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Global patterns in plant–pollinator 
specialization
 

Pollination is a key ecological process sustaining biodiversity and food 
security, yet global patterns of plant–pollinator specialization remain 
unresolved. Using a global dataset of quantitative plant–pollinator networks 
(>3,400 networks, >110,000 interactions), we show that specialization 
is latitudinally structured, but not as a single directional pattern. We find 
no consistent monotonic increase or decrease in specialization towards 
the Equator. Instead, network-level and pollinator specialization peak at 
low northern latitudes near the tropical–subtropical boundary, whereas 
plant specialization is hemispherically asymmetric. Climate is most 
often the best-supported predictor of specialization compared with 
latitude, biodiversity and environmental productivity. Network-level 
specialization declines with increasing mean annual temperature, with 
strong group-specific differences. Precipitation exerts nonlinear effects: 
plant specialization peaks at intermediate precipitation but is lower at the 
wettest sites, whereas pollinator specialization is lower at intermediate 
precipitation, although often in interaction with temperature. Pollinator 
groups diverge strongly, especially in contrasting precipitation-related 
patterns between birds and insects. These findings show that global 
plant–pollinator specialization is structured by latitude and climate in 
complex and taxon-specific ways, with implications for uneven responses of 
pollination networks to future climatic change.

The specialization of plant–pollinator interactions fundamentally 
influences pollination efficiency, plant reproduction and ecosystem 
functioning and stability. The extent to which species rely on lim-
ited partners shapes resource partitioning and coexistence, thereby 
structuring communities, affecting species persistence and driving 
evolutionary processes that generate and maintain biodiversity1–3. Spe-
cialized pollination may also facilitate reproductive isolation and spe-
ciation by promoting niche differentiation and reducing competition, 
contributing to the exceptional diversity of plants and pollinators2,4. 
Yet despite its ecological and evolutionary importance, broad-scale 
patterns in interaction specialization remain unresolved.

The latitudinal specialization gradient (LSG), a non-random lati-
tudinal pattern in the degree of interaction specialization, remains a 
fundamentally unresolved question in ecology5,6. Clarifying whether 

the LSG exists, which shape it takes and what its drivers are is central to 
understanding the origin and maintenance of biodiversity gradients, 
community assembly and the evolution of species interactions7,8. Influ-
ential hypotheses have often predicted strongly directional latitudinal 
patterns in specialization, for example9–11, but the complex interplay 
of potential mechanisms, including climate variability, regional differ-
ences in evolutionary history or strong differences among interacting 
groups, may result in more complex non-random LSGs, rather than 
a single monotonic and symmetric gradient8. As specialization and 
species richness are theoretically coupled, the LSG is closely linked to 
the latitudinal diversity gradient, which describes increasing species 
richness towards the Equator1,9,11,12. Testing whether the LSG exists, how 
it varies and what drives it is essential to understanding mechanisms 
that structure global biodiversity and ecosystem functioning and 
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species to generalize rather than specialize in order to obtain suffi-
cient resources7,14 (Fig. 1c). This prediction is consistent with a global 
analysis of 58 pollination networks showing decreasing network-level 
specialization towards the tropics7. Finally, questioning any universal 
LSG, Moles and Ollerton8 argued that apparent latitudinal patterns 
in specialization are strongly context dependent and may vary with 
other confounding environmental drivers (such as elevation, climate 
or environmental productivity), interaction type, interacting taxa and 
ecosystem context (Fig. 1d).

Additionally, the conflicting evidence in existing plant–pollinator 
studies could be attributed to geographic, taxonomic and methodo-
logical biases8. Geographically, global analyses have been dominated 
by temperate networks from the Americas and Europe, leaving critical 
gaps elsewhere3,20 and have often overlooked regional differences, 
despite strong evidence for ecosystem-specific effects on speciali-
zation21. Taxonomically, the existing studies either have narrowed 
their focus to a single group (for example, bees22, hummingbirds18, 
cacti23) or have combined groups indiscriminately (for example, refs. 
15,19,24). The former may exaggerate, whereas the latter may obscure 
group-specific patterns shaped by contrasting diversity gradients, 
evolutionary histories and resource-use strategies25,26. Methodologi-
cally, the use of non-standardized specialization metrics, uneven sam-
pling effort and the mixing of complete community networks with 
taxon-constrained partial networks make cross-study comparisons 
unreliable20,25–28. Overcoming these biases is essential for the rigorous 
testing of plant–pollinator LSG.

Here we ask what role latitude plays in the global structuring of 
plant–pollinator specialization and whether any global patterns in 

determine their responses to global change10,11,13. Pollination networks 
are ideal for testing the LSG, because plant–pollinator interactions 
occur across all terrestrial biomes, encompass broad phylogenetic and 
functional diversity and represent mutualisms integral to community 
assembly and diversification7,11,14.

Theoretical predictions and empirical evidence suggest several 
contrasting expectations for LSG in plant–pollinator interactions 
(Fig. 1). The null expectation predicts no detectable role of latitude 
in shaping specialization, and thus no LSG (Fig. 1a), in agreement 
with several empirical studies finding no systematic LSG patterns15–17. 
When latitude does structure specialization, however, four broad LSG 
patterns are possible: increasing specialization towards the tropics; 
decreasing specialization towards the tropics; a general but complex 
nonlinear pattern that is not simply directional along latitude; or no 
general pattern because different taxa, regions or methodological 
approaches show different latitude-associated trends. Two prominent 
theoretical frameworks predict increasing specialization towards 
the tropics6,11 (Fig. 1b). The latitude–niche breadth hypothesis argues 
that strong competition and benign climates in tropical ecosystems 
cause ecological niches to narrow towards the Equator10, whereas the 
biotic interactions hypothesis links co-evolutionary specialization 
to the long-term climatic stability of tropical ecosystems9. Support-
ing empirical evidence for the increasing pollination specialization 
towards the tropics includes geographic patterns in plant–humming-
bird networks18 and a global analysis of LSG in 54 pollination networks19. 
In direct contrast, the optimal-foraging theory predicts the reverse 
pattern of LSG, arguing that high species richness often coincides 
with lower local abundances of interacting species, causing tropical 
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Fig. 1 | Hypothesized latitudinal patterns in interaction specialization.  
Solid black lines show the predicted patterns; dashed lines illustrate gradients of 
the proposed mechanism underlying the specialization pattern. a, No detectable 
effects of latitude on specialization. b, Specialization increases towards  
species-rich and more stable tropical ecosystems under the latitude–niche 
breadth hypothesis10 and the biotic interactions hypothesis9, respectively.  
c, Specialization declines towards tropical ecosystems with more species which 
are less abundant under the optimal-foraging theory14,72. d, Specialization 

is significantly structured along the latitudinal gradient, but the general 
pattern is complex and non-directional towards the Equator8. e, Context-
specific latitudinal specialization patterns varying among taxa, regions and/
or methodological approaches8. Credit: Illustration by S.P.S. Silhouettes from 
PhyloPic (https://www.phylopic.org/) under a Creative Commons license: 
Geranium maculatum, Luperina testacea, Papilio machaon, Eupeodes volucris 
(CC0 1.0); Onthophagus taurus (CC BY-SA 3.0).
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specialization are better explained by climate, plant and pollinator 
diversity or environmental productivity. To address these questions, we 
assembled a comprehensive global dataset of quantitative plant–pol-
linator networks (Fig. 2), comprising 3,415 networks from 162 studies 
(see Supplementary Table 1 for the complete list) and covering 110,571 
pairwise interactions among 5,343 pollinator and 6,126 plant spe-
cies across all major terrestrial biomes and a broad latitudinal range 
(Fig. 3). We address key limitations of previous syntheses by standard-
izing sampling completeness (Extended Data Fig. 1), using two robust 
specialization metrics that quantify deviations from random partner 
choice based on interaction frequencies (one across the entire network 
(H2′) and the other averaged across species within a community (d′) 
that allows separate analyses of particular functional groups) and 
accounting for methodological and regional differences. To separate 
biological patterns from artefacts caused by differences in taxonomic 
scope of network studies, we analyse latitudinal patterns separately 
for three network datasets differing in taxonomic resolution, from all 
networks pooled irrespective of taxonomic scope, to community-wide 
full networks and networks resolved by pollinator functional groups. 
Crucially, we analyse plants and pollinator functional groups sepa-
rately, testing predictions that latitudinal patterns reflect their eco-
logical and evolutionary differences. By combining unprecedented 
global coverage with a framework that overcomes key geographic, 
taxonomic and methodological constraints and explicitly analyses 
functional-group-specific patterns, our study advances understanding 
of biodiversity gradients and the architecture of mutualistic networks.

Results
LSG
We first asked whether latitude plays an important role in structur-
ing interaction specialization at all: that is, whether any LSG can be 
detected (Fig. 1a and Fig. 2j,k). Using generalized additive mixed models 
(GAMMs) and hierarchical GAMMs (HGAMs) on the three network 
datasets (all networks, full networks and functional-group networks), 
we modelled the three specialization metrics (measuring deviation 
from random interaction partner choice at the network-level H2′ and 
community-mean species-level d′plants and d′pollinators) against latitude 
while accounting for methodological biases known to affect pat-
terns reported in previous studies (Fig. 3, Supplementary Fig. 1 and 
Supplementary Tables 4 and 5). Network descriptors that significantly 
influenced latitudinal patterns were retained as random effects in the 
final models, with geographic region and habitat openness doing so 
most frequently (Supplementary Fig. 1 and Supplementary Tables 4  
and 5). We then visually compared the fitted relationships among 
models with a significant latitude effect to determine which of the 
possible LSGs best described patterns of each metric and dataset: 
increasing or decreasing specialization towards the Equator (Fig. 1b,c), 
a general but complex nonlinear pattern (Fig. 1d) or heterogeneous 
functional-group-specific latitudinal patterns (Fig. 1e).

In the all-networks dataset, latitude significantly predicted all 
three specialization metrics, but the fitted relationships differed 
strongly among them (Extended Data Fig. 2). Moreover, the H2′ and 

d′plants patterns contrasted with results from the better-resolved data-
sets (see below), whereas d′pollinators more closely resembled them by 
showing highest values at northern low latitudes. Because these dis-
crepancies likely result from heterogeneity in taxonomic scope when 
all networks are combined, we do not interpret these results further.

Across the full-networks and functional-group-networks data-
sets, latitude significantly structured specialization in four of the five 
metric–dataset combinations (Fig. 4 and Supplementary Table 5); 
only H2′ in the full-networks dataset showed no detectable latitudinal 
structuring (Fig. 4a). In the remaining cases, the fitted relationships 
were most consistent either with a complex nonlinear LSG or with 
heterogeneous functional-group-specific LSGs; none provided clear 
overall support for a monotonic increase or decrease in specialization 
towards the Equator (Fig. 1). Where latitude did matter, the strongest 
structure generally emerged at low northern latitudes, repeatedly 
peaking around 20–30° N (Fig. 4).

In the full-networks dataset, latitude explained relatively little vari-
ation (R2 ≤ 0.09). The latitudinal pattern of d′pollinators was best described 
as a complex nonlinear LSG, showing highest values at low northern 
latitudes (~20–25° N), followed by a marked decline and a secondary 
rise at higher northern latitudes (Fig. 4b). Most pollinator groups 
did not deviate significantly from this overall trend, although moths 
showed an additional peak in the southern tropics. In contrast, d′plants 
showed only a weakly supported (R2 = 0.01) hemispherically asym-
metric latitudinal pattern, increasing linearly towards the Equator in 
the Southern Hemisphere and showing the opposite linear decrease 
towards the Equator in the Northern Hemisphere (Fig. 4c).

In the functional-group-networks dataset, our models revealed 
stronger taxon-specific differences in the role of latitude in struc-
turing specialization, together with a stronger relationship between 
latitude and specialization (R2 = 0.21–0.25; Supplementary Table 5 
and Fig. 4d,e). The general relationship between H2′ and latitude was 
broadly hump-shaped, although hemispherically asymmetric, peaking 
at low northern latitudes (~20–25° N), declining slightly towards the 
Equator and declining strongly towards higher latitudes in both hemi-
spheres, with a flat pattern at the highest northern latitudes (Fig. 4d). 
Most functional groups that significantly deviated from this trend 
(bees, butterflies, hoverflies and moths) showed broadly similar lati-
tudinal specialization patterns, whereas birds showed an S-curved pat-
tern with a dip in the southern tropics and a peak in the northern tropics 
(Fig. 4d). These specialization patterns are therefore most consistent 
with a complex, nonlinear LSG. By contrast, d′pollinators showed patterns 
most consistent with heterogeneous functional-group-specific LSGs 
(Fig. 4e). The overall fitted curve was bimodal, with highest values close 
to both tropics, a dip around the Equator and a steep decline towards 
high northern latitudes. However, most functional groups (bees, birds, 
butterflies, hoverflies and moths) showed strongly different patterns, 
often with multiple local maxima and minima (Fig. 4e). Among these, 
hoverflies most closely matched the expected increase in specializa-
tion towards the Equator, birds showed the opposite pattern, whereas 
moths showed especially irregular latitude-associated changes with 
several maxima and minima (Fig. 4e).

Fig. 2 | Conceptual workflow for analysing the LSG in plant–pollinator 
interactions. a–c, Phase 1: compilation of available plant–pollinator networks 
(a), application of predefined selection criteria (b) and pooling of spatiotemporal 
network replicates from the same site to minimize non-focal variation (c).  
d–f, Phase 2: characterization of networks with 28 descriptors, including study 
details (d), climate and environment (e) and biotic (f) (Supplementary Table 
2). g–i, Phase 3: taxonomic standardization and assignment of pollinators to 
functional groups (g) (grey icons indicate groups excluded from functional-
group analyses due to data insufficiency), followed by construction of three 
complementary datasets (h) and calculation of three specialization metrics and 
sampling completeness for each sampling network (i). j–l, Phase 4: multistage 
modelling of the LSG, including evaluation of potential methodological biases 

(j), fitting latitudinal models with significant biases as random effects (k) and 
testing climatic, environmental and biotic predictors to identify the predictors 
of specialization patterns (l). See Methods for details. Credit: Icons from Noun 
Project, reproduced under a Creative Commons licence CCBY3.0: search, 
rivercon; world globe, Rahe; world map, Donata Bologna. Credit: Silhouettes 
from PhyloPic (https://www.phylopic.org/) under a Creative Commons license: 
Microchera albocoronata, Luperina testacea, Geranium maculatum, Bombus 
terrestris, Acanthorhynchus tenuirostris; Papilio machaon, Tachinidae, Eupeodes 
volucris, Vespula germanica, Apodemus sylvaticus, Lepidodactylus lugubris  
(CC0 1.0); Aglais urticae, Darapsa myron, Desmodus rotundus (CC BY 3.0); 
Halictus rubicundus (CC BY 4.0); Onthophagus taurus (CC BY-SA 3.0). Search, 
world globe and world map icons from Noun Project.
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Predictors of specialization patterns
We next tested how forward-selected climatic (mean annual tempera-
ture (MAT), mean annual precipitation (MAP) and temperature season-
ality (standard deviation of mean monthly temperature (SD_MMT))), 
environmental (normalized difference vegetation index (NDVI) and 
standard deviation of monthly NDVI (SD_NDVI)) and biotic (12 meas-
ures of predicted and observed species richness of plants and pollina-
tors) predictors (see latitudinal distributions in Extended Data Fig. 3) 

compared with latitude in explaining global variation in specialization 
(H2′, d′pollinators and d′plants). Using the same GAMM/HGAM framework 
(Fig. 2i), we compared individual predictors (and the MAT × MAP inter-
action) among each other and against the corresponding latitudinal 
models, using a combination of model Akaike information criterion 
(AIC) and marginal R2 (Fig. 5 and Supplementary Tables 6 and 7).  
All three potential methodological biases (geographic region, sampling 
focus and habitat openness) showed significant effects in some models 
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(Supplementary Table 4) and were therefore retained as random effects 
where applicable.

The best-supported models retained climatic predictors, 
although ΔAIC among some models with other predictors was some-
times relatively small. MAT best explained H2′ in the full-networks data-
set (Fig. 5a). The MAT × MAP interaction performed best for d′pollinators 
in both datasets (Fig. 5b,c,f,g) and for d′plants in the full-networks 
dataset (Fig. 5d,h). In the functional-group-networks dataset, MAP 
and latitude performed comparably for H2′ (Figs. 4d and 5e and 
Supplementary Table 7). Environmental productivity and biodiversity 
models often explained less variation and ranked below both latitudi-
nal and climatic models (Supplementary Table 7). In the full-networks 
dataset, climatic predictors explained substantially more variance 
with larger marginal effects than latitude for H2′ and d′plants, whereas 
their advantage over latitude was modest for d′pollinators (Figs. 4 and 5 
and Supplementary Table 7).

Climate effects on specialization were frequently nonlinear and 
differed among metrics and datasets. In the full-networks dataset, H2′ 
showed a nonlinear but overall declining relationship with MAT (Fig. 5a 
and Supplementary Table 7). For d′pollinators, the response to MAT was 
weak and linear (Fig. 5b), whereas the response to MAP was strongly 
nonlinear (Fig. 5c). d′pollinators dropped sharply at intermediate precipita-
tion, and confidence intervals became increasingly wide at the wettest 
sites. Three functional groups deviated from the overall trend, especially 
for MAP. Hoverfly specialization increased linearly, moths showed a 
hump-shaped response, and beetles showed a minimum at intermediate 
MAP. d′plants showed an S-shaped response to MAT, peaking just below 
0 °C and dipping near 12 °C (Fig. 5d), and a near-hump-shaped response 
to MAP, peaking at intermediate precipitation (~3,000 mm annually), 
although only a few data points originated from wetter regions (Fig. 5h).

In the functional-group-networks dataset, H2′ showed no sig-
nificant overall relationship with MAP, but five functional groups 
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diverged markedly (Fig. 5e): hoverflies, bees, beetles and moths all 
became more specialized with increasing precipitation, although 
moths showed a shallow minimum at ~2,200 mm, whereas birds showed 
the opposite trend. d′pollinators increased linearly with MAT overall and 
showed a nonlinear response, with a sharp dip at intermediate MAP 
(~3,000 mm annually; Fig. 5f,g). Again, functional groups diverged: 
bees and beetles largely followed the overall MAT trend in speciali-
zation, bee specialization additionally peaked at intermediate pre-
cipitation (~2,500 mm MAP), and beetles became less specialized with 
increasing MAP, whereas bird specialization declined linearly with both 
climate predictors (Fig. 5f,g).

Discussion
Our global analysis of >3,400 quantitative plant–pollinator networks 
provides comprehensive evidence that plant–pollinator specializa-
tion is latitudinally structured, but the gradient is neither simple nor 
universal. Across the better-resolved datasets, latitude significantly 
structured specialization in most specialization metric–dataset com-
binations, yet none of these relationships supported a consistent 
monotonic increase or decrease in specialization towards the Equator. 
Instead, the detected patterns were best described either as complex 
nonlinear LSGs or as heterogeneous taxon-specific LSGs. Network 
level and pollinator specialization most often peaked at low northern 
latitudes, near the northern tropical–subtropical boundary, whereas 
plant specialization showed only a weak but strongly hemispherically 

asymmetric pattern. Thus, our results reject both simple directional 
expectations of the LSG and instead support a more context-dependent 
view in which latitude matters, but its effect depends on metric, hemi-
sphere and pollinator functional group.

None of the main theoretical frameworks fully explains these 
global patterns in plant–pollinator specialization. The latitude–niche 
breadth10 and biotic interactions hypotheses9 predict increasing spe-
cialization towards the Equator11, whereas optimal-foraging theory 
predicts the opposite trend7,14. Our results, however, support neither 
prediction as a general explanation. The clearest specialization peaks 
were displaced from the Equator to low northern latitudes, inconsist-
ent with both classic LSG predictions (Fig. 1). The additional declines in 
both specialization metrics towards the highest latitudes may reflect 
increasing physiological constraints in extreme climates6,29. Moreover, 
specialization in plants and several pollinator groups showed even 
more divergent or irregular patterns. At the same time, however, two 
group-specific trends partly resembled the two expected directional 
LSGs, including hoverflies showing the clearest tendency towards 
increasing specialization near the Equator and birds showing the oppo-
site pattern. These contrasts suggest that mechanisms such as com-
petition, resource availability, species abundances and physiological 
constraints probably operate differently across plant and pollinator 
groups8. Although neither species richness nor environmental produc-
tivity (a potential proxy for resource availability12,30) outperformed cli-
mate predictors in our models, their contribution cannot be excluded, 
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functional-group networks (d,e). Columns show specialization metrics: network-
level H2′ (a,d) and community-mean species-level separated for pollinators 
(d′pollinators) (b,e) and plants (d′plants) (c); not calculated for the functional-group-
networks dataset. A vertical dashed line marks the Equator (0°), and vertical 
dotted lines mark the Tropics of Capricorn (−23.5°) and Cancer (23.5°). Curves 
are GAMM/HGAM fitted mean response smooths: black curves indicate overall 
latitudinal trends with 95% confidence intervals (grey shading), coloured curves 

represent significant functional-group-specific trends (see legend). Coloured 
points are raw data. Curves are drawn only when the smooth term for latitude 
is significant; otherwise only points are shown. Adjusted R2 and exact P values 
for the overall trend are reported in each panel (see Supplementary Table 5 for 
full model summaries). We assessed the significance of smooth terms using 
two-sided approximate F-tests without correction for multiple comparisons. 
Credit: Silhouettes from PhyloPic (https://www.phylopic.org/) under a 
Creative Commons license: Halictus rubicundus (CC BY 4.0); Acanthorhynchus 
tenuirostris, Papilio machaon, Eupeodes volucris, Luperina testacea (CC0 1.0).
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given the modest explanatory power of most predictors6,10,11,14. Overall, 
with the current knowledge, the observed LSG should be interpreted 
primarily as a robust macroecological pattern that motivates more 
mechanistic tests, rather than as support for a single existing theory.

Critically, our findings are more robust than previous synthe-
ses not only because of dataset size but also because we explicitly 
accounted for methodological biases (for example, refs. 8,31) and 
analysed different pollination network types separately. Pooling all 
networks irrespective of taxonomic scope produced highly contrast-
ing patterns with very little explained variation (all-networks dataset; 
Extended Data Fig. 2), suggesting that indiscriminate combining of 
complete community networks with taxon-constrained partial net-
works can obscure or distort latitudinal signals. In contrast, analyses 
of full networks and especially functional-group networks revealed 
more interpretable patterns, with stronger explanatory power in the 
functional-group dataset. This supports the concern that method-
ological heterogeneity has contributed to conflicting conclusions 
in previous syntheses8. It also agrees with the broader expectation 
that any LSG in plant–pollinator interactions should be group- and 
context-dependent rather than universal8. Such heterogeneity may 
partly reflect functional-group differences in biogeography and eco-
logical roles, including subtropical peaks in bee species richness32 
and the increasing importance of flies in high-latitude pollination 
networks33. Together, these results help reconcile why previous stud-
ies have reported increasing18,19, decreasing7 or absent15–17 latitudinal 
patterns in pollination specialization.

Climatic predictors were mostly the best-supported models 
for plant–pollinator specialization compared to biodiversity, pro-
ductivity and even latitude alone, but their interpretation requires 
caution. Because temperature strongly covaries with latitude 

(Extended Data Fig. 4), and because candidate models differed in 
their retained random-effect structures, our model comparisons iden-
tify relative predictive performance rather than independent causal 
drivers. Within these limits, climate explained several patterns that 
can hardly be related to species richness or environmental produc-
tivity alone. The general decline of network-level specialization in 
the full-networks dataset with MAT contrasts with expectations that 
warmer and less seasonal environments should promote stronger 
specialization in plant–pollinator interactions7,11,34,35. One possible 
explanation is that warmer climates extend pollinator activity and 
flowering windows within days and across seasons, increasing temporal 
overlap among potential partners and opportunities to switch partners 
and thus potentially promoting generalization36–38. Conversely, colder 
or more seasonal climates may compress flowering and foraging into 
shorter windows, promoting tighter temporal matching and higher 
specialization, especially at the community level39,40. Precipitation 
effects were more strongly nonlinear and differed among metrics and 
functional groups. Moderate rainfall may support flowering and for-
aging, but frequent or heavy rainfall can suppress flight activity41 and 
reduce floral rewards through nectar dilution or pollen wash-off42,43. 
These mechanisms could help explain why rainfall was associated with 
contrasting responses of plants, pollinators and functional groups.

Differences among pollinator functional groups indicate that the 
LSG may arise from group-specific traits related to climate, as physiol-
ogy and foraging ecology determine how strongly temperature and 
rainfall constrain activity and resource tracking44,45. Several insect 
groups substantially contributed to the northern low-latitude peak in 
specialization, whereas birds showed weaker latitudinal structuring but 
a clearer decline in specialization with increasing precipitation. Such 
contrasts may reflect differences in thermal physiology and foraging 
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GAMM/HGAM fitted mean response smooths: black curves indicate significant 
overall predictor trends with 95% confidence intervals (grey shading), coloured 
curves represent significant functional-group-specific trends (see legend). 
Coloured points are raw data. Adjusted R2 is reported in each panel; model details 
are in Supplementary Table 7. Credit: Silhouettes from PhyloPic (https://www.
phylopic.org/) under a Creative Commons license: Halictus rubicundus (CC BY 
4.0); Onthophagus taurus (CC BY-SA 3.0); Acanthorhynchus tenuirostris, Eupeodes 
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flexibility: insect activity and foraging efficiency are often strongly 
constrained by temperature and rainfall13,39, whereas mostly tropical 
nectarivorous birds may respond more flexibly to year-round available 
but phenologically shifting resources46. Weak or absent climatic trends 
in specialization of some insect groups, including flies and wasps, may 
reflect their heterogeneous diets and diverse life histories, although 
some clades are highly selective nectar or pollen feeders3,47.

Our results suggest that climate is an important predictor of global 
plant–pollinator specialization patterns, although the climatic asso-
ciations differ among functional groups. Because these associations 
are correlational, extrapolating them to future climates requires cau-
tion. Nevertheless, if they reflect underlying mechanisms, continued 
warming and altered precipitation regimes may reorganize pollination 
networks unevenly across groups and regions. Warming may favour 
more generalized network structure, consistent with the decline in 
network-level specialization with increasing MAT, although functional 
groups are likely to respond differently. Shifts in rainfall intensity and 
seasonality may disproportionately disrupt specialized interactions, 
which are particularly vulnerable to phenological mismatches and 
partner loss48–50, with consequences for ecosystem stability that remain 
difficult to predict. Such effects should vary geographically and taxo-
nomically, depending on baseline climates, the strength of climatic 
structuring and group-specific climate relationships. Overall, our 
results caution that climate change is unlikely to affect all plant–pol-
linator networks uniformly, emphasizing the importance of accounting 
for functional-group differences and regional climate baselines when 
assessing future risks to pollination services and biodiversity.

Methods
All analyses, including data preparation, were performed using R 4.5.0 
(ref. 51).

Dataset compilation
We compiled a global dataset of plant–pollinator interaction net-
works (Fig. 1a) through a systematic search of Web of Science and 
Google Scholar between January and May 2021 (and we extensively 
monitored for new suitable studies until September 2024). Search 
strings combined terms ‘pollin*’, ‘network*’, ‘flower visit*’, ‘plant*’. 
We manually screened all retrieved publications for relevance and 
examined their cited and citing references. The dataset was supple-
mented with publicly available datasets from the Mangal Interaction 
Database52, the Web of Life database53 and a smaller set of data from 
the currently non-public LifeWebs project54. To maximize geographic 
and methodological coverage, we also contacted authors of studies 
without open data and requested both published and unpublished 
datasets from the international community of pollination ecologists 
(Supplementary Table 1).

Networks were included if they met the following criteria (Fig. 2b): 
originated from natural or seminatural ecosystems (that is, excluding 
agricultural, urban and other anthropogenic habitats), contained a 
minimum of five plant and five pollinator species, provided directly 
sampled interaction data (that is, excluding compilations over broad 
spatial or temporal scales) and reported quantitative interaction 
strengths (that is, excluding binary datasets). Coordinates, elevation, 
sampling details and other metadata were extracted from publica-
tions and/or databases when available. When essential information 
was missing, we contacted the original authors and excluded studies 
that could not be completed. Because direct measures of pollination 
efficiency were rarely available, we treated all floral visitors as poten-
tial pollinators and all flower visits as pollination interactions, which 
is standard practice in large-scale pollination network analyses. Our 
compiled dataset contained 3,415 quantitative networks from 162 stud-
ies, spanning 43.60° S to 81.00° N in latitude and 1–4,241 m in elevation, 
representing virtually all terrestrial biogeographic regions and major 
ecosystem types (Fig. 3a and Supplementary Table 1).

To reduce variation irrelevant to our aims, we pooled temporally 
replicated networks sampled at the same sites and merged networks 
representing small-scale spatial units (such as transects or plots) within 
the same study site (Fig. 2c). However, networks from studies explic-
itly examining elevational or environmental gradients were retained 
separately, as were networks from different publications to account for 
methodological differences. After these steps, our dataset contained 
739 unique networks.

Network descriptors
Each plant–pollinator network was characterized using 28 descrip-
tors (Fig. 2d–f) grouped into four categories: study and methodo-
logical details, geographic information, environmental conditions 
and local species richness (Supplementary Table 2; latitudinal trends 
in Extended Data Fig. 3).

Study and methodological details (Fig. 2d) included the source of 
network data, rationale for splitting datasets into separate networks 
(for example distinct sites, elevations, habitats or vertical strata), 
sampling design and field methods, sampling focus (zoocentric or 
phytocentric), network completeness (full or partial networks) and 
lower-level (plants) and upper-level (pollinators) constraints (specified 
if sampling was taxonomically biased). Geographic information com-
prised country, geographic coordinates, absolute latitude, elevation 
and region (New World or Old World; Fig. 2d). Environmental condi-
tions included habitat openness (forest or open habitat) and seven 
additional climatic and environmental variables (Fig. 2e) extracted 
from geographic coordinates with the terra package55. These climatic 
variables included MAT (°C), SD_MMT (±°C), mean temperature of the 
three warmest months (°C), MAP (mm) and the standard deviation of 
mean monthly precipitation (±mm)56. Environmental productivity was 
quantified as annual mean NDVI57 and SD_NDVI. Local species-richness 
descriptors (Fig. 2f) included predicted local species richness for 
plants58, birds59, nectarivorous birds (range maps from BirdLife, fil-
tered using an unpublished species list by two of the authors (B.D. 
and J.O.) and butterflies60, retrieved using the raster package61. In 
addition, we included observed species richness directly recorded in 
the original network data: plants, pollinators and total species rich-
ness, as well as richness of individual functional pollinator groups (see 
Supplementary Table 2 for definitions).

Taxonomy and functional groups
We standardized the taxonomy and nomenclature for plants and pol-
linators across all studies (Fig. 2g) using the taxize package62 with 
the GBIF database63. Species names were verified by exact matching; 
unmatched or partially matched (‘fuzzy’) species names were cor-
rected to fix typos and rematched. Taxa identified to morphospecies 
were retained as unique entities (called species hereinafter) within 
individual datasets but were not comparable across different studies.

Pollinator species were assigned to functional groups reflecting 
distinct floral resource use and ecological roles, following commonly 
accepted pollination syndromes47: bees, wasps (including sawflies), 
butterflies, hawkmoths, settling moths, beetles, birds, bats, non-flying 
mammals and reptiles (Fig. 2g). Flies were further separated into hover-
flies, known for their relatively specialized floral associations and high 
dataset representation, and all other flies, without further subdivision 
of specialized fly groups due to low abundance and generally coarse 
taxonomic identification in our data. Other floral visitors (such as 
spiders, ants orthopterans, hemipterans) were excluded as mostly acci-
dental floral visitors and/or unimportant pollinators (although some 
species can play an important role in unique pollination systems64). 
Plants were not subdivided into functional groups.

After taxonomic standardization and restricting networks to the 
selected pollinator functional groups, the dataset comprised 110,571 
pairwise interactions among 5,343 pollinator species and 6,126 plant 
species, spanning a broad diversity of pollination systems (Fig. 3b,c).
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Datasets for analyses
To reflect the dataset heterogeneity and robustly test latitudinal spe-
cialization patterns, we created three distinct data subsets for further 
analyses (Fig. 2h).

All-networks dataset (739 networks). This dataset included all quanti-
tative networks after the above-described filtering and merging, regard-
less of original taxonomic scope or sampling methods. This allowed 
evaluation of global specialization patterns analogous to previous 
syntheses not correcting for methodological or taxonomic differences.

Full-networks dataset (322 networks). This dataset included only 
networks covering plant–pollinator communities without intentional 
taxonomic focus (that is, not necessarily sampling all potential inter-
actions in the community, which is usually impossible even with sub-
stantial effort). We excluded partial networks explicitly restricted to 
plant or pollinator groups, such as hummingbird-visited flowers or 
bee-plant interactions. This dataset provides more robust insights 
into community-level specialization patterns by reducing bias from 
taxonomic sampling scope.

Functional-group-networks dataset (926 networks, varying by func-
tional group). To test within-group specialization patterns, we used 
networks originally sampled with a taxonomic bias or subnetworks 
extracted from entire-community networks. These subnetworks were 
created separately for each functional pollinator group, retaining only 
those with ≥5 plant and ≥5 pollinator species (Supplementary Table 3). 
Due to insufficient data, reptiles, bats, non-flying mammals and hawk-
moths were excluded from analyses of this dataset (Fig. 2g).

Specialization metrics
To comprehensively characterize specialization and allow reliable com-
parisons across networks of different size, we used two complementary 
size-independent metrics capturing network-level and species-level 
specialization (Fig. 2i), using the bipartite package65.

Network-level specialization H2′. This metric quantifies the devia-
tion of observed interaction frequencies from random partner 
choice, reflecting overall interaction specialization66. Values range 
from 0 (complete generalization; interactions randomly distributed) 
to 1 (maximum specialization; interactions highly restricted). This 
metric is standardized to account for variation in network size and 
species frequencies66.

Community-mean species-level specialization d′. This metric repre-
sents the average specialization of individual species within networks, 
allowing separation for particular functional groups. Analogous to 
H2′, this metric quantifies deviation of species from random interac-
tions, ranging from 0 (generalist) to 1 (specialist)66. Although d′ is 
correlated with H2′ when calculated for all species in the network66, it 
allows specialization quantification for a part of species, such as plants, 
pollinators or their functional groups. We calculated mean d′ separately 
for pollinators (d′pollinators) and plants (d′plants). d′pollinators was calculated 
across all three datasets and further partitioned by functional group. 
d′plants was calculated for the all-networks and full-networks datasets 
but not for the functional-group-networks dataset, to avoid biases 
introduced by restricting networks to a single pollinator group.

Analyses of specialization patterns
We fitted separate models for each of the three specialization metrics 
(H2′, d′pollinators and d′plants) using a beta distribution bounded between 
0 and 1. To minimize sampling bias67, all analyses were weighted by 
network-specific sampling completeness. This was estimated as 
the proportion of observed to total interactions (completeness at 
order q = 0) using rarefaction and extrapolation implemented in the 

Completeness.link function from the iNEXT package68. Networks were 
generally well sampled, with 75% exceeding 0.75 completeness, with-
out any obvious latitudinal bias, except at the northernmost latitudes 
(>65° N; Extended Data Fig. 1). The estimated completeness value of 
each network was directly used as its model weight, ensuring that 
each network contributed appropriately to the analyses. To assess 
the robustness of this approach, we repeated the full latitude–spe-
cialization analytical workflow using two alternative treatments of 
sampling completeness. First, we repeated analyses using only net-
works with sampling completeness >0.7 in each dataset. Second, we 
included sampling completeness as a parametric covariate, instead of 
a weighting term. These alternative approaches produced latitudinal 
model outputs that were generally very similar to the primary weighted 
analyses, and we therefore retained weighting by sampling complete-
ness as the main approach while reporting the alternative results in 
Supplementary Tables 8 and 9 and Supplementary Figures 3 and 4.

To analyse patterns in interaction specialization, we con-
structed eight model sets for each of the three specialization met-
rics across the three datasets (with d′plants not calculated for the 
functional-group-networks dataset), employing two complementary 
modelling approaches. GAMMs69 were applied to H2′ and d′plants in the 
all-networks and full-networks datasets to capture overall patterns, 
as GAMMs allow flexible nonlinear relationships without assuming a 
predefined shape. To incorporate functional-group-specific responses, 
we fitted HGAMs to H2′ in the functional-group-networks dataset and 
to d′pollinators in all three datasets, as HGAMs extend GAMMs by mod-
elling both global and group-specific responses to predictors. Fol-
lowing ref. 69, we constructed five HGAM types: global effect model 
(single common response across functional groups); group-specific 
common-shape model (functional groups’ responses differ in mag-
nitude but share shape); group-specific different-shape model (each 
group has a distinct response curve); and two combined models with 
a global response alongside group-specific deviations: global and 
group-specific common-shape model and global and group-specific 
different-shapes model. All models were fitted using the gam func-
tion with beta family (betar, logit link) in the mgcv package70. Predic-
tors were modelled with thin-plate regression splines (k = 10). For 
functional-group-specific effects, we applied factor smooths (bs = “fs”) 
to obtain separate estimates for each group. Smoothing parameters 
were estimated by restricted maximum likelihood, with a shrinkage 
penalty to allow splines to collapse to a straight line when the effec-
tive degrees of freedom approached one70. Model diagnostics were 
checked with the gam.check function to ensure no systematic patterns 
in the residuals.

To assess whether latitude predicts variation in interaction 
specialization, we implemented a multistage modelling approach 
(Fig. 2j–l). We tested whether latitude had a significant effect on each 
specialization metric: that is, whether any LSG could be identified. We 
then visually compared the fitted relationships among models with 
a significant latitude effect to determine which of the possible LSGs 
best described each metric and dataset: increasing or decreasing spe-
cialization towards the Equator, a general but complex nonlinear pat-
tern or heterogeneous functional-group-specific latitudinal patterns 
(Fig. 1). First, we evaluated potential methodological biases that may 
complicate interpretation of previously published results by testing 
effects of three network descriptors (sampling focus, habitat open-
ness and geographic region), each as a fixed effect in separate models 
alongside latitude, for each specialization metric and network dataset. 
Second, network descriptors with significant effects on latitudinal spe-
cialization patterns were incorporated as random effects into the main 
latitudinal models (Fig. 2j). We then re-evaluated each random effect 
and sequentially removed those that did not remain significant. This 
resulted in the final set of eight models with latitude as the key predic-
tor and only network descriptors that significantly influenced the LSG 
retained as random effects (Supplementary Table 4). This multistage 
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approach accounts for dataset-specific variability in methodological 
biases while isolating the general latitudinal trend in specialization. 
Because pooling all network types in the all-networks dataset can gen-
erate artefactual patterns due to strong heterogeneity in taxonomic 
scope, we used the all-networks dataset only to document how pooled 
analyses compare with earlier syntheses and do not interpret these 
results further (Extended Data Fig. 2).

To further evaluate potential predictors of the LSG, we tested the 
importance of climatic, environmental and biotic variables (Fig. 2l 
and Supplementary Table 2). We first calculated pairwise correlations 
among all variables (Spearman’s ρ; Fig. 2), visualized their latitudinal 
distributions (Extended Data Fig. 3) and removed highly correlated 
predictors (r > 0.7) to reduce redundancy. Because elevational varia-
tion can disrupt latitudinal patterns, we also tested the relationship of 
MAT to elevation, latitude and their interaction using a linear model 
(lm function). MAT was strongly predicted by this model (P < 0.001; 
R2 = 0.89; Extended Data Fig. 4), and we therefore excluded elevation 
from subsequent analyses. The strong collinearity between latitude 
and temperature indicates that these variables capture largely overlap-
ping environmental gradients. Accordingly, comparisons of model fit 
(AIC) are interpreted as reflecting relative explanatory performance 
rather than fully independent effects. Among the biotic variables, we 
excluded predicted species richness for birds, nectarivorous birds and 
butterflies, as these predictors showed very limited variability within 
the network datasets, probably because of geographical clustering of 
datasets containing these functional groups, making them unsuitable 
for robust model testing.

We then evaluated the remaining climatic (MAT, SD_MMT, MAP), 
environmental (NDVI and SD_NDVI) and biotic (1 predicted and 11 
observed species-richness measures) predictors. Because biotic pre-
dictors are meaningful at different metric–dataset scales, we deployed 
them selectively: observed plant species richness was considered 
broadly for all metrics and datasets; predicted plant species rich-
ness, observed pollinator species richness and observed total species 
richness were considered for H2′ and d′plants in the all-networks and 
full-networks datasets; and observed richness of functional pollinator 
groups was used for species-level metrics (d′plants, d′pollinators) across the 
datasets and additionally for H2′ in the functional-group dataset (see 
Supplementary Table 6 for details). Following the procedure for the lati-
tudinal models, we selected relevant methodological biases as random 
effects for each model and retained only those with significant effects. 
Consequently, each predictor was tested in a separate model, with MAT 
and MAP also examined as interaction terms. Within each of the eight 
model sets, we compared models by AIC against the corresponding 
latitudinal model, treated as a baseline. AIC values were standardized 
within each model set by setting the latitudinal model to zero, and we 
report ΔAIC values relative to this baseline (Supplementary Table 7). 
To compare predictor contributions across models with differing 
random-effect structure, we also quantified the marginal effect of 
each predictor. For each fitted model, we constructed a corresponding 
baseline model containing the same significant random effects but no 
focal predictor. We then quantified the marginal contribution of the 
predictor (or MAT × MAP interaction) as the increase in explained vari-
ance (R2) between the full model and its corresponding random-effects 
baseline model. This procedure isolates the variation uniquely attrib-
utable to the focal predictor while controlling for variation associated 
with methodological biases (Supplementary Table 7).

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All data used for modelling (all network characteristics, including 
specialization metrics, together with all explanatory variables and 

other metadata) are available via Zenodo at https://doi.org/10.5281/ 
zenodo.19118146 (ref. 71). Note that raw interaction matrices are not 
publicly available because they are often part of ongoing projects. 
Requests for access to these data should be directed to S.P.S. or R. 
Tropek, who will coordinate the request with the contributing authors, 
aiming to respond within a month. The contributing authors will col-
lectively make access decisions.

Code availability
Complete R code used for this analysis is available via Zenodo at  
https://doi.org/10.5281/zenodo.19118146 (ref. 71).
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Extended Data Fig. 1 | See next page for caption.
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Extended Data Fig. 1 | Sampling completeness of the analysed networks.  
(a–j) Kernel density distributions of sampling completeness (%) for the all 
networks dataset (a), the full networks dataset (f), and individual functional 
groups in the functional-group networks dataset (b–e, g–j); panel labels report 
sample sizes (n). (k) Latitudinal distribution of low-completeness networks, 

shown as the proportion of networks with sampling completeness ≤ 0.7 in 10° 
latitudinal bins for each dataset and functional group in the functional-group 
networks dataset. Credit: Silhouettes from PhyloPic (https://www.phylopic.
org/) under a Creative Commons license: Halictus rubicundus (CC BY 4.0); 
Acanthorhynchus tenuirostris (CC0 1.0).
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Extended Data Fig. 2 | Latitudinal patterns in plant–pollinator specialisation 
metrics for the all networks dataset. Panels show specialisation metrics: 
network-level H2’ (a); and community-mean species-level separated for 
pollinators (d’pollinators; b) and for plants (d’plants; c). Vertical dashed line marks the 
equator (0°), and vertical dotted lines mark the Tropics of Capricorn (-23.5°) 
and Cancer (23.5°). Curves are GAMM/HGAM fitted mean response smooths: 
black curves indicate overall latitudinal trends with 95% confidence intervals 
(grey shading), coloured curves represent significant functional group-specific 
trends (see legend). Coloured points are raw data. Curves are drawn only when 

the smooth term for latitude is significant, otherwise only points are shown. 
Adjusted R2 and exact p-values for the overall trend are reported in each panel 
(see Table S5 for full model summaries). We assessed the significance of smooth 
terms using two-sided approximate F-tests without correction for multiple 
comparisons. Credit: Silhouettes from PhyloPic (https://www.phylopic.org/) 
under a Creative Commons license: Onthophagus taurus, Darapsa myron  
(CC BY 3.0); Acanthorhynchus tenuirostris, Papilio machaon, Tachinidae, 
Eupeodes volucris, Vespula germanica (CC0 1.0).
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Extended Data Fig. 3 | Latitudinal distribution of plant–pollinator network 
descriptors. Scatterplots show the values of climatic, environmental, and biotic 
descriptors for individual networks in the all networks dataset plotted against 
latitude; points are coloured by elevation. Descriptor definitions, abbreviations 

and units are given in Table S2. Credit: Silhouette from PhyloPic (https://www.
phylopic.org/) under a Creative Commons license: Acanthorhynchus tenuirostris 
(CC0 1.0).

http://www.nature.com/natecolevol
http://www.phylopic.org/
http://www.phylopic.org/
http://creativecommons.org/publicdomain/zero/1.0/


Nature Ecology & Evolution

Article https://doi.org/10.1038/s41559-026-03170-7

R2 = 0.89 ***

-20

-10

0

10

20

30

0 20 40 60 80
Absolute Latitude (°)

M
ea

n 
An

nu
al

 T
em

pe
ra

tu
re

 (°
C

)

Elevation (m a.s.l.)
1000 2000 3000 4000

p < 2.2×10−16

Extended Data Fig. 4 | Mean annual temperature as a function of latitude and elevation for the analysed plant-pollinator interaction networks. Sampling sites are 
coloured by their elevation. The reported adjusted R2 and significance (***p < 0.001) originate from a linear model predicting mean annual temperature from absolute 
latitude and elevation (F3,3492 = 8879).
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