 

4, 2, doi:10.1186/s40665-017-0030-y (2017). 574 

3 Lomolino, M. V. Elevation gradients of species‐density: historical and prospective views. Global 575 

Ecol. Biogeogr. 10, 3-13, doi:10.1046/j.1466-822x.2001.00229.x (2008). 576 

4 McCain, C. M. Global analysis of bird elevational diversity. Global Ecol. Biogeogr. 18, 346-360, 577 

doi:10.1111/j.1466-8238.2008.00443.x (2009). 578 

5 Costa, F. V. d., Viana‐Júnior, A. B., Aguilar, R., Silveira, F. A. O. & Cornelissen, T. G. 579 

Biodiversity and elevation gradients: Insights on sampling biases across worldwide mountains. J. 580 

Biogeogr. 50, 1879-1889, doi:10.1111/jbi.14696 (2023). 581 

6 Dani, R. S., Divakar, P. K. & Baniya, C. B. Diversity and composition of plants species along 582 

elevational gradient: research trends. Biodivers. Conserv. 32, 2961-2980, doi:10.1007/s10531-583 

023-02638-3 (2023). 584 

7 Dolson, S. J. & Kharouba, H. M. 30 years of terrestrial insect richness patterns across elevation: 585 

What have we learned? A global meta-analysis. J. Anim. Ecol. 93, 1819-1829, doi:10.1111/1365-586 

2656.14193 (2024). 587 

8 Viljur, M.-L. et al. Conserving woodland butterflies in managed forests: Both local and landscape 588 

factors matter. For. Ecol. Manage. 462, 118002 (2020). 589 

9 Neff, F. et al. Different roles of concurring climate and regional land-use changes in past 40 years' 590 

insect trends. Nat. Commun. 13, 7611, doi:10.1038/s41467-022-35223-3 (2022). 591 

10 Losey, J. E. & Vaughan, M. The economic value of ecological services provided by insects. 592 

Bioscience 56, 311-323 (2006). 593 

11 Schowalter, T. D., Noriega, J. A. & Tscharntke, T.  Vol. 26   1-7 (Elsevier, 2018). 594 

12 Sánchez-Bayo, F. & Wyckhuys, K. A. G. Worldwide decline of the entomofauna: A review of its 595 

drivers. Biol. Conserv. 232, 8-27, doi:10.1016/j.biocon.2019.01.020 (2019). 596 



 

 

17 

 

13 Hallmann, C. A. et al. More than 75 percent decline over 27 years in total flying insect biomass in 597 

protected areas. PLoS ONE 12, e0185809, doi:10.1371/journal.pone.0185809 (2017). 598 

14 Outhwaite, C. L., McCann, P. & Newbold, T. Agriculture and climate change are reshaping insect 599 

biodiversity worldwide. Nature 605, 97-102, doi:10.1038/s41586-022-04644-x (2022). 600 

15 Seibold, S. et al. Arthropod decline in grasslands and forests is associated with landscape-level 601 

drivers. Nature 574, 671-674, doi:10.1038/s41586-019-1684-3 (2019). 602 

16 Werenkraut, V. & Ruggiero, A. Quality of basic data and method to identify shape affect richness-603 

altitude relationships in meta-analysis. Ecology 92, 253-260, doi:10.1890/09-2405.1 (2011). 604 

17 McCain, C. M. & Garfinkel, C. F. Climate change and elevational range shifts in insects. Curr 605 

Opin Insect Sci 47, 111-118, doi:10.1016/j.cois.2021.06.003 (2021). 606 

18 Bruschini, C. et al. Micro-habitat shifts by butterflies foster conservation strategies to preserve 607 

pollinator diversity in a warming Mediterranean climate. Ecol. Indicators 166, 112253, 608 

doi:10.1016/j.ecolind.2024.112253 (2024). 609 

19 Beck, J., Altermatt, F., Hagmann, R. & Lang, S. Seasonality in the altitude–diversity pattern of 610 

Alpine moths. Basic Appl. Ecol. 11, 714-722, doi:10.1016/j.baae.2010.08.009 (2010). 611 

20 Maicher, V. et al. Seasonal shifts of biodiversity patterns and species’ elevation ranges of 612 

butterflies and moths along a complete rainforest elevational gradient on Mount Cameroon. J. 613 

Biogeogr. 47, 342-354, doi:10.1111/jbi.13740 (2019). 614 

21 Fleishman, E., Fay, J. P. & Murphy, D. D. Upsides and downsides: contrasting topographic 615 

gradients in species richness and associated scenarios for climate change. J. Biogeogr. 27, 1209-616 

1219, doi:10.1046/j.1365-2699.2000.00455.x (2001). 617 

22 McCain, C. M. Could temperature and water availability drive elevational species richness 618 

patterns? A global case study for bats. Global Ecol. Biogeogr. 16, 1-13, doi:10.1111/j.1466-619 

8238.2006.00263.x (2006). 620 

23 Boucher‐Lalonde, V., Morin, A. & Currie, D. J. Can the richness–climate relationship be 621 

explained by systematic variations in how individual species’ ranges relate to climate? Global 622 

Ecol. Biogeogr. 25, 527-539, doi:10.1111/geb.12433 (2016). 623 

24 Elsen, P. R., Monahan, W. B. & Merenlender, A. M. Topography and human pressure in mountain 624 

ranges alter expected species responses to climate change. Nat. Commun. 11, 1974, 625 

doi:10.1038/s41467-020-15881-x (2020). 626 

25 Uhler, J. et al. Relationship of insect biomass and richness with land use along a climate gradient. 627 

Nat. Commun. 12, 5946, doi:10.1038/s41467-021-26181-3 (2021). 628 

26 Tammaru, T. et al. Landscape-level determinants of butterfly species richness in northern Europe: 629 

A country-wide survey reveals the paramount importance of forest land. Biol. Conserv. 286, 630 

110294, doi:10.1016/j.biocon.2023.110294 (2023). 631 

27 Hodkinson, I. D. Terrestrial insects along elevation gradients: species and community responses 632 

to altitude. Biol. Rev. Camb. Philos. Soc. 80, 489-513, doi:10.1017/s1464793105006767 (2005). 633 

28 Najera-Cortazar, L., Ferreira, S., Mata, V., & Beja, P. Biodiversity Genomics Europe | High 634 

Mountain Systems - Arthropod sampling with Malaise traps. WorkflowHub, 635 

doi:https://doi.org/10.48546/workflowhub.sop.17.3 (2024). 636 

29 Gustafsson, O. J. R. et al. WorkflowHub: a registry for computational workflows. Sci Data 12, 637 

837, doi:10.1038/s41597-025-04786-3 (2025). 638 

30 Najera-Cortazar, L., Perez Delgado, A., & Emerson, B. . Biodiversity Genomics Europe | 639 

Invertebrate characterization from bulk arthropod samples. WorkflowHub, 640 

doi:https://doi.org/10.48546/workflowhub.sop.26.1 (2026). 641 

31 Iwaszkiewicz-Eggebrecht, E. et al. FAVIS: Fast and versatile protocol for non-destructive 642 

metabarcoding of bulk insect samples. PLoS ONE 18, e0286272, 643 

doi:10.1371/journal.pone.0286272 (2023). 644 

32 Elbrecht, V. & Leese, F. Validation and Development of COI Metabarcoding Primers for 645 

Freshwater Macroinvertebrate Bioassessment. Frontiers in Environmental Science 5, 646 

doi:10.3389/fenvs.2017.00011 (2017). 647 



 

 

18 

 

33 Anslan, S., Eisele, M. , Najera-Cortazar, L., Arjona, Y.,  & Verissomo, J., Biodiversity Genomics 648 

Europe consortium. bioscanflow: v1.1. Zenodo, doi:https://doi.org/10.5281/zenodo.18788870 649 

(2026). 650 

34 Martin, M. Cutadapt removes adapter sequences from high-throughput sequencing reads. 651 

EMBnet. journal 17, 10-12 (2011). 652 

35 Callahan, B. J. et al. DADA2: High-resolution sample inference from Illumina amplicon data. 653 

Nat. Methods 13, 581-583, doi:10.1038/nmeth.3869 (2016). 654 

36 Edgar, R. C. UNCROSS2: identification of cross-talk in 16S rRNA OTU tables. BioRxiv, 400762 655 

(2018). 656 

37 Anslan, S., Bahram, M., Hiiesalu, I. & Tedersoo, L. PipeCraft: Flexible open-source toolkit for 657 

bioinformatics analysis of custom high-throughput amplicon sequencing data. Mol. Ecol. Resour. 658 

17, e234-e240, doi:10.1111/1755-0998.12692 (2017). 659 

38 Edgar, R. SINTAX: a simple non-Bayesian taxonomy classifier for 16S and ITS sequences. 660 

bioRxiv, 074161 (2016). 661 

39 Rognes, T., Flouri, T., Nichols, B., Quince, C. & Mahe, F. VSEARCH: a versatile open source 662 

tool for metagenomics. PeerJ 4, e2584, doi:10.7717/peerj.2584 (2016). 663 

40 Porter, T. M. & Hajibabaei, M. Automated high throughput animal CO1 metabarcode 664 

classification. Sci. Rep. 8, 4226, doi:10.1038/s41598-018-22505-4 (2018). 665 

41 Andujar, C. et al. Validated removal of nuclear pseudogenes and sequencing artefacts from 666 

mitochondrial metabarcode data. Mol. Ecol. Resour. 21, 1772-1787, doi:10.1111/1755-667 

0998.13337 (2021). 668 

42 Furneaux, B. et al. OptimOTU: Taxonomically aware OTU clustering with optimized thresholds 669 

and a bioinformatics workflow for metabarcoding data. arXiv preprint arXiv:2502.10350 (2025). 670 

43 Roslin, T. et al. A molecular-based identification resource for the arthropods of Finland. Mol. 671 

Ecol. Resour. 22, 803-822, doi:10.1111/1755-0998.13510 (2022). 672 

44 Eddy, S. R. Accelerated Profile HMM Searches. PLoS Comp. Biol. 7, e1002195, 673 

doi:10.1371/journal.pcbi.1002195 (2011). 674 

45 Oksanen, J. et al. vegan: Community Ecology Package. R package version 2.6-10, 675 

https://CRAN.R-project.org/package=vegan.  (2025). 676 

46 R-Core-Team. R: A Language and Environment for Statistical Computing. R Foundation for 677 

Statistical Computing, Vienna, Austria. https://www.R-project.org.  (2025). 678 

47 Brun, P., Zimmermann, N. E., Hari, C., Pellissier, L. & Karger, D. N. Global climate-related 679 

predictors at kilometer resolution for the past and future. Earth Syst. Sci. Data 14, 5573-5603, 680 

doi:10.5194/essd-14-5573-2022 (2022). 681 

48 Brooks, M. E. et al. glmmTMB Balances Speed and Flexibility Among Packages for Zero-682 

inflated Generalized Linear Mixed Modeling. R J 9, 378-400, doi:Doi 10.32614/Rj-2017-066 683 

(2017). 684 

49 Wood, S. N. Generalized Additive Models. Annual Review of Statistics and Its Application 12, 685 

497-526, doi:10.1146/annurev-statistics-112723-034249 (2025). 686 

50 Ovaskainen, O. & Abrego, N. Joint species distribution modelling: With applications in R.  687 

(Cambridge University Press, 2020). 688 

51 Ovaskainen, O. et al. How to make more out of community data? A conceptual framework and its 689 

implementation as models and software. Ecol. Lett. 20, 561-576, 690 

doi:https://doi.org/10.1111/ele.12757 (2017). 691 

52 Rahman, A. U., Tikhonov, G., Oksanen, J., Rossi, T. & Ovaskainen, O. Accelerating joint species 692 

distribution modelling with Hmsc-HPC by GPU porting. PLoS Comput Biol 20, e1011914, 693 

doi:10.1371/journal.pcbi.1011914 (2024). 694 

53 Tikhonov, G. et al. Joint species distribution modelling with the r-package Hmsc. Methods Ecol. 695 

Evol. 11, 442-447, doi:https://doi.org/10.1111/2041-210X.13345 (2020). 696 

54 Gelman, A. & Rubin, D. B. Inference from iterative simulation using multiple sequences. 697 

Statistical science 7, 457-472 (1992). 698 



 

 

19 

 

55 Pagel, M. Inferring evolutionary processes from phylogenies. Zool. Scr. 26, 331-348, doi:DOI 699 

10.1111/j.1463-6409.1997.tb00423.x (1997). 700 

56 Paradis, E. & Schliep, K. ape 5.0: an environment for modern phylogenetics and evolutionary 701 

analyses in R. Bioinformatics 35, 526-528, doi:10.1093/bioinformatics/bty633 (2019). 702 

57 Zeileis, A. & Hothorn, T. Diagnostic checking in regression relationships.  (2002). 703 

58 Wickham, H.      189-201 (Springer, 2016). 704 

 705 

Acknowledgements 706 

This work was supported by Biodiversity Genomics Europe (Grant no.101059492) that is funded by 707 

Horizon Europe under the Biodiversity, Circular Economy and Environment call (REA.B.3); co-funded 708 

by the Swiss State Secretariat for Education, Research and Innovation (SERI) under contract number 709 

22.00173 and 24.00054; and by the UK Research and Innovation (UKRI) under the Department for 710 

Business, Energy and Industrial Strategy’s Horizon Europe Guarantee Scheme; and by the Research 711 

Council of Finland (Decision number 362828). Sequencing was performed by the SNP&SEQ Technology 712 

Platform in Uppsala. The facility is part of the National Genomics Infrastructure (NGI) Sweden and 713 

Science for Life Laboratory. The SNP&SEQ Platform is also supported by the Swedish Research Council 714 

and the Knut and Alice Wallenberg Foundation. The authors acknowledge CSC–IT Center for Science, 715 

Finland, for computational resources. SF was funded by the Fundação para a Ciência e a Tecnologia 716 

(FCT) through the programme “Stimulus of Scientific Employment, Individual Support -3rd Edition’ 717 

(https://doi.org/10.54499/2020.03526.CEECIND/CP1601/CP1649/CT0007). Samples from Norway were 718 

collected with the generous assistance from Steinar Bones, Heidi Tovmo (Storbekkøya museumsseter), 719 

Berit Broen (Norwegian Nature Inspectorate), Arne Tovmo, pupils and staff at Budal oppvekstsenter.  720 

 721 

Author information 722 

These authors contributed equally: Sten Anslan, Sonia Ferreira 723 

These authors jointly supervised this work: Brent Emerson, Pedro Beja, Otso Ovaskainen 724 

S.A led data analyses, supervised the bioinformatics pipeline, and wrote the first draft of the manuscript. 725 

S.F led the coordination of sampling and logistics, contributed to study design, planning, implementation, 726 

and acquired data. M.E contributed to the bioinformatics pipeline and generated feature tables. C.A.A-T 727 

contributed data analysis. L.D coordinated regional sampling and acquired data, contributed data analysis. 728 

L.A.N-C contributed to planning, coordination, sampling, logistics, and led the metadata curation. C.B 729 

coordinated regional sampling and acquired data. J.C coordinated regional sampling and acquired data. 730 

M.C coordinated regional sampling and acquired data. T.C coordinated regional sampling and acquired 731 

data. F.D coordinated regional sampling and acquired data. T.E contributed to study design, planning, 732 

coordinated regional sampling and acquired data. M.F-A coordinated regional sampling and acquired data.  733 

Y.A contributed to the bioinformatics pipeline. G.F coordinated regional sampling and acquired data.  B.F 734 

contributed to the bioinformatics pipeline. P.G contributed to conceptualization, planning, coordinated 735 

regional sampling and acquired data. M.G contributed to conceptualization, planning, coordinated regional 736 

sampling and acquired data. A.H coordinated regional sampling and acquired data. P.H contributed to 737 

conceptualization and planning. E.K coordinated regional sampling and acquired data. A.K coordinated 738 

regional sampling and acquired data. D.K coordinated regional sampling and acquired data. S.K 739 

coordinated regional sampling and acquired data. T.M contributed to conceptualization, planning, 740 

coordinated regional sampling and acquired data. V.A.M contributed to study design, implementation and 741 



 

 

20 

 

acquired data. M.M contributed to the bioinformatics pipeline. G.M acquired data and performed laboratory 742 

work. A.P-D led the laboratory work and DNA amplicon libraries generation. J.R coordinated regional 743 

sampling and acquired data. T.R contributed to conceptualization, planning, coordinated regional sampling 744 

and acquired data. A.Ri coordinated regional sampling and acquired data. A.Ro coordinated regional 745 

sampling and acquired data. E.S coordinated regional sampling and acquired data. T.Z-K coordinated 746 

regional sampling and acquired data. G.T contributed to conceptualization, planning, coordinated regional 747 

sampling and acquired data. A.T coordinated regional sampling and acquired data. B.E supervised the 748 

sequencing workflow and sequencing data analyses. P.B supervised the study design, planning, 749 

coordination and implementation. O2 supervised and contributed to statistical analyses. All authors 750 

contributed to revising the manuscript and approved the final version. 751 

 752 

Data availability 753 

The raw sequencing data were deposited in the European Nucleotide Archive (ENA) at EMBL-EBI under 754 

the accession number PRJEB108401. 755 

 756 



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

SupplementaryTable6.xlsx

SupplementaryTable3.xlsx

SupplementaryTable7.xlsx

SupplementaryFigure4.pdf

SupplementaryFigure1.pdf

SupplementaryTable1.xlsx

SupplementaryTable4.xlsx

SupplementaryTable5.xlsx

SupplementaryFigure2.pdf

SupplementaryTable8.xlsx

SupplementaryFigure3.pdf

SupplementaryTable2.xlsx

https://assets-eu.researchsquare.com/files/rs-10814386/v1/3fb07f215836569fb0278f01.xlsx
https://assets-eu.researchsquare.com/files/rs-10814386/v1/40deee6aed72546da2f1f246.xlsx
https://assets-eu.researchsquare.com/files/rs-10814386/v1/fbf17a2676d3ac240f01eac5.xlsx
https://assets-eu.researchsquare.com/files/rs-10814386/v1/7e23b44120a4c8e0cd219c4f.pdf
https://assets-eu.researchsquare.com/files/rs-10814386/v1/721584b72cd68ecab63f2722.pdf
https://assets-eu.researchsquare.com/files/rs-10814386/v1/d53592573d10dadf4478130b.xlsx
https://assets-eu.researchsquare.com/files/rs-10814386/v1/cdc5d3bed3bec46561f0fac9.xlsx
https://assets-eu.researchsquare.com/files/rs-10814386/v1/60864546041aa6a6422d560c.xlsx
https://assets-eu.researchsquare.com/files/rs-10814386/v1/92b6dd77ea84bfa9aeed0633.pdf
https://assets-eu.researchsquare.com/files/rs-10814386/v1/d73b5717299b91ea26613d5b.xlsx
https://assets-eu.researchsquare.com/files/rs-10814386/v1/dac0fb57096cfee2b87d1bf8.pdf
https://assets-eu.researchsquare.com/files/rs-10814386/v1/ffdcd00655d2b9b303e1516a.xlsx


  S A M = max ⁡  ( 0 ,  min ⁡   (   S   A  O T U − a v g S   A  o f f   avgSA pass − a v g S   A  o f f   ,   1 ) )


    𝜌    C 1 ,   C 2


    𝜌    C 1 ,   C 2


    𝜌    C 1 ,   C 2

