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Significance 

Climate change is reshaping 
ecosystems worldwide, and 
agriculture faces particular 
scrutiny: Models consistently 
warn that warming will boost 
crop pest populations while 
decimating their natural enemies. 
These predictions, built largely 
from controlled laboratory 
experiments, shape global 
concern about food security and 
pesticide use. Yet the real world 
is far more complex than the 
laboratory. Here, we bring an 
unusually large body of field data 
to bear on these predictions and 
find that the forecasted pest 
crisis is neither inevitable nor 
uniform. Some species thrive 
with warming, others decline or 
show no response, and the traits 
scientists use to predict these 
outcomes fall short. Climate-
informed agriculture requires 
coupling field and laboratory 
approaches to capture the 
complexity of real agricultural 
systems. 

Models generated from laboratory-based thermal performance experiments predict that 
arthropod crop pest densities will escalate under rising temperatures. Conversely, nat-
ural enemies are predicted to decline under warming, exacerbating pest outbreaks. We 
tested these predictions using 141,562 field-year observations of 43 arthropod popu-
lations across spatial and temporal temperature gradients. Pests exhibited remarkable 
heterogeneity of responses to elevated temperatures, with some populations increasing 
and others decreasing. Natural enemies also showed variable responses to elevated tem-
peratures, with partial support emerging for the hypothesis that natural enemies are 
more vulnerable to warming than pests. Laboratory-measured thermal performance and 
life-history traits failed to explain the variability of responses across taxa. Our findings 
challenge predictions of universal pest proliferation, highlighting the urgent need for 
species-specific monitoring approaches in agricultural climate adaptation. 

agroecology | ecoinformatics | climate change | arthropod pests | natural enemies 

Global crop losses to arthropod pests exceed $470 billion annually, accounting for 20% 
of total crop production (1). Despite mounting concern that climate change is reducing 
arthropod abundance in natural ecosystems (2, 3), models consistently predict that agri­
cultural pest populations will increase, driving escalating crop losses as temperatures rise 
[the “pest proliferation hypothesis”: (4–6)]. Indeed, many controlled laboratory studies 
show that warmer temperatures accelerate pest insect development and reproduction 
and increase rates of plant consumption (7). Yet these experiments – with constant 
temperatures, artificial diets, and focal species reared from laboratory strains – may not 
translate into field realities (8, 9). Moreover, large-scale field studies across nonagricul­
tural ecosystems reveal no systematic climate-driven trends in abundance despite sub­
stantial warming, instead showing heterogeneous responses across taxa [the “winners and 
losers hypothesis”: (10)]. 

Natural enemies, which suppress agricultural pests by 50 to 90% (11, 12), have been 
hypothesized to be more vulnerable to warming than pests (13). Several mechanisms could 
drive this asymmetry: Larger-bodied predators may experience greater metabolic stress 
than their smaller prey (14), parasitoids, despite being smaller than their hosts, may suffer 
higher heat-induced mortality or developmental disruption than hosts due to lower ther­
mal tolerances (15), and specialists may fail to maintain synchrony with shifting prey 
phenologies (15, 16). Any emergent trophic asymmetries may amplify temperature impacts 
on natural enemies, as disruptions to pest populations, even sublethal effects, propagate 
upward to negatively affect natural enemies, while disruptions to natural enemies benefit 
pests through release from predation pressure (11). However, these mechanisms have been 
studied primarily in specialist predators and parasitoids, and field validation is needed 
across the omnivorous generalists that dominate many agricultural systems (12). If both 
predictions hold – pest proliferation combined with natural enemy decline – a “worst-case 
scenario” would emerge for agricultural systems where crop yields fall and pesticide use 
rises, threatening human health and the environment (17–19). Trait-based frameworks 
that identify high-threat pests and at-risk natural enemies would enable targeted manage­
ment, yet whether laboratory-derived traits can predict field responses remains largely 
untested despite extensive research on major agricultural arthropods. 

Here, we leveraged three large-scale field surveys of agricultural arthropod populations 
to address three questions. 1) Do agricultural pests uniformly become more abundant at 
higher field temperatures, reflecting model predictions (the pest proliferation hypothesis), 
or do species exhibit variable responses, consistent with the heterogeneous patterns 
observed in nonagricultural systems (the winners and losers hypothesis)? 2) Are natural 
enemies more vulnerable to the effects of elevated temperature than pests, resulting more D
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often in depressed populations? Finally, 3) Can laboratory-quantified 
thermal performance traits explain variation in the magnitude and 
direction of species’ responses to warming in the field? 

Using an ecoinformatics approach where current temperature 
variation across space and time serves as a proxy for future climate 
scenarios, we assessed how temperature affects 43 arthropod pop­
ulations (30 pest and 13 natural enemy populations representing 
28 pest and 11 natural enemy species) across five crops (rice, 
cotton, grapes, citrus, and olives) in Andalusia, Spain, and 
California, USA, two temperate agricultural regions with uniquely 
extensive long-term monitoring data. We analyzed three agricul­
tural databases (20–22), spanning 13,308 sites over 13 y (2006– 
2019) yielding a total 141,562 field-year observations (23). Using 
generalized linear mixed models, we first quantified the effects of 
three temperature predictors (annual, summer, and winter means) 
on pest abundance, with all outcomes reported as percent change 
in population density per increase of 1 °C. We additionally tested 
extreme temperature metrics (summer maximum and winter min­
imum) to assess responses to heat waves and cold snaps. Because 
farmers apply pesticides when populations become economically 
damaging, we used pesticide application intensity (66,663 obser­
vations) as independent validation of pest responses to tempera­
ture. We then quantified natural enemy responses to temperature 
using the same modeling approach and compared response dis­
tributions across trophic levels (pests versus natural enemies) to 
test for differences in temperature vulnerability. Finally, we com­
piled thermal performance traits and life-history characteristics 
from published literature and used weighted regression analyses 
to test whether these traits could predict the direction and mag­
nitude of population responses in the field. 

Temperature Responses Vary across Pest Populations. Thirty pest 
populations exhibited highly variable responses to temperature, 
supporting the winners and losers hypothesis (Fig. 1 and 
SI Appendix, Fig. S1 and Table S1). Depending on the temperature 
metric examined, 13 to 14 populations exhibited increased densities 
with warming, 6 to 9 declined, and 8 to 10 showed no significant 
response. Mean responses of pest populations were modestly 
positive across all temperature predictors (6.5 to 7.8% increase 
per °C). 

Pesticide application intensity, representing farmers’ adaptive 
responses to pest populations, exhibited similar variability in response 
to temperature, validating pest outcomes (Fig. 1 and SI Appendix, 
Fig. S1 and Table S2). Applications increased for 6 to 7 populations, 
decreased for 4 to 7 populations, and were unchanged for 3 to 6 
populations, depending on the temperature metric. Mean responses 
across pesticide applications were again modestly positive across all 
temperature predictors (1.2 to 5.4% increase per °C). 

The mismatch between model predictions (consistent increases 
in pest densities under elevated temperature) and field outcomes 
(variable pest density responses) likely reflects methodological 
limitations that prevent laboratory studies from capturing the 
ecological complexity of the field (Fig. 2). Laboratory warming 
experiments impose simplified conditions: Using constant tem­
peratures (8, 24), artificial diets (25), and laboratory colonies 
reared in isolation from other members of the community (26), 
researchers generally observe dome-shaped thermal performance 
curves. In the field, fluctuating temperatures interact with a mul­
titude of ecological factors that shape population size. These 
include nontemperature climate variables (27), variable host plant 
quality (28), interactions with competitors and natural enemies 
(29), access to microclimatic refugia (30), phenotypic plasticity 
(9, 31), stage-specific thermal vulnerability (29), and variable 

pesticide applications and other management practices (32). Over 
longer timescales, field populations may undergo local thermal 
adaptation (9) and phenological shifts (13, 33). In our analyses, 
populations exhibited predominantly linear responses to temper­
ature (SI Appendix, Fig. S2), reflecting the complex interactions 
that prevent us from observing the dome-shaped responses to 
temperature that might be expected based on laboratory thermal 
performance experiments.            

Heightened Vulnerability of Natural Enemies. Our analyses 
revealed only partial support for the hypothesis that natural 
enemies have greater vulnerability to high temperatures than 
pest species. Pests and natural enemies exhibited significant but 
opposite average responses to annual mean temperatures, with pest 
populations averaging 6.9% increases (SD = 17.4) and natural 
enemy populations averaging 3.6% decreases (SD = 11.3) per °C 
of warming (t = −2.36, P = 0.02, df = 34.4, SI Appendix, Table S3). 
Analyses of winter minimum temperatures revealed similar 
patterns, with pest populations averaging 8.7% increases (SD = 
14.7) and natural enemy populations averaging 1.3% decreases 
(SD = 11.2) per °C of warming (t = −2.43, P = 0.02, df = 29.8). 
Winter mean temperatures showed a similar but nonsignificant 
trend with average pest populations increasing by 7.7% (SD = 
15.7) and natural enemy populations decreasing by 2.6% (SD = 
18.13; t = −1.79, P = 0.09, df = 20.2). Summer temperatures (mean 
and maximum) produced positive mean responses for both pests 
(6.5% and 1.9%; SD = 19.56 and 18.68, respectively) and natural 
enemies (2.1% and 3.4%; SD = 6.97 and 9.58), with no significant 
difference between groups for either temperature metric (t = −1.07, 
P = 0.29, df = 40.2; t = 0.33, P = 0.74, df = 39.6). 

This partial support for heightened natural enemy vulnerability 
likely reflects how several mechanisms operate (or fail to operate) 
in our generalist-dominated system (SI Appendix, Supplemental 
Text). Current theory emphasizes large-bodied predators experienc­
ing greater metabolic stress than their smaller-bodied prey under 
elevated temperatures (14), while parasitoids, despite being smaller 
than their hosts, may have lower thermal tolerances making them 
susceptible to heat-induced mortality and phenological mismatch 
with shifting host populations (15, 16). However, nearly all natural 
enemies in our dataset were omnivorous generalist predators, typ­
ically larger than individual prey but with active movement and 
broad dietary flexibility including extensive plant feeding. This 
generalist ecology and ability to thermoregulate behaviorally across 
the diverse microclimates present in agricultural landscapes likely 
buffers natural enemies against summer heat, explaining the absence 
of significant differences between average pest and natural enemy 
responses during summer when metabolic stress and phenological 
mismatch should be most pronounced. The lack of both summer 
mean and maximum temperature effects suggests that these natural 
enemies are not succumbing to overheating during unusually warm 
growing season conditions or heat waves. 

Instead, the significant differences between pests and natural 
enemies in their responses to annual means and winter minima 
point to two nested mechanisms. First, overwintering periods 
may be particularly vulnerable windows for predators. Unlike 
summer when these mobile omnivores flexibly exploit multiple 
prey and supplement with plant resources, winter forces reliance 
on stored reserves during dormancy. Warming of coldest winter 
days could trigger premature or delayed emergence, depleting 
energy before prey, pollen, nectar, or actively growing plant tissues 
become available in early spring (34). Critically, while omnivorous 
predators can subsist on vegetative plant tissues, many species 
depend on arthropod prey for peak reproductive output and rapid 
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Fig. 1. Temperature effects on agricultural pests (30 populations, 28 species; orange bars), pesticide applications (14 species; red bars), and natural enemies 
(13 populations, 9 species and 2 species complexes; blue bars) across five crops in Andalusia, Spain, and California, USA. Each bar represents a unique 
population, with some species appearing across multiple regions or crops. Populations (x-axis) are labeled using four-letter codes (first two letters of genus and 
species names) with region or crop abbreviations in parentheses when species appear in multiple locations. A full list of species names and associated codes 
can be found in SI Appendix, Supplemental Text. Percent change in population density per 1 °C (y-axis) shows response to elevated temperature, with positive 
values (above dotted line) indicating increases with warming and negative values (below dotted line) indicating population declines. Panels show responses to 
(A) annual, (B) summer, and (C) winter mean temperatures. Transparent bars indicate lack of statistical significance; error bars show SE. A full list of effects by 
population/pesticide application and temperature predictor can be found in SI Appendix, Tables S1, S2, and S4. 

population growth (35), creating a fundamental asymmetry with 
herbivorous pests. For pests, milder winter minimum tempera­
tures may reduce cold mortality, and unlike predators that 
require prey populations to rebuild, pests can immediately 
exploit plant resources as they become available, producing net 
population benefits (36). This winter-specific disruption likely 
contributes to the pattern we observe for winter minimum tem­
peratures, but cannot fully explain the differences in annual 
mean temperature effects, pointing to a second mechanism: 
cumulative trophic asymmetries that compound effects across 
the entire year. Any temperature-driven disruptions to pest pop­
ulations – even sublethal effects on prey quality, behavior, or 
phenology across seasons – may propagate upward to negatively 
affect natural enemies (11). Conversely, disruptions to natural 

enemies can benefit pests through release from predation pres­
sure. This fundamental asymmetry means natural enemies expe­
rience cumulative detrimental effects throughout the year while 
pests may experience net benefits, producing the pattern we 
observe for annual mean temperatures. 

Given that winter warming is occurring at roughly twice the rate 
of summer warming globally (37), these overwintering disruptions, 
amplified by trophic asymmetries operating across seasons, may pose 
the greatest climate risk to biological control services, even among 
generalist taxa resilient to summer warming. Nevertheless, the het­
erogeneity we observed across natural enemy species (SI Appendix, 
Table S4) suggests climate impacts on natural enemies are highly 
context-dependent and seasonally specific, driven by mechanisms 
that differ substantially from those in the specialist systems where 
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Fig. 2. Conceptual diagram illustrating the different effects of temperature on arthropods in controlled laboratory conditions versus complex field 
environments. Panel (A) depicts traditional growth chamber experiments for which chosen methodology often includes constant temperatures, artificial diets, 
and use of laboratory-reared colonies. These controlled conditions manifest as dome-shaped thermal performance curves, with distinct optimal temperatures 
and declining performance at both low and high temperature extremes. Panel (B) presents how fluctuating temperatures interact with multiple ecological 
factors that shape arthropod populations in real agricultural systems, with most populations exhibiting linear responses to temperature. Factors are grouped 
by contemporary processes (light green) and long-term processes (dark green). 

most theory has been developed, with many species likely to prove 
resilient.  

Laboratory-Measured Thermal Performance and Other Life- 
History Traits Fail to Predict Field Responses. Finally, we tested 
whether thermal mismatch – the difference between ambient 
field temperatures and laboratory-measured thermal optima – 
could explain the direction and magnitude of temperature- 
driven population responses. We collated thermal optima from 
published laboratory studies estimating different fitness metrics 
(net reproductive rate, R0; intrinsic population growth rate, rm; 
development rate; and survival rate) as a function of temperature 
(SI Appendix, Table S5). Mean ambient temperatures were 
averaged across all sites and years with corresponding arthropod 
field observations. Because laboratory thermal performance 
experiments reflect peak growing season conditions, we quantified 
thermal mismatch against population responses to summer tempe­
ratures (mean and maximum). We also assessed the relationship 
between arthropod responses to temperature and life-history traits 
implicated in arthropod thermal ecology, including body size (38), 
voltinism (39), native status (40), diet breadth (41), and feeding 
strategy, using taxonomic order as a coarse proxy for phylogenetic 
relatedness (42). 

We expected putatively heat-stressed populations (ambient 
temperatures experienced in the field are greater than laboratory- 
measured thermal optima) to decline with warming and putatively 
non-heat-stressed populations (ambient field temperatures are 
below laboratory-measured thermal optima) to increase, produc­
ing a significant negative correlation. Instead, thermal mismatch 
showed no association with summer field population responses 
for any thermal performance metric (Fig. 3 and SI Appendix, 
Fig. S3; R0: β = 1.59, SE = 1.36, P  = 0.25; rm: β = −2.46, SE = 
1.73, P  = 0.17; development: β = −1.48, SE = 1.44, P  = 0.31; and 
survival: β = 0.66, SE = 0.98, P = 0.51). Life-history traits also 
failed to predict field temperature responses (all P  > 0.05, range: 
P  = 0.54 – 0.91; SI Appendix, Tables S6 and S7).          

The same complexity that limits laboratory-based projection 
models may contribute to the inability of our trait-based analyses 
to explain variation in warming responses; the failure of thermal 
optima and related traits to predict field responses likely reflects 
a conceptual mismatch between reductionist experimental frame­
works and the ecological complexity of agroecosystems, rather 
than a deficiency in the traits themselves. These metrics are meas­
ured under conditions that isolate temperature as the sole driver 
of performance, whereas field populations experience temperature 
as one of many interacting environmental and management D
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Fig. 3. Relationships between thermal mismatch and life history traits using population responses to summer mean temperatures. Effects are shown for 29 
pest populations (27 species; orange) and two natural enemy populations (two species; blue). Thermal mismatch (x-axis) represents the difference between 
field temperatures (summer mean temperature) and laboratory-measured thermal optima, with negative values indicating field temperatures below optima 
and positive values above optima. Population density responses to summer mean temperatures (y-axis) show percent change per °C, with positive values 
indicating population increases with warming and negative values indicating declines. Panels A–D show relationships for thermal optima measured via (A) net 
reproductive rate (R0), (B) intrinsic growth rate (rm), (C) development rate, and (D) survival rate. Transparent points indicate nonsignificant temperature effects; 
point size represents inverse SE of the temperature coefficient (propagated error from temperature analyses); shaded regions show 95% CI. Panel (E) shows 
effect sizes (coefficient ± 95% CI) for the influences of other life history traits on observed relationships between field temperatures and population densities. 
None of the traits significantly explained variation in temperature-driven population responses. A full list of results by population and trait predictor can be 
found in SI Appendix, Tables S6 and S7. 

variables. For example, water availability can alter host plant qual­
ity and herbivore performance, pesticide and herbicide applica­
tions reshape trophic interactions, and shifts in plant productivity 
cascade through food webs in ways that no single trait can capture 
(Fig. 2). Recent studies have identified overwintering strategy 
[diapause stage; (43)] and critical thermal limits [CTmax; (44)] as 
strong predictors of species’ responses to warming, yet we could 
not recover sufficient published data to test these traits for our 
focal species. While trait-based approaches retain value for under­
standing physiological constraints, our results demonstrate that 
forecasting pest responses to climate change cannot rely on tem­
perature alone or on trait-based extrapolations derived from lab­
oratory studies.  

Study Validation and Limitations. To ensure our results reflect 
genuine ecological processes rather than statistical artifacts, we 
validated our findings in two ways. First, as described above, we 
examined both population densities and pesticide applications 
as dual measures of pest population severity. Second, we con­
ducted literature searches to identify field studies that provide 
direct comparisons with our observed population responses to 
temperature. Previous studies of Bactrocera oleae [(21), examining 
summer temperatures], Helicoverpa armigera [(45), examining annual 
mean temperatures], and Bemisia tabaci [(46), examining summer 

temperatures] each confirmed the direction of temperature- 
driven population responses observed in our data, with B. oleae 
populations declining under higher temperatures and H. armigera 
and B. tabaci populations increasing under higher temperatures. 

Several limitations constrain the generalizability of our findings. 
Our data derive exclusively from temperate agricultural regions 
(Andalusia and California), and responses may differ in tropical 
systems where thermal stress dynamics may be more detrimental 
(47), though recent studies suggest that temperate zone arthropods 
may be equally threatened (48). The natural enemy dataset was 
also much smaller in size and taxonomic scope than the pest data­
set (13 versus 30 populations); thus, our conclusions about natural 
enemy impacts require validation with richer datasets. Additionally, 
our 13-year study period required using spatial and temporal tem­
perature variation as a proxy for climate change rather than track­
ing long-term warming effects directly. Nevertheless, this approach 
is well supported by the climate context of our study regions. The 
temperature ranges observed across our field sites encompass var­
iation equivalent to several decades of projected warming for both 
regions. For California, annual temperatures are projected to 
increase 2 to 4 °C (medium emissions) to 4 to 7 °C (high emis­
sions) by end of century (49), while the Iberian Peninsula is iden­
tified as a global warming hotspot with projected summer warming 
of 1.8 to 8.5 °C by end of century (50). Our observed annual, D
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summer, and winter mean ranges (California: 14.3–20.3 °C, 
23.8–29.8 °C, and 6.8–13.0 °C; Spain: 12.2–19.8 °C, 21.7– 
29.3 °C, and 4.4–14.5 °C) span approximately 6 to 10 °C across 
all seasons in both regions. The statistical power of our analyses 
alongside our validation methods suggests that diverse responses 
to variation in temperature are a general feature of arthropod 
populations across diverse agroecosystems. 

Implications for Agricultural Climate Adaptation. Our findings 
are inconsistent with predictions of universal crop pest proliferation 
under warming, revealing instead highly species-specific 
temperature impacts. These outcomes mirror patterns emerging 
across diverse terrestrial ecosystems, with agroecosystems proving 
no exception; even simplified agricultural conditions produce 
complex rather than uniform arthropod responses to temperature. 
We also demonstrate that laboratory-measured thermal traits and 
life history characteristics fail to predict arthropod responses in 
the field, highlighting a broader conceptual implication: effective 
climate adaptation in agriculture requires moving beyond 
temperature-centric, trait-based frameworks toward empirically 
grounded, system-level approaches that account for interacting 
climatic, ecological, and management drivers. Effective climate 
adaptation will therefore require three critical shifts in agricultural 
pest management: 1) establishing intensive, species-specific 
monitoring networks that track population trends across taxa, 
crops, and regions, 2) prioritizing natural enemy monitoring 
across diverse guilds (parasitoids, predators, omnivores), and 3) 
deemphasizing attempts at trait-based prediction frameworks in 
favor of empirical, adaptive management strategies grounded 
in local field data and the full complexity of agroecosystem 
interactions. As climate change accelerates, these monitoring- 
intensive approaches will be essential for maintaining crop 
productivity while preserving beneficial arthropod communities. 

Materials and Methods 

Study System. Our study was conducted in two major agricultural regions at 
similar latitudes: Andalusia, Spain (approximately 37.5°N, 4.6°W) and California’s 
San Joaquin Valley (approximately 36.6°N, 120.2°W). Both regions are critical 
agricultural production areas, with each generating billions of dollars in agricul-
tural value annually. Regions share Mediterranean climate patterns with wet, mild 
winters and dry, hot summers, creating comparable seasonal growing conditions 
and arthropod emergence patterns. 

During our study period (2006–2019), mean annual temperatures across all 
years were 17.9 °C in Andalusia and 17.7 °C in the San Joaquin Valley, California, 
with mean seasonal temperature ranges of 10.6–26.4 °C and 10.3–26.9 °C, 
respectively (SI Appendix, Fig. S1). The crop systems analyzed varied between 
regions based on available data. In Andalusia, we analyzed cotton, olive, citrus, 
grapes, and rice, while the San Joaquin Valley sites included cotton and citrus. 
Both regions were selected for their exceptional agricultural monitoring infra-
structure and long-term pest surveillance programs, providing the high-quality, 
standardized data essential for our ecoinformatics approach. 

Pest Monitoring Databases. We analyzed three comprehensive ecoinformatics 
databases containing arthropod abundance, pesticide application, and agricul-
tural management data. The primary source was the Red de Alerta e Información 
Fitosanitaria (RAIF) database from Andalusia, Spain, a government-operated 
monitoring network that has tracked over 130 pest species and 40 natural ene-
mies across Mediterranean crops since 2006. We complemented this with the 
Citrusformatics and Cottonformatics databases from California’s San Joaquin 
Valley.These databases provide comparable temporal coverage to RAIF. Data from 
California were reported by private pest control advisors (PCAs) and provide high- 
resolution population assessments following standardized protocols established 
by the University of California Cooperative Extension. The two California data-
bases collectively monitor 14 pest and natural enemy species across commercial 

production sites, with data collection protocols designed to guide integrated pest 
management decisions. Our analyses focused on 43 populations representing 
39 distinct species (28 pest species and 11 natural enemy species; see below for 
details on species selection). Our final dataset encompassed 13,308 field sites 
across five crops (cotton, olive, citrus, grapes, and rice) over 13 y (2006–2019).This 
comprised 141,562 field-year observations for abundance analysis and 66,663 
field-year observations for pesticide analysis. 

Data Processing, Statistical Analyses, and Software. Data processing was 
primarily conducted using ftfy (Python) for Unicode correction. All analyses were 
conducted in R version 4.3.2 (R Core Team, 2023). We used dplyr and tidyverse for 
data manipulation, lme4 (version 1.1.35.1) for generalized linear mixed models, 
MuMIn for calculating marginal and conditional R2, and ggplot2 for visualization. 
Model convergence was assessed using lme4 default criteria; models that failed 
to converge were excluded from analysis. Statistical significance was assessed at 
α = 0.05 unless otherwise noted. 

Processing Arthropod Abundance Data. To prepare the arthropod abundance 
data for our analyses, we performed a series of preprocessing steps. We first 
established a set of inclusion criteria to select focal species. Initial taxonomic and 
sampling criteria for species selection prior to data processing included a) taxa 
must be identified to species (with exceptions for natural enemies due to limited 
data availability), b) abundance measures or percent infestation metrics must be 
available for each focal species (to ensure methodological comparability), and 
c) species must have a minimum of 300 raw field-year observations to ensure 
sufficient statistical power in downstream modeling. 

We corrected typographical inconsistencies, including Unicode encoding 
errors that predominantly occurred in Spanish data due to inconsistent character 
encodings. These corrections were performed in two phases: We first corrected 
mismatched encodings; we then identified potential duplicates by training a 
linear regression model on qgram, cosine, Smith–Waterman, and LCS metrics 
to assess string similarity. 

To control for within-species variation in sampling timing, we excluded tempo-
ral outliers by removing observations below the 5th and above the 95th percentile 
of sampling dates. To control for uneven sampling across fields, we excluded 
sites with fewer than three observations. To obtain robust and reliable measures 
of abundance per field, we aggregated the time series data by calculating mean 
arthropod densities across observations within a field-year location.This temporal 
consolidation reduced our dataset to a single measure of insect abundance per 
field-year-crop combination. 

To facilitate model fitting, we excluded field locations containing only a single 
year of observation for five species where this occurred [Stethorus spp., Aonidiella 
aurantii (Spain), Deraeocoris spp., Hippodamia variegata, and Panonychus citri 
(Spain)], as mixed-effects models require multiple observations per level of ran-
dom effects. 

After these preprocessing steps, we fitted preliminary generalized linear mixed 
models for all candidate species to test for convergence. We excluded species with 
nonconvergent models and retained only species with 90 or more independent 
field-year observations for robust parameter estimation in the final models. 

Processing Pesticide Application Data. Of the pest species that met our 
inclusion criteria for the abundance analysis, we assessed which had sufficient 
pesticide application data to support parallel analyses of temperature effects 
on pesticide use. We applied a separate minimum threshold of 300 field-year 
observations of pesticide applications targeting each species to ensure sufficient 
statistical power for pesticide trend analysis. This filtering identified 16 of the 
30 pest populations with adequate pesticide data: Aonidiella aurantii (Spain), 
Aonidiella aurantii (California), Bactrocera oleae, Bemisia tabaci, Earias insu-
lana, Helicoverpa armigera, Lobesia botrana, Phyllocnistis citrella, Pectinophora 
gossypiella, Panonychus citri (Spain), Panonychus citri (California), Prays oleae, 
Tetranychus urticae, Scudderia furcata, Scirtothrips citri, and Lygus hesperus. We 
then used the number of field-level pesticide sprays applied across the season 
to create a metric of pesticide application intensity per field-year. Because insec-
ticide applications may remain effective for several days, we counted applications 
occurring within a 4-d window as a single application to avoid overestimating 
treatment intensity. 
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Climate Data. We extracted temperature data from the ECMWF ERA5 reanalysis 
dataset at 37 × 37 km spatial resolution for each field site. Variance partition anal-
ysis revealed that temperature variation was driven primarily by spatial differences 
between sites (72.8 ± 1.1%) rather than temporal changes across the 13-year 
study period (23.6 ± 1.3%), with residual variation accounting for 3.5 ± 1.2% 
depending on the temperature predictor, supporting our space-for-time substitu-
tion approach. Because arthropods respond to temperature differently throughout 
the year and across life stages, we calculated three temperature predictors to 
capture different aspects of arthropod thermal experience. These included 1) 
annual mean temperature (Julian days 1 to 365) representing overall thermal 
conditions, 2) summer mean temperature (Julian days 171 to 265, approximately 
June–September) representing growing season conditions, and 3) winter mean 
temperature (Julian day 365 of previous year through day 79, approximately 
January–March) representing overwintering conditions. We also tested extreme 
temperature metrics (summer maxima and winter minima averaged over the 
10 hottest and coldest days, respectively), but these produced results similar to 
seasonal means and are reported in SI Appendix, Tables S1, S2, and S4. Given the 
similar temperature regimes of both regions, these seasonal boundaries were 
applied consistently across both study regions (SI Appendix, Fig. S4).

For most species, we used the standard temperature predictors based on 
calendar timing. However, for seven species where more than 50% of sampling 
occurred in early spring (prior to Julian day 171, before annual temperature 
maxima), we utilized lagged temperature variables from the preceding year to 
more accurately capture the thermal conditions experienced during critical devel-
opmental periods that influence observed population densities. These species 
included Calepitrimerus vitis, Euphyllura olivina, Euseius spp., Icerya purchasi, 
Prays oleae, Scirtothrips citri, and Scudderia furcata.

Arthropod Population Analysis. We quantified temperature responses for 43 
arthropod populations using generalized linear mixed models (GLMMs) with 
Gaussian family and identity link function, with each population analyzed sep-
arately. Models tested five temperature predictors individually due to collinear-
ity: annual mean, summer mean, winter mean, summer maximum, and winter 
minimum temperatures. Our response variable was field-level mean arthropod 
abundance per site per year, log-transformed to address skewness and improve 
cross-species interpretability. Temperature predictors were standardized to facil-
itate comparisons across populations. Models followed the structure:

log
(
mean_abundance+C

)
∼β

(
standardized_temp_predictor

)

+
(
1|fieldcode

)
+
(
1|subregion

)
,

where C is a species-specific constant added to handle zero abundance values. 
The C value for each species was determined based on its data distribution: for 
species with >50% zeros, C = (minimum nonzero value)/2; for species with 25 
– 50% zeros, C = (first quartile)/2; otherwise, C = (median)/10, with a minimum 
threshold of C = 0.001. This approach ensures appropriate scaling relative to each 
species’ abundance range. Random effects controlled for repeated sampling of 
fields across years and broad-scale spatial autocorrelation through subregional 
groupings.

The subregion random effect required careful consideration. To mitigate spa-
tial autocorrelation while preserving temperature effects, we created rectangular 
subregions that agnostically partitioned our study areas: 16 subregions in the 
San Joaquin Valley and 40 in Andalusia. Subregion size was critical to model 
performance. Subregions that were too small would absorb temperature vari-
ation because temperature varies systematically across space with latitude and 
elevation, thereby removing the temperature signal we sought to detect. We 
therefore sized subregions (0.7° × 0.7°, approximately 77.7 km × 77.7 km) 
to be larger than our climate data grid resolution (~37 km × 37 km), ensuring 
temperature effects remained detectable while controlling for broad-scale spatial 
patterns. Moran’s I tests confirmed effective mitigation of spatial autocorrelation 
(SI Appendix, Fig. S5).

We also compared linear versus quadratic temperature relationships because 
insects are presumed to have nonmonotonic responses to temperature across 
their thermal ranges, but found no substantial improvement in model fit with 
quadratic terms. Linear models also provided more interpretable results. We 
therefore report only linear model results. The resulting beta coefficients repre-
sent population-level temperature sensitivity: Positive values indicate population 

increases with warming, while negative values indicate population decreases. 
Beta coefficients were converted to percent change per °C for consistent inter-
pretation across populations.

Pesticide Application Analysis. Farmers in both regions apply pesticides adap-
tively based on pest abundance monitoring by agricultural extension staff and 
private pest consultants. We leveraged this relationship by constructing parallel 
models for 16 pest populations with sufficient pesticide application data (mini-
mum 300 raw field-year observations per species), using pesticide application 
frequency per field per year as the response variable.

To facilitate direct comparison of temperature effect sizes between abundance 
and pesticide application responses, we used the same modeling framework 
for both: Generalized linear mixed models with Gaussian family and identity 
link function applied to log-transformed data. While count models (e.g., Poisson 
regression) are often used for pesticide application data, our approach of log-
transformation with species-specific constants added provides comparable effect 
size estimates and has been widely applied to zero-inflated count data. We deter-
mined species-specific constants (C) using the same distribution-based approach 
described above for abundance data. Models followed the structure:

log
(
pesticide_applications+C

)
∼ �

(
standardized_temp_predictor

)

+
(
1|fieldcode

)
+
(
1|subregion

)

These analyses served two purposes: 1) providing independent validation 
of the variability of temperature–pest relationships through farmer decision-
making patterns and 2) quantifying temperature effects on pesticide use inten-
sity, which has direct economic and environmental implications for agricultural 
sustainability.

Comparison of Pest and Natural Enemy Responses. To test whether nat-
ural enemies are more vulnerable to warming than pests, we compared tem-
perature response coefficients between the two groups using independent 
samples t tests. For each of five temperature predictors (annual mean, sum-
mer mean, winter mean, summer maximum, and winter minimum), we tested 
whether mean coefficients differed significantly between pest populations 
(N = 30) and natural enemy populations (N = 13). We conducted separate 
tests for each temperature predictor to assess whether natural enemy sen-
sitivity differed from pest sensitivity across different seasonal and temporal 
temperature metrics.

Trait Analysis. We tested whether species traits could explain variation 
in temperature responses across arthropod populations. Our trait matrix 
included thermal performance traits (thermal optima calculated for meas-
urements of net reproductive rate, intrinsic growth rate, development rate, 
and survival rate), adult body size, voltinism, diet breadth, feeding strategy, 
native status, and taxonomic order. We focused our analysis on taxa identified 
to the species level (N = 29 of 43 total populations), as most natural enemies 
were identified only to genus level. Trait data were compiled from published 
literature (SI Appendix, Table S5).

We extracted thermal performance curve data from published laboratory 
studies and identified the temperature yielding maximum performance for each 
physiological metric. Seven species (Aonidiella aurantii [California and Spain], 
Coccinella septempunctata, Earias insulana, Frankliniella occidentalis, Mythimna 
loreyi, and Tetranychus urticae) exhibited linear or monotonically increasing per-
formance curves with no clear thermal optimum within the tested temperature 
range. For these species, we conducted sensitivity analyses using three assumed 
thermal optima (30.1 °C [conservative], 33 °C [moderate], and 35 °C [high]) to 
assess the robustness of results to these assumptions. Results were consistent 
across all assumed values and when excluding these species entirely, indicating 
that our findings were not sensitive to treatment of species lacking clear ther-
mal optima.

We hypothesized that thermal mismatch (the difference between a species’ 
experienced ambient temperature and its laboratory-measured thermal opti-
mum) would better predict temperature responses than thermal optimum 
alone. We calculated species-specific ambient temperatures by averaging field 
temperatures across all sites and years for each species, then computed thermal 
mismatch as

Thermal_mismatch = Tambient − ToptD
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where Tambient represents mean ambient temperature and Topt represents 
laboratory-measured optimal temperature for each physiological metric. We 
focused analyses on summer temperature responses (summer mean and summer 
maximum), as these temperature periods are most relevant to thermal perfor-
mance curve predictions. Results for summer mean temperature are presented 
in the main text, while results for summer maximum temperature are provided 
in the supplement (SI Appendix, Fig. S4). 

For each trait, we constructed weighted linear regression models testing 
whether the trait predicted field temperature response coefficients (expressed 
as percent change per °C; SI Appendix, Table S6): 

Population_percent_change ∼ trait 

All models incorporated inverse variance weighting (weights = 1/SE2) to prop-
agate uncertainty from the population-level temperature analyses. This weighting 
gives greater influence to species with more precisely estimated temperature 
responses. Models were fitted separately for summer mean and summer maximum 
temperature responses. Categorical traits with fewer than three species per level were 
excluded from analysis to ensure adequate sample sizes. 

Finally, we also tested for potential additive and interactive effects by con-
structing combination models that included thermal mismatch alongside other 
life history traits (SI Appendix, Table S7). Additive models tested whether thermal 
performance and other traits independently predicted temperature responses 

(e.g., thermal_mismatch + body_size), while interactive models tested whether 
effects of thermal mismatch depended on other traits (e.g., thermal_mismatch 
× body_size). For combination models, we applied false discovery rate (FDR) 
correction to account for multiple comparisons. However, no combination models 
showed significant effects after FDR correction, so we report only single-predictor 
results in the main analyses. 

Data, Materials, and Software Availability. Anonymized excel CSV data have 
been deposited in Dryad (10.5061/dryad.ffbg79d87) (23). 
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