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Temperature is widely known to influence the spatio-temporal dynamics of
vector-borne disease transmission, particularly as temperatures vary across
critical thermal thresholds. When temperature conditions exhibit such
‘transcritical variation’, abrupt spatial or temporal discontinuities may
result, generating sharp geographical or seasonal boundaries in trans-
mission. Here, we develop a spatio-temporal machine learning algorithm
to examine the implications of transcritical variation for West Nile virus
(WNV) transmission in the Los Angeles metropolitan area (LA). Analysing
a large vector and WNV surveillance dataset spanning 2006–2016, we
found that mean temperatures in the previous month strongly predicted
the probability of WNV presence in pools of Culex quinquefasciatus mosqui-
toes, forming distinctive inhibitory (10.0–21.0°C) and favourable (22.7–
30.2°C) mean temperature ranges that bound a narrow 1.7°C transitional
zone (21–22.7°C). Temperatures during the most intense months of WNV
transmission (August/September) were more strongly associated with infec-
tion probability inCx. quinquefasciatus pools in coastal LA, where temperature
variation more frequently traversed the narrow transitional temperature
range compared to warmer inland locations. This contributed to a pro-
nounced expansion in the geographical distribution of human cases near
the coast during warmer-than-average periods. Our findings suggest that
transcritical variation may influence the sensitivity of transmission to climate
warming, and that especially vulnerable locations may occur where present
climatic fluctuations traverse critical temperature thresholds.
1. Introduction
Temperature is a fundamental determinant of both vector and parasite fecundity,
development and survival, and there are widespread theoretical, observational
and experimental studies indicating its role in the transmission of infectious
agents [1–4]. In some disease systems and contexts, temperature can exert
strong effects over narrow ranges, suggesting that even small fluctuations—
resulting from microclimatic conditions or otherwise unremarkable monthly or
interannual anomalies—may generate pronounced spatial or temporal hetero-
geneity in transmission dynamics [5–7]. The influence of such ‘transcritical
variation’, in which values traverse a critical temperature range, may be
masked at coarse spatial or temporal scales [8–10], reinforcing the need for
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Figure 1. Delineation of three climate zones in metropolitan Los Angeles determined by clustering (k-means) of average June–October daily mean temperatures
over the study period (2006–2016): coastal zone (19.6–22.0°C; blue), central zone (greater than 22.0–23.3°C; green) and inland zone (greater than 23.3–25.4°C;
red). The black outline identifies the boundary of metropolitan Los Angeles. (Online version in colour.)
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fine-scale analysis of such phenomena to decipher current
transmission dynamics and estimate the local and regional
implications of climate change.

West Nile virus (WNV, family Flaviviridae, genus Flavivirus)
primarily circulates between Culex (Cx.) mosquitoes and
passerine birds. Though humans are dead-end hosts, WNV is
the most common mosquito-borne human pathogen in North
America, having infected an estimated 7 million individuals
in the United States (US) from 1999 to 2016 [11,12]. The Los
Angeles (LA) metropolitan area has reported approximately
half of all human WNV disease cases in California [13,14],
and has experienced consistent summer and fall transmission
since the pathogen emerged in the state in 2003 [13,15]. Many
WNV and WNV-vector traits are sensitive to temperature,
including virus infection, dissemination and transmission
kinetics [16–18], as well as vector fecundity [19,20], feeding
rate [19] and longevity [19,20]. Laboratory studies explor-
ing thermal responses of WNV and its vectors, including
Cx. quinquefasciatus, have informed ‘trait-based’ mechanistic
models yielding estimated lower and upper thresholds for
WNV transmission at approximately 20°C and 30°C, respect-
ively, with the optimum temperature ranging from 24°C to
27°C [21–23].

These estimates have yielded crucial information concern-
ing WNV seasonality, broad spatial transmission patterns
and expected geographical shifts associated with climate
change, but flexible machine learning models developed in
data-rich settings can provide new insight into the drivers of
sub-annual and geographically localized patterns in disease
transmission [4,24,25]. Expanding on laboratory-derived
vector-trait thermal response functions, machine learning
approaches can accommodate vector and pathogen responses
to weather variability at short time scales, such as diurnal
temperature cycles and inter-daily temperature fluctuations.
Such variationmay regulate important physiological processes
relevant to WNV transmission [26,27], in part because vector-
trait thermal responses are nonlinear and subject to Jensen’s
inequality—variation can lead to higher or lower transmission
than would otherwise be expected under constant tempera-
tures [4,28]. Additionally, machine learning can easily
accommodate a large number of biotic and abiotic spatio-
temporal transmission determinants simultaneously, like
vector larval habitats, the distribution of hosts [29–31] and
important interactions between these variables [32], which ulti-
mately determine realized vector and pathogen distributions
[10,33]. Exhaustive incorporation of observed meteorological
variation—along with the local biotic/abiotic context—
would enable the assessment of the influence of transcritical
variation on localized heterogeneity in WNV transmission
dynamics and vulnerability to climate warming.

We do so here for the LA metropolitan area, developing a
spatio-temporal machine learning approach to estimate the
nonlinear marginal effects of temperature on WNV infection
in the mosquito vector Cx. quinquefasciatus. We incorporate
measures of average, minimum and maximum temperatures
at daily, weekly, monthly and quarterly timescales, along
with numerous other climatic and landscape features, to ident-
ify thermal thresholds that influence spatio-temporal variation
in vector infection. We identify three distinct climate zones in
metropolitan L.A. and investigate the effects of temperature
on the spatio-temporal dynamics of human WNV incidence
across these zones (figure 1). Our results offer new insight
into the influence of temperature on the location, timing and
intensity of WNV transmission at sub-regional scales, and
improve the understanding of how WNV transmission will
respond to future climate perturbations.
2. Material and methods
(a) Study area
Metropolitan Los Angeles, as defined here, constitutes three con-
tiguous urban areas delineated by the US Census Bureau: Los
Angeles–Long Beach–Anaheim; Riverside–San Bernardino; and
Mission Viejo–Lake Forest–San Clemente. The region covers
6368 km2 and has a population of 14 577 039 (2010 census). We
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chose this location because: (i) it has the most human WNV cases
in California; (ii) vector and pest control agencies in the area con-
duct and maintain detailed records of extensive vector
surveillance activities; and (iii) there is substantial spatio-tem-
poral temperature variability. We grouped metropolitan LA
into three zones based on mean temperature values during the
typical enzootic WNV transmission season in the region (June–
October) using k-means clustering. We designate the resulting
areas as coastal (19.6–22.0°C mean June–October temperature),
central (greater than 22.0–23.3°C) and inland (greater than
23.3–25.4°C) zones (figure 1).

(b) Mosquito surveillance and human health data
Mosquito surveillance data were acquired via a request to the
California Vector-borne Disease Surveillance System (CalSurv),
which collects data from more than 50 vector control agencies
in California. These data were subsetted to include only adult
female Cx. quinquefasciatus surveillance records within metropo-
litan L.A. from 2006 to 2016 that were collected using a single
CO2 (n = 7162 trap nights) or gravid (n = 29 308 trap nights)
trap that was operated for one night without malfunctioning
(totalling n = 36 470 trap nights; see additional details in elec-
tronic supplementary material, section SI-4). From this, we
calculated the number of female Cx. quinquefasciatus captured
per trap night at each surveillance location (n = 928 sites). Cx. tar-
salis, a highly competent WNV vector common in rural
agricultural and wetland habitats of Southern California [34],
was infrequently collected across our highly urbanized study
area and WNV was rarely detected in the Cx. tarsalis pools that
were collected, and thus was excluded from analyses. Among
all the surveillance records for these two species, 94% (1 806 675
individuals) of the total number of captured mosquitoes and
98% (5731 pools) of all the WNV positive pools were obtained
from Cx. quinquefasciatus samples.

The onset date and hospitalization date of human West Nile
non-neuroinvasive and neuroinvasive disease cases (n = 2161)
that occurred from 2006 to 2016 in each LA census tract, including
cases from Los Angeles, Orange, Riverside and San Bernardino
counties, were analysed in partnership with the California
Department of Public Health (CDPH), pursuant to CalProtects
(Committee for the Protection of Human Subjects) proposal
number 17–05–2993, pursuant to the California Civil Code, Article
6, 1798.24. Cases were attributed to each of the three LA climate
zones by identifying the zone that contained the centroid of the
census tract where the infected individual resided (raster package
in R v.3.5.1; see additional details in electronic supplementary
material, section SI-4).

(c) Climate and land cover data
Climate and land cover data, including gridded daily temperature
(minimum, maximum; 800 m resolution), gridded daily total pre-
cipitation (4 km resolution), gridded daily drought status (as total
column soil moisture and as anomalies in total column soil moist-
ure; approx. 6 km resolution), gridded forest canopy cover (30 m
resolution), gridded impervious cover (30 m resolution), gridded
elevation (10 m resolution) and vectorizedwetland cover (delinea-
tions from greater than or equal to 1 : 40 000 scale aerial imagery)
were acquired from public data sources (see electronic supplemen-
tary material, table S3, section SI-5 for data sources, acquisition,
attributes and processing details). Several additional gridded vari-
ables were derived from the above datasets using raster arithmetic,
including daily mean temperature (calculated as the average of
daily minimum and maximum temperature), and diurnal vari-
ation (difference between daily maximum and minimum
temperature). Spatial predictors were estimated within radial buf-
fers (10, 100 and 1000 m) surrounding mosquito surveillance sites
and temporal predictors were aggregated (daily, weekly, monthly,
quarterly) and lagged to generate several additional predictors (see
electronic supplementary material, section SI-5 for details).
(d) Data analysis
We developed a random forest model predicting the probability
of WNV infection in adult female Cx. quinquefasciatus pools
(hereafter ‘Cx. infection probability’) based on the lagged climate
and buffered land cover variables detailed above, as well as the
total number of female Cx. quinquefasciatus captured per trap
on the collection day, the number of female Cx. quinquefasciatus
pooled and tested for WNV (which was occasionally less than
the total number of Cx. quinquefasciatus captured), and spatial
(latitude, longitude) and temporal (year, month, week) features
to account for unmeasured confounders that could influence
seasonal, interannual and spatial trends, as well as dummy vari-
ables for vector control agency and trap type (electronic
supplementary material, table S3). We included predictors for
vector control agency and trap type, because systematic differ-
ences in WNV detection probability due to trap type or in the
surveillance priorities of vector control agencies (e.g. trap place-
ment in high-risk areas versus random placement) could
introduce significant spatial or temporal bias.

We modelled WNV presence/absence in Cx. quinquefasciatus
pools as the outcome variable using a random forest classifier,
which is a machine learning algorithm that fits many individual
classification trees to separate bootstrap samples of a training
dataset [35]. Model predictions were generated from an ensemble
of the predictions of each tree. This methodmakes no assumptions
about the underlying structure of the data or the relationships
between predictors and response, thus accommodating complex
spatial and temporal dependence structures, the inclusion
of highly collinear predictor variables, and the detection of
nonlinear relationships and interactions [36]. Hyperparameter
tuning was conducted on a random sample of 20% of the
dataset, while out-of-bag validation and blocked cross-validation
(spatial and temporal) were conducted on the remaining 80%.
These methods were used to estimate overall model error (out-
of-bag validation) and error on novel predictions in spatial
(mosquito surveillance site) and temporal (yearly and monthly)
domains [37], respectively (see electronic supplementary material,
section SI-6 for detailed information on random forest model
development).

We estimated the relative importance of each predictor
variable in order to rank the strength of each variable’s influence
on Cx. infection probability, and to identify climate variables
likely responsible for local disparities in transmission. This was
accomplished using two separate methods: (i) the change in
Gini impurity criterion due to a predictor averaged over all
trees; and (ii) the change in overall prediction error associated
with permuting the data values of the predictor averaged over
all trees [38]. To determine the direction and magnitude of the
effects of each predictor variable across the range of predictor
variable values, marginal effects of each predictor were estimated
as feature contributions, the summed local increments across all
nodes split by the predictor (i.e. the change in Cx. infection prob-
ability due to splits by an individual predictor) averaged over all
trees using the forestFloor package in R v.3.5.1 [39]. To minimize
overfitting, only out-of-bag observations were used to estimate
the marginal effects [39].

We estimated the influence of monthly mean temperature on
human WNV cases as mediated by Cx. infection probability, and
determined if the mediation effect differed between climate
zones. First, we used multiple linear regression (equation (2.1))
to evaluate the influence of monthly mean temperature, T, on the
mediator, average monthly Cx. infection probability, pi, modified
by metropolitan LA climate zone (coastal, central, inland), Z. The
coefficient associatedwith the interaction betweenZ andT enabled
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us to identify meaningful differences in the effect of monthlymean
temperature between zones. Separate models were generated for
the July/October and August/September periods, because we
anticipated that the effects of temperature would be different
during cooler (July/October) and warmer (August/September)
periods of the transmission season.

Next, we evaluated whether temperature had a different
influence on human WNV incidence between zones during
these two time periods. We conducted a moderated mediation
analysis and modelled monthly human WNV incidence in each
zone as arising from a conditional negative binomial distribution
using the medflex package in R v.3.5.1 (equation (2.2)). This
analysis enabled the decomposition of the ‘total causal effects’
of temperature into an indirect component operating through
Cx. infection probability and direct component acting directly
on human WNV incidence. The purpose of this analysis was to
separate temperature influences that might directly act on
human WNV incidence due factors such as human behaviour,
and those operating indirectly through Cx. quinquefasciatus infec-
tion that would be sensitive to threshold relationships between
temperature and Cx. infection probability. Mediation effects
were calculated by fitting natural effect models, which allowed
for separate parameterization of direct and indirect path-specific
coefficients within a negative binomial generalized linear model
and have the advantage of producing more easily interpretable
estimates compared to other mediation and structural equation
models [40]. We identified the direct relationship between T
and monthly human WNV cases, Hi, and the indirect relation-
ship between T and Hi operating through Cx. infection
probability separately for each metropolitan LA climate zone.
An offset was used to account for differences in the human popu-
lation size, Po, of each metropolitan LA climate zone. Climate
zone population data were acquired by summing the US
Census Bureau estimated 2010 population of all census blocks
within each zone. Each β coefficient in equation (2.2) represents
the natural logarithm of the incidence rate ratio associated with
a one unit change in each covariate.

pi ¼ b0 þ b2T þ b3Z þ b4T�Z þ 11 ð2:1Þ
log Hi ¼ b5 þ b6T þ b7Z þ b8T�Zþ b9pi þ 12

þ log (Po): ð2:2Þ
3. Results
(a) Model performance/validation
The random forest classifier predicting the probability ofWNV
presence in pools of Cx. quinquefasciatus had very good spatio-
temporal acuity, attaining an overall AUC (area under the
receiver operating characteristic curve) of 0.88 and achieving
sensitivity and specificity of 0.82 and 0.80, respectively. The
model had 80% overall accuracy in correctly predicting WNV
presence/absence in Cx. quinquefasciatus pools. AUC, sensi-
tivity and specificity in spatial cross-validation were similar
to overall performancemeasures, demonstrating robust predic-
tions across space and indicating that performance was not
strongly biasedby spatial autocorrelation or repeatedmeasures
at surveillance sites (electronic supplementary material,
table S1). Yearly temporal cross-validation revealed lower
sensitivity compared to spatial, monthly and overall cross-
validated performance—the model detected 72% of true
WNV positive pools in years withheld from the training step
(electronic supplementary material, table S1), demonstrating
a comparatively limited capacity to make accurate interannual
predictions of WNV presence.
(b) Predictor importance and marginal effects of
temperature

The average daily mean of maximum and minimum tempera-
tures onemonth beforemosquito sampling (hereafter ‘monthly
mean temperature’) was strongly associatedwith the predicted
probability of WNV presence in Cx. quinquefasciatus pools (Cx.
infection probability). It was identified as the most important
environmental predictor in the random forest model by both
Gini and permutation importance metrics, and was at least
twice as important as any other environmental predictor
(electronic supplementary material, figure S1). Temperature
variables aggregated over timescales ranging from weekly to
quarterly comprised six of the 10 most important predictors
by either metric, and were the most important environmental
determinants of Cx. infection probability in metropolitan LA.
Other important predictors included the total number of
Cx. quinquefasciatus captured in traps, the number of
Cx. quinquefasciatus that were pooled and tested for WNV
infection, and percent forest cover within a 1000 m buffer
surrounding vector surveillance sites.

Monthly mean temperature exhibited sigmoidal marginal
effects on Cx. infection probability, with strong negative effects
at monthly mean temperatures below 21°C (henceforth
referred to as the ‘inhibitory range’), a zone of abrupt increase
in Cx. infection probability at intermediate values (transitional
range), and a zone of strong positive effects at monthly mean
temperatures between 22.7 and 30.2°C (‘favourable range’;
figure 2a). The transitional range, wherein the effects of
monthly mean temperature shifted from strongly inhibitory
to strongly favourable, was notably narrow at 1.7°C (transi-
tional range: 21.0–22.7°C); transcending this range was
associatedwith a marginal increase in Cx. infection probability
of 40%.Other temperature predictors had relativelyweakmain
effects, but were interactive with monthly mean temperature.
These interactions introduced variability in the relationship
between monthly mean temperature and the marginal
change in Cx. infection probability, though the overall shape
of the marginal effects curve remained similar (figure 2b).
Among observations inwhich favourablemonthlymean temp-
eratures occurred (greater than 22.7°C), those that also had
extremely high average diurnal variation (greater than 18°C)
in the month prior to sampling tended to have lower expected
increases in Cx. infection probability than otherwise similar
observations, signalling that temperature extremes were
associated with slight reductions in transmission (electronic
supplementary material, figure S2).
(c) Spatio-temporal variability in temperature effects
We observed spatial differences in the marginal effects of
monthly mean temperature (electronic supplementary
material, figure S3). Coastal areas generally had lowermonthly
mean temperatures than locations further inland, and thus less
frequently reached the favourable temperature range during
the WNV transmission season, whereas inland areas generally
had temperatures in the favourable range throughout the peak
transmission months of August and September (electronic
supplementary material, figure S3). Temporal trends in the
marginal effects of monthly mean temperature varied between
coastal, central and inland zones (figure 3a). We identified dis-
parities inCx. infection probability of up to 40% between zones
in some years, depending on whether temperatures in each
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Figure 2. Marginal effects plots showing the marginal change in the pre-
dicted probability of WNV presence in Cx. quinquefasciatus pools (Cx.
infection probability) associated with: (a) monthly mean temperature (with
a one-month lag); and (b) all temperature predictors in the random forest
model (measured at daily, weekly, monthly and quarterly aggregations/
lags). Line colour in (a) shows inhibitory (blue), transitional (orange) and
favourable (red) temperature ranges. Vertical dashed lines in (b) highlight
the transitional range derived from (a). Points in (a) and (b) represent all
observations over the study period. The smoothed marginal effects curves
were generated with a generalized additive model. (Online version in colour.)
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region crossed the transitional temperature range (electronic
supplementary material, figure S4). During anomalously cool
years, such as 2011, large differences in the marginal effects
of monthly mean temperature emerged between the three
zones (figure 3c, top): observed monthly mean temperatures
in the coastal zone rarely exceeded the inhibitory range,
whereas many observations in central and most observations
in inland zone reached the favourable temperature range
(figure 3b, top). In July through October of 2011, 0% of
observations in the coastal zone, 38% of observations in the
central zone and 79% of observations in the inland zone were
in the favourable temperature range. By contrast, during
anomalously warm years, such as 2014, similar differences in
monthly mean temperatures were observed (figure 3b,
bottom), yet temperatures generally reached the favourable
range across all three—coastal, central and inland—locations,
supporting a convergence in Cx. infection probability across
the region (figure 3c, bottom). Thus, transcritical variations in
monthly mean temperature were associated with higher varia-
bility in Cx. infection probability, especially in coastal locations
where typical summer mean temperatures spanned the transi-
tional temperature range (figure 3; electronic supplementary
material, figure S4).

(d) Influence of temperature on human WNV incidence
mediated by Cx. infection probability

Moderated mediation analyses using generalized linear
models revealed that monthly mean temperature, operating
primarily through changes in Cx. infection probability, had a
significantly stronger relationshipwith humanWNV incidence
in coastal and central than inland zones during the peakWNV
transmission season (figure 4; electronic supplementary
material, figure S5). From August through September, the
most intense months of transmission, the influence of a 1°C
monthly mean temperature increase on the percent change in
Cx. infection probability was stronger in the coastal (6.22
[3.54–8.90 95% CI]) and central zones (5.59 [2.91–8.27 95%
CI]) than in the inland zone (2.70 [0.02–5.38 95%CI]; figure 4a).
Temperature increases mediated through Cx. infection
probability contributed to significantly higher 1.66 (95% CI
1.33–2.07) and 1.58 (95% CI 1.22–2.04) fold increases in WNV
incidence/100 000 persons in coastal and central zones,
respectively, than in the inland zone where no statistically sig-
nificant effects were detected (1.16 [95% CI 0.89–1.51];
figure 4a). However, in July and October, cooler months often
linked with the rise and the fall of WNV transmission, respect-
ively, the influence of a 1°C monthly mean temperature
increase on Cx. infection probability was strong in all three
zones (figure 4b) and was associated with 1.66 (95% CI 1.36–
2.02), 1.90 (95% CI 1.50–2.41) and 1.69 (95% CI 1.29–2.21)
fold increases in humanWNV incidence rates in coastal, central
and inland zones, respectively (figure 4b).

The differences in the influence of monthly mean temp-
erature on human WNV incidence rates across months and
climate zones can be explained by transcritical temperature
variation. For instance, directly comparing September 2011,
an anomalously cool month, and September 2014, an unu-
sually warm month, we observed that the geographical
distribution of WNV cases disproportionately expanded
into areas where mean temperatures shifted from transitional
to favourable, or all the way from the inhibitory to favourable
temperature range (figure 5). Such areas, with monthly temp-
eratures spanning the transitional range, were more likely to
exhibit pronounced changes in the human disease burden in
response to temperature variation.
4. Discussion
Weshowedhowtranscritical variationovernarrow temperature
ranges—often resulting from coastal climate phenomena—can
exert an influence on fine-scale spatio-temporal transmission
heterogeneity.We found that temperature had strong sigmoidal
marginal effects onCx. infection probability acrossmetropolitan
Los Angeles, exhibiting a rapid transition from inhibitory
to favourable effects over a narrow temperature range
(21.0–22.7°C). This relationship, in turn, was associated with
geospatial differences in the sensitivity of human WNV inci-
dence to temperature variation. The greatest sensitivity to
temperature variation was observed in the coastal zone where
temperatures, modulated by cooling marine influences, fre-
quently traversed the inflection point in the marginal effects
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curve. Thus, concerns are raised over how transcritical variation
may contribute to the sensitivity of disease transmission to
future climate warming, potentially exacerbating transmission
in key geographical areas.

The sigmoidal relationship between temperature and Cx.
infection probability is likely the result of temperature sensi-
tivity in several components of the WNV transmission cycle.
In particular, the extrinsic incubation period (EIP), or the time
between a mosquito’s ingestion of an infectious blood meal
and its ability to transmit the virus, may drive the upward
phase of the curve [16–18]. EIP typically decreases non-linearly
with increasing temperature [16–18] and has been shown to be
longer in coastal Los Angeles compared to inland areas [18].
Additionally, high temperatures can constrain mosquito
abundance by imposing limitations on multiple aspects of the
mosquito life cycle, including reproduction, development
time, longevity, fecundity and biting rate [19,42]. For example,
increasing temperatures are linearly associated with reduced
longevity and have threshold or parabolic relationships with
egg production, blood feeding and emergence rates of imma-
ture Culex [19]. Finally, the extreme diurnal temperature
variability that was sometimes observed when monthly mean
temperatures were very high may have disrupted transmission
as temperatures oscillated into an extremely unfavourable
range for a short period of time [28]. These phenomena prob-
ably contributed to the plateau in Cx. infection probability we
observed at high temperatures [4,21]. Additional studies that
disentangle the interactions between temperature’s effects on
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Figure 4. Schematic of the mediation model showing the direct effects of average monthly mean temperature on monthly human WNV incidence and the indirect
effects mediated by the average monthly Cx. infection probability during (a) August and September and (b) July and October in each metropolitan LA zone.
Mediation and direct effect coefficients are incidence rate ratios (IRR), representing the relative increase in incidence attributed to a 1°C increase in monthly
mean temperature. Brackets contain 95% confidence intervals and letters show statistically significant differences in mediation and direct effects among metropolitan
L.A. zones ( p < 0.05). Diagram adapted from publicly available R code [41].

human WNV cases
2011
2014

temperature shift (2011 Æ 2014)
inhibitory Æ transitional
transitional Æ favourable 
inhibitory Æ favourable 
favorable Æ favourable 

20 km
10 mi

Figure 5. Census tract centroids where human WNV cases occurred, geomasked with random displacement within a 20 km × 20 km grid, during a cool period,
September 2011 (red points) and a warm period, September 2014 (yellow points). Geographical expansion of cases in 2014 (yellow points) occurred in areas where
transcritical variation between the cool and warm period occurred, either from the inhibitory to favourable (blue shading), or from the transitional to favourable
( purple shading) temperature range. Areas with no shading within the black metropolitan LA boundary remained in the favourable range for the duration of both
time periods. Random displacement of centroids within each grid square was restricted to locations with the same temperature shading as the true centroid. (Online
version in colour.)
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different vector life-history characteristics could more conclus-
ively identify the mechanistic underpinning of the observed
sigmoidal relationship.

As a result of the observed thermal threshold, the sensitivity
of WNV transmission to temperature variation was markedly
different in the cool coastal zone and the warmer inland zone.
In August and September, increases in monthly mean tempera-
ture hadmore pronounced effects onCx. infection probability—
and also on humanWNV incidence—in the coastal and central
zones than inland, whereas in July and October, similar effects
on Cx. infection probability were detected in all zones. These
differenceswere related to themonths inwhich natural variabil-
ity in temperature traversed the observed thermal threshold.
Inland zones were almost always toowarm in August and Sep-
tember, though sometimes cool enough in July and October, to
cross the inflection point. Typical mean temperatures in the
coastal and central zones were close enough to the threshold
that crossing the inflection pointwas possible from July through
October. Thus, the length of theWNV transmission seasonmay
be sensitive to temperature variation in all of metropolitan LA,
but transcritical variation is most likely to coincide with the
occurrence of a transmission season and the maximum
intensity of transmission in the cool coastal zones.

Based on these findings, changes in disease transmission
due to climate warming—classically conceived as shifting the
transmission to higher latitudes or elevations [1,26,43,44]—



royalsocietypublishing.org/journal/rspb
Proc.R.Soc.B

287:20201065

8

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//r

oy
al

so
ci

et
yp

ub
lis

hi
ng

.o
rg

/ o
n 

26
 J

an
ua

ry
 2

02
4 
maybemost intense in zoneswhere present climatic fluctuations
most frequently traverse critical temperature thresholds.
For instance, global climate models from Climate Model
Intercomparison Project version 5 (CMIP5) following Repre-
sentative Concentration Pathway 4.5 anticipate a 1.26°C
mid-century (2040–2069) increase in August–September mean
temperature in LA’s coastal zone [45],whichwould push coastal
temperatures more consistently into the favourable temperature
range forWNV transmission during that period (electronic sup-
plementarymaterial, figures S6 and S7). However, more extreme
1.76°C projected increases in August–Septembermean tempera-
tures in less-vulnerable inland locations would not substantially
change the favourability forWNV transmission according to our
model (electronic supplementary material, figures S6 and S7).
As warming intensifies, the locations that are most sensitive
to increasing temperatures may shift, following the distribution
of areas where the new local temperature range abuts key
temperature thresholds.

Though laboratory-derived estimates ofWNV transmission
depict a unimodal thermal response curve with declines in
transmission at very high temperatures [21,23], our findings
generally show a monotonic relationship with only the slight
appearance of diminishing Cx. infection probability at the high-
est diurnal extremes. The mean temperatures in this study may
not have sufficiently exceeded the optimal range for trans-
mission in order for declines to be detected. This suggests that
our findings, like the findings from many correlative empirical
models, are limited in their applicability to ‘novel’ future cli-
mates, especially in hot inland areas where warming is likely
to raise temperatures beyond the observed range [46,47]. We
also do not address future shifts in precipitation regimes,
though changes in the region are expected to be small relative
to current variability [48] and precipitation had relatively
weak effects in our random forest model compared to tempera-
ture. Further, changes in disease transmission due to climate
change also depend on an assortment of factors other than
thermal optima, such as socioeconomics, behaviour, immunity,
vector species composition and vector control activities
[2,3,49,50], as well as potential adaptations to changing climate
conditions among vectors and pathogens [3,51,52]. Clarifying
the role of these phenomena in WNV and other infectious dis-
ease systems would be a valuable avenue for research
complementing the present work.

We also note that we were unable to account for several
factors that may have had an important effect on enzootic
and human WNV transmission in the study region. Mosquito
control activities, including the applications of larvicides
and adulticides, are conducted by five different vector control
districts across the study area (electronic supplementary
material, section SI-4) and likely varied by district and over
fine spatial and temporal scales, but information on such
activities was not readily available. Also, passerine birds,
which are the primary enzootic host for WNV, exhibit seaso-
nal and multi-year cycles in population size and acquired
immunity that were not accounted for in the present analyses
[15,53]. The capacity to predict the occurrence of WNV infec-
tion in Culex spp. and determine the mechanisms by which
temperature and other variables influence transmission
could be improved in future studies by incorporating records
of mosquito control activities and via systematic monitoring
of passerine population size and seroprevalence. While temp-
erature is associated with WNV infection in humans, these
other factors may have also contributed to interannual varia-
bility in human incidence especially in warm inland locations
with consistently favourable temperatures.

Here, we found that spatial and temporal variation in
temperature across a narrow range of 21–22.7°Cwas associated
with pronounced localized differences in entomological and
epidemiological disease risk. Such transcritical temperature
variation was linked with greater sensitivity of transmission
to temperature increases in the coastal zone, and likely signals
vulnerability to future warming that positions this area more
frequently in the most favourable temperature range for
WNV transmission. Though climate change-driven shifts in
pathogen distributions to novel locations have been a consist-
ent research focus and are undoubtedly consequential, our
results emphasize that some of the most vulnerable areas
may already be situated within coarsely defined endemic
zones. These vulnerable locations, like cooler high elevation
or coastal climates, may be masked at coarse scales because
they constitute relatively small total land areas, but they can
contain a disproportionately large proportion of the suscep-
tible human population [10,54] because of their historical
status as refuges from disease transmission [54] or as economic
hubs [55]. Thus, further research on the concordance between
highly susceptible human populations and local climates that
are likely to cross critical temperature thresholds could be
instrumental in identifying areas and populations at greatest
risk, subsequently helping to mitigate the human burden of
infectious diseases such as WNV in a changing climate.
Data accessibility. The R script used to conduct the data analysis is avail-
able in a publicly accessible GitHub repository (https://github.com/
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