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Insects make up the majority of all animal species, with 70% occurring in the tropics’,
yet the impacts of warming on tropical insects remain highly uncertain®. This stems
from sparse, taxonomically biased data on thermal tolerance of tropical insects and
anincomplete understanding of the underlying physiological mechanisms?®. Here we
compared environmental temperatures with field-measured upper and lower thermal
tolerance limits of around 2,300 insect species along Afrotropical and Neotropical
elevational gradients and identified genomic signatures of thermal tolerance across
theinsect tree of life. We show that thermal tolerances do not proportionally track
environmental temperatures but approach an asymptote in tropical lowlands. Insects
at high elevations utilize plasticity to cope with rising temperatures, whereas lowland
species have limited plastic abilities. Heat tolerance showed strong differences among
insect orders and families, reflected in the thermal stability of proteins, suggesting
that variation in thermal tolerance is founded in the fundamental protein architecture.
Up to 52% of future surface temperatures and 38% of air temperatures in the Amazonian

lowlands can cause heat mortality in half of the studied community. Our data suggest
alimited capacity of insects in the Earth’s most biodiverse regions to buffer future

warming.

As global temperatures rise, insect diversity continues to decline at
alarming rates in many regions*. More than 70% of all insect species
arefoundinthe tropics', where they are essential for ecosystem func-
tioning®. As small ectotherms, insects are particularly vulnerable to
increasing temperatures®, yet our knowledge of their heat response is
limited. Despite their immense diversity, data on thermal tolerances
of tropical insects are sparse and heavily biased towards a few groups
(forexample, antsand fruit flies)®. Previous analyses suggest that upper
thermal limits are relatively static along climate gradients with little
plasticity”®, indicating thatinsects may have alow capacity to tolerate
further warming™.

Currently, tropical lowland places are experiencing increasing
average and extreme temperatures due to anthropogenic warming?,
underscoring the urgency of understanding the ability of insect com-
munities to respond to increasing temperatures and to reveal upper
boundaries of heat tolerance. Besides heat, cold waves also challenge
tropical animal communities and are expected to increase inintensity
under future climate scenarios™. Species turnover, local adaptation
to climate and evolutionary constraints influence thermal tolerance

limitsininsects®, but their relative importance across insect lineages
remain unclear.

Heat tolerance is assumed to be strongly related to the ability of
organisms to counter the destabilizing effects of high temperature
on proteins®. Although production of heat shock proteins can coun-
teract destabilization from heat to some degree, upper thermal limits
of protein stability (measured as protein melting temperatures) are,
in ectotherms, ultimate indicators of the threshold at which environ-
mental temperature will have high costs and cause thermal injuries and
mortality'®. Although protein melting temperatures are commonly
studied in structural biology, it is unclear whether they vary among
insect orders and families, and how they are related to physiological
heat tolerance.

Here, we experimentally quantified thermal tolerance ranges
across 2,300 insect species spanning 242 families along Afrotropical
(Kenya) and Neotropical (Peru) elevational gradients. We compared
the relationship of critical thermal maxima (CT,,,,) to protein melt-
ing temperatures for several thousand proteins from more than 600
speciesacross theinsect tree of life. Finally, we predicted the thermal
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Fig.1| Thermal tolerance and acclimatization potential across theinsect
tree of life. a, Mean annual temperature decreased linearly and was slightly
lower at the Neotropical (Peru) gradient compared with the Afrotropical
gradient (Kenya). b, Field-measured critical thermal maxima (CT,,,,) of insects
(n=3,229) decreased alongbothgradients. ¢,d, This pattern was also visible
alongthe Afrotropical gradient (c) and the Neotropical gradient (d) for each
major insect order. Trend lines were calculated with generalized additive
models withthe smooth term parametersetto k=5.e,f, For both the Afrotropical
gradient (e) and the Neotropical gradient (f), a potential to tolerate higher
temperatures after aheatshock treatment was evident at high elevations

effects of current and future climates for Andean-Amazonian and East
Africaninsects.

Heat tolerance and plasticity

We tested whether thermal tolerances of insect communities track tem-
perature trends along elevation gradients (Fig. 1a) and whether there
areindications of an upper limitin community responses toincreasing
temperatures. We measured the thermal tolerance of around 8,000
insects from approximately 2,300 DNA-barcoded species in the field
using acommon dynamic assay approach™* (10 minacclimatizationat
28 °C, rampingrate of 0.5 °C min™). Thermaltolerance decreased from

(high, >1,200 masl) but the effect decreased with elevation (mid, 600-1,200 masl)
andbecame negativeinlowland habitats (low, <600 masl) inmostinsect orders
(n=777insects). Dataaremean + s.e.m.g, Phylogenetic supertree constructed

by addingtrees constructed from DNA sequences (fromall sampled insects
fromwhich sequences could be derived) onto a family-level backbone tree with
ancestral trait value reconstruction of CT,,,,. h, The variationin CT,,,, was

more strongly constrained by phylogeny than by effects of local temperature
conditions (elevation), as indicated by variance partitioning. The Ornstein-
Uhlenbeck (OU) model had better support than the Brownian motion (BM)
model.

low to high elevation and was higher along the East African thanalong
the Neotropical elevation gradient (Fig. 1b). This suggests stronger
adaptations of climatic nichesintropical insects compared with species
withaHolarctic distribution, whose upper thermal limits did not vary
with elevationinaglobal study®. Long-term impacts of aless forested
vegetation and higher exposure to heat in large parts of East Africa
over the past million years have potentially shaped the greater heat
tolerance of insect communities.

Thermal tolerance did not increase in direct proportion to envi-
ronmental temperature along the elevational gradients. More pre-
cisely, for every 1°C of increase in mean annual temperature, CT,,,,
changed approximately by 0.41°C in the Neotropics and by 0.31°Cin
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the Afrotropics. Trends in CT,,,, and differences between geographic
regions were evident in all major insect orders (Fig. 1c,d). Upper ther-
mal safety margins, defined as the difference between environmental
temperatures (here, mean annual temperature and the mean of the
warmest month across a year) and thermal tolerance limits, increased
significantly from the warm lowlands to the cold highlands (Extended
DataFig.1). Alongthe East Africanelevationgradient, CT,,, increased lin-
early from high elevations to about 500 m above sea level (masl) and
approached anasymptote at lower elevations (Fig.1b). Atendency for a
saturation curve was alsoobservedin CT,,,, along the Neotropical eleva-
tiongradient, but the patternwasless clear thanalong the Afrotropical
gradient.

Insects may acclimatize to higher temperatures through stimulated
changesin cell signals, metabolism and the production of heat shock
proteins thatstabilize proteins at stressful temperatures™'®. However,
plasticity in upper thermal tolerance may be limited ininsects that live
inareasthatarealready exposed to very high environmental tempera-
tures. To study plastic responses to environmental temperature, we
conducted a heat shock experiment, exposing insects for 10 mintoa
sublethal temperature of 40 °C (for insects >2,700 masl: 35 °C) before
exposing them gradually to increasing heat. The increase of CT,,,in
response to a heat shock was on average 1.01 + 0.31 °C (Afrotropics)
and1.10 £2.06 °C (Neotropics) at high elevations, matching results of
a global meta-analysis testing plasticity in thermal limits of insects®.
However, plasticity in CT,,,, decreased from high to low elevations
at both elevational gradients. In the warm lowlands, a sublethal heat
shock did notincrease thermal tolerancebutled, onaverage, toreduc-
tions in CT,,, of insects (effect of heat shock on CT,,,,, —1.61+1.04 °C
in the Neotropics; —0.66 +1.59 °Cin the Afrotropics; Fig. 1e,f). These
resultssuggest thatinsect species at higher elevations have amodest
potential to increase their heat tolerance by upregulating mecha-
nisms that stabilize metabolic processes against heat. Our finding
that a heat shock treatment negatively affects the thermal tolerance
ofinsectspeciesinthe warmlowlands suggests that even without the
experimental heat shock, protective metabolic mechanisms were
already upregulated. Consequently, additional heat exposure from
the heatshock treatment could have impaired the ability to withstand
more heat®.

We constructed a phylogenetic supertree by mapping DNA sequence-
based trees fromspecies to family level, derived from the insects tested
for thermal tolerance, onto a family-level backbone tree ofinsect evolu-
tion?® (Fig.1g). Using CT,,,, values of the surveyed species, we modelled
ancestral trait values and assessed the phylogenetic signal in thermal
limits across the insect tree of life. Visual inspection of the plotted CT,,,,
values onthe phylogenetic tree and aformal phylogenetic correlogram
(Extended Data Fig. 2) revealed a strong phylogenetic signal in CT,,,,
(Pagel'sA=0.76, P< 0.001; Blomberg’s K= 0.33, P< 0.001 and 10,000
randomizations), with positive correlations of CT,,,, among related
taxa”. Diptera showed, with few exceptions, generally low CT,,,, val-
ues whereas high thermal tolerance measures characterized aculeate
Hymenoptera (bees, ants and others) and Orthoptera. This suggests
thatthermal toleranceis aconserved trait which may have reciprocally
influenced the evolution of microclimatic niches and optimization
strategies within different insect orders: Whereas most Diptera are
small organisms, which mostly depend on rapid development in tem-
porary shaded and moist habitats*, Orthoptera are often larger, have
longer development times, and are often active in open, sun-exposed
habitats®,

Wetested whether local adaptation and species turnover, reflected
inelevational changesin CT,,,,, or phylogenetic constraints drive CT,,,,,
and whether trait evolution follows a Brownian motion model, assum-
ing random evolutionary drift, or an Ornstein-Uhlenbeck model, with
stabilizing selection towards an optimum (Fig. 1h). In both models,
elevationand phylogeny explained variationin CT,,,,significantly, but
the Ornstein-Uhlenbeck model was better supported by the datathan
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the Brownian motion model (Extended Data Table 1). The long-term
evolutionary optimum from the Ornstein-Uhlenbeck model of trait
evolution corresponds to42.20 °C (6 parameter). Variance partitioning
ofthe preferred Ornstein-Uhlenbeck model showed that the phyloge-
netic relationship explained slightly more variation in CT,,, (partial
r*=0.23) than elevation (partial = 0.17; Fig. 1). Reconstructions of
ancestral traits, a phylogenetic signal in thermal tolerance, the esti-
mation of the long-term evolutionary optimum (6 parameter) and
elevational trends in CT,,,, were robust against sampling complete-
ness, the exclusion of potentially paraphyletic families, problems in
family-level assignments of individuals, the method for constructing
family trees from DNA sequence information, and potential errors in
branch length estimation (Extended Data Fig. 3 and Supplementary
Table 1). Our data show, contrary to results of past meta-analyses',
that insect communities show flexibility in responding to decreas-
ing temperatures along elevation gradients. However, our results
indicate upper limits in thermal tolerance set by evolutionary con-
straints, which could have already been reached by tropical lowland
insects’.

Cold tolerance and plasticity

As insect responses to heat are costly, increases in CT,,,, should be
paralleled by reduced energetic investments in cold tolerance (criti-
cal thermal minima (CT,,;,)), such that thermal tolerance ranges
(CT,ax — CT,,;,) remain constant along temperature gradients'®. To
investigate thermal tolerance ranges, we additionally measured lower
thermal limits along elevations in both geographic regions. The Neo-
tropical datarevealed only aslightly lower CT,,;, 0f 5.53 + 3.75 °C com-
pared to the East African data with an average CT,,;, of 6.04 +3.54 °C
(Extended DataFig.4), so that the overall tolerance range was greater
inthe Afrotropics (40.25 °C versus 36.36 °Cin the Neotropics).Inboth
geographic regions, the thermal tolerance range across the whole
insect community did not significantly change with elevation (Neo-
tropics: estimate = 0.00036, F,,; =1.785, P=0.195; Afrotropics: esti-
mate = 0.00003, F, ;= 0.004, P=0.951). However, at the order level
the thermal tolerance range significantly increased with elevation
in the Neotropics in Hymenoptera (estimate = 0.00094, F, ,, = 4.941,
P=0.037), Hemiptera (estimate = 0.00079, F, 5, =4.511, P=0.046)
and Orthoptera (estimate = 0.00251, F,,, =10.39, P= 0.006), poten-
tially indicating relaxed trade-offs between cold and heat tolerance
in some lineages (Extended Data Fig. 5). We found no significant
changes in thermal tolerance ranges in the Afrotropics. Along the
Neotropical gradient, we tested the plastic capacity towards cold
(cold hardening), by keeping insects for 10 min at 14 °C before
gradually cooling them down. At high elevations, insects tolerated
lower temperatures after the cold exposure, indicating the activa-
tion of cold hardening mechanisms?, but this was not the case in the
lowlands (Extended Data Fig. 4). The lack of a significant hardening
potential in the lowlands might be due to the generally warm condi-
tions making protection strategies for tolerating low temperatures
unnecessary. However, a reduced cold tolerance could make insect
communities in the lowlands sensitive to cold waves, which are pre-
dicted to become more frequentinthe Amazoninthe course of climate
change®.

Thermal stability of proteins

Protein instability is assumed to be a major contributor to thermal
comaand the eventual death of insects when exposed to heat®. Meta-
bolic and physiological responses to heat are rarely studied but are
assumed to be phylogenetically conserved. Finding a strong phy-
logenetic signal in CT,,,,, we assessed whether variation in protein
architecture among insect orders can explain variation in CT,,,,,. We
predicted the melting temperature (7,,) of arandom selection of 1,000



proteins per species from published genomic data of 677 insect species
(InsectBase 2.0; https://insect-genome.com) using the deep learning
model DeepSTABpD (https://rptu.de), which predicts protein thermal
stability by estimating T,, from protein sequence information?. We
found—across allinsect orders—the 25% most heat-sensitive proteins
per speciestohave anaverage T,,0f42.15+ 0.73 °C (46.88 + 0.61 °C for
all proteins). The lowest heat-sensitive T, values were in Dipterawitha
mean T,,=41.17 £1.29 °C, and the highest T;, values were in Orthoptera
with T, =43.40 £1.95 °C. Protein stability differed significantly across
taxonomic orders (Fsgge3; = 1,951, P< 0.001) and families (F; ggseo = 226,
P <0.001; Fig. 2) while controlling for species and proteinidentityin a
linear mixed effect model. Predicted T,,acrossinsect orders and families
were highly predictive of the observed CT,,,, values (Fig. 2). This sug-
gests that a part of the phylogenetic variationin organism-level CT,,,,
isdue to fundamental differencesin protein architectureacrossinsect
orders, which may have been optimized to different temperature levels
inthe early evolution of insects. Differences in T,,amonginsect orders
were consistently found for analyses including all proteins, the 25%
proteins with the lowest T, per species and for analyses restricted to
the 43 proteins shared in the randomly selected set of proteins across
all orders (Extended Data Fig. 6).

Thermal sensitivity under climate change

Although tropical insects already operate at very high temperatures,
future warming of Amazonian or African ecosystems may push them
beyond their physiological limit®, as has been shown for other ecto-
thermic taxa (for example, in amphibians¥). We used CT,,,, data to
predict potential thermal injuries in insect communities caused by
current (Fig. 3a,b) and future (Fig. 3c-h) surface (insects exposed to
direct sunlight on surfaces) and air temperatures (insects in shaded
above-ground environments). Notably, thermal tolerance limits are
dependent ontheinterplay of temperature and exposure time”. Tem-
peratures several °C below the measured CT,,,, can already cause ther-
mal injuries, resulting in heat coma if they accumulate over time'®%,
Temperatures higher than the CT,,,, determined by our protocol can
lead to heat coma within time periods below 2 min. We calculated the
knockdown time until coma (¢,,,) for field-measured shaded air and
surface temperatures'. Shaded air temperatures were continuously
measured with loggers at our study sites (loggers were unavailable
for the Afrotropical gradient, therefore the shaded air temperatures
were modelled; Methods). Surface temperatures were derived from
the Ecosystem Spaceborne Thermal Radiometer Experiment on Space
Station (ECOSTRESS) sensor aboard the International Space Station,
which provides unique high-resolution temporal and spatial measure-
ments of land surface temperatures®. We calculated site-specific o,
values: first, for an average CT,,,, per study site (using the median CT,,,,
ofallmeasured insects per study site; Extended DataFig.7); second, for
heat-sensitive insects (using the 25% quantile of CT,,,,, of all measured
insects per study; Fig. 3); and third, for most heat-sensitive insects
(using the 10% quantile of CT,,,,; Extended Data Fig. 7). Moreover, we
calculated ¢, for temperatures projected for three future climate
change scenarios (SSP1-2.6, SSP3-7.0 and SSP5-8.5; Methods), adjusted
for taking short-term variation in microclimatic temperature into
account.

Under current climate, lowland insects in the Andean-Amazonian
ecosystems are most affected by heat, where some measured surface
temperatures can cause heat comain less than 1 min (Fig. 3a,b). The
threshold of heat coma in less than 1 min approximately matched
our estimates of average protein melting temperatures of insects.
Although air temperatures were relatively low, injury-causing sur-
face temperatures were measured along the whole Afrotropical eleva-
tion gradient, probably owing to a high proportion of non-forested
habitats. This suggests that during peak heat times, insects here need
behavioural strategies to escape from heat®. Tropical butterflies, for
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Fig.2|Proteinmelting temperatures and critical thermal maxima.

a, Predicted protein melting temperatures (7;,) across insect orders. Data for the
25% of proteins with the lowest T,, per species are shown (avisualization of data
ofall proteinsis shownin Extended DataFig. 6). b, Melting temperatures depend
onthestability of the structure of proteins, such as cytochrome P450 4C1
(example AlphaFold predicted structure). c,e, Experimentally tested critical
thermal maxima (CT,,,,) of the six major insect orders (n = 3,229 individuals) for
the Neotropics (c) and Afrotropics (e). Dots and bars represent mean + 95% CI
and violin polygons show data density. d,f, Correlation of mean CT,,,,and mean
T.acrossallinsect families from the Neotropics (d) and Afrotropics (f) for which
bothgenomicdataanddataonCT,,, wereavailable. Thesize of thedots s
proportional to the number of species with genomic data per family. Trend
lines show predictions of simple linear models and linear models weighted

by the number of species with genomic data. Di, Diptera; Co, Coleoptera;
He,Hemiptera; Le, Lepidoptera; Hy, Hymenoptera; Or, Orthoptera; ordered
from lowest to highest mean.
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Fig.3|Vulnerability of tropicalinsects to current and future temperatures.
Heat comatime forinsect communities along Neotropical (a,c-e) and
Afrotropical (b,f-h) elevation gradients, for present day surface and air
temperatures (a,b) and surface and air temperatures predicted under three
common climate change scenarios (climate model GFDL-ESM4 under SSP1-
2.6(c,f),SSP3-7.0 (d,g) and SSP5-8.5 (e,h)). In the main graphs, blue dots depict
air temperatures that are high enough to cause thermal coma with an exposure
oflessthan 8 h (critical temperature (temp.)),and dark grey dotsindicate
non-stressful air temperatures (shown are the highest 50% of all temperature

instance, have shown a thermal buffering ability of up to1°C (ref. 30),
and twig-nesting ants abscond their nests under heat stress®. We
expect that avoidance of stressful temperatures by thermoregula-
tory behaviour is possible if: first, complex habitat structures exist
that provide shade, which can buffer temperaturesup to4 °C (ref. 32);
and second, shade air temperatures remain below the injury-causing
threshold. In this respect, we found that almost all current air tem-
peratures were below the temperatures that cause thermal injuries
in relevant time periods. Furthermore, a high coverage by complex
vegetation is evident in both elevation gradients (forest in the Neo-
tropical gradient; forest, shrubland and savannah in the Afrotropical
gradient) and provides a diversity of microclimatic habitats that can
be used as heat shelter, reducing the risk of immediate overheating
effects.
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measurements). Similarly, orange and red dots indicate critical surface
temperatures, and light grey dots indicate temperatures below the threshold
that causes substantial thermalinjuries. The inset graphs show the percentage
ofallmeasured air (blue) and surface (red) temperatures that are critical for
heat-sensitiveinsects (upper 25% of CT,,,,); ticks on the x axis represent the same
elevations as those in the main graphs. The dashed red line shows the predicted
mean protein melting temperature (42.15°C), in line with the prediction that
insects donotsurvive these temperatures.

Climate change projections to 2100 (results reported below are
based on the model GFDL-ESM4; for results based on a multi-model
ensemble, see Supplementary Information) suggest that temperatures
across the Neotropical gradient will surpass temperaturesin the pres-
ently hotter Afrotropical gradient, with the most extreme temperature
increases predicted for the Amazonian lowland (Extended Data Fig. 8).
Taking upward elevational shifts of lowland species into account by
conservatively assuming the CT,,,, of the lowest plot to be valid across
the whole elevation gradient, 20% of future surface temperatures pre-
dicted for the Neotropical lowlands (up to 300 masl) under SSP1-2.6
will be high enough to cause heat comain half the insect community
within 8 h (hereafter called ‘critical temperature’). Under SSP3-7.0, the
proportion of temperatures above the critical temperature increases
to39% and under SSP5-8.5it is 52% (Fig. 3c—e). Notably, using amedian



CT,.xof lowland insects, 9%, 29% and 38% of all future air temperatures
in the Neotropical lowlands are predicted to be critical under SSP1-
2.6, SSP3-7.0 and SSP5-8.5, respectively. For the more heat-sensitive
insects (based on the 25% quantile of CT,,,,), 26%, 45% and 59% of all
surface temperatures under SSP1-2.6, SSP3-7.0 and SSP5-8.5, respec-
tively, are predicted to be critical (results for most heat-sensitive group
in Extended Data Fig. 7). These values are conservative estimates,
assuming that future surface temperatures warm at similar rates as
air temperatures (Methods). In total, 15% (SSP1-2.6), 37% (SSP3-7.0)
and 47% (SSP5-8.5) of all future air temperatures will be critical for the
group of more heat-sensitive insects (Fig. 3c-e). These results suggest
that under less optimistic climate change scenarios, heat refugia for
Amazonianinsects will shrink as future daytime temperatures reach
critical levels. However, the response of insects to climate warming
is highly complex and experimental assays can only provide a proxy
to predict heat tolerance, as populations may decline at tempera-
tures even lower than those that cause heat coma owing to sublethal
heatinjuries' and because extreme heat events can lead to increased
failure of biological processes before the CT,,,, of an organism is
reached®.

In East Africa, under all three climate change scenarios, the pre-
dicted increase in temperature is considerably less than the values
predicted for the Andean-Amazonian elevation gradient, leading to
slightincreasesinthe proportion of surface temperatures that canbe
regarded as critical. Air temperaturesin East Africa are not critical under
SSP1-2.6, whereas under SSP5-8.5, up to 13% of the air temperatures
are high enough to cause heat coma in more heat-sensitive insects
(Fig. 3f-h and Extended Data Fig. 7).

Conclusion

Our findings—(1) a saturation in upper thermal tolerance from cold
highlands to warm lowlands; (2) narrow thermal safety margins
towards lower elevations; (3) no evident plasticity or hardening poten-
tialinlowlands species; (4) support for phylogenetically constrained
evolution of upper thermal tolerance limits; and (5) a high percentage
of proteins with melting temperatures approximately in the range of
currentsurface and future air temperatures—suggest that upper limits
inthe evolution of thermal tolerance traitsin tropical lowland insects
have nearly been reached**. Although these data cannot entirely
exclude the possibility of evolution of protein structures to adapt to
higher temperatures or the upregulation of mechanisms that stabilize
protein structure under heat (such as expression of heat shock pro-
teins), these adaptations would entail high costs and are unlikely to be
feasible for the vast number of essential proteins required to sustain
metabolism'®. Under current climatic conditions, species along the
Afrotropical elevation gradient appear closer to their physiological
thermal limit, but species along the Neotropical elevation gradient
arelikely tobe more vulnerable under climate change. In the Amazon,
temperature anomalies are projected to be much higher and might
escalate owing to feedback loops between drought and forest loss*®.
In the Amazonian lowlands, both surface and air temperatures are
predicted to surpass current upper thermal limits of insects. With-
out strategies to escape from heat by shifting to higher elevations
or other cool refugia® by diapause or by finding shelters from heat*®
many insects will experience thermal death. Both heat waves and cold
waves will challenge insect communities in the next decades". Intact
tropical rainforests that provide shade and thermal habitat complex-
ity will be essential to buffer the effects of further climate warming.
However, opportunities to avoid heat stress are likely to diminish as
tropical rainforests become increasingly open through deforesta-
tion, logging and tree mortality induced by climate change®. Forest
connectivity to allow lowland insects species to migrate to higher
elevations will be crucial for the survival of insects in the world’s most
biodiverse regions.
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Methods

Study area

In Peru, the study was carried out along an elevational gradient from
245 masl to the tree line at 3,588 masl in the Andes of south-east Peru
(Kosiiipatavalley), with continuous and mostly undisturbed wet rain-
forest/cloud forest. The climatic gradient has three seasonal periods
with awet season (November to March), adry season (May toJuly) and
austral spring (September and October)®. Mean annual temperatures
range from24.3 °Cinthelowlands to 6.7 °Cat 3,600 masl (Fig.1). Mean
annual precipitation levels are high with >1,500 mm per year along
the whole gradient, peaking at around 1,500 masl with ~5,000 mm
(ref.40). Research was conducted on 26 study plots of approximately
100 m x100 m in ~250 m elevation intervals and seven field stations
distributed along the gradient. Four of the 26 plots were located inside
Mant National Park. Nine of the plots matched the long-term research
plots of the Andes Biodiversity and Ecosystem Research Group (ABERG)
project®.

In Kenya, the study was carried out along an elevational gradient
from 11 masl at Watamu to 3,450 masl at Mount Kenya including forests,
woodland, scrub and grassland in natural and semi-natural habitats.
The climate is mostly semi-arid in the lowlands to humid at higher eleva-
tions*? and characterized by seasonality in precipitation. Two rainy
seasons occur from March to May and from October to December, a
distinct season during the boreal summer from June to September,
andapronounced dry seasoninjJanuary and February***. The forested
parts of the Taita Hills region and Mount Kenya from ~1,300-2,500 masl
are characterized by a tropical montane forest climate with generally
high humidity and constant high precipitation (>1,500 mm). Mean
annual temperatures range from 26.2 °C at the lowest plot to 8.9 °C at
the highest plot (Fig.1). In total, 15 study plots were selected in similar
elevationintervals along the elevation gradient.

Insect collection

Insects of all major orders (mainly Coleoptera, Diptera, Hymenoptera
and Lepidoptera; additionally, Hemiptera and Orthoptera) were col-
lected in the Neotropics (n =4,690) in three seasons (September to
December 2022, April to August 2023, and September to December
2023) with sweep nets in the understory of all study plots. In the Afro-
tropics, insects (n =3,164) were collected in one season (March to June
2023), applying the same method. We stored liveinsectsin Eppendorf
tubes with moist tissue and sugar solution, protected from the sun,
and transported them back to the field station, where thermal toler-
ance measurements of all collected individuals were carried out on
the same day. Insect collection was focused on taxonomic breadth
covering six major orders rather than on individual species. Note,
that our results represent the more common insect communities. In
the Supplementary Methods, we provide extensive robustness analyses
to assess the effects of incomplete sampling or modifications to the

phylogeny.

Measuring thermal limits

We measured critical thermal limits (CT) by exposing the insects in
individual plastic tubes (2, 5 or 50 ml, depending on body size) to
decreasing (CT,,,) orincreasing (CT,,,,) temperatures using a program-
mable thermoblock (Eppendorf Thermostat C)***¢, Each individual
wasonly tested once. Toavoid the effects of starvation, each tube was
equipped witha piece of paper towel moistened with sugar water. For
acclimatization to a common baseline, insects were first exposed to
the starting temperature of 28 °C for 10 min. We then increased or
decreased temperatures by 1°C every 2 min—that is, a ramping rate
of 0.5 °C min~'—following standardized methods™. After each 2-min
interval, we checked all insects for mobility. The temperature at the
point of lost mobility, even after tapping or gently shaking the tube, was
noted as the upper or lower thermal limit (CT,,,, or CT,;,)"*". After the

test, insects were stored in 96% ethanol for later genetic barcoding
and specimen documentation. Since we did not directly measure the
body temperature of the insects, CT,,, and CT,,,, values determined
with the above-mentioned protocol may not perfectly reflect body
temperatures. Nevertheless, owing to the small size and their high
surface-area-to-volume ratio, insects equilibrate to environmental
temperatures quickly, typically within seconds®.

All thermal limit data were originally stored as csv or xIsx files
(Microsoft Excel v.2502) and imported into R v.4.3*. Since four differ-
ent observers measured CTs in the field, we first tested for potential
observer bias by evaluating the CT,,,, of lab-reared ants of one colony.
Each observer measured CT,,,, of tenindividual workers of the colony
under the same conditions. We found no significant differencein mean
CT,.ax across any of the observers (ANOVA, F; 5, =1.576, P= 0.212).

Forinvestigating CT patterns along elevation gradients, we applied
generalized additive models with elevation as asmooth termexplana-
tory variable. We restricted the smooth term parameter kto 5Sto avoid
overfitting*®*’, Thermal tolerance ranges were calculated by subtract-
ing mean CT,,;, from mean CT,,,, for each study plot. We checked the
trend of thermal ranges along elevation with an ordinarylinear model.
We additionally applied the same models for each major insect order.
Thermal safety margins were calculated for both datasets by subtract-
ing plot-specific variables of mean annual temperature and mean daily
maximum air temperature of the warmest month from the CT,,,, values.
Both temperature data variables were derived from the CHELSA data
base (biol and bio5 of the BIOCLIM+ dataset)*°.

As atest for plastic responses, a subset of insects was first exposed
to heat (40 °C, n=777 insects) or cold (14 °C, only in the neotropics,
n =490 insects) shock for 10 min prior testing, replacing the 28 °C
acclimatization period. The sublethal temperatures for the heat shock
were identified in pre-experiments. In the Neotropics up to an eleva-
tion of 2,700 masl, insects generally survived a10 min shock of 40 °C;
athigherelevations 35 °C was chosen as shock temperature, because a
large proportion of the pilot testinsects did not survive a40 °Cshock.
After the shock, the standard protocol continued from 28 °C with tem-
perature changes in 2-min intervals.

Plastic capacities were analysed by comparing CT measurements
between individuals that were exposed or not exposed to a heat or
cold shock before CT measurements. We added heat shock or cold
shock (yes/no) asavariable for CT,,,, or CT,,,, respectively, and calcu-
lated the means for both groups. Data were additionally grouped by
elevationlevel (lowlands: <600 masl, mid: 2600 masl and <1,200 masl,
high >1,200 masl), because we expected heat shock effects to vary
depending on elevation. We hypothesized that athermal shock would
increase tolerance—thatis, have a positive effect. Therefore, for CT,,,,,
effect calculations were done by subtracting the mean thermal tol-
erance of the control group from the mean thermal tolerance of the
group exposed to a heat shock (‘shock yes’ - ‘shock no’). For CT,;,,
the calculation was done in reverse (‘shock no’ - ‘shock yes’), so that
the effect direction remains the same, with a positive effectindicating
anincreased tolerance level.

Insectidentification and phylogeny

Allinsects were morphologically sorted into ordersand, where possible,
families, and delimited into species-like units based on individual DNA
barcoding. For this, we sampled tissue from all specimens that were
tested for thermal tolerance and positioned them in a well filled with
30 pl of absolute ethanol (99.9%) in a 96-well microplate. Sequencing
preparation and conduction was done at the Canadian Centre for DNA
Barcoding (CCDB). Libraries were created for DNA barcoding (standard
658 bp COI (mitochondrial cytochrome c oxidase subunit I) barcoding)
using SMRT sequencing technology onaPacBio Sequel lle*. All genetic
sequences were uploaded together with specimen photographs and
samplinginformation to BOLD (database code DS-A2TP; https://www.
boldsystems.org/). The COlsequences had an average length of 557 bp


https://www.boldsystems.org/
https://www.boldsystems.org/

Article

withaminimumoverlap of 303 bp (74% of all COl sequences were larger
than 500 bp and 50% larger than 600 bp).

We applied the BOLD sequence cluster tool which uses the refined
single linkage (RESL) algorithm with a pairwise distance model tosort
allinsects into unique operational taxonomic units (OTU), which we
used as species-like units (called ‘species’ in the text)>2. Contaminants,
records with stop codons and sequences with alength below 300 base
pairswere excluded. Intotal, 4,300 barcoded individuals wereincluded
in the final phylogenetic analyses of which 2,330 were unique OTUs,
resulting in an average of 1.8 individuals per OTU. The CT,,,, data
included 2,246 measurements with 1.9 individuals per OTU, the CT,;,
dataincluded 1,849 total observations with a mean of 2 individuals
per OTU. We used the BOLD ID engine (minimum of 80% similarity to
databased sequences) to allocate all sampled insects to family level®.

We used R to create a phylogeny based on a family-level back-
bone tree and DNA sequences®. For this, we downloaded an insect
family-level backbone tree**. For each family, a separate subtree was
calculated first, using the AlignSeqs function from DECIPHER* and a
maximum likelihood model (TreeLine function). Statistical support
for each branchis provided by aBayes values (see data repository).
If a family consisted of only one OTU, a ‘tree’ with a single branch of
fixed length was constructed. Next, all subtrees were added to the
ultrametric backbone tree using the bind.tree function from the ape
package®®. Branch lengths were calibrated with the bladj function from
phylocom¥, that estimates node ages based on fossil calibration points
while unknown ages are evenly distributed between known nodes>*.
For clearer visualization (Fig. 1h), terminal tip heights were equalized
with the forceEqualTipHeights function from ips*®. Note that while
thisgives the appearance of anultrametric tree, the branchlengths do
notrepresent absolute time, but the resultis a phylogeny with relative
branch lengths. All scripts and details of phylogeny construction can
be found in®.

Wereconstructed ancestral trait values of thermal tolerances using
the fastAnc function from phytools®, plotted them on the phylogenetic
tree with ggtree®, and calculated a phylogenetic correlogram using
phylosignal to test for significance of the phylogenetic signal—that
is, if trait values of related OTU are more similar (or dissimilar) than
expected by chance®. The phylogenetic parameters Pagel’s lambda
and Blomberg’s K were tested with the phylosig function and 10,000
randomizations. To disentangle the effects of adaptation or acclima-
tization to alocal climate from those of phylogenetic relatedness, we
applied aphylogenetic regression using the phylolm package, and func-
tion of the same name, with elevation as predictor and phylogenetic
relationships entering a covariance matrix of the model either based
ontheassumption of aBrownian motionand an Ornstein-Uhlenbeck
model of trait evolution®. We compare the Ornstein-Uhlenbeck and
Brownian motion models since they represent two mechanistically
contrasting hypotheses about trait evolution and are most commonly
used in literature’. Under a Brownian motion model, traits are assumed
to have evolved under random evolutionary drift, under an Ornstein-
Uhlenbeck model with stabilizing selection towards an optimum. We
calculated the evolutionary optimum for CT,,,, under an Ornstein-
Uhlenbeck model—that is, the parameter 6, using the fitContinuous
function of the geiger package®. We compared model performance
using the Akaike information criterion®. Variance partitioning to
extract partial r* values was conducted on these models using the
phylolm.hp package®*.

In order to verify the dependence of results concerning elevational
trends in CT, on the reconstruction of ancestral traits, the estimation
ofaphylogenetic signal and of an upper boundary of CT,,, (Ornstein-
Uhlenbeck model), we conducted an extensive set of robustness
analyses considering various modifications of the phylogenetic tree
and various data subsets, which is described in the Supplementary
Information, with results presented in Extended Data Fig. 3 and Sup-
plementary Table 1.

Protein stability prediction

We predicted the thermal stability of proteins applying the deep learn-
ing model DeepSTABp*. It uses a transformer-based protein language
model to extract sequence embeddings, which are analysed with
advanced deep learning techniques for large-scale protein stability
predictions®. To cover proteins from species across all insect orders,
we downloaded all available genomes (protein format) from 677 insect
species fromInsectBase 2.0%. This data covered 20 orders, 158 families
and 457 genera. Next, inR, weimported all genomic data translated into
amino acid FASTA files and then randomly selected 1,000 proteins per
species, a trade-off to receive as many overlapping proteins between
species as possible while keeping the following analyses at a feasible
computation time. We set up alocal version of DeepSTABp, to predict
melting points for this large number of proteins. Anaconda PowerShell
was used to create a conda environment and Python programming
language (v.3.13) to run the script®. In DeepSTABp, we set growth
conditions to ‘cell’ and a default temperature of 22 °C (ref. 26). For
testing robustness of results, we conducted analyses with data fromall
genomes, only high-quality genomes (BUSCO > 89.9,N50 > 300 kb), and
only for proteins which were covered by allinsect species. Furthermore,
for comparison we used data of all proteins and of the 25% proteins
per species that showed the highest thermal sensitivity (n = 88,643
proteins from 677 species).

To investigate the underlying, structural mechanism of heat toler-
anceininsects, we predicted CT,,,, by protein melting temperatures
T... Differencesin T, across orders and families were tested with mixed
effect models (Ime), setting species-specific protein identity as ran-
dom term. For the comparison of T, with field-measured CT,,,,, we
calculated mean CT,,,, values for each family of the Afrotropical and
Neotropical data. We calculated the 25% quantile of T, for each species
(thatis, a proxy for an average T, of temperature sensitive proteins)
ofthe genomic dataset and then averaged these values amongall spe-
cies per family. Using a linear model (Im), we tested the relationship
between T;, of the temperature sensitive proteins (average of the 25%
quantile of 7,,) and the mean CT,,, of families. Here, we first calculated
an unweighted linear model and, second, a model weighted for the
number of species with genomic datain each family.

Climate data
OnallNeotropical plots, one TMS-4 soil and one air temperature logger
(TOMST) recorded air temperature at 15 cmand 2 cmabove the ground,
aswellassoil temperature and moistureat—6 cmdepthin15-mininter-
vals for approximately one year (September 2022 to December 2023)".
Air temperature was additionally measured at 1.5 m height with iBut-
ton sensors (Analog Devices) in 240 min intervals. The sensors were
protected from rain and sunlight using white plastic dishes (diameter
18 cm)®8, Air temperaturesat 1.5 m (T, .. s ) Were highly predictive of the
temperature at15 cm height (7, ac15em) —R% = 0.999, T ae15m = 0.26673 +
0.99845 x T, ..1sem—and due to the denser sampling intervals, data of
the TMS-4 sensor were used for final statistical analyses. At one plot
(ID 056), the TMS logger could not be recovered due to fallen trees;
therefore, the mean annual temperature fromiButton data was used to
predict T, ,sem fOr this plotinstead. For the East African study plots, we
did not have temperature loggers available but retrieved comparable
databy modelling shaded air temperatures using NicheMapR. We simu-
lated hourly temperatures at every plot across one year (micro_global
function). This climatic model takes detailed environmental variables
intoaccount, suchaselevation, slope, solar radiation and absorptivity®.
Additionally, for all study plots climate data (BIOCLIM+: mean annual
air temperature (biol); mean daily maximum air temperature of the
warmest month (bio5); mean daily minimum air temperature of the
coldest month (bio6)) were extracted from CHELSA data base. This
dataset is based on temperature measurements of climate station
from the years 1981-2010. This was done to have climate data with



higher comparability between the geographic regions and to model
future temperatures at the study plots. CHELSA was chosen as it is
particularly suitable for modelling climate along mountain slopes due
toitsterrain-based downscaling of global data (https://chelsa-climate.
org). Both biol and bio5 climatic variables were highly correlated to
estimates of the same measures based on the field-measured climatic
data (Extended Data Fig. 9 and Supplementary Information).

Surface temperatures for all study plots were derived from the ECOS-
TRESS sensor, aradiometer mounted on the International Space Station
that measures surface temperatures with aresolution of 70 m (ref. 29).
As ECOSTRESS measures surface temperatures at alow temporal reso-
lution and significant parts of the data were filtered due to low data
quality (for example, due to cloud cover), surface temperature meas-
urements of study plots were enriched by additional measurements
of 50 randomly selected locations within abuffer of 5 kmaround each
plot. For all additional locations the elevational level was determined
using the NASA SRTMGL1 digital elevation model (v.003) with aspatial
resolution of 1 arc-second (approximately 30 m). We applied afilter
(binary ‘Ob00’ = best quality retrieval) to only use high-quality surface
temperature data. For better visualization, we only plotted tempera-
tures above the 50th percentile of temperature values in Fig. 3.

Heat comamodels

Forbetter estimating the effects of current and future temperatures on
tropicalinsects, we converted the dynamic CT values to static CT values
and calculated heat comatimes ¢,,,,, for present and predicted future
environmental temperatures’. The static CT modelincludes a thermal
sensitivity coefficient z, which describes how knockdown time changes
withtemperature. Across differentinsect species, zvaries betweenland
5,with anaverage value of 3 (ref.19). To provide additional estimations
of z, we tested ramping rates from1to 0.06 °C min™ with three species
ofleaf cutter antsinthe Neotropics (Acromyrmex coronatus, Acromyr-
mex octospinosus and Atta colombica) as model organisms, since they
couldbeeasily found along an elevation gradient from 270-1,349 masl.
Inthe ant data, we found zto range from2.16-5.50 along the gradient,
which overlapped with reports from the literature. For the final static
value calculation, we used z = 3, following a conservative approach.
Under the assumption of higher z values, ¢, would be shorter than
the values reported in Fig. 3.

For the calculation of the effect of environmental temperatures
on t,,m, of insect communities under current climate and climate
change scenarios we extracted community-level CT,,,, values from
the lowest plot and applied it across the whole elevational gradient,
arather conservative approach, assuming that the thermal sensitiv-
ity of insects across the elevation gradient can, by species turnover,
adaptation, or acclimatization, increase to values of CT,,,, currently
foundinlowland species. We calculated ¢, assuming an average CT,,,,
(median CT,,,, of alllowland insects), for a25% quartile of CT,,,, (termed
‘more heat-sensitive insects’) and for a 10% quantile of CT,,,, (‘most
heat-sensitive insects’). Inthe Neotropics, the10% quantile of allinsects
measured in the lowland CT,,,, was 40 °C, the 25% quantile was 41 °C,
and the median was 42 °C.Inthe Afrotropics, the 10% quantile of CT,,,,,
was 43 °C, 45 °C (25% quantile) and 47 °C (median). For future climate
projections (2071-2100) under the three shared socio-economic path-
ways SSP1-2.6 (sustainable scenario), SSP3-7.0 (medium-high scenario)
and SSP5-8.5 (high scenario) we used the GFDL-ESM4 climate model
predictions (highest priority; https://protocol.isimip.org/#/ISIMIP3b/
biodiversity) of bio5 supplied by the CHELSA database®. We extracted
the mean daily maximum air temperature of the warmest month (bio5)
and calculated the anomaly based on the difference between current
andfuture bio5temperatures (Extended DataFig. 8). We then estimated
the future air temperatures by adding these anomalies to the current
environmental temperatures measured in the field (Neotropics) and
modelled microclimate (Afrotropics), as well as for the surface tempera-
tures (ECOSTRESS) on each plot. Using this approach, weincorporated

the fine-scaled temporal variation in environmental temperatures
along the Afrotropical and Neotropical elevation gradients to future
climate projections. Thereby, we assume that the differences of envi-
ronmental temperatures at small temporal scale to bio5 remains the
same under future climate projections (details in Supplementary
Information). We acknowledge that surface temperatures may not
warm at the same rate than air temperatures. The difference between
surface and air temperatures is expected to increase with increasing
temperatures, particularly in openareas’. Thus, our method provides
conservative estimates of future surface temperatures. For calculating
the percentage of critical temperatures (leading to heat coma within
an exposure time of 8 h), we related for each study plot the number
of critical temperatures to the total number of temperature values
(including 100% of all temperature measurements—that s, including
night temperatures).

While reported results are mainly based on the GFDL-ESM4 climate
model, all analyses were additionally calculated with a multi-(climate)
model ensemble. The detailed methods are described in the Supple-
mentary Information and results of the multi-model-ensemble are
shownin Supplementary Fig. 1.
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Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.
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Extended DataFig.1| Thermal safety margins of tropical insects. a, Margins
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Extended DataFig. 9 |Matching ofbaseline data of CHELSA BIOCLIM+ with
fielddata. a,b, Trends (lines) and plot level (dots) values of a, mean annual
temperature measure (biol) and b, the maximum temperature of the warmest
month measure (bioS) from CHELSA (blue) and calculated from temperature
measurements of TMS loggers placed in the understorey of all study plots
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Extended Data Table 1| Results of phylogenetic linear
models of the effect of elevation on (a) critical thermal
maxima (CT,,,,) and (b) critical thermal minima (CT,,;,)

Model Estimate  Std. Error Tvalue pvalue R? AIC
(a) CTmax
BM -0.00138 <0.001 -14.58 <0.001 0.14 7113
ou -0.00155 <0.001 -15.96 <0.001 0.17 6889
(b) CTmin
BM -0.00209 <0.001 -24.21 <0.001 0.38 4900
ou -0.00220 <0.001 -26.11 <0.001 041 4677

Compared were the Brownian Motion (BM) and Ornstein-Uhlenbeck (OU) model.



nature portfolio

Corresponding author(s):  Kim L. Holzmann

Last updated by author(s): Jan 14, 2026

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

-
QD
Q
(e
=
)
§o;
o)
=
o
=
_
D)
§o)
o)
=
S
Q
(93]
(e
=
S}
Q
<L

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a | Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

X X

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

X

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

O O OO0 0O 00
X X

X X K

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings
For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

LI X X

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  N/A

Data analysis All analyses were conducted in R (version 4.3) with the following packages: DECIPHER v2.30.0, ape v5.8, phylocomr v0.3.4, ips v0.0.12,
phytools v2.3.0, ggtree v3.10.1, ggplot2 v3.5.1, ggnewscale v0.5.0, phylosignal v1.3.1, phylolm v2.6.5, geiger v2.0.11, phylolm.hp v0.0-3,
NicheMapR v3.3.2, Ime4 v1.1-36, DHARMa v0.4.7, officer v0.6.7, dplyr v1.1.4, tidyR v1.3.1, readxl v1.4.3, openxlsx v4.2.7.1. We used
Anaconda PowerShell and Python (v. 3.13) to run DeepSTABp. The REfined Single Linkage alogorithm was used from BOLD version 4 (https://
v4.boldsystems.org/). All code is available at https://doi.org/10.6084/m9.figshare.28891307.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

£zoz |udy




Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

All field-collected data is publicly available in the FigShare repository (https://doi.org/10.6084/m9.figshare.28891307). Climate data from CHELSA is publicly
available at https://www.chelsa-climate.org/ (BIOCLIM+ data set). ECOSTRESS surface temperatures are available from NASA Earthdata (https://doi.org/10.5067/
ECOSTRESS/ECO_L2G_LSTE.002 [29]). Insect genomes are from InsectBase 2.0 (https://v2.insect-genome.com/).

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender N/A

Reporting on race, ethnicity, or N/A
other socially relevant

groupings

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

D Life sciences D Behavioural & social sciences E Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description In the study we tested the effects of climate (mean annual temperature, quantitative variable) and phylogenetic relations on thermal
limits of tropical insects along two elevation gradients in the Andean-Amazonian ecosystem (Peru) and in East Africa (Kenya). We
tested the underlying mechanism of physiological thermal limits by investigating insect protein melting temperatures. For most
response variables the sample size was 26 in the Neotropics and 15 in the Afrotropics; for few response variables the sample size was
lower as data was missing for some study sites. The sample size is indicated for each response variable in the method section. As all
study sites were geographically seperated by an elevational interval of 250 m and a linear distance of at least 400 m, and on average
all study site pairs were seperated by 1.5 km, we considered study sites as independent replicates and used gernalized additive or
linear models (e.g. linear regression) for nearly all of the analyses.

Research sample We tested thermal limits of insect species across six major orders: Diptera, Coleoptera, Hymenoptera, Hemiptera, Lepidoptera,
Orthoptera.
Sampling strategy The number of study sites (26 in the Neotropics, 15 in the Afrotropics) represents a balance between good statistical power and

feasability of field work and was chosen based on the great experience of many included authors in the performance of tropical field
work and the analyses of ecological data sets.

Data collection Several of the authors (KLH, TS, AA, MC) collected the data in the field.

Timing and spatial scale  Data was collected from September 2022 to December 2023 with a gap (January 2023 to April 2023) during the strong rain season in
the Neotropics, since roads are often not accessible and field work would be not feasible during this time.

Data exclusions No data was excluded.

Reproducibility We used a common protocol to test thermal limits of insects and measured ~8000 individuals. All details are provided in the
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Reproducibility methods, so that our protocol can be repeated. In both geographic regions we applied the same standardized measurements so that
data can be compared. We controlled for differences in taxonomy by using DNA sequences from each tested insect to create a
phylogenetic tree.

Randomization Insect samples were randomly collected at each plot and randomly assigned to be tested either for their upper or lower thermal limit.

Blinding Blinding is not relevant to our study, since we analysed a real mountain ecosystem by standardised methods, that creates a
numerical outcome which is not subject to personal interpretation.

Did the study involve field work? X Yes [ INo

Field work, collection and transport

Field conditions In Peru, the study was carried out along an elevational gradient from 245 meters above sea level (masl) to the tree line at 3588 masl|
in the Andes of south-east Peru (Kosfiipata valley), with continuous and mostly undisturbed wet rainforest/cloud forest. Mean annual
temperatures range from 24.3 °C in the lowlands to 6.7 °C at 3600 masl. Mean annual precipitation levels are high with > 1500 mm
per year along the whole gradient, peaking at around 1500 masl with ~5000 mm. In Kenya, the study was carried out along an
elevational gradient from 11 masl at Watamu to 3450 masl at Mount Kenya including forests, woodland, scrub, and grassland in
natural and semi-natural habitats. Mean annual temperatures range from 26.2 °C at the lowest plot to 8.9 °C at the highest plot. The
forested parts of the Taita Hills region and Mount Kenya from ~1300-2500 masl are characterized by a tropical montane forest
climate with generally high humidity and constant high precipitation (> 1500 mm).

Location In Peru, the gradient ranged from -12,57079 -70,09245 at an elevation of 245 masl to -13,09608 -71,62952 at an elevation of 3588
masl. In Kenya, from -3,37667 39,98829 at an elevation of 11 masl to -3,37667 39,98829 at an elevation of 3450 masl.

Access & import/export  All data collection were conducted under appropriate permits. In Peru, SERNANP provided access to Manu National Park (N°
18-2022-SERNANP - JEF), and ERFOR provided research permits (N2 D001044-2022-MIDAGRI-SERFOR-DGGSPFFS-DGSPFS). In Kenya,
we had permits from the JRS Biodiversity Foundation (grant No: 60930) and in fieldwork was authorized by NACOST!I under License
No: NACOSTI/P/22/20735. This study was accomplished within the scope of the Research Unit ANDIV (www.andiv.biozentrum.uni-
wuerzburg.de) and funded by the Deutsche Forschungsgemeinschaft (DFG) under grant PE 1781/4-1.

Disturbance We did not experimentally modify the study plots. Insects had to be collected, killed and preserved in order to conduct the study;
however, we are confident that this has no impact on the species populations.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
[ ] Antibodies X[ ] chip-seq
[ ] Eukaryotic cell lines X[ ] Flow cytometry
D Palaeontology and archaeology X] D MRI-based neuroimaging

[X| Animals and other organisms
[ ] Clinical data

[ ] Dual use research of concern

[ ] Plants

XNXXOXXX &

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals No laboratory animals were used.

Wild animals During the study we collected 7994 insects from six orders (Diptera, Hymenoptera, Coleoptera, Lepidoptera, Orthoptera), comprising
2330 unique genetic units, no morphological identification on species level was made and no information on age, strain or sex were
collected. The specimen are preserved and will be stored in museum collections in Peru and Kenya.

Reporting on sex No information on sex has been collected.

Field-collected samples  Samples collected in the field were transported back to the station in 2-50 ml tubes equipped with sugar water within two hours,
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Field-collected samples  maintained at the ambient temperature of the collection site, no exposure to light, and experiments were conducted the same day.
Afterwards samples were stored in ethanol.

Ethics oversight No ethical approval was required since lower invertebrates (insects) were tested.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel pla nt genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was upp//eu’.
Authentication Describe-any-authentication-procedures for-each seed stock-used-or-novel-genotype generated.-Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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