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Despite recent advances in climate change attribution, many health impacts remain

unmeasured'. Here we leverage over a century of clinical data® to investigate whether
human-caused climate change has increased the burden of childhood malaria across
sub-Saharan Africa. We find a robust effect of temperature and extreme precipitation

on prevalence, consistent with previous findings at local scales and inlaboratory
experiments. We estimate that rising temperatures have probably increased malaria
in East and southern Africa, but averted acomparable number of cases in West Africa,
with anetimpact of 1excess case per 1,000 children (95% confidence interval (CI) -4
to 6) across the continent. Over the coming century, we project that climate change
could marginally accelerate the elimination of malaria in West and central Africa,
where the present-day burden is highest; across the continent, this could avert 1 (low
greenhouse gas emissions: 95% Cl-2to 6) to 20 (high greenhouse gas emissions: 95%
CI0-52) cases per1,000 children by the end of the century. However, reducing future
global warming from 3 °C to under 2 °C could prevent an average of 5 excess cases per
1,000in high-elevation (more than1km) East Africa and in southern Africa (95% Cls -3
to13and -4 to 14, respectively) by 2100. Our study resolves a decades-old debate
aboutone of the first suspected health impacts of climate change, providing a
template for future work measuring its true global burden.

Despite progress towards global eradication, malaria remains the single
deadliest climate-sensitive infectious disease. Malaria transmission is
highly responsive to temperature, driven by both the life cycle of the
ectothermic mosquito vectors (Anopheles spp.) and the thermal sen-
sitivity of the parasites (Plasmodium spp.) themselves**.In laboratory
conditions, Plasmodium falciparum transmission by Anopheles gam-
biaepeaks around 25 °C and becomes negligible below approximately
16 °C or above approximately 34 °C (refs. 3-5). Given these biological
constraints, climate change has become a major concern for popula-
tions potentially at risk of malariain southern and high-elevation East
Africa, where temperatures may no longer be prohibitive to malaria
transmission®”. Conversely, in West and central Africa—where the bur-
den of malaria is highest—many studies have suggested that climate
change will reduce or eventually preclude transmission®%”?,

These risks were among the first proposed healthimpacts of climate
change'®", but have been surprisingly contentious, and even described
as ‘hot air’? and ‘dangerous pseudoscience’™. At the turn of the cent-
ury, many malaria experts argued that observed warming trends were
incompatible with long-term reductions in malaria prevalence across
Africa, and warned that other factors such as drug resistance and
funding instability posed a more serious threat to malaria eradic-
ation>"’, Malaria resurgence in the East African highlands became
a particular point of contention, with over a dozen studies arguing

for'®2° or against? ¥ climate change as a substantial driver. Today,

malaria experts generally agree that climate change has contributed
to elevational shifts in malaria epidemics®** and the geographical
ranges of mosquito vectors*’. However, the cumulative effect of climate
change on the burden of malaria is still an open question: recently,
Snow et al.? examined the past century of continent-wide changes in
malaria prevalence and concluded that observed trends could not be
neatly explained by climate change, but did so based only on visual
correspondence between moving averages of rainfall, minimum tem-
perature and malaria prevalence over the entire continent.

Inthis study, werevisited these debates by applying state-of-the-art
methods from detection and attribution, an area of climate science that
quantifies the historical and real-time climate impacts of anthropogenic
greenhouse gas emissions®. These methods underpin the scientific
consensus on human-caused climate change, and are regularly used
to identify the role of climate change in the intensity, frequency and
distribution of specific extreme events (for example, heatwaves, heavy
precipitation and droughts)**>*. However, attribution remains chal-
lenging for the downstream effects of anthropogenic climate change
onpeopleand ecosystems, and methodological frameworks forimpact
attributionare still comparatively underdeveloped®-¢. Applications to
infectious disease dynamics are especially challenging, as relationships
between climate and disease transmission are often complex, nonlinear
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Fig.1|Malaria prevalence observations from1900 t02016. a, The total
number of malaria prevalence surveysin children2-10 years ofage in the
twentieth and early twenty-first century, as measured by Snow et al.and
aggregated to the first administrative unit. b, Meanreported prevalence of
childhood malaria over the entire sample (1900-2016, with temporal coverage
varyingacross space). ¢, Observed trendsin malaria prevalence, broken down
by Global Burden of Disease study regions (see main text): each pointis asingle

and confounded by human intervention, and few epidemiological
datasets exist with sufficient spatial and temporal scope to resolve
these relationships. Asaresult, hundreds of studies have tested for cor-
relations between climate and observed changesin disease incidence
or prevalence, but very few have shown that these changes are causally
attributable to anthropogenic climate change'.

Here we drew on frameworks from climate science, econometrics
and epidemiology to conduct anend-to-end impact attribution study
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survey inthe original dataset (and the sample size, n, is the total number of
surveys) and generalized additive models were used to construct estimated
trend lines (shownin solid blue, with the grey shading showing the 95% Cl of the
model). The pink vertical bars indicate notable periods of successful malaria
preventionintervention: the Global Malaria Eradication Programme (1955-1969)
and themodern period, including the Roll Back Malaria programs and Global
Technical Strategy (2000-2015).

(per ref. 36), measuring the direct effect of anthropogenic climate
change onlong-termtrendsinthe burden of aninfectious disease. We
applied this framework to estimates of P falciparum malaria prevalence
in children 2-10 years of age in sub-Saharan Africa (PfPR,_,), which
experiences roughly 95% of the global burden of malaria (with 80%
of deaths in children under 5 years of age)”. We analysed a recently
published dataset with unparalleled resolution and scope (Fig.1), con-
sisting of 50,425 surveys spanning more than a century (1900-2016)?,
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Fig.2|Empirical estimates of prevalence-climate relationshipsand
predictions of climate changeimpacts from1901t02100. a, The estimated
relationship between temperature and prevalence (point estimate is the solid
blackline; 90% Clis the dashed blackline;and 1,000 random draws fromthe
variance-covariance estimate areinred). The histogram shows the distribution
of monthly temperatures across the estimation sample, with regional median
temperatures shownasverticalllines. b,c, The effects of extreme precipitation
events (flood (b) and drought (c)) on prevalence in the month the events occur (O
lag) and after time has passed (1-month, 2-month and 3-month lags), as well as the
cumulative impactacross the first4 months. d, The effects on prevalence of two
keyintervention periods (1refersto1955-1969; and 2 refers to 2000-2015)
during which large-scale malaria prevention programmes were implemented
acrossthe sub-continent.In panelsb-d, point estimates (black) are accompanied
by resampled draws shown as boxplots, where the box spans the 25-75th
percentiles, the centre line indicates the median, and the whiskers extend to the

which we aggregate to 9,875 monthly average values at the first admin-
istrative (state or province) level. These data capture a snapshot of
population-wide prevalence atamomentin time (that s, cases of active
malaria infection per child; versus, for example, incidence rate: new
cases per child per year). Leveraging climate econometric methods®* ™,
we developed a panel regression model that isolates the role of tem-
perature and extreme precipitation from other confounding factors
that also shape malaria endemicity (Fig. 2; see Methods for details).
Nonparametric controls in the model (that is, fixed effects) account
for regional differences in seasonality, time periods with concerted
elimination efforts and other spatiotemporal variation not explained
byidentifiable factors, such as socioeconomic or ecological differences
between populations. We applied this econometric model to make
predictions based on ten sets of paired historical climate simulations
withand without anthropogenic climate forcing, and estimate the effect
of anthropogenic climate change on malaria prevalence from 1901 to
2014, accounting for both statistical and climatological uncertainty
(Fig.3).Finally, we projected how future climate change could further
alter malaria prevalence between 2015 and 2100, based on three future

Sthand 95th percentiles (blue, brown and pink). Grey horizontal lines show
thezeroisocline (no estimated effect on prevalence). e, Predicted changein
prevalence attributable to anthropogenic climate change in the recent past
(realhistorical climateis given in blue; counterfactual without anthropogenic
warmingisingrey) andinthe future for low (SSP1-RCP2.6 indarkblue),
intermediate (SSP2-RCP4.5in pink) and high (SSP5-RCP8.5in green) emission
scenarios. The thick lines are the mean estimates accounting for both statistical
and climate uncertainty; the shadingindicates the 5thand 95th percentiles and is
truncated at the lower axis limits for visualization purposes only (the full interval
isshownin Extended DataFig.9). Historical estimates are shownrelative to an
averagebaseline across1901-1930. Future estimates are shownrelativetoa
baselineacross2015-2020, added to the end-of-historical baseline (2010-2014).
Thedashed greylineindicates 2014, the end of the historical baseline. Years with
incomplete predictions dueto lag effects (1901and 2015) are not displayed.

climate change scenarios for low (shared socioeconomic pathway
1-representative concentration pathway 2.6 (SSP1-RCP2.6)), inter-
mediate (SSP2-RCP4.5) and high (SSP5-RCP8.5) future greenhouse
gas concentrations (Fig. 4).

Arobust signal of climate sensitivity

Over the past century, the prevalence of childhood malaria has exhibited
astrong concave relationship with temperature (Fig. 2a). Closely alig-
ning with theoretical expectations that P, falciparum transmission by
A.gambiaemosquitoes should peak around 25.6 °C (ref.3), observed val-
ues of PfPR,_,,in our dataset peak around amonthly mean temperature
of25.8 °C (Extended Data Fig.1). On the basis of these biological expecta-
tions, we estimated the effect of temperature asaquadraticresponseina
panel regressionmodel, and found that prevalence peaks at 24.9 °C (95%
Cl21.0-27.1°C). These results confirm that laboratory-based studies
approximate malariaepidemiology in real populations quite well, and
thattemperature has asubstantial role in transmissiondynamics:a10 °C
increase or decrease from the optimal temperature lowers prevalence
by approximately 8 percentage points (p.p.).

Nature | www.nature.com | 3



Article

Prevalence (%)
= 0 1

Central Africa

East Africa

1.0

S R 054
[0} [0}
o o
c c
<2 <2
g g
g g 01
" ["N
-0.5 -0.5

T T T T T
1900 1925 1950 1975 2000
Year

T T T T T
1900 1925 1950 1975 2000
Year

== Historical counterfactual

Fig.3|Historical changesin malaria prevalence attributable to
anthropogenicclimate change from1901to2014. a, Estimated changein
prevalence attributable to anthropogenic climate changeineachadministrative
unit, based on the difference between the historical climatein2010-2014 and a
counterfactual scenario for the same period simulated without anthropogenic
warming. Sign uncertainty is the percentage of the 10,000 simulations that
estimate anincrease (for positive point estimates) or decrease (for negative point
estimates) in prevalence due to anthropogenic climate change. An uncertainty
of 0% implies thatall simulations predict a positive or negative trend, whereas
anuncertainty close to100% indicates anear-even split of simulations showing
anincrease or decrease in prevalence. b, Estimated changein prevalence
attributable to anthropogenic climate change (difference between factualand
counterfactual scenarioin2010-2014) in each administrative polygon, compared
with the baseline mean temperature at the start of the twentieth century

The relationship between precipitation and malaria prevalence is
more complex, and probably less consequential for historical trends
(Fig.2b,c). Contemporaneous monthly precipitation exhibits a nonlin-
ear, but highly uncertain, relationship to prevalence (Supplementary
Fig.1). To parsimoniously capture nonlinear effects and disentangle
divergent impacts of low and high precipitation, we defined precipi-
tation shocks with two binary indicator variables, equal to one when
monthly precipitation falls below the 10th percentile (we labelled
this a ‘drought shock’) or above the 90th percentile (‘flood shock’) of
monthly precipitation calculated for each subnational unit. Although
drought and flood events are complex phenomena, which develop from
the combination of multiple factors (for example, soil conditions and
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(averaged over1901-1930); the error barsindicate both 90% (thicker lines) and
95% (thinner lines) Cls. Points and lines are coloured based on the 90% CI: blue for
negative effects, red for positive effects and grey for non-significant effects.

¢, Estimated change in prevalence attributable to anthropogenic climate change
in2010-2014 in each administrative polygon, compared with average elevation;
theerrorbarsindicate both 90%and 95% Cls, coloured asin panelb.d, Predicted
historical changesin prevalence by year, broken down by region. Asin Fig.2,
predictions based on true historical climate (blue) are compared with
counterfactual predictions without anthropogenic warming (grey), relative to
a1901-1930 baseline. The thick lines are the mean estimate across all 10,000
simulations; for visualization purposes, the shading indicates the 90% Cland is
truncated at the upper and lower axis limits. Plots beginin 1902 with the first
full year of predictions (due to lag effects). Black dashed linesin b-d show the
zeroisocline (no changein prevalence).

topography) in addition to rainfall over varying timescales, we used
this drought-flood terminology as shorthand to indicate extremely
low or high precipitation months. Most effects are statistically insig-
nificant, but we found that drought shocks tend to decrease malaria
prevalence 1-2 months later, whereas conversely, flood shocks have a
positive effect on prevalence 2-3 months later. These effects and their
timing are broadly consistent with expectations about how precipita-
tion mediates the availability of a mosquito breeding habitat: dry out
kills larvae and eggs*, whereas inundation creates a new breeding
habitat*. Sensitivity analyses were also weakly suggestive of another
established mechanism*, in which floods may wash away eggs and
larvae, reducing transmission in the shorter term (Supplementary
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Fig.4|Projected future changesin malariaprevalence driven by climate
changefrom2015t02100. a, Projected climate-driven changesin prevalence by
the end of the century (2096-2100), compared with the present day (2015-2020),
foranintermediate emissions scenario (SSP2-RCP4.5). Sign uncertainty is the
percentage of the10,000 simulations that estimate an increase (for positive
pointestimates) or decrease (for negative point estimates) in prevalence due to
future climate change. An uncertainty of 0% implies that all simulations predict
apositiveor negative trend, whereas an uncertainty close to100% indicates a
near-even split of simulations showing anincrease or decrease in prevalence.

b, Projected change in prevalence due to climate change by the end of the century
(2096-2100) in each administrative polygon, estimated for SSP2-RCP4.5,
compared withthe baseline mean temperature at the start of the twentieth
century; theerrorbarsindicate both 90% (thicker lines) and 95% (thinner lines) Cls.

Figs.1and 2). Overall, extreme precipitation has a measurable effect
on malaria prevalence, but may be less important than temperature;
however, given the sparsity of weather station data** and the uncer-
tainty of precipitation reconstructions®, it is also possible that our
analysis unavoidably underestimates the effect of precipitation due
to measurement error.

Additional sensitivity analyses reinforce that these prevalence-
climate relationships are both statistically robust and biologically
consistent. Key findings are stable through time (Supplementary Fig. 3)
and are generally insensitive to alternative model specifications, such
astheinclusion of lagged effects of temperature (Extended DataFig. 2);
higher-order polynomial effects of temperature (Supplementary
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Thepointsandlines are coloured based on the 90% CI: blue for negative effects,
red for positive effects and grey for non-significant effects. ¢, Projected change
inprevalence due to climate change by the end of the century (2096-2100) in
each administrative polygon, estimated for SSP2-RCP4.5, compared with
average elevation; theerror barsindicate both 90% and 95% Cls, coloured
asinpanelb.d, Projected changesin prevalence by year acrossall scenarios by
region. Projections are givenrelative to the mean from 2015t02020, and asin
Fig.2,and theline colourindicates scenario (SSP1-RCP2.6inblue, SSP2-RCP4.5
inpinkand SSP5-RCP8.5ingreen). The thick lines are the mean estimate across
all10,000 simulations; for visualization purposes, the shading indicates the 90%
Cl,andistruncated at the upper and lower axis limits. Plots begin in 2016 with the
firstfull year of predictions (due to lag effects). Black dashed linesinb-d show
the zeroisocline (no changein prevalence).

Fig. 4); alternative definitions of drought and flood shocks (Supple-
mentary Figs.2,5and 6); alternative climate data (Extended DataFig.3
and Supplementary Table 1); controlling for the diagnostic test type
(Supplementary Table 2); alternative methods of capturing uncertainty
(Supplementary Table 3 and Supplementary Fig. 7); and alternative
spatiotemporal controls, which account differently for variation over
space (at region, country and state levels), time (including yearly and
monthly variation) and interactions among space and time (Extended
DataTable 1and Extended Data Fig. 4). Results are robust to dropping
individual countries, years or months from the sample (Supplementary
Fig. 8) and to estimating a grid-level regression that does not aggre-
gate prevalence or weather across space (Supplementary Fig. 9).
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Temperature and flood effects are strongest in rural areas (Extended
DataFig. 5), consistent with negative direct relationships between
urbanization and malaria prevalence identified in previous work*®*,
aswellasspecificrisks associated with proximity to natural water bod-
ies or rain-fed cropland in rural areas*®. However, drought effects are
highly uncertain, particularly in urban areas. Finally, our statistical
model recovers large reductions in mean prevalence during two key
intervention periods (1955-1969 and 2000-2015) that saw substantial
malaria prevention programmes across the continent (Fig. 2d).
Overall, we found arobust relationship between malaria prevalence
and climate, including both temperature and rainfall, that is consistent
with expectations based on experimental and ecological evidence.
Although climate change is unlikely to be the strongest driver of global
trends in malaria endemicity (see the next section), atalocal scale, the
month-to-month and year-to-year impacts of climate variability can
be comparableinscale to theimpacts of major interventions (Fig. 2d).
These findings suggest that malaria programmes should be responsive
to climate atlocal and national scales, and weather-based early-warning
systems could be useful to anticipate near-term disease dynamics®.

Historical impacts of climate change

We found that anthropogenic climate change has, more likely than
not, been responsible for a small increase in the average prevalence
of childhood malaria across sub-Saharan Africa since 1901 (Fig. 2e).
Compared with counterfactual simulations without anthropogenic cli-
mate forcing, we estimated that by 2010-2014, anthropogenic climate
change had caused anincrease in continental mean PfPR,_,, 0f 0.07 p.p.
(95% C1-0.41t0 0.60 p.p.). Simulations with an attributable increase
in continent-wide mean prevalence outnumber those with losses by a
factor of 1.4 (proportion P, 0f 10,000 paired factual versus counter-
factual simulations with a positive difference in prevalence = 0.59).
Theseincreases are almost entirely driven by rising temperatures from
anthropogenic climate forcing; the effects of drought and flood events
on prevalence show no distinguishable signal from anthropogenic
climate forcing over time (Extended Data Fig. 6).

This overall trend masks substantial regional heterogeneity in his-
torical climate changeimpacts (Fig. 3a and Extended Data Fig.7), driven
almostentirely by elevational and latitudinal gradients intemperature
(Fig. 3b,c). For example, attributable changes in prevalence across
southern Africa are high in both magnitude and certainty, with an
overallincrease of 0.60 p.p. (95% Cl-0.24 to1.61p.p.; P, = 0.91), nearly
an order of magnitude greater than the continental mean (Fig. 3d).
By contrast, climate change has contributed to much lower malaria
prevalence in West Africa (mean =-0.40 p.p.; 95% CI1-0.96 to 0.04 p.p.;
P, =0.04), where temperatures already often exceed the biological
optimum for transmission. In the central African basin, a stronghold
of malaria endemicity with average temperatures close to the 25 °C
optimum, the change in prevalence attributable to anthropogenic
climate change is positive, relatively small and somewhat uncertain
(mean=0.17 p.p.; 95% C1-0.30t0 0.70 p.p.; P, = 0.75). Finally, we esti-
mated a meaningful overall increase in prevalence attributable to
anthropogenic climate change in East Africa (mean = 0.32 p.p.; 95%
CI-0.30t01.00 p.p.; P, =0.84), but note that changesin prevalence are
distributed unevenly along the steep elevational gradient: increases
of up to1-2 p.p. in the Ethiopian highlands and the greater Rift Val-
ley region are accompanied by small but significant local declines
throughout lowland areas in Ethiopia, Sudan, South Sudan, Eritrea
and Djibouti. Onaverage across high-elevation East Africa (defined as
the first administrative units with average elevation more than1km),
anthropogenic climate change has raised prevalence by 0.81p.p. (95%
CI-0.07t01.88; P, =0.94).

Decomposing theseimpacts to the monthly level reveals aninterplay
between space, seasons and shifting burdens (Extended Data Fig. 8
and Supplementary Table 4). In southern Africa, rising temperatures
have extended the potential tail end of the malaria season into the
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winter months (June and July). This supports the long-standing idea
that climate change-driven poleward expansion of vector-borne dis-
eases canemerge from shifting season lengths and the constraints they
impose on endemicity®*®. In the rest of sub-Saharan Africa, however,
climate change impacts generally align with existing seasonality: for
example, in lowland central and East Africa, climate change impacts
aredistributed much more evenly across the year, but have astronger
peakinJuly and August and a weaker peak in December to February®.,
Conversely, in West Africa, the negative effects of temperature are
concentrated in the hottest months (Apriland May), at the lowest point
in the transmission cycle.

Although these effects are meaningful, we caution that they are also
far smaller thanthe reduction achieved through healthcare, mosquito
nets, vector control and economic development; previous work with
the same dataset has estimated areduction since 1900 of 16 p.p. (that s,
acontinent-wide declineinaverage PfPR,_;,from40%in1900-1929 to
24% by 2010-2015 (ref. 2)), whereas our estimates of historical climate
change-attributable changes rarely exceed 1.5 p.p. for any individual
administrative region. In addition, we estimated that average reduc-
tionsin prevalence realized during the Global Malaria Eradication Pro-
gram (1955-1969; estimated reduction averaged over the entire period
-4.84 p.p.) and recent programmes such as Roll Back Malaria and the
Global Technical Strategy (2000-2015; estimated reduction averaged
over the entire period —3.36 p.p.) were substantially larger than the
cumulative effects of anthropogenic climate change (Extended Data
Table 1). Relatively small and spatially differentiated climate-related
changes in burden could have been easily concealed by the greater
impact of these programmes, highlighting both the success of elimina-
tion programs and the importance of using an empirical approach to
isolate the effect of climate from other co-evolving factors.

Future impacts of climate change

Despite contemporary trends, we project that within the next quar-
ter-century, anthropogenic climate change will begin to reduce the
prevalence of P. falciparum malaria in sub-Saharan Africa (Fig. 2d and
Extended Data Table 2). This trend is largely driven by rising tempera-
turesinlowland areas north of the equator, with greater possible reduc-
tionsinscenarios of higher greenhouse gas emissions (Fig. 4).Inthese
scenarios, temperature-related declines are slightly offset by floods,
which will become more frequent across Africa®, although their effect
onoveralltrendsistrivial when compared withtemperature (Extended
DataFig.9).Eveninafuture low-emissions scenario (SSP1-RCP2.6: aver-
age global warming across models of +1.8 °C in 2048-2052; +1.9 °Cin
2096-2100), increases in prevalence due to historical anthropogenic
climate change are projected to essentially be offset by mid-century,
stabilizing around an -0.11 p.p. (95% CI -0.48 to 0.20 p.p.) projected
decline across sub-Saharan Africa, relative to 2015-2020. In a high-
emissions scenario (SSP5-RCP8.5: +2.4 °Cin 2048-2052; +5.2°Cin
2096-2100), we project that decreases in prevalence would acceler-
ate over time, reaching an average of -0.29 p.p. (95% C1 -0.94 to 0.32
p.p.) by mid-century and -2.04 p.p. (95% CI -5.21to0 0.00 p.p.) by the
end of the century, a projected reduction that begins to approach the
magnitude of some historical eradication programmes.

Although the balance across regions will begin to shift, the geographi-
cal pattern of future changesin malaria prevalenceis likely to reproduce
present-day heterogeneity inimpacts, as malaria transmission contin-
ues toshiftalonglatitudinal and elevational clines in temperature (Fig. 4
and Extended Data Fig.10). West Africais projected to experience the
most dramatic transformation, especially in a high-emissions scenario
(SSP5-RCP8.5), with a projected decline of -1.13 p.p. (95% CI -2.00 to
-0.38 p.p.) by mid-century and a staggering —4.50 p.p. (95% Cl -9.44
to-1.63 p.p.) decrease by 2100. Similar but shallower declines are pro-
jectedincentral Africa, where end-of-century reductions could reach
between-0.09 p.p. (SSP1-RCP2.6; 95% CI-0.51t0 0.27 p.p.) and -1.56
p.p. (SSP5-RCP8.5; 95% Cl —4.72t0 0.48 p.p.). Conversely, localized



increases in prevalence will continue in the cooler parts of the Ethio-
pian highlands, the greater Rift Valley region and coastal southern
Africa, potentially reaching 5 p.p. or more in some areas. The overall
effectacross Eastand southern Africais aprojectedincreasein preva-
lence, exceptinthe highest emissions scenario (SSP5-RCP8.5), where
bothregions start to experience declines by mid-century, with East
Africa eventually falling —0.68 p.p. (95% Cl -3.00 to 1.10 p.p.) below
present-day levels by 2100.

Broadly, our results suggest that the main effect of climate change
mitigation will be to keep average temperaturesin sub-Saharan Africa
closer to the optimum range for malaria transmission. However, for
many cooler localities, such as in parts of East and southern Africa,
greenhouse gas emission reductions may prevent substantial climate
change-drivenincreasesin malaria prevalence, although uncertainty
is high. For example, by mid-century, limiting global warming to
below the +2 °C limit in the Paris Agreement (achieved under SSP1-
RCP2.6) is projected to prevent an estimated 2 cases of malaria per
1,000 children in southern Africa (95% Cl -2 to 6) compared with an
intermediate-emissions scenario (SSP2-RCP4.5+2.0 °Cin2048-2052;
+3.0°Cin2096-2100). By the end of the century, these benefits could be
evengreater, with 5excess cases averted per 1,000 childreninsouthern
Africa(95% Cl-4to14)andinhigh-elevation (more than1km) East Africa
(95% C1-3t013; Extended Data Table 2 and Extended Data Fig. 10).

Discussion

Inthis study, we applied an end-to-end impact attribution framework
toacentury of malariasurveillance, allowing us to estimate the histori-
cal and projected future effect of anthropogenic climate change on
childhood malaria in sub-Saharan Africa. We found a 59% likelihood
that anthropogenic climate change since 1901 has increased malaria
burden; on average across Africa, a small and uncertain number of
excess malaria cases (mean of 1 per 1,000 children with 95% Cl of -4
to 6) can be attributed to historical human-caused climate change.
However, this burden falls disproportionately on southern and East
Africa; we estimated a 91% and 84% likelihood, respectively, that
anthropogenic climate change has increased present-day malaria
prevalence in these regions. We have projected that prevalence in
both southern and East Africawill remain elevated in the future: even
inalow-emissions scenario likely to limit global warming below +2 °C
(SSP1-RCP2.6), we have estimated that these regions will face 3 (95%
Cl-2t010) and 1 (95% CI -4 to 5) excess cases of malaria per 1,000
children by 2100 compared to the present day, respectively. By con-
trast, across many other regions of Africa, we have projected that
the overall impact of future climate change will be a net reductionin
malaria: these changes are projected to be most dramatic in West and
central Africa, where future climate change could reduce prevalence
by up to 45 (West Africa; 95% CI -94 to —16) and 16 (central Africa;
95% Cl-47 to 5) cases per1,000 childrenin a high-emissions scenario
(SSP5-RCP8.5). Our results suggest that climate change could be syn-
ergistic with eradication efforts in countries such as Nigeria and the
Democratic Republic of the Congo, where the present-day burden of
malaria is highest, but will continue to create new risks in countries
such as Ethiopia and South Africa.

Spanning multiple centuries, our analysis is the most comprehensive
look to date at the effect of climate change on any infectious disease,
and brings new clarity to a decades-long debate in malaria research.
Whereas some work has questioned the plausibility that overall
declinesin continent-wide prevalence would conceal a climate-linked
increase?”, the 0.074 p.p. increase in PfPR,_,, that we attributed to
historical anthropogenic climate change could easily be masked by
the more than 200-fold greater overall reduction observed across
sub-Saharan Africa over the same period® Our regional estimates
also generally align with previous laboratory-based or site-specific
empirical work, which suggests that East and southern Africa are
experiencing shifts towards temperatures that are newly permissive

to transmission or have longer malaria seasons®, whereas in West and
central Africa, climate change impacts have been harder to detect, and
future warming might exceed the physiological limits of malaria trans-
mission®’. Of note, our study does provide robust, empirical evidence
thathuman-caused climate change has at least marginally contributed
tomalariaresurgencein high-altitude Kenya and Ethiopia, consistent
withlocalepidemictime series and simulated dynamics based onlocal
weather station data™**%,

Our study therefore reconciles three long-standing ideas that are
sometimes treated as paradoxical: anthropogenic climate changeis not
the primary force shaping past, or probably future, trends in malaria
prevalence*'*’, However, it is more likely than not that anthropogenic
climate change has increased the burden of malaria in sub-Saharan
Africa’®""”?° and at high elevations and latitudes, will continue to for
several more decades®. Nevertheless, rising temperatures at lower
latitudes and elevations in Africa will mostly align with future efforts to
eradicate P, falciparum from sub-Saharan Africa®>%2, Future work will
beneededtosituate these global trends inlocal contexts, particularly
through work that leverages longitudinal data from malaria-endemic
communities. Similarly, our study provides along view of future climate
change impacts under different emissions scenarios, but cannot be
used as a forecast of year-to-year variation in malaria transmission.
Future work should explore emerging methods for near-term climate
prediction, which could give public health decision-makersinformation
about what to expect over the next year> to decade®, the timescale
most relevant to malaria control.

In spite of climate change, elimination campaigns have already
achieved substantial reductions in malaria endemicity over the past
century. Our study underscores that the combined benefits of disease
surveillance, healthcare, vector control and economic development
caneasily counter-balance climate change impactsinmost places, and
that malariaelimination within the next generation remains plausible,
even in the face of climate change. Another recent study has found
that passive changesin climate, land use and development willlead to
modest reductions in malaria prevalence over the next 25 years, but
with 80% effective coverage of chemotherapy, indoor residual spray-
ingandinsecticide-treated nets, malaria could be nearly eliminatedin
sub-Saharan Africa by 2050 (ref. 55). In the past few years, the odds of
success have become substantially higher thanks to the newRTS,S and
R21malariavaccines: afour-dose R21schedule could prevent between
one-third and one-half of all malaria cases in children under 5 years of
age’®.Evenin places where climate change is increasing malaria trans-
mission, the combined use of classic and new interventions should
have amuch greater effect, provided that these interventions are able
to continue.

Atthetime of writing, progress towards malaria elimination hangsin
thebalance, as global health financing faces an unprecedented moment
of resource scarcity. Several recent anecdotes have raised relevant
concerns about the fragility of elimination, such as the resurgence
of malaria in Ecuador and Peru associated with migration from Ven-
ezuela”, or the estimated 10,000 excess deaths due to malaria—and
3.5 million untreated cases—caused by healthcare disruptions dur-
ing the 2014 Ebola virus epidemic in West Africa®®. Concerns about
climate-linked resurgence are also more credible given the ongoing
invasion of the Anopheles stephensi mosquito, which thrives in cit-
ies, has already been reported in several locations in East Africa and
may be able to transmit P.falciparum up to much higher temperatures
(approximately 37 °C) than A. gambiae can (approximately 30 °C)°.
Although our data provide suggestive evidence that temperature has
historically had a smaller effect on prevalence in urban areas thanin
rural areas (Extended Data Fig. 5), if A. stephensi were to become a
dominant vector across the continent, climate change might become
anevenmore pressing concern®, These risks only add more urgency
to the global goals of eliminating both malaria and greenhouse gas
emissions.
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Methods

Malaria prevalence data

We used arecently published database of P, falciparum prevalence in
sub-Saharan Africa’. This compendium, compiled by Snow et al. over
more than two decades, is one of the most spatially and temporally
complete publicly available databases of infectious disease burden.
The database coversthe period from 1900 t0 2016, although sampling
has increased substantially since the turn of the century (pre-2000:
n=32,533; post-2000: n = 17,892). Most prevalence surveys used
microscopy for diagnostics (n =36,805) but a substantial portion of
dataalso derive from rapid diagnostic tests (n=11,154). The data have
been compiled from a mix of archival research through public health
documents, including the records of colonial governments and elimina-
tion campaigns from different periods; national survey data; electronic
records publishedin peer-reviewed journals and grey datasources (for
example, World Health Organization technical documents); and amix
of other sources compiled by international organizations. Records were
georeferenced in the original study using a standard set of protocols,
witha5-kmgrid uncertainty threshold for point data, and broader areas
stored as administrative polygons. In total, the data include a total of
50,425 prevalence surveys at a total of 36,966 unique georeferenced
locations.

TheSnow etal. data cover all available prevalence surveys, including

allage ranges, but were converted by the authors of the original study
to astandardized estimate of prevalence in children 2-10 years of age
(PfPR,_,0), using a catalytic conversion Muench model. We chose to use
these standardized estimates of childhood malaria prevalence because
falciparummalaria has the highest mortality in children and pregnant
women. The trends that we infer should generally be representative
of broader transmission across age groups. In some cases, we note
that declines in early-life exposure can lead to increases in incidence
in adults®; however, these impacts are likely to be small, particularly
given that active and passive improvements in malaria prevention,
control and treatment much more directly determine trends in adult
malariarisk.

Climate data

We used two sets of climate data in this study. The first is an obser-
vational dataset from the Climatic Research Unit (CRU-TS; v4.03 for
model training and bias correction), whichis constructed from monthly
observations from extensive networks of meteorological stations from
around the globe®. CRU-TS provides land-only climatic variables at
a spatial resolution of 0.5° x 0.5° extending from 1901 to present
(although our analysisis limited to the period 1901-2016). The second
set of datais fromten global climate models (GCMs) selected from the
sixth phase of the Coupled Model Intercomparison Project (CMIP6):
ACCESS-CM2, ACCESS-ESM1-5,BCC-CSM2-MR, CanESMS5, FGOALS-g3,
GFDL-ESM4, IPSL-CM6A-LR, MIROC6, MRI-ESM2-0 and NorESM2-LM.
Inour historical analysis, we analysed (per GCM) one model realization
of the ‘historical’ simulation, which includes anthropogenic green-
house gas emissions, and one realization from the ‘historical-natural’
simulation, whichincludes only solar and volcanic climate forcing. For
both the historical and historical-natural (hereafter and in the main
text, ‘historical climate’ and ‘historical counterfactual’, respectively)
simulations, we analysed the period 1901-2014.

To investigate the continued effect of climate change on malaria
prevalence between 2015 and 2100, we analysed three CMIP6 future
climate change simulations from each of the 10 GCMs. SSPs refer to
thelevel of potential future global development (social, economic and
technological) and theimplication for climate change mitigation and/
or adaptation actions or policy®*¢*. SSPs are combined with various
possible future radiative forcings (RCPs) to formthe climate change sce-
narios used in CMIP6. Of the available SSP-RCP scenarios, we selected
and used three. The first two suggest enhanced human development

outcomes withincreased potential towards amore sustainable (SSP1)%
or aless sustainable (SSP5)* economy. The third, SSP2 (ref. 67), is a
mid-way scenario, which assumes afuture that mostly follows histori-
cal trends®*. We selected these scenarios in combination with a low
(SSP1-RCP2.6), intermediate (SSP2-RCP4.5) and high (SSP5-RCP8.5)
greenhouse gas concentration scenario.

We applied a standard quantile-quantile (Q-Q) bias-correction
to the CMIP6 precipitation and temperature datasets for both of the
historical simulations for the period 1901-2014, and all three future
simulations for the period 2015-2100. Before the bias correction,
we first remapped all simulated CMIP6 precipitation and tempera-
ture datasets tothe same grid cell size (0.5° x 0.5°) as the CRU-TS obse-
rvation data. We then performed for each CMIP6 model, the Q-Q bias
correctionateachgrid point by mapping the quantile values (g;) for the
empirical cumulative distribution functions for each of the12 months
over the period 1901-2014 (for each grid point) onto the corresponding
quantiles in the observational dataset (CRU-TS), so that the observed
precipitation or temperature values associated with g;become the
bias-corrected value in the simulations. For the counterfactual (and
future) simulations, we first determined, at each grid point, for each
value of precipitation or temperature (for each month) over the period
1901-2014 (2015-2100), the equivalent quantile (g;) in the factual simu-
lationand thenidentified the precipitation or temperature value associ-
ated with g;inthe observational dataset as the bias-corrected value. We
detrended both precipitation and temperature datasets before applying
thebias-correction procedure, and then added the trends back after®.

68,69

Spatial dataaggregation

Our statistical analysis is designed to isolate variation in the weather
thatisuncorrelated with other socioeconomic and/or environmental
factors that influence malaria prevalence. As detailed in the next sec-
tion, we build onalarge body of climate econometrics research®®** to
doso, estimatingamodel that leverages variation over time inweather
conditions within the same location. To estimate such a model, we
required observations of malaria prevalence covering the same region
in multiple time periods. By contrast, the raw prevalence data that
we obtained fromref. 2 are point data observations from individual
surveys conducted at different times, such that single geolocations
arenot observed repeatedly over time. Therefore, we aggregated the
point-level data from ref. 2 by averaging PfPR,_,, observations to the
firstadministrative level within each country (that s, state or province
level, or as shorthand, ADM1), using shapefiles provided by the Data-
base of Global Administrative Areas dataset v3.6 (www.gadm.org).
This level of aggregation provides sufficient granularity to capture
differences in climate impacts within countries and to control for local
heterogeneity in confounders, while ensuring sufficient data coverage
within these units. This aggregation scale has also been conducted in
previous work that models this dataset at the same spatial resolution?.
Forrobustness, we also show results from astatistical model that does
not aggregate data, and instead uses the prevalence data at its native
resolution (see below for details).

Tocompute average prevalence values at the scale of ADM1, we used
anunweighted arithmetic mean over all prevalence surveys observed
in the corresponding ADM1 month. This approach imposes minimal
assumptions on the spatiotemporal process of malaria transmission
andrequires no additional high-resolution data (for example, popula-
tion) for use as weights, which are unavailable for sub-Saharan Africa
foryearsasearly as1901. Although previous work aiming to construct
comprehensive high-resolution estimates of health outcomes using
point data often uses spatiotemporal smoothing methods (for example,
ref.71), doing so here would artificially introduce spatial and temporal
correlations that could bias recovered regression coefficients and
threaten inference’.

Wessimilarly aggregate monthly 0.5° grid-level weather data (fromall
CRU-TS and CMIP6 models) to the ADM1-month level. To do so without
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introducing aggregation biases, we applied methods from previous
research demonstrating that it is possible to statistically recover non-
linear relationships that take place at high spatial and temporal resolu-
tion, even when the resolution of available outcome data is relatively
coarse (thatis, ADM1-month-level average malaria prevalence)**”> 7,
In our setting, this is achieved by computing nonlinear polynomial
transformations of temperature at the grid-cell-by-month level before
aggregating these values across administrative units. Such an approach
ensures the temperature variables used for estimation reflect the full
distribution of temperatures experienced across administrative regions
of varyingsizes and terrains. For example, many of the 12 ADM1regions
in Ethiopiainclude both hot low-elevation zones and cold highlands,
such that temperatures can vary substantially within an ADM1 during
the same month. We computed second-order polynomials at each
grid cell before aggregating across such diverse landscapes to ensure
the regressor variables capture both extreme cold and extreme heat,
evenwhenthey occur simultaneously within the boundaries of ADM1.

To see this method in practice, let PfPR,;, denote average malaria
prevalence in children 2-10 years of age in grid cell glocated within
administrative unit i during month tand let T, indicate temperature
observed at the same spatiotemporal scale. Following previous studies
recovering local-level quadratic responses between malaria preva-
lence and temperature’”’8, we assumed that prevalence in grid cell g
in month ¢is a quadratic function of the temperature experienced in
that same grid cell and month (noting that we show results relaxing
this assumption, such as other nonlinear functional forms and the
possibility of temporal lags):

PfPRgit:ﬁITgit_"ﬁzngitr (1)

where B, and 3, are constant average coefficients. As discussed above,
we cannot empirically estimate a model like equation (1) reliably
because we did not observe prevalence over multiple months ¢ for the
same grid cell g. Instead, our empirical specification relies on average
ADMI-month-level prevalence variables PfPR,. Thus, we must aggregate
equation (1) in a manner that allows us to recover the same 3, and 3,
coefficients that describe the local-level temperature response, and
which we would have recovered had we been able to estimate equa-
tion (1) directly. Specifically, average ADM1-month prevalence can
be writtenas:

PfPR; = Z PfPRg;wy; = Z (Blrgit"'ﬁzngit)wgi
gsi gei

:ﬂl z Tgitwgi+ﬂ2 Z ngitwgi

gei g<i
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where w,; denotes agrid-by-ADM1weight. In our setting, we estimated
anarea-weighted average prevalence value by setting w,; equal to the
share of administrative unit s area that fallsinto grid cell g, as the lack of
high-resolution population data make population weighting infeasible.

Equation (2) shows that aregression of average prevalence in ADM1
unitiand month ¢t on variables that are ADM1-month weighted aggre-
gates of the nonlinear temperature terms 7,,and ng,-twill, inexpectation,
recover the same coefficients §;, and 8, that describe the fundam-
ental grid-level relationship described by equation (1). This same proc-
edure has been used to estimate the relationship between: monthly
administrative-level dengue incidence and daily grid-level tempera-
ture’®; annual all-cause mortality and daily grid-level temperature™’?;
annual country-level crop yields and daily grid-level soil moisture®’;
among many other examples. As in these other cases, our approach
mitigates aggregation bias up to the level of the grid resolution of the
climate data. Although climate and prevalence probably vary across
space within each grid cell, we cannot resolve such dynamics here,
giventhelack of reliable higher-resolution weather datain Africa over
the extended time frame of our analysis®.

We note that one could, alternatively, construct nonlinear weather
variables after aggregating to the administrative unit, thus estimating:

2
PfPR; =8, Y Tgitwgi+ﬂz[z Tgitwgi] , (3
gei

gei

where recovered parameters Eland Ez arebiasedrelative to the funda-
mental relationshipinequation (1) because (3 z; Tog)” <Y gei T;,- Wg;
duetoJensen’sinequality.

Thus, we constructed a vector of ADM1-month temperature vari-
ables by computing nonlinear transformations at the grid level before
aggregating across space, following equation (2). Although we could,
in principle, follow the same procedure for precipitation, we instead
computed drought and flood variables at the ADM1-month level, due to
high rates of mismeasurement in grid-level rainfall estimates®* and due
tothelikelihood that prevalence-precipitation relationships occur over
larger spatial scales than asingle grid cell (thatis, water flows through
hydrological systems linking precipitationin one location to water avail-
ability and prevalence downstream). We show ina robustness exercise
detailed below that using grid-level precipitation data generates similar
results as our aggregated model, butincreases uncertainty, consistent
with evidence on rainfall mismeasurement in Africa.

Allmainresultsrely onthe spatial aggregation procedure described
above. However, we additionally estimated an alternative model that
leverages the point-level prevalence data directly, introducing no
spatial aggregation beyond the resolution of the weather data (0.5°).
As we detail below and show in Supplementary Fig. 9, the recovered
prevalence-temperature results are very similar using these two dis-
tinct methods.

Statistical model
The influence of climatic conditions on malaria prevalence has been
heavily studied using transmission models based in vector ecophysi-
ology and calibrated using laboratory experiments>*. The important
benefit of this approachis that the mechanistic links between a particu-
lar environmental condition (for example, temperature) and malaria
prevalence in the human population, such as effects on biting rate
and survival probability, can beindependently isolated. However, this
approachislimitedinits ability to generalize to real-world contexts, in
whichcomplex socioeconomic factorsinteract with modelled relation-
ships based on laboratory conditions. Clinical data, which measures
malaria prevalence in human populations, have been used to validate
modelled results?, butinconsistent findings arise due to challenges in
statisticallyisolating the role of climate from the many correlated fac-
torsinfluencing prevalence, suchas public healthinterventions, drug
resistance, conflict and social instability, and economic shocks'*>5-83,
This study seeks to provide generalizable population-scale evi-
dence of the malaria-climate link across sub-Saharan Africa using
field-collected clinical data and a statistical approach designed to
isolate changing environmental conditions from spatiotemporal
confounding factors. Specifically, we drew on the climate economet-
rics literature*®, which has developed causal inference approaches
to quantify and project the effects of anthropogenic climate change
on a host of socioeconomic outcomes, from agricultural yields”, to
civil conflict®, to all-cause mortality”. This approach is designed to
approximate controlled experiments by semi-parametrically account-
ing for unobservable spatial and temporal confounding factors, isolat-
ing variation in the climate system that is less likely to be correlated
with other socioeconomic factors®. Thisapproachis often referred to
as ‘reduced form’, as it allows for a plausibly causal interpretation of
recovered relationships between socioeconomic conditions and the
climate, butitdoes not easily enable the researcher toisolate individual
mechanisms linking achanging climate to shifts in outcomes (for exam-
ple, mosquito population dynamics or parasite development rates).



However, causal estimates enable counterfactual simulationin which
climate is changed and all other factors are held constant; this is the
exercise conducted here and inmany applications of climate economet-
ricframeworks, including estimating the effects of climate change on
dengue cases™, international human migration®¢, all-cause mortality””
and more. Moreover, these relationships can be used to calibrate more
structured transmission models by providing empirical grounding
from observational data.

We developed astatistical model using monthly survey-based malaria
PfPR,_,coveringall of sub-Saharan Africa over 116 years. Our outcome
variableis the average prevalence for each ADM1 (for example, prov-
ince or state) in country ¢ during month-year ¢, which we denote as
PfPR,.. We estimated prevalence as aflexible function of monthly tem-
perature and precipitation variables as follows:

PfPRit:ﬁl Z Tgit(‘)gi +ﬁ2 Z ngit(‘)gi
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where g subscripts denote grid cells, which fall within administrative
unitsi,and w,are area weights equal to the share of uniti's area covered
by grid cell g, such that } ., T,,w,; equals the area-weighted average
monthly temperature across all grid cells falling within administrative
uniti. Together, parameters 3, and 3, recover a quadratic response
between prevalence and monthly average temperature. As described
above, polynomials are computed before aggregating across grid
cells to preserve local nonlinearities and avoid aggregation bias.
Precipitation extremes are captured by a vector of dummy variables
I{drought, , }andI{flood; ..}, whichindicate whether anadministr-
ative unit’s monthly rainfall total can be categorized as drought (defined
as 10% or lower of the long-run location-specific and month-specific
mean) or flood (defined as 90% or higher of the long-run location-
specificand month-specific mean) during month-year ¢t - . We allowed
for up to3 months of lags (thatis, L =3) for these extreme precipitation
conditionsinour mainspecification, based on hypotheses from previ-
ous literature regarding the timescales of larvae drying and of ‘flush-
ing’***3, Various sensitivity analyses detailed below demonstrate that
key findings are robust to: including lags for temperature as well as
precipitation (Extended Data Fig. 2); the drought and flood cut-offs
used for precipitation (Supplementary Figs. 2, 5 and 6); alternative
functional forms of temperature (Supplementary Fig. 4); and the esti-
mation of a grid-level regression that does not aggregate prevalence
or weather across space (Supplementary Fig. 9).

Equation (4) uses asuite of semi-parametric spatiotemporal controls
to isolate variation in climatological conditions that is independent
fromother disease transmission factors, following standard practicesin
the climate econometrics literature®*°, First, a;is a vector of indicator
variables for each of 853 ADM1 units across our multi-country sample.
These spatial ‘fixed effects’ control for all time-invariant characteristics
ofanadministrative unit that may confound the relationship between
temperature, rainfall and prevalence. For example, higher-altitude
regions may exhibit cooler temperatures, but they also may be more
geographically isolated communities with limited access to malaria
prevention interventions. By controlling for mean conditions in each
location, these spatial fixed effects avoid conflating climate conditions
with other geographical correlates.

Second, y,,isavector of region-by-month-of-yearindicator variables,
whereregions rare defined using the Global Burden of Disease regional
definitionsof West,southern,centralandEastAfrica(seefigure2inref.87).
Note that the subscript m indicates month of the year (for example,

February), whereas the month-year index tindicates the month-year
time index (for example, February,1998). These spatiotemporal fixed
effects y,,, account for region-specific seasonality in prevalence that
may spuriously relate to seasonally varying climatological conditions.
We allowed these seasonal controls to vary by region because of large
differences in climatological seasonality and in malaria cyclicality
across sub-Saharan Africa®, and we show below that our main find-
ings are robust to more stringent seasonality controls defined at the
country level (Extended DataFig.4). Third, ¢,.and ¢,. are coefficients
estimating, for each country cin the full set of countries C,anonlinear,
country-specific quadraticin the month-year time index, which adjusts
theregression for country-specific gradual trends that may confound
the malaria-climate relationship, particularly under historical condi-
tions of anthropogenic climate change. Extended Data Fig. 4 shows that
ourresultsare robust to multiple alternative approaches to controlling
for long-run trends that may vary across space.

Finally, theindicatorvariables I{intervention 1}, and l{intervention 2},
areequaltoone when an observationfallsinto the 1955-1969 or 2000-
2015 period, respectively. These two periods saw substantial malaria
intervention programmes across the subcontinent, leading to consid-
erable declines in malaria that were unrelated to changes in the cli-
mate®®, These indicator variables control for shocks to prevalence
during these two periods, and the coefficients 6, and 6, allow for dif-
ferential effectiveness of the two distinct intervention periods.
Although these variables are strongly correlated with average preva-
lence and the first is highly statistically significant (Extended Data
Table 1), our main findings are robust to their exclusion (Extended Data
Fig.4).

Together, these set of flexible controls imply that the residual vari-
ation in temperature and precipitation events used to identify the
coefficients g, 8., p, and ¢, is month-to-month variation over time
withinthe same location, after controlling for gradual country-specific
trends, regional seasonality and the aggregate effects of two substantial
malaria prevention intervention programmes.

We estimated equation (4) using the Ife package in R. In estimation,
we clustered standard errors ¢,,, at the country-by-5-year group level to
account for spatial correlation within a country and serial correlation
within a 5-year time span (see Supplementary Table 5and the associated
discussion on spatiotemporal structure in model residuals below for
details on this choice). When computing probabilistic historical and
future climate change simulations, we repeatedly resampled coeffi-
cients from the clustered variance-covariance matrix so that this same
spatial and temporal correlation was accounted for when computing
estimates of theimpacts of climate change. These resampled draws of
both temperature and precipitation coefficients are plotted in Fig. 2.
We additionally show sensitivity to alternative methods of capturing
uncertainty in Supplementary Table 3 and Supplementary Fig. 7. In Sup-
plementary Fig.10, we show that model residuals are close to normally
distributed, although with slightly heavier tails, making the application
of ordinary least squares appropriate in this context.

Statistical model robustness

Inthis section, we describe a set of model sensitivity analyses that probe
the robustness of our empirical model. Specifically, we investigated the
sensitivity of our key findings to: alternative spatiotemporal controls;
inclusion of dynamic temperature effects; alternative definitions of ext-
reme rainfall events; alternative functional forms for the prevalence-
temperature relationship; and the estimation of asurvey-level regres-
sioninwhich the point-level nature of the raw prevalence data are used
directly, with minimal spatial aggregation. Finally, we have provided
aset of diagnostics investigating the spatiotemporal structure of our
model residuals.

Spatiotemporal controls. Our preferred empirical specification in
equation (4) includes ADM1 fixed effects (that is, indicator variables),
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region-by-month-of-year fixed effects, country-specific quadratic time
trends and twoindicator variables for each of two malariaintervention
periods (1955-1969 and 2000-2015). Extended Data Fig. 4 shows that
our estimated prevalence-temperature relationship is highly robust
to many alternative spatial and temporal controls. All panels in this
figure include ADML1 fixed effects to control for time-invariant char-
acteristics that may confound the relationship between prevalence
and temperature, but each panelvariesin the additional spatial and/or
temporal controlsincludedintheregression. A tabular version of these
results is shown in Extended Data Table 1. Although the temperature
at which prevalence peaks changes slightly across model specifica-
tions, it remains within adegree of the 24.9 °C value from our preferred
specification for most models, particularly those including time trends
thatare spatially differentiated (note that peak temperaturesindicated
in Extended Data Fig. 4 are rounded to the nearest degree for display
purposes). Predictably, stringent controls, such as region-by-year and
country-by-month fixed effects, tend to increase statistical uncer-
tainty. The specification without an expected inverted Ushapeincludes
country-by-year fixed effects, which absorb nearly all residual variation
intemperature. However, overall, the estimated shape and magnitude
ofthe prevalence-temperature relationship remain robust to alterna-
tive spatial and temporal controls.

Dynamic temperature effects. Our preferred empirical specifica-
tion estimates contemporaneous (within 1 month) and lagged (up to
3 months) effects of extreme rainfall on malaria prevalence, but only
contemporaneous effects of temperature. Althoughit is possible that
temperature also exhibits lagged effects, we show in Extended Data
Fig. 2 that the cumulative effect of temperature on PfPR,_,, is similar
whether 0,1,2 or 3 months of lagged temperatures are accounted for.
The prevalence response to temperature does become stronger with 3
months of lags, suggesting that our historical and future climate predic-
tions shown throughout the main text may be somewhat conservative.
However, overall, these findings suggest that climate change impact
predictions are unlikely to change meaningfully under different as-
sumptions of the lag structure of temperature exposure.

Definitions of extreme rainfall events. Our main empirical specifica-
tion defines drought as months for which total precipitationisless than
or equal to 10% of the long-run location-specific and month-specific
mean. Flood is analogously defined as months for which total precipita-
tionisgreater thanorequalto 90% of the long-runlocation-specificand
month-specific mean. Here we investigated the sensitivity of our main
findings to these definitions. To do so, we systematically varied both the
drought and flood cut-off values, ranging fromless than 1% to less than
20% for drought and from more than 85% to more than 95% for flood,
respectively. Supplementary Fig. 6 shows that therelationship between
malaria prevalence and temperature is insensitive to the definition of
droughtand flood events. Supplementary Fig. 5 shows that under most
drought and flood definitions, extremely low precipitation events have
anegative effect on prevalence with alag of 1-2 months. However, this
effectisrarely statistically significant. Supplementary Fig. 2 shows that
extremely high rainfall events increase prevalence with a lag of 2-3
months, aresult that is statistically significant and generally robust to
alternative drought and flood definitions. In general, these sensitivity
analyses show that our main findings are not sensitive to the specific
definitions of drought and flood used in estimation of equation (4).

Temperature’s functional form. Following from theoretical and
laboratory-based literature (for example, refs. 3,4), we modelled the
prevalence-temperature relationship as quadratic. However, Sup-
plementary Fig. 4 shows that this relationship is similar when more
flexible functional forms are used. In particular, the temperature at
which prevalence peaks changes little when higher-order polynomi-
als are estimated. Estimating higher-order polynomials increases

uncertainty, particularly in the tails of the temperature distribution,
but point estimates are similar across the majority of the observed
temperature range.

Estimating a grid-level regression. As described above, our main
analysisreliesonan ADMI-level regression in which malaria prevalence
and weather data are aggregated from higher spatial resolutions to the
ADMl1 scale. Here we show the results from an alternative approach, in
which point-level malaria prevalence survey observations are matched
to corresponding 0.5° resolution CRU climate data grid cells and the
regression is estimated at this grid level.

Using these disaggregated data, we estimated a regression model
analogous to equation (4), but modified to fit the spatial scale of the
data. Specifically, we estimated:
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whereall variables are defined as above for equation (4). In particular,
PfPR,, represents average prevalence for all surveys located in grid g
falling within ADM1 unit i during month ¢, 7, denotes temperature in
thesame grid and month, and precipitation extremes are captured via
dummy variables 1{drought , .} and 1{flood,; .} that indicate when
the monthly rainfall total of each grid cellis less than10% of its long-run
month-specific mean (drought) or more than 90% (flood). As for the
mainmodel, when estimating equation (5), we clustered standard errors
at the country-by-5-year group level.

Two features render this estimating equation distinct from the main
analysis. First, temperature and precipitation variables are matched
exactly to thegrid cell within which the malaria survey was conducted,
such that no aggregation is necessary. This increases the precision of
the match between weather and outcome variables. Second, the spatial
‘fixed effects’ denoted by a,—that s, indicator variables for each of the
ADM1 unitsin our sample—are estimated at alower spatial resolution
(ADM1) than the dataitself (grid). Thisimplies that the weather variation
used to identify coefficient vectors i, A and § includes both variation
over time within an ADM1, but also across survey locations located
within the same ADML. Thus, although this model has the benefit of
leveraging higher spatial resolution in weather, it potentially suffers
from omitted variables bias, as weather conditions in different survey
locations may be correlated with other unobservable determinants of
malariaprevalence (for example, access to healthcare, rates of poverty
and proximity to water bodies).

In Supplementary Fig. 9, we show that the malaria prevalence-
temperature relationship recovered from estimation of equation (5)
is very similar to that estimated from our main regression model in
equation (4), suggesting that aggregation of the underlying survey
data does not influence the key results of the paper. By contrast, the
estimated drought and flood coefficients recovered from the grid-level
regression are highly imprecise, consistent with substantial measure-
ment error in local-level precipitation datasets in Africa for much of
the twentieth century®.

Correlations in model residuals. Here we evaluated the extent to
which our model residuals are correlated over space and time by cal-
culating correlations between residuals across various subsets of our
data, following similar tests in ref. 90. Specifically, we calculated cor-
relations across observations that are: (1) within the same ADM1 unit
but from different time periods; and (2) from different ADM1 units but
withinthe sametime period. For temporal correlations, we computed



correlations between temporally consecutive observations within
windows of up to 5 years, whereas for spatial correlations, we investi-
gated correlations within countries, across countries, within Global
Burden of Disease multi-country regions and based on physical distance
(using ADM1 centroids).

Supplementary Table 5 reports mean correlations, as well as the
first and third quartiles of the distribution of correlations across dif-
ferent pairs of units. Rows labelled ‘temporal’ quantified correlations
over time, whereas rows labelled ‘spatial’ quantified correlations over
space. We note that these tests should be interpreted with care, as the
malariaprevalence dataare highly unbalanced in space and time, often
leaving few observations with which to estimate correlations and/or
few regional or temporal pairs over which to summarize a distribu-
tion of correlations. To ensure interpretability, we restricted analy-
sis to correlations with at least ten observations. The last column in
Supplementary Table 5, labelled N, indicates the number of pairs for
which sufficient data were available to construct correlations for a
given grouping. These results reveal moderate serial correlation in
residuals, especially for consecutive observations (row 2; mean p = 0.40
for consecutive month-years within the same ADM1 unit). Spatial cor-
relations range from negligible (mean p = 0.04 across ADM1s from
different countries or regions) to moderate (meanp =0.28and p = 0.30
for ADM1s within the same country and ADM1s with centroids less than
500 kmof one another, respectively). Country boundaries are critical
for determining spatial correlations: ADM1s with centroids less than
500 km of one another have high mean correlations within countries
(mean p =0.30), but low mean correlations when crossing country
borders (mean p =0.08).

Given theseresults, we clustered standard errors at the country-by-
5-year group level, accounting for correlationin model residuals across
all ADM1s within the same country and across all months within the
same 5-year window. However, in Supplementary Table 3 and Sup-
plementary Fig. 7, we show sensitivity of our recovered confidence
intervals to alternative approaches to standard error estimation.

Predictions
In both historical and future simulations, we applied the estimated
panel regression to calculate the effect of climate change on PfPR,_;,.
Our predictions capture the full range of statistical uncertainty (1,000
model estimates resampled from the clustered variance-covariance
matrix) and climate model uncertainty (10 climate models), producing
atotal of 10,000 estimates of historical or futureimpactsinany given
scenario. Each of these 10,000 estimates was normalized to along-run
baseline (past: 1901-1930; present: 2015-2020) before estimates are
averaged, creating an estimate of climate change impacts relative to
that baseline. In our historical analyses, we only used these models
to estimate changes in prevalence attributable to climate change:
although the panel regression model accounts for other historical
drivers through the fixed effects structure, these are not the focus of
our analysis, and so we choose not to estimate total prevalence includ-
ing these effects. Similarly, we elected not to make assumptions about
non-climate drivers of malaria prevalence in the future, and thus do
not apply the model to predict future trends in overall prevalence.
For overall trends (for example, reported in Figs. 2d, 3d and 4d), we
generated continent-wide averages or four regional averages using the
unweighted average of estimates for each ADM1 unit. Thisisadeliber-
ate oversimplification, as we did not adjust averages based on either
ADM1 units’ land area or the estimated population they contain; we
made this decision based on the challenges of reconstructing historical
populationdensity at fine scales, as well as the need to otherwise make
assumptions about how disease burden is allocated over space (for
example, the distribution of transmission across rural or urban areas).
For similar reasons, we chose not to estimate the effect of prevalence
changes on overall malaria incidence. Although some studies have
attempted this using a linear conversion with total population®, proper

estimation of incidence (and the effects of treatment variables, through
prevalence, on case burden) requires malaria transmission models that
require substantially more demographic assumptions®. Future work
could exploreboth of these methodologically complex directions, and
potentially generate finer-scale estimates of how many cases of child-
hood malaria, and resulting deaths, are attributable to climate change.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

No original datawere generated or reported in our study. All data used
in the analyses, including both malaria and climate data, are freely
available and referenced in the Methods. For replication purposes, we
have made our intermediate datafiles and analysis-ready pre-processed
dataset available on Zenodo®. Climate model simulation data are too
large for standard public datarepositories, but are available on request.

Code availability
All code is available on GitHub (github.com/cjcarlson/falciparum).
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Extended DataFig.1|Malariaprevalence follows biological expectations.
(A) Thetheoretical expectation for Ry(T), the scaled partial response of the
basicreproduction number to temperature, estimated based onlaboratory
experiments (black line)®. Transmission peaks around an estimated optimum
of 25.6 °C (grey dashed line). (B) Observed malaria prevalence datafrom
Snow et al.? matched to monthly temperature from Climatic Research Unit
(CRU) weather station data, summarized and smoothed using ageneralized
additive model. The observed optimum temperature (red dashed line) closely

35
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matches expectations based onlaboratory experiments (grey dashed line).
(C)Main panelregression estimate for prevalence response to temperature
(alsoshownin Fig.2a). The modeled optimum temperature (red dashed line) is
slightly lower thaninlaboratory experiments (grey dashed line). (D) Histogram
of optimum temperatures derived from1,000 estimates resampled from the
variance-covariance matrix of the panel regression model shownin panel (C).
The meanoptimum temperature across allsamples (red dashed line) is
identical to the optimum shownin panel C.
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Extended DataFig. 2| Cumulative effect of contemporaneous and lagged

Mean temperature (°C)

temperature on PfPR,_ . All panels show the estimated relationship between

malaria prevalence for childrenaged 2-10 and monthly average temperature
and are plotted relative toamonthly average temperature of 25 °C. The first
panel shows the effect of monthly average temperature on the same month’s
average prevalence (thisis the main estimate used throughout the main text).

Mean temperature (°C)

Mean temperature (°C)

The second panel shows the cumulative effect of contemporaneous
temperature and the prior month’s temperature on prevalence, while the
last two columns show analogous results for two and three months of lags,
respectively. Inall specifications, three months of lagged precipitation
extremesareincluded, as well as all other controls shownin equation (4).
Allstandard errors are clustered at the country-by-5-year group level.
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Extended DataFig.3| Empirical estimates of PfPR, ,-climate relationships
using alternative climate input datasets. Panels show the estimated
relationship between malaria prevalence for children aged 2-10 and monthly
average temperature (left), drought (middle), and flood (right). Regressions are
estimated separately for our main model specification using Climatic Research
Unit (CRU) climate data or an alternative climate dataset, the European Centre
for Medium-Range Weather Forecasts Reanalysis v5 (ERAS). Both regressions
arelimited tothe years1940-2016, the time overlap of the two datasets and
available malaria prevalence data. (Left) The relationship between prevalence

and mean monthly temperature fora CRU-based model (black solid line and
pinkshading) and for an ERA5-based model (dashed line and grey shading),
with shadingindicating 95% confidence intervals. (Middle, right) Estimated
coefficientsand 95% confidence intervals for the effects of drought (middle)
andflood (right) events across contemporaneous and lagged months for both
modelspecifications. Positive coefficients indicate higher malaria prevalence
associated withextreme climate events. All standard errors are clustered at the
country-by-5-year group level.
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Extended DataFig. 4 |Sensitivity of the PfPR,_,,-temperaturerelationship
toalternative spatiotemporal controls. All panels show the estimated
relationship between malaria prevalence for children aged 2-10 and monthly
average temperature and allinclude fixed effects (i.e., dummy variables) at the
scale of the firstadministrative unit (i.e., ADM1). All temperature responses are
plotted relative to the model-specific temperature at which prevalenceis
maximized; this peak temperatureisindicated ingrey text and with a vertical
greylinein each panel. From top-left to bottom-right, model controls are:

year and month fixed effects (“FEs”); country-specific quadratic time trends
(“country trends”) and month FEs; country trends and country-by-month FEs;
country trends and intervention period and month FEs; country trends and

Mean temperature (°C)

Mean temperature (°C)

intervention period and region-by-month FEs; country trends and intervention
period and country-by-month FEs; country trends and year-by-month and
region-by-month FEs; country-by-year and region-by-month FEs; region-by-
year and region-by-month FEs; region-by-year and country-by-month FEs;
ADMI1-by-decade and region-by-month-by-decade FEs; and region-by-year and
region-by-month FEs with country-specificlinear time trends. The preferred
specification used throughout the main textis the fifth panel, where the main
specificationis showninblack (with pink shaded 95% confidence intervals) and
allalternative specifications from other panels are overlaid in green. “Region”
refers to the Global Burden of Disease definitions of West, Southern, Central,
and East Africa. All standard errors are clustered at the country-by-5-year level.
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Extended DataFig.5|Heterogeneous effects of temperature and extreme
precipitation onmalariaprevalence by urban and ruralstatus. All panels
show the estimated relationship between malaria prevalence for children aged
2-10 estimated separately for rural (pink) and urban (grey) areas. (Left) The
relationship between prevalence and mean monthly temperature with shading
indicating 95% confidenceintervals. (Middle, Right) Estimated coefficients and
95% confidenceintervals for the effects of drought (middle) and flood (right)

eventsacross contemporaneous and lagged months. Positive coefficients
indicate higher malaria prevalence associated with extreme climate events.
Model estimates include fixed effects for administrative units and regional
seasonality, with standard errors clustered at the country-by-5-year group level.
Urban-rural classifications are based on the Global Human Settlement Layer
Urban Centre Database®.
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Extended DataFig. 6 | Historicalimpacts of climate change decomposed by
variable. Partial predictions of changes in malariaattributable to anthropogenic
climate change are made based on all climate variables (top row), temperature
(second row), flood shocks (third row), and drought shocks (fourth row). Asin
Fig.2, predictionsbased ontrue historical climate (blue) are compared to
counterfactual predictions without anthropogenic warming (grey), relative to
a1901t01930 baseline. Thick lines are the mean estimate across all10,000
simulations; shadingindicates the 5"and 95" percentiles. Plots begin in 1902
withthe first full year of predictions (due to lag effects).



Extended DataFig.7|Historical changesin malaria prevalence attributable
to anthropogenicclimate change from 1901 to 2014. Map shows the
estimated change in prevalence attributable to anthropogenic climate change
ineach administrative unit, based on the difference between the historical
climatein2010-2014 and a counterfactual scenario for the same period
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simulated without anthropogenic warming. Polygons with ablack solid outline
indicate areas with changes that were statistically significant (a = 0.05) based
onthesignof10,000 simulations. Mean estimates shown here provide the
sameinformationasinFig.3,butonasingle colorscale (i.e., nouncertainty
visualization).
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Extended DataFig. 8| Seasonality in theimpacts of anthropogenic climate
change onmalariaprevalence. Line plots show, for each Global Burden of
Diseaseregion, the difference between predicted monthly prevalence under
the true historical climate and a counterfactual climate without anthropogenic
warming. Positive values indicate that historical climate change elevated malaria
prevalence during the indicated month. Impacts are shown as averages by
monthover thelast 5years (2010-2014) of the historical analysis. Each grey line
represents one climate model projection, with the blue line showing the mean
acrossallmodels. Associated tabular summaries are shownin Supplementary
Table4.
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Extended DataFig. 9| Futureimpacts of climate change decomposed by
variable. Partial predictions of changes in malaria attributable to future
climate change are made based on all climate variables (top row) temperature
(second row), flood shocks (third row), and drought shocks (fourth row).
Projections are shownrelative to the mean prevalence from 2015-2020, and as
inFig.2,linecolorindicates emissions scenario (blue: SSP1-RCP2.6; pink:
SSP2-RCP4.5; green: SSP5-RCP8.5). Thick lines are the mean estimate across all
10,000 simulations; shading indicates the 5" and 95" percentiles. Plots begin
in2016 with the first full year of predictions (due to lag effects).
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Extended DataFig.10|Projected future changesin malaria prevalence
drivenby climate change from 2015 to 2100. Maps show the estimated
changeinprevalence due to anthropogenic climate change (in percentage
points) inlow-emissions (SSP1-RCP2.6; row 1), moderate-emissions
(SSP2-RCP4.5; row 2), and high-emissions (SSP5-RCP8.5; row 3) scenarios,
projected to mid-century (2048-2052; column1) or the end of the century
(2096-2100; column 2). Projections are reported as differencesrelativeto a
present-day baseline (2015-2020). Mean estimates in row 2 column 2 provide
thesameinformation as in Fig. 4, but onasingle colorscale (i.e., no uncertainty
visualization). The color bar is winsorized for display purposes only, the full
rangeacrossallregionsis-8.5p.p.to5.7 p.p.



Extended Data Table 1| Sensitivity of estimated effects of temperature and rainfall on PfPR,_,, to alternative spatiotemporal

controls

Dependent variable:

PfPRy_19
yr + mo cntry trd, cntry trd, cntry trd, int cntry trd, int cntry trd, int cntry trd, yr-mo cntry-yr + rgn-yr + rgn-yr + adm-dec + Ign-yr + rgn-mo

FEs. mo FEs. cntry-mo FEs. + mo FEs. + rgn-mo FEs. + cntry-mo FEs. + rgn-mo FEs. rgn-mo FEs.  rgn-mo FEs.  cntry-mo FEs.  rgn-mo-dec FEs. FEs., entry trd

[0)) (2 (©)] ) ®) (6) @ ®) 9) (10) (11) (12)
Avg temp. (°C) 2.50* 3.18** 4.10* 3.33* 4.36** 4.30* 2.78 0.10 3.34* 2.39 3.29 3.25*

(1.02) (1.07) (1.70) (1.07) (1.52) (1.67) (1.42) (1.05) (1.48) (1.68) (2.24) (1.43)
Avg temp.? (°C) —0.06** —0.07*** —0.08* —0.07*** —0.09** —0.08** —0.06* —0.01 —0.07* —0.05 —0.06 —0.07*

(0.02) (0.02) (0.03) (0.02) (0.03) (0.03) (0.03) (0.02) (0.03) (0.03) (0.04) (0.03)
Flood —0.64 —0.25 —0.45 —-0.16 —-0.15 —0.39 —0.22 —0.60 —0.64 —0.66 —0.06 —0.57

(0.90) (0.86) (0.96) (0.86) (0.91) (0.97) (0.99) (0.87) (0.94) (0.99) (1.22) (0.91)
Flood (lag 1) —0.56 —0.47 —0.37 —0.52 —0.48 —0.38 —1.30 —0.63 —0.82 —0.95 0.58 —0.60

(0.84) (0.79) (0.83) (0.77) (0.78) (0.80) (0.92) (0.75) (0.83) (0.87) (1.02) (0.80)
Flood (lag 2) 2.01%* 1.82* 2.44 1.99* 2.03* 2.60** 1.90* 2.87* 2.52%* 2.41% 2.34* 2,17

(0.75) (0.79) (0.81) (0.78) (0.79) (0.80) (0.77) (0.72) (0.78) (0.80) (1.07) (0.77)
Flood (lag 3) 0.49 0.68 1.72 0.65 0.72 1.75 1.03 1.40 —0.08 0.64 2.83* 0.22

(0.82) (0.79) (0.89) (0.80) (0.85) (0.90) (0.84) (0.83) (0.90) (0.93) (1.19) (0.86)
Drought 0.41 0.68 -0.79 0.63 —0.26 —-0.92 -1.31 —0.87 —0.65 —1.07 0.02 —0.68

(0.72) (0.74) (0.82) (0.74) (0.76) (0.81) (0.70) (0.61) (0.70) (0.78) (1.20) (0.66)
Drought (lag 1) —0.76 —0.67 -1.19 —0.62 —-1.07 -1.19 —0.46 —0.65 —1.49 . B 0.68 -1.22

(0.84) (0.82) (0.91) (0.82) (0.88) (0.92) (0.85) (0.82) (0.88) (0.92) (1.35) (0.86)
Drought (lag 2) -1.71* =1.96** -1.97* =1.91*™ -2.14** —2.05* —1.80* —0.98 —2.02* -1.79* —2.60* =2.15%

(0.69) (0.69) (0.83) (0.69) (0.69) (0.82) (0.84) (0.73) (0.69) (0.84) (1.28) (0.66)
Drought (lag 3) 0.59 0.62 0.99 0.52 0.59 0.77 0.63 0.70 0.41 0.71 1.14 0.32

(0.90) (0.93) (1.02) (0.92) (0.92) (1.00) (0.96) (0.78) (0.87) (0.95) (1.33) (0.87)
Intvn. 1955-69 —4.84* —5.05**

(1.68) (1.77)
Intvn. 2000-15 —3.36 —3.88
(2.91) (2.93)

Observations 9,875 9,875 9,875 9,875 9,875 9,875 9,875 9,875 9,875 9,875 9,875 9,875
R? 0.52 0.53 0.57 0.53 0.53 0.57 0.64 0.72 0.57 0.60 0.79 0.59
Adjusted R? 0.48 0.49 0.51 0.49 0.49 0.51 0.56 0.63 0.52 0.54 0.63 0.54

Note: *p < 0.05; **p < 0.01; ***p < 0.001

All columns show regression results for a dependent variable of malaria prevalence for children aged 2-10 (PfPR,._,,). All include fixed effects (i.e., dummy variables) at the scale of the first
administrative unit (i.e., ADM1). Other model controls by column are: (1) year and month fixed effects (“FEs”); (2) country-specific quadratic time trends (“country trends”) and month FEs;
(3) country trends and country-by-month FEs; (4) country trends and intervention period and month FEs; (5) country trends and intervention period and region-by-month FEs; (6) country
trends and intervention period and country-by-month FEs; (7) country trends and year-by-month and region-by-month FEs; (8) country-by-year and region-by-month FEs; (9) region-by-year
and region-by-month FEs; (10) region-by-year and country-by-month FEs; (11) ADM1-by-decade and region-by-month-by-decade FEs; and (12) region-by-year and region-by-month FEs and
country-specific linear time trends. The preferred specification used throughout the main text is column (5). “Region” refers to the Global Burden of Disease definitions of West, Southern,
Central, and East Africa. All standard errors are clustered at the country-by-5-year group level.
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Extended Data Table 2 | Projected future impacts of climate change on PfPR,_,,

Region S 2048-2052 2096-2100
Estimate 95% CI P, Estimate 95% CI P,
Sub-Saharan Africn | SSPI-RCP26 [ -0.109 (-0.483, 0.204)  0.244 | -0.115 (-0.585, 0.189) _ 0.306
(continent-yide) SSP2-RCP4.5 | -0.181 (-0.671, 0.252)  0.225 | -0.488 (-1.501, 0.311)  0.131
SSP5-RCP8.5 | -0.286 (-0.936, 0.318)  0.192 | -2.039 (-5.210, -0.004) 0.025
SSP1-RCP2.6 | 0.318 (-0.257, 0.964)  0.874 | 0.342 (-0.196, 1.085)  0.890
Southern Africa SSP2-RCP4.5 | 0.502 (-0.259, 1.287)  0.904 | 0.838 (-0.495, 2.272)  0.885
SSP5-RCP8.5 | 0.836 (-0.391, 2.131)  0.909 | 0.404 (-2.891, 3.061)  0.630
SSP1-RCP2.6 | -0.499 (-1.032, -0.151)  0.001 | -0.493 (-1.166, 0.061)  0.088
West Africa SSP2-RCP4.5 | -0.764 (-1.421, -0.256) 0.000 | -1.622 (-3.279, -0.522)  0.000
SSP5-RCP8.5 | -1.127 (-1.999, -0.381)  0.000 | -4.502 (-9.435, -1.630)  0.000
SSP1-RCP2.6 | 0.106 (-0.276, 0.549)  0.697 | 0.092 (-0.368, 0.512)  0.753
East Africa SSP2-RCP4.5 | 0.118 (-0.393, 0.637)  0.675 | 0.111 (-0.740, 0.982)  0.588
SSP5-RCP8.5 | 0.142 (-0.527, 0.803)  0.660 | -0.678 (-3.001, 1.104)  0.269
SSP1-RCP2.6 | -0.052 (-0.431, 0.241)  0.386 | -0.086 (-0.506, 0.274)  0.360
Central Africa SSP2-RCP4.5 | -0.043 (-0.591, 0.429)  0.454 | -0.278 (-1.353, 0.591)  0.293
SSP5-RCP8.5 | -0.149 (-0.842, 0.518)  0.345 | -1.564 (-4.719, 0.481)  0.087

Estimates and confidence intervals are all given as percentage point changes from a 2015-2020 baseline, estimated across 10,000 simulations. P, indicates the proportion of simulations
showing an increase in malaria prevalence relative to the baseline period.
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Population characteristics All models use data from children ages 2 through 10.
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