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A. Study location

1) Orange County, California
Orange County, California, spans 792.9 square miles of land and is the 47th largest county in the state by area. The
northwest of Orange County lies within the coastal plain of the Los Angeles Basin, while its southeast stretches to the lower
elevations of the Santa Ana Mountains [1]. Most Orange County residents are concentrated in two broad coastal valleys in
the basin: the Santa Ana Valley and the Saddleback Valley. Due to its compact size and the moderate influence of the nearby
Pacific, Orange County and its entire land area fall within a single warm summer Mediterranean zone (Csa / Csb) on the
Köppen map [2, 3]. Orange County has been recognized as a hotspot for WNV in California. The outbreak season usually
begins in the summer and extends into the fall. The northern parts of the county experience higher WNV activity and report
more cases. In 2014, Orange County had a record of 287 cases (198 neuroinvasive, 66 fever, 14 asymptomatic), and 8 deaths [4].
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2) Riverside County, California
Riverside County spans from the suburbs of Los Angeles to the Arizona border. It includes diverse regions such as the Coachella
Valley, which encompasses Palm Springs and other desert resort cities. The county spans both mountainous and desert terrain,
with urban centers such as Riverside and Indio. It borders San Bernardino, Orange, San Diego, and Imperial counties and the
state of Arizona to the east [5]. Riverside County has experienced a substantial number of cases of WNV, with the most severe
outbreak occurring in 2015, during which 127 human cases were reported [6]. Riverside County traverses four Köppen zones:
pockets of the warm summer Mediterranean (Csb) and hot summer Mediterranean (Csa) cling to its western foothills, a broad
swath of hot semi-arid (BSh) covers the inland Perris–San Jacinto corridor, and the eastern two-thirds of the county, from the
Coachella Valley to the Arizona border, lies in the stark hot desert regime (BWh). This sharp west-to-east transition produces
some of the greatest intra-county temperature and moisture contrasts in southern California [2, 3, 7].

The marked severity of the activity of WNV in Riverside County is plausibly linked to ecological conditions in the
Coachella Valley. Beyond the advantages that mild winters provide mosquito populations, periods of elevated temperature
and drought intensify transmission dynamics in at least two ways. First, water scarcity drives both mosquitoes and avian
hosts to converge at anthropogenic water sources, increasing their spatial overlap and thus elevating vector-host contact rates.
Second, environmental stressors increase the susceptibility of juvenile birds, promoting greater viral amplification within avian
communities. Together, these processes enhance viral circulation and substantially increase the risk of spillover to the human
population [8–10].
A concise explanatory table of the Köppen-Geiger climate classification system is provided in Appendix F.

3) Los Angeles County, California
Los Angeles County lies along the Pacific coast of the United States. It is bordered by Ventura, Kern, San Bernardino, and
Orange counties. The county includes coastal plains, the Los Angeles Basin, and mountain ranges. It is the most populous
county in the United States [11]. The peak mosquito season in LA County usually lasts from June to November, and the
county consistently reports a high incidence of human cases. The mean of the last 5 years shows a peak in September [12].
Los Angeles had the record for the highest number of WNV infections in both mosquitoes and humans [13]. Los Angeles
County straddles at least four Köppen zones: the cool-summer Mediterranean (Csb) along the coast, the warmer Mediterranean
(Csa) across the inland basin, hot semi-arid pockets (BSh) in the San Fernando and San Gabriel Valleys, and the cold-desert
terrain (BWk) in the Antelope Valley [2, 3, 7].

4) Dallas County, Texas
Dallas County covers 873.2 square miles, ranking as the 177th largest county in the state by area. It shares boundaries with
Kaufman, Ellis, Collin, Denton, Rockwall, and Tarrant counties [14]. Dallas County has repeatedly reported human cases
of WNV and mosquito-positive pools, with some seasons marked by severe outbreaks. The 2012 epidemic was particularly
significant, resulting in 173 neuroinvasive cases, 225 cases of West Nile fever, and 19 associated deaths [15]. More recently,
in 2024 the county documented 37 human cases of WNV, including three fatalities, while mosquito surveillance identified 98
WNV-positive pools [16]. Dallas County has a humid subtropical climate (Cfa), with hot and humid summers, mild winters,
and peak rainfall in spring and early fall [2, 3].

5) Harris County, Texas
Harris County covers 1,707.3 square miles, ranking as the 14th largest county in the state. It is bordered by Chambers,
Galveston, Brazoria, Waller, Liberty, Montgomery, and Fort Bend counties [17]. This county falls into the humid subtropical
climate zone (Cfa) under Köppen-Geiger. Summers are long, hot, and very humid due to the strong influence of the Gulf
of Mexico, while winters are mild with rare freezes. Rainfall is high and fairly evenly distributed, with frequent sea-breeze
thunderstorms in summer and occasional tropical cyclones [2, 3, 18]. The first human cases of WNV in Harris County were
documented in 2002, signaling the establishment of the virus in the region. Since then, WNV activity has been detected
annually, reflecting its endemic status within the county [19]. The most substantial outbreak occurred in 2014, during which
139 human cases, including two fatalities, were reported, highlighting the continuing public health importance of WNV
transmission in Harris County [20].

6) Duval County, Florida
Duval County spans 762.6 square miles, making it the 28th largest county in the state by area, and shares borders with Baker,
Clay, St. Johns and Nassau counties [21]. Located in northeast Florida along the Atlantic coast, it is coterminous with the
consolidated city of Jacksonville and is bisected by the St. Johns River and its estuary. The low-lying coastal plain—with
tidal marshes, riverine corridors, and urban–suburban neighborhoods—creates diverse mosquito habitats relevant to arboviral
transmission. The climate is humid subtropical (Cfa) in the Köppen–Geiger classification, characterized by long, warm summers
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and mild winters with a late-summer rainfall maximum [2, 3]. These conditions support an extended mosquito season and
summer–fall West Nile virus activity.

B. Compartmental model for WNV

We have used a SHEHIHRH − EggMAMSMEMIM − SBEBIBRB compartmental model to explain the mechanism
of circulation of WNV between human, birds, and mosquito populations. In our model, the subscript H denotes the human
population, B designates birds, and M refers to mosquitoes; within the mosquito classes, EggM represents the oviposition
(egg) compartment, while AM corresponds to the aquatic developmental stage, encompassing both larval and pupal phases.
S,E, I, and R are compartments of susceptible, exposed, infectious (infected for human population) and recovered. We
selected American Crow (Corvus brachyrhynchos) as the representative avian host and Culex tarsalis as the main mosquito
vector. Our model has the following compartments.

Compartments of the Human Population:

• Susceptible
• Exposed
• Infected
• Recovered

Compartments of the Mosquito Population:

• Oviposition
• Aquatic
• Mosquitoes:

– Susceptible Mosquitoes
– Exposed Mosquitoes
– Infectious Mosquitoes

Compartments of the Bird Population:

• Birds:
– Susceptible Birds
– Exposed Birds
– Infectious Birds
– Recovered Birds

Based on these compartments, we formulate the following system of differential equations. It was assumed that during the
analysis window of the outbreak season, the demographic change is negligible. We have fixed population sizes for humans and
birds during an outbreak season, while treating the mosquito population size as dynamically variable. In addition, mosquito
population is assumed to be female and mosquitoes bite hosts in proportion to host abundance.
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Model:

ṠH = µH (SH + EH + IH +RH)− βM→HIMSH − µHSH

ĖH = βM→HIMSH − δHEH − µHEH

İH = δHEH − (λH + µWNVH
+ µH)IH

ṘH = λHIH − µHRH

˙EggM =
EFGC
LGC

(SM + EM + IM )− ρEEggM − µEEggM

ȦM = ρEEggM (1− AM

K
)− ρAAM − µAAM

ṠM = ρAAM − βB→MIBSM − µMSM

ĖM = βB→MIBSM − δMEM − µMEM

İM = δMEM − µMIM

ṠB = µB (SB + EB + IB +RB)− βM→BIMSB − µBSB

ĖB = βM→BIMSB − δBEB − µBEB

İB = δBEB − λBIB − µWNVB
IB − µBIB

ṘB = λBIB − µBRB

1) Initial conditions of compartmental model

The compartmental model was initialized with a constant human population of 300,000 individuals, all assumed to be susceptible(
EH(0) = IH(0) = RH(0) = 0

)
. The mosquito population was seeded with one for the ovipositing compartment, one

individual in the aquatic phase, 100 susceptible adults, a single exposed adult and a single infectious adult. The avian reservoir
consisted of 40,000 birds, of which one was exposed, one was infectious, and one had recovered.

2) Coefficients and rates

In this model δH is the incubation rate, representing the rate with which individuals in the human population transit from the
exposed phase to the infected compartment. In addition λH is the recovery rate of the human population, which is the rate of
moving from the infected to the recovered compartment. Furthermore, µH , µE , µA, µM , and µB , denote the natural mortality
rates for humans, the oviposition phase, the aquatic phase, mosquitoes and birds. In addition, µWNDH

, µWNDB
, denote the

mortality rates caused by WND in the human and bird compartment. EFGC
LGC represents the eggs per female per gonotrophic

cycle (fecundity), indicating the number of eggs laid by each female mosquito in a single reproductive cycle. Also, ρE and
ρA are the hatching rate in the oviposition phase and the larval development rate, respectively. δM represents the extrinsic
incubation rate of the pathogen within the mosquito population. As is evident, the model includes the carrying capacity K for
the aquatic phase of the mosquito population. We estimated K with a Kalman filter that assimilates observed human counts,
so K is identified from human incidence data rather than entomological observations [22].

In our model, βM→H , βM→B and βB→M are transmission rates from mosquitoes to humans and birds and from birds to
mosquitoes, respectively. The general form of the transmission rate coefficient is β = BR.p.TE

Nhost
, where BR is the biting rate,

p = pM or H denotes the proportion of available hosts and TE is the transmission probability per bit (transmission efficacy)
to humans, birds, or mosquitoes.
To reduce the complexity of the model, we assume that the transmission efficiencies of mosquito-to-human, mosquito-to-bird,
and bird-to-mosquito transmission are identical, i.e. TEMH = TEBM = TEMB .

So:

βM→H = apHbMH
1

NH
= BR. NH

NH+NB
.TE. 1

NH
= BR.TE

NH+NB

βB→M = βM→B = apBbHM
1

NB
= BR. NB

NH+NB
.TE. 1

NB
= BR.TE

NH+NB
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# Population Symbol Description Type of Function Reference
1 H µH Human mortality rate Fixed value: 3.5× 10−5 CDC (2020) [23]
2 H δH Human incubation rate Fixed value: 0.2 CDC (2020)[24]
3 H λH Human recovery rate Fixed value: 0.1 CDC (2020) [24]
4 H µWNVH

Human mortality rate of WNV Fixed value: 0.01 CDC (2020) [23]
5 M EFGC

LGC
Fecundity Quadratic function of temperature Shocket et al. (2020) [25]

6 M ρE Hatching rate Briere function of temperature Heidecke et al. (2025)[26]
7 M µE Egg mortality rate Function of temperature Heidecke et al. (2025)[26]
8 M ρA Larva to adulthood rate Function of temperature Shocket et al. (2020) [25]
9 M µA Aquatic mortality rate Function of temperature Shocket et al. (2020) [25]

10 M µM Mosquitoes mortality rate Linear function of temperature Shocket et al. (2020) [25]
11 M δM Extrinsic incubation rate Briere function of temperature Shocket et al. (2020) [25]
12 M TE Transmission efficacy Quadratic function of temperature Shocket et al. (2020) [25]
13 M BR Biting rate Briere function of temperature Shocket et al. (2020) [25]
14 M K Carrying capacity of aquatic phase Function of temperature Evense (2009) [22]

15 B µB Bird mortality rate Fixed value 3.4× 10−4 Brault et al. (2004)[27]
McLean et al. (2006) [28]

16 B δB Bird incubation rate Fixed value 0.42 Brault et al. (2004)[27]
McLean et al. (2006) [28]

17 B λB Recovery rate of birds Fixed value: 0.005 Brault et al. (2004)[27]
McLean et al. (2006) [28]

18 B µWNVB
Birds mortality rate of WNV Fixed value: 0.2 Brault et al. (2004) [27]

McLean et al. (2006) [28]

TABLE I: Rates and coefficients.

To reflect the high mortality of American crows infected with WNV while allowing rare survival, we set the recovery rate at
a small value, λB = 0.005 day−1, implying a mean recovery time of 1/λB = 200 days. Assuming a WNV-induced mortality
rate of µWNV,B = 0.20 day−1, the fatality rate of the case is:

CFR =
µWNV,B

µWNV,B + λB
=

0.20

0.20 + 0.005
≈ 0.976.

This yields a fatality rate of 97. 6%, consistent with experimental studies showing near-total mortality in crows.
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C. Predictive model of spillover onset

In this section, we explain how to establish predictive PDF for spillover onset. Before proceeding, we would like to illustrate
the idea with a simple analogy. Consider the concept of a prediction interval in statistics, which specifies an interval that, with
a given level of confidence, is expected to contain the true parameter value. In other words, the interval shows a meaningful
region of the domain of a PDF (such as the normal PDF), in which the unknown parameter is most likely to lie, based
on the associated probability mass. Here, we pursue a similar concept in a different way to derive a bivariate probability
density function for the spillover onset, which identifies regions on the two-dimensional plane of (MoT ) where the probability
density of spillover onset is non-zero. After obtaining the PDF, we equivalently define the critical region for spillover onset
on the (M,T ) plane. By checking the daily (M,T ) values against this region, we can classify each day as risky or not and,
consequently, recover the within-year interval(s) during which an epidemic is expected to begin for the corresponding temporal
regime.

As an example, to obtain the predictive PDF for 2024 for a given county, we first identified the timing of spillover onset
for each year in the historical dataset (for example, 2006-2023). Then we ran the compartmental model for each calendar year
using the observed daily temperatures of that year, producing a mosquito abundance curve that lasts the season Mk(t), k =
2006, ..., 2023. For each season in which spillover onset occurred at time (st), we extracted the paired values (M,T ) from
the seven-day window st − 13 to st − 7 days before onset. This resulted in a set of paired values {(Mst−i, Tst−i)}13i=7. All
samples collected from these windows were then pooled in the training data set. We repeated this sampling process for each
year in the historical record (2006-2023), building a comprehensive collection of {(Mstk−i, Tstk−i)}13i=7, k is the index of the
k’th year in historical data and stk is the onset of spillover time for in the k’th year:

Data sample for spillover onset=
2023⋃

k=2006

{(Mstk−i, Tstk−i)}13i=7.

We assumed that the patient was infected approximately 14 days prior to the date the case was reported by the hospital to
the relevant public health authority. In general, there is a temporal delay between the time of infection and the time of case
reporting [29]; thus, this extra seven-day delay accounts for the delay associated with hospital reporting (reflecting a 7-day
intrinsic incubation period for WNV plus an additional 7-day reporting delay) [30].

Next, we applied two-dimensional kernel density estimation (KDE) [31] directly to the data sample for spillover onset,
producing a smooth, non-parametric estimate of the joint PDF. See Section -I for details, explanations, and examples of the
kernel density estimation approach. This PDF delineates the regions of (M,T )s in the MoT plane that are most likely to
correspond to the initial spillover event, as inferred from the historical disease dynamics reproduced by the compartmental
model. In other words, within the MoT space (values of M on the horizontal axis and values of T on vertical axis), we identified
the region(s) of (M,T ) in which spillover is more likely to occur. Figure 1 presents a diagram that describes each step of this
process. Figure 2 presents both the 2-D histogram and its fitted PDF for 2024.

D. Eco-Epi Poisson model of spillover severity

In this section, we construct the Eco–Epi rate surface λ(M,T ), which maps each combination of mosquito abundance M
and normalized cumulative temperature T to the expected number of human infections. Our aim is to identify the regions in
the MoT plane associated with different expected infection levels. Simply put, if (Mλ, Tλ) was observed when λ people were
reported, then the neighborhood of (Mλ, Tλ) on the MoT plane is assigned a height of λ.
Building on the above idea, we use historical human case data to derive the rate function λ(M,T ) in three steps:

1) Data aggregation and weighting. For each epidemiological week with at least one reported human case (spillover times
stjk , k = 2006, ..., 2023), we collected data (M and T ) in a 7-day window, 14 to 7 days before the time of reported
cases from the curve of mosquito abundance Mk(t) and normalized cumulative temperature. Each pair receives a weight
ωstjk

= Nstjk
, where Nstjk

is the number of cases in week stjk ,

weighted sample=
2023⋃

k=2006

⋃
jk

{(
Mstjk−i, Tstjk−i, ωstjk

)}13

i=7
.

This weighting amplifies the influence of environmental conditions associated with larger outbreaks. As described in
Section -C, the sampling window, from 14 to 7 days prior to spillover onset, accounts for two key delays: the intrinsic
incubation period required for symptoms to appear (approximately 7 days, during which data are needed), and the
reporting delay from hospitals to public health agencies (an additional 7 days, which should be considered for the starting
point for sampling, but is not itself sampled). This window was chosen to ensure biological plausibility and consistency
with the observed reporting patterns [29].

2) Obtaining non homogeneous Poisson surface rate by KDE The weighted sample is smoothed with a kernel density
estimator (KDE) to obtain a two-dimensional PDF, f̂(M,T ). To convert this PDF into a surface that is numerically
consistent with the empirical weights, we rescale it by the factor ωmax/fmax, where fmax = maxM,T f̂(M,T ), ωmax =
maxi ωi. The resulting intensity surface is therefore λ(M,T ) = ωmax

fmax
f̂(M,T ). See Section -I3 for further details.
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Step1: 

Sample 7-day window from the 
curve of M(t) for year k:

(𝑴𝒔𝒕𝒌−𝒊, 𝑻𝒔𝒕𝒌−𝒊)
𝟏𝟑

𝒊 = 𝟕

Step 2:

Add (𝑴𝒔𝒕𝒌−𝒊, 𝑻𝒔𝒕𝒌−𝒊)𝒊=𝟕,..,𝟏𝟑 to 

sample the data set

Apply KDE method  to A 
to obtain the PDF  𝐟(𝑴, 𝑻)

𝐟(𝑴, 𝑻)

Prediction of 𝑴 for each day of  2024 
by compartmental model

Calculation of values of Ts 

(𝑴𝒋, 𝑻𝒋)
𝟑𝟔𝟒
𝒊=𝟎

Daily risk evaluation by checking 

whether (𝑴𝒋, 𝑻𝒋)
𝟑𝟔𝟒
𝒊=𝟎

, falls within 
𝜶% confidence contour of the of 

𝐟(𝑴, 𝑻)

I

III

II

IV

𝒌 = 𝟐𝟎𝟎𝟔,… , 𝟐𝟎𝟐3

Fig. 1: For constructing the PDF to predict spillover onset for 2024, the following steps were performed, I–for each historical
year k ∈ {2006, . . . , 2023}, paired samples (Mstk−i, Tstk−i)

13
i=7 were collected from the mosquito abundance curve Mk(t)

and the temperature record. Specifically, Mstk−i were taken from M(t) and Tstk−i from the temperature series for the interval
14 to 7 days preceding the reported onset date. II- These collected pairs across all historical years ((Mstk−i, Tstk−i)

13
i=7) were

combined to generate a dataset (
⋃2023

k=2006 {(Mstk−i, Tstk−i)}13i=7), from which a continuous PDF was derived via kernel density
estimation (KDE). III- For the target prediction year (2024), the compartmental model was run using the average temperatures
from 2019-2023, yielding predicted (Mj , Tj)}364j=0 pairs. IV- Using the derived predictive PDF and the forecasted (Mj , Tj)}364j=0

coordinates, daily spillover risk was then assessed by checking which one of (Mj , Tj)}364j=0 coordinates fall inside the contour
of α percent confidence.
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Fig. 2: Panel (a) illustrates the 2D histogram of mosquito abundance (M) and normalized cumulative temperature (T ) at the
timing of WNV spillover onset to the human population, based on data from 2006 to 2023. Panel (b) presents the corresponding
smoothed probability density function estimated using a kernel density estimation (KDE) method.
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Step 1: Sample 7-day window 
before spillover and their 

weights

(𝑴𝒔𝒕𝒋𝒌−𝒊
, 𝑻𝒔𝒕𝒋𝒌−𝒊

,𝝎𝒔𝒕𝒋𝒌
) 𝟏𝟑
𝒊=𝟕

Step 2: Add (𝑴𝒔𝒕𝒋𝒌−𝒊
, 𝑻𝒔𝒕𝒋𝒌−𝒊

,𝝎𝒔𝒕𝒋𝒌
) 𝟏𝟑
𝒊=𝟕

to 

weighted sample 

𝑭𝒐𝒓 𝒌 = 𝟐𝟎𝟎𝟔,… , 𝟐𝟎𝟐𝟑

Apply KDE method  to the weighted sample 

in order to obtain the 𝐫𝐚𝐭𝐞 𝐟𝐮𝐧𝐜𝐭𝐢𝐨𝐧

𝝀(𝑴, 𝑻)

𝝀(𝑴, 𝑻)

Estimation of 𝑴 for each day of  
2024 by compartmental model

Calculation of T 

(𝑴𝒓, 𝑻𝒓)𝟑𝟔𝟒
𝒓=𝟎

Daily prediction of the risk severity 

=𝝀(𝑴𝒓, 𝑻𝒓)
𝟑𝟔𝟒
𝒓=𝟎

I

II

III

IV

Fig. 3: Schematic representation of obtaining the Poisson rate function λ(M,T ) for WNV spillover severity for 2024 using
the historical data from 2006 to 2023. I- The workflow begins with sampling of mosquito abundance from the curve of Mk(t),
real temperature of year (to estimate T ), and weights for each week with reported cases. This process should be done for all
historical years k = 2006, ..., 2023. II- Using the weighted sample of step (I) and KDE methods we find a surface for rate of
Poisson process as function of (M,T ). III- The compartmental model should be run for the year 2024 to predict values of
(Mr, Tr) for the entire season. IV – Using the rate function obtained in step (II) and the predicted values of (Mr, Tr) from
step (III), the severity of the risk for each day can be obtained as the rate of a Poisson process.

Figure 3 summarizes the estimation workflow, while the surface derived λ(M,T ) in Figure 4 shows the surface rate of the
Eco-Epi model.

E. Logarithmic Score

In the logarithmic scoring rule, the predictive probability density is mapped onto a set of epidemiologically motivated bins,
that is, the single value 0; the ranges [1, 5], [6, 10], . . . , [46, 50]; the broader intervals [50, 100], [101, 150], . . . , [201, 250]; and
an out-of-range category. For a given forecast, let P denote the probability mass assigned to the bin that contains the observed
case count; the score is then calculated as − logP . It is important to note that for this metric, the highest score is achieved
when the observation falls within the bin of highest density. If an observation falls outside the meaningful domain of the PDF
or receives a score below −10, we assign a default score of −10 and flag it as an outlier prediction.

F. Köppen climate classes

Below is a concise overview of the Köppen climate classifications used in this study to analyze the results [3].

TABLE II: Brief descriptions of Köppen climate classes occurring across the three study counties

Köppen code Name Key characteristics
Csa Hot-summer Mediterranean Dry summers; warmest-month mean ≥ 22◦C; mild, wet

winters.
Csb Warm-summer Mediterranean Dry summers; warmest-month mean < 22◦C but ≥ 10◦C

for ≥4 months; mild, wet winters.
BSh Hot semi-arid Annual evapotranspiration > precipitation; hot summers;

brief wet season, typically in winter or late summer.
BWk Cold desert Arid; mean annual T < 18◦C; large diurnal range; sparse

precipitation year-round.
BWh Hot desert Arid; mean annual T ≥ 18◦C; extremely hot summers;

minimal, erratic rainfall.
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Fig. 4: Left: Two-dimensional histogram of the estimated Poisson rate function for Orange County, California, based on
historical data from 2006 to 2023. Each cell represents the estimated rate as a function of mosquito abundance (M) and
normalized cumulative temperature (T ). Right: Smoothed surface of the rate function obtained by applying Kernel Density
Estimation to the collected data.
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G. Leave-one-year-out cross validation and retrospective forecast for spillover onset prediction

1) Leave-one-year-out cross validation
For a given target year about which we wanted to make a prediction, the data of that year (number of cases) were withheld,
the predictive PDF is derived from the remaining years (as we explained in Section -C), the spillover onset prediction interval
for the excluded year was generated by the predictive PDF. The performance of the model was then evaluated by determining
whether the real onset of spillover for that year fell within the predicted interval and other metrics defined in the paper. And, as
explained before, the compartmental model was run using a proxy temperature series obtained by a combination of temperature
data from the year withheld and the five preceding years. We used daily temperatures from the withheld year up to the start of
the WNV in human population season (we used the temperature of withholding year to day number 140); for the remainder of
that year, the model was driven by the five-year climatological mean temperature calculated from the immediately preceding
years.

2) Retrospective forecast
Our target years for the retrospective forecast were the last two years for each county. For example, for 2023, we used human
case data up to 2022 to construct the predictive PDF (as described in Section -C) and applied it to forecast the spillover onset
period in 2023. For 2024, we incorporated data until 2023 to establish the predictive PDF and subsequently predicted the
spillover onset period for 2024. Similarly to the leave-one-year-out cross-validation, the compartmental model was run using
a proxy temperature series constructed by combining temperature data from the withheld year with that of the five preceding
years. We note that because Riverside County did not report cases in 2022, data through 2021 and 2023 were used to forecast
2023 and 2024, respectively. For Duval County, Florida, we conducted retrospective forecasts for 2019 and 2024 because no
data was available for 2020-2023.

H. Leave-one-year-out cross validation and retrospective forecast for spillover severity prediction

1) Leave-one-year-out cross validation
For leave-one-year-out cross validation, we excluded the data for a given year and obtained the surface rate function of the
Eco-Epi Poisson model, using the remaining years as explained in Section -D. The fitted surface rate was then applied to
predict the severity of spillover for the omitted year, allowing us to evaluate its predictive performance by checking the results
with reported cases and defined metrics such as logarithmic score, AVE and NRMSE. For the temperature input for the
compartmental model to predict M and T , as described before, we used the combination of the temperature of the excluded
year and the average temperature of five years prior to the excluded year.

2) Retrospective forecast
Similarly to spillover onset, our target years for the retrospective forecast were the last two years for each county. For example,
for 2023, we used human case data up to 2022 to construct the surface rate of the Exo-Epi Poisson model (as described in
Section -D) and applied it to forecast the severity of the outbreak in 2023. For 2024, we incorporated data until 2023 to establish
the surface rate and subsequently predicted the spillover severity period for 2024. Then, as explained, the compartmental model
was run using a proxy temperature series constructed by combining temperature data from the withheld year with those of
the five preceding years. For Riverside County, we used data to 2021 to forecast 2023. Similarly to spillover onset, for Duval
County, Florida, we performed retrospective forecasts for 2019 and 2024 because no data were available for 2020-2023.

I. Kernel Density Estimation

Kernel density estimation (KDE) is a non-parametric method to fit a probability density function (PDF) to observed data
without assuming a parametric family (e.g. normal, gamma). Given a sample x1, . . . , xn, KDE places a smooth kernel on
each observation and averages their contributions to produce a continuous estimate f̂ that integrates into one. This approach
is particularly useful when the underlying distribution may be multimodal or skewed, or when we wish to visualize/highlight
highest-density regions and contours. Various KDE formulations exist, but all approximate the unknown density by summing
bell-shaped kernels centered on the data points. In this work, we employ a Gaussian kernel for its smooth, bell-shaped profile.
Formally, the uni-variate KDE with kernel K and bandwidth h is:

f̂h(x) =
1

n

n∑
i=1

Kh(x− xi) =
1

nh

n∑
i=1

K
(x− xi

h

)
,

in which xi, n, and h are sample of observations, is the sample size, and bandwidth, respectively. In this estimation, the critical
parameter is the width of the kernel - or bandwidth -h, which determines how widely each kernel spreads its mass.
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1) Scott’s Rule of Thumb
Scott’s rule of thumb provides a practical, data-driven way to choose the bandwidth h without knowing the true underlying
density f . In theory, optimal bandwidth minimizes the asymptotic mean integrated squared error (AMISE), which depends on
the optimum bandwidth.

R(f ′′) =

∫
(f ′′(x))2 dx,

the integrated squared second derivative of f , a measure of its “roughness.” Since f is unknown, Scott instead assumes f is
approximately normal and replaces R(f ′′) with its exact value under a Gaussian distribution. For a uni-variate Gaussian kernel

K(u) =
1√
2π

e−u2/2,

this substitution, together with known kernel constants, yields the simple formula

hScott = σ̂ n−1/5,

where n is the number of data points and σ̂ is their standard deviation of the sample. This choice automatically widens h
when data are sparse (large n−1/5) and narrows when data are concentrated (small σ̂), striking a balance between over- and
under-smoothing.

In higher dimensions (d > 1), the same idea applies: one uses the sample covariance matrix Σ̂ and scales it by n−2/(d+4).
Thus, the multivariate bandwidth matrix is

HScott = n−2/(d+4) Σ̂,

or, if a single scalar is preferred,
hScott = σ̂ n−1/(d+4),

with σ̂ a representative scale (e.g., the average marginal standard deviation). Scott’s rule therefore provides a self-contained
recipe - no cross-validation or pilot estimates required - that adapts seamlessly to sample size, data dimension and variability.
Once f̂ is fitted to hScott, you obtain a smooth density estimate whose overall shape faithfully mirrors your data and is ready
for any subsequent processing, such as rescaling to match empirical counts [31].

Figure 5 clarifies how the resulting PDF is for a given sample, we can also notice that in the Scott form of KDE the
resulting PDF does not depend on the number of the bins of the histogram.
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Fig. 5: KDE estimates PDF and different histogram bin counts.
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2) Two-Dimensional KDE
When the data are bivariate, {(xi, yi)}ni=1, the KDE generalizes naturally to two dimensions. Using an isotropic Gaussian
kernel, the estimate at (x, y) is

f̂H(x, y) =
1

n
√
|H|

n∑
i=1

exp
(
− 1

2

[
x− xi

y − yi

]T

H−1

[
x− xi

y − yi

])
,

where H is the 2× 2 bandwidth matrix. A convenient choice is the scalar matrix H = h2I, which yields

f̂h(x, y) =
1

nh2

n∑
i=1

1

2π
exp

(
− (x−xi)

2+(y−yi)
2

2h2

)
.

Scott’s rule of thumb extends to d dimensions by setting

HScott = n−2/(d+4) Σ̂,

so in two dimensions (d = 2) one has

HScott = n−1/3 Σ̂ =⇒ hScott = n−1/6 σ̂

if a scalar bandwidth h is preferred. This yields a smooth surface over the (x, y) plane whose height at each point reflects
the local concentration of observations, independent of any histogram binning 6d.
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Fig. 6: (a–c) Density histograms with increasing bin counts, and (d) the corresponding smoothed 2D kernel density estimate.

3) Kernel Density Estimation for Surfaces
Consider a bivariate sample {(xi, yi)}ni=1 in which repeated coordinates are interpreted as integer weights ωi ∈ N. Our goal is
to construct a smooth surface whose height approximates these weights while preserving the spatial smoothness afforded by
a kernel estimator.

a) Step 1: fit the weighted PDF.
Using Scott’s bandwidth rule, we obtain the weighted KDE f̂h(x, y) that integrates to 1.
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Fig. 7: Weight-consistent surface obtained from the weighted KDE after rescaling so that the peak equals the maximum
empirical weight.

b) Step 2: rescale the PDF to a weight-consistent surface.
Let fmax = maxx,y f̂h(x, y) and ωmax = maxi ωi denote the highest kernel-density value and the largest empirical weight,

respectively. Multiplying the PDF by the factor c = ωmax/fmax yields

λ(x, y) =
ωmax

fmax
f̂h(x, y),

so that λ(xi, yi) = ωmax at the global mode and, more generally, the surface height at any location is proportional to the
local weighted concentration of observations. Consequently, λ(x, y) is both smooth (because it inherits the structure of the
kernel) and numerically consistent with the empirical weights (Figure 7).

J. Discussion

Duval County
Florida’s climate permits mosquito activity in all months. In the humid subtropical setting of Duval County, arboviruses such
as WNV can therefore circulate beyond the traditional summer–fall peak. Seroconversion analyses of sentinel chickens from
northeast Florida show that both the WNV and the eastern equine encephalitis virus (EEEV) are detected outside of the peak
season, indicating a non-zero transmission risk year round [32, 33]. Consistent with this, our Eco–Epi model yields an early-
year risk signal that intensifies from summer to fall and identifies early-onset cases in 2015 and 2019 (Supplementary X). This
daily resolution interpretation is consistent with recent WNV hazard maps derived from sentinel chicken and meteorological
data, providing pre-season and in-season guidance at monthly resolution [34].

Furthermore, in Duval County the Eco-Epi model predicted the annual mean risk in years without reported human cases
(2017, 2020–2023) at levels comparable to those in low incidence years (e.g. 2016, 2018, 2019, 2024; 0–3 reported cases;
Supplementary XI). Florida’s Department of Health records of WNV activity, such as positive dead birds in multiple years during
this period, support the presence of underlying transmission activity despite low reported human case counts. Additionally,
for 2020–2022, pandemic-era effects on health care search, testing, and surveillance, as well as broader non-pharmaceutical
interventions, may have altered the observed burden of WNV in Duval County [35, 36].

Furthermore, during the sampling step for the establishment of the surface rate of the Eco-Epi model, we noticed that the
highest spillover rates occur in (23-29 ° C). This pattern is consistent with laboratory findings on effective temperature ranges
for mosquito transmission [25, 37–40]. The Eco-Epi spillover rate surface for Duval County shows that the highest spillover
values concenter at intermediate temperatures T ≈ (10-18 ° C) on the normalized cumulative temperature scale, with markedly
lower rates at both lower and higher values of T (Supplementary III).

Throughout 2010-2019 and 2024, the Eco-Epi rate surfaces of each year λ(M,T ) and the daily risk maps show a consistent
mechanism. Seasonal (M,T ) trajectories typically enter the high-risk ridge from late July onward, producing a principal risk
window around the day of year (DOY) (210-310) with occasional spring / early winter shoulders. The early spillovers in 2015
and 2019 were also predicted by daily maps (Supplementary X). Additionally, the Eco-Epi model outperformed both baselines:
Annual logarithmic scores were consistently less negative and the NRMSE was markedly lower than the null and negative
binomial models in every evaluated year (largest gains in 2011-2012, 2015 and 2018; Supplementary IV).

Taken together, these results show that our parsimonious Eco–Epi framework captures the magnitude of the WNV spillover
in Duval County and consistently outperforms simple baselines. The resulting daily risk signal is actionable: It complements
routine surveillance and can guide preseason preparedness and in-season control during the late July to early November window.
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Dallas County
The Eco-Epi model showed an accurate prediction in Dallas County in both cross-validation of the one-year-leave-out cross-
validation and retrospective forecast. In 100% years the NRMSE model was less than 1, and showed a great difference from
the performance of the NB and the null model (Supplementary IV).

The surface of the Eco–Epi Poisson rate for Dallas County shows a clear bimodal pattern. Consequently, over time, the
temporal risk maps of the model identify two seasonal maxima: a primary summer peak around DOY 196–231 (epidemiologic
weeks 28–33) and a secondary early fall rise around DOY 255–289 (weeks 37–41) (Supplementary X). This pattern aligns
with Dallas County Health and Human Services (DCHHS) field surveillance summaries, where the average abundance of Culex
quinquefasciatus shows a dominant midsummer maximum with a recurrent early fall rebound in several seasons [41].

Furthermore, during the sampling step used to obtain the surface rate of the Eco–Epi model, we observed that the highest
spillover values cluster under relatively warm conditions (24–32 °C). This slightly higher temperature window, compared with
(23–27 °C), is plausibly explained by habitat compression (oasis/island effect) during heat and drought, in which mosquitoes
and avian hosts co-aggregate at scarce water sources, increasing contact rates.

This interpretation aligns with the analyses of the Coachella Valley in California linking hydro meteorological anomalies
with an elevated risk of WNV [8] and the broader evidence that drought intensifies the transmission of WNV and that higher
temperatures increase Culex infection metrics [42, 43]. Although Dallas lacks a desert valley setting as Riverside County’s
Coachella Valley, functionally similar ‘oasis’ conditions occur along the Trinity River floodplain (Great Trinity Forest and the
Chain of Wetlands) and in urban lakes, riparian corridors, and storm-water basins. These water-replete patches within a hotter,
impervious urban matrix can concentrate avian hosts and Culex quinquefasciatus, increasing contact rates during heat/drought
[44].

For Dallas County, we hypothesize that thermal forcing contributes to the observed bimodality: supra-optimal summer
temperatures attenuate adult mosquito activity and survival, with activity resuming as conditions cool in early fall. This
mechanism is encoded in our temperature-dependent rate model and is consistent with the timing of the two seasonal maxima
indicated by surveillance. Taken together, the bimodal ridge in λ(M,T ) and the seasonal signal in these two periods indicate
sustained hazard through late summer with renewed risk following early fall rainfall, even when total abundance is below the
midsummer maximum.

In general, in Dallas County, the Eco–Epi framework provides an interpretable daily hazard signal. Specifically, our model
recovers the bimodal mosquito pattern without using any mosquito surveillance data for input or calibration; the mosquito
component is inferred from the model, yet it reproduces the same two-period signal observed in surveillance. Consequently,
this parsimony and agreement with independent observations support its use as a decision aid. Consequently, given the two
predictable windows, vector control programs can stage two targeted surges: (i) a pre-peak operation beginning 2 to 3 weeks
before weeks 28 to 33 (source reduction, larviciding in high-productivity basins and intensified gravid trapping) and (ii) a
second surge in weeks 37 to 41 after late summer heat breaks and rainfall.

Harris County
In Harris County, performance is strong for both metrics: The Eco-Epi model consistently outperforms the baselines of the
null and negative binomials by logarithmic score and achieves a low error with NRMSE ≤ 0.5 in 12 of 14 years.

Furthermore, the sampling process of the compartmental model indicates that the highest spillover values cluster under
relatively warm conditions (23–29 °C). The lower temperature ceiling for spillover in Harris County than in Dallas County
(29 °C vs. 32 °C) is consistent with Harris’s wetter and more humid Gulf-influenced climate, which can dampen late
summer amplification at the hottest temperatures. The Eco–Epi rate surface indicates that Harris County experiences a broader
spillover-conducive temperature window (T ) than Dallas County on the normalized cumulative temperature scale. (e.g., lower
/ upper bounds in Harris vs. Dallas: ∼4–19.45◦C vs. 7–21.4◦C) (Supplementary III). This pattern is consistent with regional
climatology: Houston’s proximity to the Gulf of Mexico moderates temperatures, mild winters, and damped summer extremes,
so Harris County remains warmer on average, while inland Dallas exhibits a more continental thermal regime, with greater
seasonal amplitude and colder winter minima, and 1991–2020 climate normals indicate that it is cooler on average [45].
Mechanically, a moderated regime maintains daily conditions within the unimodal temperature-sensitive zone for vector survival,
extrinsic incubation, and biting rate for longer periods of the season, thus widening the period during which spillover can occur
[25, 38, 39, 46].

Throughout 2011-2024, our one-year-out cross-validation predictions for Harris County place the peak season in late summer
to early fall: a recurrent high-risk window of approximately DOY 230–305 (mid-August to early November), with a median
peak near DOY ∼270 (late September) and some years shifting later into October–November. For 2014, the prediction of the
Eco-Epi model indicates a maximum risk window that spans DOY 250-300 (approximately early September to late October)
(Supplementary X). During this severe outbreak, the predicted severity of the risk in time was broadly consistent with the field
study: mosquito pool positives were first detected in week 23 (DOY 157), peaked in week 30 (DOY 201-207), and spillover
peaked in week 33 (mid-August; DOY ∼ 221-228), with elevated activity continuing through week 42 (mid-October; DOY ∼
277-894), consistent with local guidance that risk is highest from summer through fall and often peaks in August to September
[47].
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Our model suggests that Harris County’s longer temperature-suitable period (for spillover) warrants starting routine
surveillance and control earlier (late spring) and maintaining it through late fall; this aligns with the CDC’s guidance to
maintain season-long WNV surveillance and with local public health descriptions of the mosquito season as summer–fall [48].

Orange County
In Orange County, 16 out of 19 years in one-year-out cross-validation have NRMSE ¡ 1 and close to 0.5. Furthermore, the
logarithmic score results show that the performance of the Eco–Epi model in severe years like 2014 and 2015 is much better
than the null and NB models, and even based on the NRMSE the prediction error for these years is at the same level as for
other years, without a significantly higher error (Supplementary IV).

The peak of the surface of the Eco–Epi Poisson rate for Orange County occurs in the range of normalized cumulative
temperature (10-16°C) T , moderate temperature compared to the entire domain, which is (8-18°C). The Eco-Epi rate of the
Poisson model for Orange County in 2006-2024 reflects a repeatable structure within seasons that is largely invariant over
years. The modeled risk rises abruptly in late July, concentrates during late summer–early fall (about DOY 240–290), and
then decays through October. This timing is consistent with county surveillance: Orange County Health Care Agency reports
that most human WNV infections occur in August to September with substantial activity in July and October, and the Orange
County Mosquito and Vector Control District response plan shows peak Culex abundance from July through October [49, 50].

The rate of the Eco-Epi model indicates that inter-annual variation is governed by (i) how quickly the mosquito abundance
M climbs to high rate region (1.1-1.5×108) and remains there, (ii) whether temperature T persists in the warm seasonal band
(approximately T ∈ (11− 14°C)).

Years 2008, 2012, 2014, 2015 and 2020 also exhibit unusually late activity extending toward DOY 330–360 which logarithmic
score and Eco-Epi Poisson distributions show that the model captured this late activity well (Supplementary V).

Although the onset changes by approximately 3-4 weeks from year to year, the modal risk window remains anchored in the
late summer, indicating that the timing of spillover is governed by seasonal covariates and that sustained late season vigilance
is consistently warranted.

Riverside County
Throughout 2006-2024, the Eco-Epi rate surface λ(M,T ) for Riverside County shows a consistent high-λ lobe at combinations
of higher mosquito abundance (M ) and approximately (8–17 ◦C) window for normalized cumulative temperatures (T ). Years
with larger outbreaks are those in which the observed seasonal trajectory (M(t), T (t)) spends longer time within or passes
repeatedly through this lobe during late summer and early autumn.

This mechanism is visible especially in 2015: the trajectory tracks the core of the high-λ region, and the day-of-year panels
show a broad favorable window (roughly day 230-300) accompanied by sustained weekly case counts.

Forecasts for lower activity years (e.g. 2009, 2011, 2016, 2021) exhibit brief or late-season intersections with the lobe and
correspondingly short, low-intensity windows in the bottom panels. Operationally, the maps imply a recurrent phenology. The
predicted risk on average begins in late August (day ∼220-240), peaks during September (day ∼ 250-290), and decreases in
late October (day ≥ 300) and is consistent with field studies [51] (Supplementary X).

Furthermore, analyzing the surface of the Eco-Epi rate, the inter-annual variation is governed by (i) how quickly M rises,
(ii) how warm the season remains through the early fall, and (iii) how long the trajectory (M,T ) dwells inside the high-λ lobe
confirmed by [52, 53]. Independent field modeling from the Coachella Valley may support this persistence mechanism. Ward
et al. developed an environmentally informed forecast for the mosquito infection rate (MIR) and showed that a cool, dry winter
followed by a warm, wet spring and a relatively cool summer predicts a higher MIR in space and time [8]. Mechanically
interpreted, prolonged residence of environmental drivers in conducive states, i.e. longer stretches when temperature-moisture
conditions remain favorable, raises MIR, which is conceptually aligned with our dwell time in the highλ region (longer time
inside the favorable band means higher risk).

The Eco-Epi model achieves higher annual summed log-scores than both the null and the NB baselines in nearly every year,
including large seasons (e.g., 2015 Eco-Epi markedly outperforms both baselines) and moderate ones (e.g., 2007, 2008, 2013,
2016, 2018-2020, 2024). NRMSE is consistently smallest for Eco-Epi, with the clearest gains in severe outbreak years (e. g.
2015), indicating improved accuracy and sharper timing of the seasonal peak. Taken together, the results support the view that
explicitly linking transmission risk to joint ecological drivers (M,T ) captures both the late-summer timing and the year-to-year
amplitude of Riverside County spillover.

Los Angeles County
The surface of the Eco-Epi rate λ(M,T ) for Los Angeles County shows that the peak of the spillover rate occurred in a higher
range of mosquito abundance than in Orange County and Riverside County. Also in the low abundance range of M practically
in the interval of ((1 − 1.3) × 108) it shows a noticeable spillover rate (Supplementary III), which counts for late spillovers
in Los Angeles.

Throughout the years, Eco-Epi surfaces show a recurring high-risk lobe with a higher abundance of mosquitoes (M ) and
warm seasonal temperatures (T ∈ (12 − 16°C)). Seasons with the highest predicted risk are those in which the observed
trajectory (M(t), T (t)) enters the lobe early and remains there the longest during late summer and early fall, most clearly
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in 2008, 2012 to 2015, and 2016 to 2017, which also show broad September to October windows with occasional tails into
November.

However, the skill of the model in Los Angeles is only modest. The annual log score and NRMSE summaries indicate
that Eco-Epi improves on null and NB on average but is not consistently superior. A plausible explanation is the contrast in
climatic heterogeneity and ecological diversity between the three counties of California. Los Angeles spans coastal to desert
gradients (with elevation and urban heat-island effects), broadening before onset T and diversifying habitats; consequently, a
single county-wide (M,T ) trajectory can blur the forecast. Operationally, fit the model on the subcounty scale (e.g., coastal
versus interior or vector control districts) to tighten the onset windows and improve calibration.
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