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National mapping of hyperdiverse insect 1 

communities beyond named species 2 

Abstract 3 

How biodiversity is distributed across landscapes is a fundamental question in ecology, yet 4 

spatial information remains sparse for many hyperdiverse groups. Here we combine 5 

standardized DNA metabarcoding from 196 Malaise traps with order-specific joint species 6 

distribution models to predict the distributions of 11,694 insect taxa across Sweden. Predicted 7 

richness showed a pronounced south-to-north decline, but this aggregate pattern concealed 8 

substantial differences among insect orders and individual taxa. More than half of the modelled 9 

assemblage comprised dark taxa, molecular clusters lacking species-level assignments. These 10 

taxa contributed 51.9% of mapped richness and closely reproduced the broad national richness 11 

geography of named species, despite being detected at somewhat fewer traps. At the 12 

individual-taxon level, however, dark taxa had modestly smaller predicted spatial distributions 13 

overall, with considerable variation among orders. Order-specific richness maps further showed 14 

that the overall insect richness pattern was not representative of all groups, with different 15 

orders showing distinct spatial concentrations across Sweden. By retaining taxon-level 16 

predictions across both named species and dark taxa, our framework provides a scalable route 17 

to mapping hyperdiverse assemblages at national scale, even when much of the assemblage 18 

remains taxonomically unresolved. 19 
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Introduction 20 

Biodiversity is distributed unevenly in space, producing hotspots and coldspots that often differ 21 

among taxonomic groups and reflect interacting environmental, biological and anthropogenic 22 

processes1–7. Yet spatially explicit knowledge of these patterns remains profoundly uneven 23 

across taxa, regions and scales8–10. At the same time, governments and international 24 

organizations increasingly require accurate and reproducible spatial biodiversity information11–25 

15, both to establish robust baselines16–18 and to evaluate progress toward conservation 26 

targets19–21. For instance, maps showing where individual species occur, how communities are 27 

distributed, or where species richness is highest can guide biodiversity surveys, conservation 28 

and restoration priorities, and efforts to maintain habitat connectivity22–25. They also support 29 

environmental assessments, national reporting, and biodiversity-inclusive land-use planning26,27. 30 

For most species groups, however, such information remains coarse, geographically limited or 31 

restricted to aggregate diversity measures28,29. 32 

Biodiversity can be sampled at specific places and times, but resource, personnel and time 33 

constraints make it impossible to survey entire landscapes continuously27. Species distribution 34 

models (SDMs) help overcome this limitation by linking species observations to environmental 35 

conditions and using these relationships to predict where species are likely to occur across the 36 

wider landscape30,31. The quality of these predictions, however, depends on the observations 37 

used to build the models. Opportunistic databases provide vast numbers of occurrence records 38 

but are affected by uneven sampling effort, inconsistent methods, accessibility bias, and 39 

taxonomic and geographic gaps32–34. Standardized biodiversity inventories can reduce many of 40 

these problems by surveying the same target groups using consistent methods across multiple 41 
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sites. Yet conventional inventories are labor-intensive, depend on specialist taxonomic 42 

expertise, and are difficult to scale across large areas. Biodiversity mapping therefore faces a 43 

persistent trade-off between taxonomic breadth, sampling consistency and spatial coverage35. 44 

These constraints are especially severe for hyperdiverse taxa36,37. Such groups contain very large 45 

numbers of species, many of them rare, cryptic or poorly known, making comprehensive 46 

surveys difficult with conventional approaches36,38. Insects are a prime example. They comprise 47 

a major fraction of terrestrial animal diversity and support key ecological functions and services, 48 

including pollination, decomposition, nutrient cycling, pest regulation and food-web 49 

dynamics39–42, yet they remain underrepresented in national and international biodiversity 50 

assessments43,44. Many insect species also respond to local variation in vegetation structure, 51 

moisture, microclimate, land use and habitat configuration45–47. Consequently, insect 52 

biodiversity remains poorly represented spatially, limiting efforts to identify areas warranting 53 

closer attention, as well as targeted field surveys10,39. 54 

Recent advances in biodiversity monitoring, earth observation and computational capabilities 55 

are fundamentally changing what is possible48–52. DNA metabarcoding of bulk samples can 56 

identify thousands of taxa at once from standardized collections, greatly expanding the 57 

taxonomic breadth and throughput of biodiversity inventories53–55. Metabarcoding also recovers 58 

large numbers of distinct DNA sequence clusters that cannot be assigned to named species. 59 

Following established usage, we refer to such molecular clusters lacking species-level 60 

assignments as dark taxa56–58, while recognizing that individual clusters need not correspond 61 

one-to-one with biological species. Standardized and clearly documented workflows can further 62 

enable geographically distributed sampling by volunteers and citizen scientists59. Meanwhile, 63 
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satellite observations, airborne LiDAR and digital environmental layers increasingly provide wall-64 

to-wall information on climate, land use, vegetation structure, productivity and habitat 65 

heterogeneity at fine spatial resolution60–63. Growing computational capacities now allow these 66 

high-dimensional biological and environmental data streams to be analyzed together64,65. 67 

Together, these developments create an opportunity to move beyond maps of a few well-68 

recorded taxa and instead capture entire species communities continuously across 69 

landscapes27,66. 70 

Joint species distribution models (jSDMs) provide the analytical framework needed to realize 71 

this opportunity67,68. Conventional species distribution models typically related each species’ 72 

occurrence to environmental conditions separately, an approach that becomes increasingly 73 

cumbersome when applied consistently across assemblages containing thousands of taxa66,67. 74 

jSDMs instead model many taxa simultaneously and can account for residual associations 75 

among their occurrences after measured environmental and spatial variation has been 76 

considered67–69. This multivariate structure is well matched to DNA-based inventories, which 77 

provide observations of whole assemblages at each sampled site69. Importantly, jSDMs retain 78 

predictions for individual taxa, allowing community-level properties to be derived from the 79 

same underlying distributions. Species richness can therefore be reconstructed from taxon-80 

specific predictions rather than modelled directly as an aggregate response, preserving the link 81 

between broad biodiversity patterns and the taxon-level composition from which they arise. To 82 

date, however, jSDMs have generally been applied to communities containing tens to hundreds 83 

of taxa, reflecting both computational constraints and limits in the taxonomic breadth of 84 
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available biodiversity data. Their potential for mapping hyperdiverse assemblages containing 85 

thousands of taxa across large areas therefore remains largely unexplored. 86 

Here, we combine standardized metabarcoding inventories from Malaise-trap samples collected 87 

by the Swedish Insect Biome Atlas53 with high-resolution environmental data and joint species 88 

distribution modelling to map insect diversity across Sweden. Using environmental predictors at 89 

10-m spatial resolution, we generate taxon-level distribution predictions for more than 11,000 90 

taxa across 12 taxonomic orders and derive richness and community-composition patterns from 91 

local landscapes to the national scale. We quantify how dark taxa contribute to these maps and 92 

test how aggregate richness patterns vary among insect orders and individual taxa. The resulting 93 

maps reveal a strong national diversity gradient, alongside clear differences in richness patterns 94 

among taxonomic orders and contrasting distributions among individual insect taxa. Dark taxa 95 

account for more than half of the mapped assemblage and contribute substantially to overall 96 

richness while generally displaying diversity patterns similar to those of named species. Our 97 

study demonstrates a scalable route from standardized metabarcoding-derived biodiversity 98 

inventories to national mapping of hyperdiverse assemblages even where taxonomic knowledge 99 

is incomplete, with potential application to other species-rich, poorly known groups. 100 

Results   101 

National mapping reveals pronounced insect-diversity gradients 102 

For each of 12 insect orders with sufficient data, we evaluated 500 hyperparameter 103 

configurations using 5-fold cross-validation (CV). We first retained configurations whose mean 104 

test area under the receiver operating characteristic curve (AUC) fell within one standard error 105 
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of the best-performing configuration and then selected five models from this candidate set. 106 

Predictions from these five selected models were combined to map the distributions of 11,694 107 

insect taxa across Sweden, including both named species and dark taxa. For each taxon, 108 

occurrence probabilities were converted to presence-absence predictions using taxon-specific 109 

F1 thresholds and summed to derive predicted insect richness. Predicted richness showed a 110 

pronounced national spatial gradient, ranging from 374 to 4,844 taxa per approximately 2-km 111 

mapping cell (Figure 1a). Richness was generally highest in southern Sweden and declined 112 

towards northern latitudes and higher elevations, with the lowest values occurring in the 113 

western mountains. The upper 5% of mapped richness values contained at least 3,263 predicted 114 

taxa per cell, whereas the lower 5% contained no more than 779. 115 
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 116 

Figure 1: A national map of insect diversity across Sweden. a) Predicted total insect richness across Sweden based on joint 117 

species distribution models fitted separately for 12 insect orders. National predictions were generated for 2 million randomly 118 

sampled 10-m cells and averaged within approximately 2-km grid cells for visualization at the national scale. Open circles show 119 

sampling sites, and the box marks the landscape shown in c. b) Taxonomic scope of the mapped insect diversity across orders, 120 

showing the number of mapped insect taxa and the contributions of named species versus unnamed DNA sequence clusters, i.e., 121 

dark taxa. c) Predicted insect richness within an example landscape at the original 10-m prediction grain. Circle size and fill show 122 

observed richness at Malaise traps. 123 

The broad national diversity gradient was accompanied by pronounced variation at local scales. 124 

Within the multi-trap landscape shown in Figure 1c, predicted richness varied markedly over 125 

short distances, revealing fine-scale spatial structure that was not apparent from the national-126 
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scale map. This local variation was also reflected more generally in the correspondence 127 

between observed and predicted richness across sampling sites. 128 

Across the 196 sampled traps, predicted richness closely tracked observed variation in richness 129 

across all 12 insect orders (Extended Data Figure 1). Spearman correlations between observed 130 

richness and the mean prediction across the five selected models ranged from 0.711 to 0.927 131 

and exceeded 0.80 for nine of the 12 orders. Because these models were fitted using the full 132 

dataset, this comparison is most informative about relative spatial ranking at the sampled sites 133 

rather than independent predictive performance. 134 

At the taxon level, site-grouped CV indicated generally high discrimination across all 12 orders, 135 

including insects detected at relatively few traps (Extended Data Figure 2a,c). Across all 11,694 136 

taxa, median cross-validated AUC, averaged across the five selected models, was 0.770 137 

(interquartile range, 0.689-0.838). A total of 71.8% of insect taxa exceeded an AUC of 0.7 and 138 

39.4% exceeded 0.8. Discrimination remained similar among taxa detected at no more than 25 139 

traps and those detected at more than 100 traps, with median AUC values of 0.770 and 0.743, 140 

respectively. 141 
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 142 

Figure 2: Dark taxa make a substantial contribution to mapped insect diversity. a) Spatial variation in the contribution of dark 143 

taxa to mapped insect richness across Sweden, expressed as the percentage of mapped richness represented by dark taxa. b) 144 

Variation among insect orders in the share of modelled taxa represented by dark taxa and their contribution to mapped richness. 145 

Squares show the proportion of modelled taxa that were dark taxa and circles show the proportion of mapped richness 146 

contributed by dark taxa; lines connect the two estimates within each order. c) Order-specific differences in spatial footprint 147 

between dark taxa and named species, quantified as the area required to contain 90% of predicted probability mass. Points 148 

show estimated percentage differences between dark taxa and named species and horizontal lines show 95% confidence 149 

intervals; negative values indicate smaller spatial footprints for dark taxa. Open symbols indicate orders represented by fewer 150 

than ten named species or dark taxa. Across all 12 orders, 11,694 taxa were mapped, comprising 5,160 named species and 6,534 151 

dark taxa. 152 
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Dark taxa substantially increase mapped richness but show similar national geography 153 

Dark taxa comprised 6,534 (55.9%) of the 11,694 modelled taxa, compared with 5,160 named 154 

species (Figure 1b). Their representation differed markedly among insect orders, ranging from 155 

15.8% of modelled taxa in Plecoptera and 19.2% in Coleoptera to 67.7% in Hymenoptera and 156 

83.8% in Orthoptera (Figure 2b). Their contribution to mapped richness broadly followed these 157 

differences, although the two proportions were not identical among orders. Across Sweden, 158 

dark taxa contributed 51.9% of mapped insect richness, more than doubling mapped richness 159 

relative to named species alone. Most mapping cells were close to parity between named 160 

species and dark taxa, but values above 50% were concentrated across eastern parts of central 161 

and northern Sweden, whereas dark taxa generally contributed less than half of mapped 162 

richness in the western mountains (Figure 2a). 163 

Dark taxa were detected at somewhat fewer traps than named species, with median detection 164 

frequencies of 24 and 30 traps, respectively (Extended Data Figure 2d). Despite this shift 165 

towards lower detection frequencies, discriminatory performance was almost identical overall, 166 

with median cross-validated AUC values of 0.772 for dark taxa and 0.768 for named species. 167 

Within orders, differences were generally modest and changed direction among groups, with 168 

neither named species nor dark taxa showing consistently higher discrimination (Extended Data 169 

Figure 2b). Thus, the lower detection frequency of dark taxa did not translate into systematically 170 

poorer model discrimination.  171 

At the national scale, named species and dark taxa showed closely corresponding richness 172 

distributions, and reproduced the same dominant south-to-north richness gradient (Extended 173 

Data Figure 3a,b). When cells were ranked independently by richness within each component, 174 
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their percentile ranks were strongly correlated across the mapped cells (Spearman’s ρ = 0.976; 175 

Extended Data Figure 3c). Thus, adding dark taxa changed absolute mapped richness far more 176 

than it changed the relative spatial ranking of places.  177 

This agreement at the national level, however, masked differences in the distributions of 178 

individual taxa. Among the taxa with cross-validated AUC values of at least 0.7, dark taxa had 179 

modestly smaller predicted spatial footprints than named species. We quantified spatial 180 

footprint as the area containing 90% of a taxon’s predicted probability mass. In mixed models 181 

accounting for differences among insect orders, this area was 6.2% smaller for dark taxa (95% 182 

confidence interval, 4.4-8.0%; Figure 2c). The overall difference remained negative under 183 

progressively stricter model performance filters (AUC ≥ 0.70, 0.75 and 0.80; Extended Data 184 

Figure 4), but varied among insect orders. Among well-represented orders, dark taxa had 185 

smaller spatial footprints in Diptera and Hymenoptera, whereas the relationship was reversed in 186 

Lepidoptera. Estimates for several smaller orders were much less precise because one of the 187 

two groups contained few taxa. Thus, strong concordance in overall richness patterns masked 188 

modest but taxonomically heterogeneous differences in the spatial extent and distribution of 189 

individual taxa. 190 

Order-specific maps reveal shared and contrasting richness patterns 191 

Order-specific richness maps revealed a broadly shared national diversity gradient while also 192 

exposing marked differences among individual insect groups (Figure 3a). Spatial correlation with 193 

overall insect richness was strongest for Diptera, Hymenoptera, Lepidoptera, Hemiptera and 194 

Coleoptera (Spearman’s ρ = 0.911-0.953). In contrast, Trichoptera richness was effectively 195 

unrelated to the aggregate pattern (ρ = -0.007), whereas Plecoptera showed a strongly opposing 196 
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distribution (ρ = -0.764), with relatively high richness in northern and western Sweden. 197 

Accordingly, overlap among order-specific hotspots was limited. Using the upper 10% of 198 

richness values to define order-specific hotspots, only 10.1% of the mapped area was a hotspot 199 

for at least five orders, 4.1% for at least eight orders and 0.17% (744 km²) for at least ten of the 200 

12 orders (Figure 3b). Diversity hotspots based on all insect taxa contained 80.7-83.0% of the 201 

order-specific hotspots for Diptera, Hemiptera and Hymenoptera, but only 26.3% of Trichoptera 202 

hotspots, 7.9% of Neuroptera hotspots and none of the Plecoptera hotspots (Figure 3c). The 203 

overall insect diversity map therefore captured the dominant multi-order pattern but did not 204 

encompass many high-richness areas for several other insect orders. These differences reflected 205 

contrasting geographical distributions among their constituent taxa, ranging from broad 206 

northern and southern patterns to geographically restricted distributions. 207 
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 208 

Figure 3: Order-specific richness patterns and hotspot overlap across Sweden. a) Predicted richness patterns for 12 insect orders, 209 

expressed as within-order richness percentiles to allow comparison among orders differing strongly in the number of modelled 210 

taxa. The number of modelled taxa is shown for each order. b) Cross-order hotspot consensus, showing the number of orders for 211 

which each approximately 2-km grid cell fell within the upper 10% of predicted richness values for that order. c) Overlap between 212 

order-specific richness hotspots and hotspots based on overall insect richness. Values show the percentage of hotspot cells for 213 

each order that were also classified as richness hotspots for all insect taxa combined. Hotspots were defined separately for each 214 

order, and for all insects, as cells at or above the corresponding 90th percentile. 215 
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Contrasting species distributions underpin national richness patterns 216 

The national richness surface emerged from the combined predictions of thousands of 217 

individual taxa, whose distributions differed markedly in geographical position and spatial 218 

extent (Figure 4). Using probability-weighted area as a threshold-free measure of spatial extent, 219 

the two trichopterans illustrated contrasting northern distributions (Figure 4a,b). Limnephilus 220 

coenosus was predicted broadly across northern and western Sweden, with a probability-221 

weighted centroid at 65.3° N and a probability-weighted area of 109,572 km², whereas 222 

Oxyethira mirabilis had a similarly northern centroid (65.1° N) but a substantially smaller 223 

probability-weighted area of 41,376 km². The two southern examples showed an analogous 224 

contrast (Figure 4c,d). Cacopsylla melanoneura was predicted widely across southern Sweden 225 

(centroid, 58.1° N; probability-weighted area, 91,293 km²), while Hyperlasion wasmanni was 226 

concentrated farther south and over a more restricted area (centroid, 57.5° N; probability-227 

weighted area, 28,927 km²). All four taxa showed high discrimination, with mean cross-validated 228 

AUC values across the five selected models ranging from 0.943 to 0.974. 229 
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 230 

Figure 4: Contrasting taxon-level distributions connect national and landscape-scale patterns of insect diversity. a-d) Predicted 231 

occurrence probability at the national scale (upper row) and within selected multi-trap landscapes at 10-m resolution (lower 232 

row) for Limnephilus coenosus (a), Oxyethira mirabilis (b), Cacopsylla melanoneura (c) and Hyperlasion wasmanni (d). 233 

Predictions show the mean occurrence probability across the five selected joint species distribution models for each order. Taxa 234 

were selected to represent contrasting northern, southern, broad and spatially restricted distribution patterns while retaining 235 

informative local variation. White circles on the national maps indicate sampling locations at which the taxon was detected, and 236 

orange squares locate the corresponding landscape panels. In the local panels, circles indicate detections and crosses indicate 237 

non-detections at Malaise traps. AUC values are mean site-grouped cross-validated AUC values across the five selected models. 238 

All panels use a common probability scale; the color scale is square-root transformed for visualization, while legend labels report 239 

untransformed occurrence probabilities. 240 
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The national differences were accompanied by fine-scale variation within the selected multi-241 

trap landscapes. Mean predicted occurrence probabilities across the five selected models were 242 

higher at traps where each species was detected than at traps where it was not detected, with 243 

differences of 0.13-0.41 across the four species. The selected landscapes contained three to five 244 

detections among six neighboring traps. Together, these examples show how contrasting taxon 245 

distributions underpin national richness patterns while retaining fine-scale structure hidden by 246 

aggregate richness. 247 

Discussion 248 

By combining standardized DNA-based sampling with joint species distribution modelling, we 249 

translated observations from a geographically sparse national sampling network into national-250 

scale distribution predictions for more than 11,000 insect taxa. The resulting maps revealed a 251 

dominant national richness gradient while retaining substantial variation among insect orders 252 

and individual taxa. More than half of the modelled assemblage consisted of dark taxa, which 253 

substantially increased mapped richness while closely matching the broad national richness 254 

patterns of named species. More generally, our study shows how standardized molecular 255 

monitoring and scalable community modelling can extend spatial biodiversity assessment to 256 

hyperdiverse groups for which both distributional and taxonomic knowledge remain 257 

incomplete.  258 

These challenges correspond to two long-recognized shortfalls in biodiversity knowledge: the 259 

Wallacean shortfall in knowledge of species distributions and the Linnean shortfall in taxonomic 260 

knowledge29. Large-scale Malaise-trap metabarcoding surveys have shown that thousands of 261 
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named species and taxonomically unresolved molecular units can be sampled systematically 262 

across national networks53,70, while DNA-based community data combined with joint species 263 

distribution models have enabled fine-grained predictions of individual arthropod distributions 264 

at landscape scales71. More recently, the Swedish Insect Biome Atlas has supported spatially 265 

continuous, seasonal predictions of aggregate arthropod richness across Sweden72. Our 266 

approach connects these developments by scaling taxon-level distribution modelling to a 267 

hyperdiverse assemblage across an entire country and deriving aggregate richness from the 268 

underlying predictions. Importantly, progress in spatial mapping does not require the Linnean 269 

shortfall to be resolved first, taxonomically unresolved molecular clusters can remain 270 

represented in the analysis rather than being discarded. Retaining individual predictions also 271 

preserves information about the distributions that generate aggregate richness and enables 272 

subsequent analyses of particular taxonomic or ecological subsets. 273 

The dominant national richness pattern was consistent with established latitudinal and climatic 274 

gradients reported for insect assemblages at continental and global scales46,73,74. Higher richness 275 

in southern Sweden is consistent with the region’s warmer climate, greater productivity, longer 276 

growing season and greater habitat heterogeneity75. Yet the national gradient contained 277 

substantial fine-scale structure. Within the illustrated multi-trap sites, predicted richness and 278 

occurrence probabilities varied over short distances across heterogeneous environments (Figure 279 

1c, Figure 4). This coexistence of broad geographical gradients and fine-scale variation is 280 

consistent with regional climate constraining the available species pool while local land cover 281 

and vegetation structure influence how taxa are distributed within landscapes46,76,77.  282 
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Aggregate richness nevertheless obscured important differences among its constituent groups. 283 

Taxon-rich orders such as Diptera and Hymenoptera contributed strongly to the national 284 

pattern, whereas several less diverse orders followed markedly different geographies. 285 

Plecoptera showed a distribution strongly opposed to overall richness, and Trichoptera was 286 

largely unrelated to the aggregate pattern. Such contrasts are ecologically plausible because 287 

insect orders differ in climatic affinities, habitat requirements and dependence on aquatic or 288 

terrestrial environments74,78,79. Patterns for the smallest orders should be interpreted cautiously 289 

because their richness surfaces are necessarily more sensitive to the distributions of relatively 290 

few constituent taxa. Similar richness values can arise from assemblages composed of 291 

widespread, geographically restricted, northern or southern taxa. Richness maps are therefore 292 

most informative when interpreted alongside the taxon-level predictions from which they are 293 

derived79–81. These underlying distributions can support spatial screening for particular groups, 294 

including taxa of conservation concern, and help target locations where more detailed field 295 

assessment is warranted rather than substituting for such assessments. 296 

The contribution of dark taxa further illustrates the value of retaining molecular diversity that 297 

lacks formal species names. Dark taxa constituted 55.9% of the modelled assemblage and 298 

contributed 51.9% of mapped richness, yet their national richness rankings were highly 299 

concordant with those of named species. Taxonomic incompleteness therefore did not translate 300 

into spatial invisibility: adding dark taxa changed the magnitude of mapped richness much more 301 

strongly than it changed its broad national geography. Dark taxa were also detected at 302 

somewhat fewer traps but showed similar cross-validated discrimination to named species, 303 

indicating that their unresolved taxonomic status did not itself prevent useful spatial modelling. 304 
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This does not imply that individual molecular clusters correspond one-to-one with undescribed 305 

biological species. Barcode clustering can partition intraspecific genetic variation among 306 

multiple molecular units, and incomplete reference libraries can leave otherwise known taxa 307 

unnamed53,82–85. Nevertheless, under standardized sequence processing, these clusters 308 

represent reproducible components of the sampled assemblage53,83, and discarding them would 309 

remove a substantial component of the sampled assemblage and its spatial signal. 310 

Similarity in aggregate richness geography did not, however, make named species and dark taxa 311 

spatially interchangeable. Dark taxa had modestly smaller spatial footprints overall, and this 312 

difference persisted as analyses were restricted to taxa with increasingly strong cross-validated 313 

discrimination. The direction and magnitude of the difference also varied among orders: dark 314 

taxa had smaller footprints in the species-rich Diptera and Hymenoptera, whereas the 315 

relationship was reversed in Lepidoptera. Such differences could reflect genuine geographic 316 

restriction, but several other processes could produce similar patterns, including variation in 317 

abundance, detectability, phenology or molecular recovery, and the partitioning of 318 

geographically structured intraspecific variation among multiple molecular clusters84,86–89. The 319 

present analysis cannot distinguish among these mechanisms, and the particularly uncertain 320 

estimates for orders represented by few named species or dark taxa should not be over-321 

interpreted. The result nevertheless demonstrates that strong correspondence in aggregate 322 

richness can coexist with differences in the spatial distributions of the taxa that generate it.  323 

The maps should be interpreted in light of the sampling design and observation process. 324 

National predictions were derived from 196 Malaise traps and therefore depend on how well 325 

this network represented Sweden's environmental and geographical variation90,91. Seasonal 326 
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activity, local abundance and imperfect detection influence whether a taxon is recorded, yet 327 

detection probability was not modelled explicitly86,92 . The predictions should therefore be 328 

interpreted as distributions of taxa detectable under the Malaise-trap sampling protocol rather 329 

than as complete inventories of local insect assemblages. Likewise, the 10-m prediction grain 330 

reflects the spatial grain of the environmental predictors and model outputs, not independent 331 

validation of distributions at 10-m resolution. Site-grouped cross-validation indicated generally 332 

good discrimination, but AUC evaluates discrimination rather than calibration93. Uncertainty in 333 

taxon-level predictions, and in the thresholds used to convert them to presence-absence 334 

predictions, consequently propagates into mapped richness. Environmental extrapolation was 335 

generally limited (Extended Data Figure 5) but greater in parts of northern and northwestern 336 

Sweden, where predictions warrant additional caution91,94. Taxonomic uncertainty adds another 337 

layer because sequence clustering and incomplete reference libraries affect both the number 338 

and identity of modelled taxa53,82. Mapped values should consequently be viewed as model-339 

based estimates of spatial biodiversity patterns rather than exact local species counts or 340 

confirmed occurrences at individual cells.  341 

The framework is not specific to insects. Soil metabarcoding surveys already characterize 342 

exceptionally diverse fungal, microbial and soil-faunal communities at national to continental 343 

scales95,96, and national-scale sampling has been used to map aggregate fungal diversity from 344 

more than 100,000 molecular units97. Water and airborne eDNA similarly provide broad 345 

multispecies observations of aquatic and terrestrial communities98,99, while metabarcoding 346 

combined with satellite environmental data has enabled global prediction of plankton 347 

community types100. These systems differ substantially in sampling substrate and observation 348 
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process, but the general principle is transferable. Standardized molecular observations can be 349 

linked to remotely sensed, climatic and other predictors to infer spatial patterns beyond 350 

sampled locations. Where DNA is transported substantially before detection, as in water or air, 351 

spatial models will additionally need to represent source areas and transport processes rather 352 

than treating detections as strictly local observations35,101. 353 

Taken together, our results show that national biodiversity mapping need not be restricted to 354 

well-known taxa or to aggregate diversity metrics. Preserving taxon-level predictions allows 355 

broad richness patterns to remain connected to the individual distributions that generate them, 356 

while retaining dark taxa substantially expands the represented assemblage without requiring 357 

complete taxonomic resolution. Coupling standardized molecular monitoring with scalable 358 

spatial modelling could therefore provide a route towards country-scale mapping and 359 

assessment for hyperdiverse and poorly known groups. Such maps can complement repeated 360 

field inventories by identifying broad patterns, highlighting taxonomic or geographical 361 

departures from them and directing more detailed surveys and assessments. In this role, they 362 

could contribute spatial evidence to national biodiversity monitoring and reporting, including 363 

efforts associated with the Kunming-Montreal Global Biodiversity Framework. 364 

Methods 365 

Insect sampling and taxonomic processing 366 

We used DNA metabarcoding data from insect communities sampled by the Insect Biome Atlas 367 

(IBA) project for Sweden53. Insects were collected throughout 2019 using 203 Malaise traps 368 

distributed across 100 sites representing common Swedish habitats, including forests, wetlands, 369 
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croplands, grasslands, alpine environments and urban areas. Traps were sampled at 370 

approximately biweekly intervals. The sampling design, laboratory processing, sequencing and 371 

initial bioinformatic workflow are described in detail by Miraldo et al.53,102. Seven traps 372 

contained missing values for one or more environmental predictors and were therefore 373 

excluded. The final modelling dataset comprised 196 traps from 98 sites. 374 

We used the operational taxonomic units (OTUs) and associated taxonomic annotations 375 

provided by the IBA dataset53. Multiple OTUs assigned to the same named species were 376 

combined so that each named species was represented once in the modelling data. OTUs 377 

lacking a species-level assignment were instead retained as separate molecular units using their 378 

cluster identifiers. Following the terminology introduced in the main text, we refer to these 379 

unresolved molecular clusters as dark taxa. This procedure avoided treating multiple molecular 380 

clusters assigned to the same named species as separate taxa while retaining taxonomically 381 

unresolved molecular diversity rather than discarding it. Dark taxa were not assumed to 382 

correspond one-to-one with biological species. 383 

For named species represented by multiple OTUs, read counts were summed across those 384 

OTUs. Reads were then summed across sampling intervals within each trap and modelling unit. 385 

Each taxon was subsequently represented as present when it had been detected in at least one 386 

sample from a trap and absent otherwise, producing a trap-by-taxon presence-absence matrix 387 

for the annual sampling period. Following current taxonomic convention, OTUs previously 388 

assigned to Psocoptera or Phthiraptera were grouped within Psocodea. 389 
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To ensure sufficient information for fitting and cross-validation, we retained taxa recorded in at 390 

least 10 of the 196 traps and absent from at least 10 traps. This ensured that each response 391 

class was represented at a minimum of approximately 5% of traps and reduced the occurrence 392 

of cross-validation folds containing only presences or only absences. We retained only insect 393 

orders containing at least five eligible taxa. The final analysis comprised 11,694 taxa from 12 394 

orders: Coleoptera, Dermaptera, Diptera, Hemiptera, Hymenoptera, Lepidoptera, Neuroptera, 395 

Orthoptera, Plecoptera, Psocodea, Thysanoptera and Trichoptera. Of these taxa, 5,160 were 396 

named species and 6,534 were dark taxa. 397 

Environmental predictors 398 

We selected 20 environmental predictors representing broad-scale climate together with fine-399 

scale vegetation structure, productivity, moisture conditions, habitat configuration and 400 

anthropogenic influence. Predictors were selected to capture environmental gradients expected 401 

to structure insect distributions while being available consistently across Sweden.  402 

Climate was represented using nine variables from CHELSA version 2.162: mean annual 403 

temperature (BIO1), mean diurnal temperature range (BIO2), minimum temperature of the 404 

coldest month (BIO6), mean temperature of the warmest quarter (BIO10), mean temperature of 405 

the coldest quarter (BIO11), annual precipitation (BIO12), precipitation seasonality (BIO15), 406 

precipitation of the warmest quarter (BIO18) and precipitation of the coldest quarter (BIO19). 407 

We obtained three Sweden-specific predictors from the Swedish Forest Agency and associated 408 

national geodata services: tree height derived from airborne LiDAR and aerial imagery (Trädhöjd 409 
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3.1; decimeters)103, soil-moisture (Markfuktighet SLU 2.0; 0-100)104, and peat depth (Torvkarta 410 

1.0, decimeters)105. These layers were available at 10-m spatial resolution. 411 

Distance to the nearest road was derived from Sweden's National Road Database (NVDB)106. 412 

Roads were classified using the functional road class (funktionell vägklass), which ranges from 0 413 

for the most important roads in the national network to 9 for the least important. We retained 414 

classes 0-6 and excluded classes 7-9 to focus on higher-importance roads. Retained road 415 

features were rasterized to a 10-m grid and Euclidean distance to the nearest road cell was 416 

calculated in meters.  417 

We used the CLCplus Backbone 2018 land-cover dataset (10-m resolution)107 to derive distance 418 

to surface water and signed distance to forest edge. Water cells were converted to a binary 419 

water/non-water raster and Euclidean distance to the nearest water cell was calculated. The 420 

three tree-cover classes (needle-leaved, broadleaved deciduous and broadleaved evergreen) 421 

were combined into a binary forest mask. Forest-edge cells were identified using a 3 × 3-cell 422 

moving window, and Euclidean distance to the nearest edge was calculated. Distances were 423 

assigned negative values within forest and positive values outside forest, thereby retaining both 424 

distance from the nearest forest boundary and whether a cell occurred inside or outside forest.  425 

To characterize surrounding canopy cover and urbanization, we used the Copernicus Land 426 

Monitoring Service 10-m Tree Cover Density layer for 2019 and Imperviousness Density layer for 427 

2018108,109. For each variable, we calculated the mean within a 21 × 21-cell moving window, 428 

corresponding to a 210 × 210-m neighborhood centered on each 10-m cell. The resulting 429 

predictors represent local average tree-cover density and impervious surface cover, respectively. 430 
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Distance to small woody features was derived from the 2018 Copernicus Small Woody Features 431 

product110, which maps linear woody structures such as hedgerows and discrete woody patches 432 

at 5-m resolution. We calculated Euclidean distance to the nearest mapped woody feature and 433 

aggregated the resulting distance surface to 10-m resolution by averaging. We additionally used 434 

the Copernicus 2019 vegetation phenology and productivity products for total vegetation 435 

productivity111 and vegetation-season length112.  436 

All spatial predictors were transformed to SWEREF 99 TM (EPSG:3006) and aligned to a common 437 

10-m prediction grid. Continuous predictors with coarser native resolution were resampled 438 

using bilinear interpolation. The resulting 10-m grid therefore represents the common 439 

modelling and prediction grain and does not imply that all underlying source information was 440 

available at 10-m resolution. 441 

Predictor standardization was performed on the national raster layers before values were 442 

extracted at the sampling locations. Each predictor raster was centered and scaled, and trap-443 

level model covariates were subsequently extracted from these standardized national layers. 444 

National predictions therefore used exactly the same standardized predictor surfaces as model 445 

fitting. No-data values were converted to missing values before extraction, and traps containing 446 

missing predictor values were excluded as described above. 447 

Joint species distribution models 448 

We fitted separate joint species distribution models for each insect order using the R package 449 

sjSDM69. The response for each order consisted of the binary occurrence matrix of all eligible 450 

taxa across the 196 traps. Models used a binomial probit formulation and simultaneously 451 
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related the occurrences of all taxa within an order to environmental predictors while estimating 452 

residual covariance among taxa. Residual covariance represents association remaining after 453 

accounting for the measured environmental predictors and may arise from unmeasured 454 

environmental responses, biotic associations or other sources of dependence67. We therefore 455 

did not interpret covariance estimates as direct evidence of ecological interaction. 456 

sjSDM estimates the multivariate likelihood using Monte Carlo integration and gradient-based 457 

optimization, enabling joint modelling of assemblages containing large numbers of taxa69. We 458 

represented nonlinear taxon-environment relationships using a feed-forward neural network as 459 

the environmental component of the model. We evaluated five hidden-layer architectures: 40-460 

20-20-10, 40-40-20, 40-40-40, 80-20 and 80-80-40, where numbers indicate the number of 461 

neurons in successive hidden layers. Hidden layers used LeakyReLU activation with a negative 462 

slope of 0.01 and dropout of 0.10. 463 

For each neural-network architecture, we evaluated 100 randomly sampled combinations of 464 

elastic-net regularization parameters, yielding 500 hyperparameter configurations per insect 465 

order. Separate penalties were applied to the environmental coefficients (λcoef, αcoef) and the 466 

residual covariance component (λcov, αcov). The α parameter controls the balance between L1 467 

(lasso) and L2 (ridge) regularization, with α = 1 corresponding to lasso and α = 0 to ridge, 468 

whereas λ controls the overall strength of regularization. For both components, α was sampled 469 

independently from the discrete set {0, 0.1, …, 1.0}. For the residual covariance component, λcov 470 

was sampled from 20 values equally spaced on a log2 scale from 2-6 to 2-1, whereas λcoef was 471 

sampled from 20 values between 2-6 to 2-3. Models were fitted for 150 iterations with a learning 472 

rate of 0.001 and 1,000 Monte Carlo samples per likelihood evaluation. 473 
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Cross-validation and model selection 474 

We evaluated predictive performance using 5-fold site-grouped cross-validation. All traps 475 

belonging to the same sampling site were assigned to the same fold, preventing neighboring 476 

traps from the same site from being distributed between training and test data. Each model 477 

configuration was therefore fitted five times, with each site group held out once for evaluation. 478 

The area under the receiver operating characteristic curve (AUC) was the primary metric used 479 

for model selection and subsequent summaries of taxon-level discrimination. We additionally 480 

calculated the area under the precision-recall curve (PR-AUC), Brier score and log loss as 481 

complementary threshold-independent performance metrics, with the latter two assessing the 482 

quality of predicted probabilities. 483 

For each insect order and hyperparameter configuration, taxon-level test AUCs were 484 

summarized with equal weight across taxa within each fold, and mean performance and its 485 

standard error were subsequently calculated across the five folds. We identified the 486 

configuration with the highest mean test AUC and retained all configurations whose mean test 487 

AUC was no lower than the best-performing mean minus the standard error of that best 488 

configuration. Within this one-standard-error candidate set, configurations were ranked first by 489 

mean test AUC minus their own standard error, then by the summed regularization strength of 490 

the environmental and covariance components, with stronger regularization favored, and finally 491 

by mean test AUC. The five highest-ranking configurations were retained for each insect order. 492 

The five selected configurations were subsequently fitted to the complete modelling dataset for 493 

national prediction. For taxon-level performance summaries, cross-validated AUC was averaged 494 
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across these five selected configurations for each taxon. These taxon-level means were used to 495 

summarize discrimination among orders, detection-frequency classes, named species and dark 496 

taxa. 497 

National prediction and richness mapping 498 

National predictions were generated from the same standardized environmental raster layers 499 

used to extract the model-fitting covariates. Because exhaustive prediction for every taxon at 500 

every 10-m cell across Sweden was computationally prohibitive, we randomly sampled 501 

2,000,000 10-m land cells from the national prediction domain and generated occurrence 502 

predictions at these locations. For national mapping and subsequent broad-scale spatial 503 

analyses, predictions were summarized onto an approximately 2-km grid.  504 

For each of the five selected models within an order, taxon-specific occurrence probabilities 505 

were converted to presence-absence predictions using taxon-specific thresholds that maximized 506 

F1 on fitted predictions from the corresponding full-data model. Binary predictions were 507 

summed across taxa to obtain predicted richness within each order. Richness was calculated 508 

separately for each of the five selected models and then averaged across models. Order-level 509 

richness surfaces were then averaged across the five selected models, and richness was 510 

summed across the 12 orders to obtain total predicted insect richness.  511 

Local landscape predictions were generated directly from the 10-m environmental layers and 512 

retained the original 10-m prediction grain. Consequently, 10 m denotes the spatial grain of the 513 

environmental model inputs and local prediction outputs rather than an independently 514 

validated ecological resolution. 515 
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Model evaluation at taxon and trap levels 516 

Taxon-level discrimination was quantified from the site-grouped cross-validation results. For 517 

every taxon, AUC values were averaged across the five selected models for the respective insect 518 

order. Detection frequency was defined as the number of the 196 traps in which the taxon was 519 

recorded. These data were used to examine variation in discrimination among insect orders and 520 

across detection frequencies and to compare model performance between named species and 521 

dark taxa.  522 

We additionally compared observed and fitted richness at the sampled traps. Taxon-level 523 

predictions from models fitted to the complete dataset were converted to presence-absence 524 

using the taxon-specific F1 thresholds and summed within each insect order. Richness 525 

predictions were averaged across the five selected models and compared with observed 526 

richness using Spearman's rank correlation. Because the models used in this comparison were 527 

fitted to the complete dataset, these correlations were interpreted as descriptive 528 

correspondence at sampled locations rather than independent measures of predictive 529 

performance. 530 

Contribution and spatial patterns of dark taxa 531 

We quantified the contribution of dark taxa both taxonomically and spatially. For each insect 532 

order, we calculated the proportion of modelled taxa classified as dark taxa and the proportion 533 

of mapped richness contributed by them. For each mapping cell, the contribution of dark taxa 534 

was calculated as dark-taxon richness divided by total richness and expressed as a percentage. 535 

National contribution was calculated from the corresponding sums across mapping cells. 536 
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To compare the national geography of named-species and dark-taxa richness independently of 537 

differences in absolute richness, cell values in each richness surface were converted separately 538 

to percentile ranks. Spatial correspondence was quantified using Spearman's rank correlation 539 

between the two sets of cell ranks. 540 

Spatial footprints of named species and dark taxa 541 

We compared individual prediction surfaces using a threshold-independent measure of spatial 542 

footprint. Occurrence probabilities were first averaged across the five selected models for each 543 

taxon. Spatial-footprint calculations were conducted on a common 2-km national grid. 544 

For each taxon, probability mass in a cell was defined as predicted occurrence probability 545 

multiplied by represented cell area. Cells were ranked from highest to lowest predicted 546 

occurrence probability, and spatial footprint was defined as the minimum cumulative area 547 

required to contain 90% of total predicted probability mass. This metric therefore measures 548 

how geographically concentrated a taxon's predicted probability surface is and, unlike 549 

thresholded range size, does not depend on a taxon-specific binary occurrence threshold. 550 

The primary analysis was restricted to taxa with cross-validated AUC ≥0.70. Spatial footprint was 551 

log-transformed and modelled as a function of taxonomic status (named species or dark taxon), 552 

with insect order included as a random intercept. The coefficient for dark taxa was back-553 

transformed and expressed as a percentage difference relative to named species, with 95% 554 

confidence intervals.  555 

Order-specific contrasts were estimated from a linear model of log spatial footprint including 556 

the interaction between taxonomic status and insect order, followed by estimated marginal 557 
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contrasts. Orders containing fewer than ten taxa in either group were retained in the analysis 558 

but flagged as low-sample-size comparisons. Robustness to the model-performance filter was 559 

evaluated by repeating the analysis after successively restricting taxa to cross-validated AUC 560 

≥0.70, ≥0.75 and ≥0.80. 561 

Order-specific richness patterns 562 

Order-specific richness surfaces were aligned to a common approximately 2-km national grid. 563 

Spatial correspondence between the richness of each insect order and total insect richness was 564 

quantified using Spearman's rank correlation across mapped cells.  565 

For each order, high-richness cells were defined independently as the upper 10% of that order's 566 

richness distribution. We then counted, for every national mapping cell, the number of insect 567 

orders for which it fell within this upper 10%. Overall insect-richness hotspots were likewise 568 

defined as the upper 10% of the total-richness distribution. For each insect order, we calculated 569 

the proportion of its high-richness cells that also occurred within the overall insect-richness 570 

hotspot. 571 

Selection and analysis of illustrative taxon distributions 572 

To illustrate the range of spatial patterns contained within the national richness surface, we 573 

selected four named taxa with high model discrimination that showed contrasting geographical 574 

distributions and spatial extents: Limnephilus coenosus, Oxyethira mirabilis, Cacopsylla 575 

melanoneura and Hyperlasion wasmanni. These taxa were selected deliberately as illustrative 576 

examples rather than as a statistically representative sample, with the aim of spanning northern 577 
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and southern distributions as well as relatively broad and restricted predicted ranges. Candidate 578 

taxa were also screened for the availability of informative local multi-trap landscapes. 579 

For each focal taxon, occurrence probabilities were averaged across the five selected models. 580 

Geographical position was summarized by the probability-weighted centroid of the national 581 

prediction surface, and spatial extent by probability-weighted area, calculated as , where 582 

is predicted occurrence probability and is represented cell area. Local 10-m maps were 583 

shown for selected multi-trap landscapes, and fitted occurrence probabilities were summarized 584 

separately for traps where the focal taxon was detected and not detected. These local 585 

comparisons were descriptive and were not treated as independent validation. 586 

Environmental extrapolation 587 

We assessed the degree to which national predictions extended beyond environmental 588 

conditions represented by the sampling network. For each predictor, we calculated the 589 

minimum, maximum and range across the modelling traps and compared each national 590 

prediction location with these training ranges. 591 

For each prediction location, we first calculated the proportion of predictors lying below their 592 

training minimum or above their training maximum. For predictors outside their training range, 593 

the distance beyond the nearest boundary was divided by the predictor's observed training 594 

range. Values within the training range were assigned zero. The environmental extrapolation 595 

index was then calculated as the mean of these normalized distances across predictors. Thus, an 596 

index of zero indicates that all predictor values fell within the conditions observed at the 597 

modelling traps, whereas increasingly positive values indicate greater environmental departure. 598 
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Software and statistical analysis 599 

Data processing, spatial analysis and statistical modelling were performed in R version 4.4.0113. 600 

Raster calculations were primarily implemented using terra114, vector spatial operations using 601 

sf115,116, and data manipulation using dplyr117 and related tidyverse packages118. Joint species 602 

distribution models were fitted using sjSDM69. Mixed-effects analyses of taxon spatial footprints 603 

used lme4119, and estimated marginal contrasts were obtained using emmeans120. 604 

Data availability 605 

The underlying Swedish Insect Biome Atlas metabarcoding data are available as described by 606 

Miraldo et al.53. Environmental predictors are available from the public data sources cited 607 

above. Analysis-ready derived data and other outputs required to reproduce the reported 608 

statistical analyses and figures are deposited in Figshare and are available to editors and 609 

reviewers during peer review. These materials will be made publicly available upon publication. 610 

Code availability 611 

Code used in this study, together with the accompanying reproducibility materials, is deposited 612 

in Figshare and is available to editors and reviewers during peer review. The code will be made 613 

publicly available upon publication. 614 
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Extended Data 1135 

 1136 

Extended Data Figure 1: Correspondence between observed and predicted insect richness across sampling sites. Observed 1137 

richness at Malaise traps is shown against predicted richness for each of 12 insect orders. Predicted richness was obtained by 1138 

converting taxon-level occurrence probabilities to presence-absence predictions using taxon-specific F1 thresholds and summing 1139 

these predictions within each order. Points show the mean predicted richness across the five selected joint species distribution 1140 

models, and vertical lines show the minimum-to-maximum range across these models. Dashed lines indicate the 1:1 1141 

relationship. Spearman’s rank correlation coefficient (ρ), root mean squared error (RMSE) and mean absolute error (MAE) were 1142 

calculated from the mean prediction across the five models. Because models were fitted using the full dataset, these 1143 

comparisons describe correspondence at sampled sites rather than independent predictive performance. 1144 
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 1145 

 1146 

Extended Data Figure 2: Cross-validated model discrimination across insect orders, detection frequencies and taxonomic status. 1147 

a) Median site-grouped cross-validated area under the receiver operating characteristic curve (AUC; points) and interquartile 1148 

range (horizontal lines) for taxa in each of 12 insect orders. Point size indicates the number of modelled taxa; vertical reference 1149 

lines mark AUC values of 0.7 and 0.8. b) Median cross-validated AUC for named species and dark taxa within each insect order. 1150 

Dark taxa are defined here as molecular clusters lacking species-level taxonomic assignments. Lines connect the two taxonomic 1151 

groups within orders. Asterisks indicate orders for which either the named-species or dark-taxon group contained fewer than ten 1152 

taxa. c) Relationship between the number of trap detections and cross-validated AUC across all 11,694 modelled taxa. Color 1153 

indicates the number of taxa in each two-dimensional bin, and the white line connects median AUC values for logarithmically 1154 

spaced detection-frequency bins containing at least 50 taxa. Vertical reference lines mark 25 and 100 detections. d) Distribution 1155 

of detection frequencies for 5,160 named species and 6,534 dark taxa. Violins show the distributions, white boxes show the 1156 

interquartile ranges and diamonds indicate the medians; detection frequency is shown on a logarithmic scale. 1157 

 1158 
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 1159 

 1160 

Extended Data Figure 3: Spatial correspondence between mapped richness of named species and dark taxa. a,b) Mapped 1161 

richness of named species (a) and dark taxa (b), defined here as molecular clusters lacking species-level taxonomic assignments, 1162 

across Sweden. Both maps are shown on the same color scale. National predictions were generated for 2 million randomly 1163 

sampled 10-m cells distributed across Sweden and averaged within approximately 2-km grid cells for national-scale visualization. 1164 

c) Cell-wise correspondence between named-species and dark-taxon richness, expressed as percentile ranks across mapping 1165 

cells. Hexagon color indicates the number of mapping cells, and the dashed line shows the 1:1 relationship. 1166 

 1167 
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 1168 

Extended Data Figure 4: Robustness of dark-taxon spatial-footprint differences to model-performance filtering. a-c) Differences 1169 

in predicted spatial footprint between dark taxa and named species after progressively restricting analyses to taxa with cross-1170 

validated AUC ≥ 0.70 (a), ≥ 0.75 (b) and ≥ 0.80 (c). Spatial footprint was quantified as the area required to contain 90% of a 1171 

taxon’s predicted probability mass. Diamonds show the overall dark-taxon vs. named-species difference estimated across insect 1172 

orders, and circles show order-specific differences; horizontal lines indicate 95% confidence intervals. Negative values indicate 1173 

smaller spatial footprints for dark taxa than for named species. Filled circles denote comparisons represented by at least ten 1174 

named species and ten dark taxa, whereas open circles denote comparisons with 5-9 taxa in at least one group; order-level 1175 

comparisons with fewer than five taxa in either group are not shown. The numbers above each panel give the total number of 1176 

taxa retained at the corresponding AUC threshold.  1177 

 1178 

 1179 
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 1180 

Extended Data Figure 5: Environmental extrapolation in national insect predictions. a) Proportion of the 20 environmental 1181 

predictors for which conditions in each mapped cell fell outside the range represented by the sampling network. b) 1182 

Environmental extrapolation index, calculated as the mean normalized distance beyond the corresponding training range across 1183 

the environmental predictors. Higher values indicate cells in which predictions rely more strongly on environmental 1184 

extrapolation. At least one predictor fell outside its training range across 43.5% of mapped land, but only 1.5% of the area had 1185 

at least 3 predictors outside their training ranges and 0.6% exceeded an extrapolation index of 0.05. Stronger extrapolation was 1186 

concentrated locally, particularly in northern and northwestern Sweden. 1187 


