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A machine-learning framework for virus early
warning from weather and urban sustainability
signals
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Department of Statistics, Siksha Bhavana, Visva-Bharati University, Santiniketan, West Bengal,
India

Abstract

Cities shape mosquito and arboviral risk through the way heat, water, vegetation,
and drainage are managed. We present a fully reproducible early-warning pipeline
that predicts trap-week West Nile virus (WNV) positivity one to two weeks ahead
using programmatically accessible sources (Socrata WNV pools and Meteostat
weather), and a graph-aware post-hoc smoothing that enforces spatial coherence
of predicted risks. Because direct APl access to the Chicago portal requires a Socrata
App Token, all reported experiments use an offline, synthetic trap-week panel
that mirrors a Chicago-like spatio-seasonal structure, while we ship turn-key code
to re-run the identical analysis on the real data once a token is provided. Across
forward-chaining evaluations, gradient boosting with Laplacian smoothing delivers
discrimination comparable to that of a strong elastic-net baseline, as assessed by
the area under the receiver operating characteristic curve, but substantially better
probabilistic calibration (lower Brier and improved reliability). Feature profiles
emphasize antecedent heat and relative dryness, aligning with ecological priors,
and enable tiered, probability-based operational playbooks for vector control and
sustainability co-actions (cooling, drainage, vegetation). The pipeline is designed
for transparency, portability, and policy relevance: calibrated probabilities support
graded interventions and top-K targeting under budgets, while code parity between
synthetic and real modes facilitates external replication.

Keywords: West Nile virus; Early warning; Environmental sustainability; Urban heat;
Stormwater; Graph Laplacian; Spatio-temporal learning

1. Introduction

West Nile virus (WNV) remains the leading cause of domestically acquired arboviral
diseasein the United States and is monitored through mosquito, human, and
environmental surveillance programs.'” Urban form and sustainability practices—
heat-island mitigation, stormwater management, vegetation structure—mediate where
and when mosquito habitats emerge, shaping transmission risk at fine spatial and
temporal scales. Despite rapid progress in data-driven early warning systems (EWS) for
infectious diseases, three gaps are common in practice: (i) fragmented data engineering
that hinders re-use and auditing; (ii) limited attention to calibration under severe class
imbalance; and (iii) weak integration of urban-sustainability levers into operational
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decision rules.*® Furthermore, urban WNV risk is often
confounded by socioeconomic disparities and spatial
sampling biases. Areas with lower neighborhood-level
income may have higher densities of abandoned properties
or neglected infrastructure, while trap placement often
reflects historical risk or logistical convenience rather
than a random sample. These factors can lead to a spatial
sampling bias that misleads models if not accounted for
through spatial regularization.

Machine learning (ML) has demonstrated strong
discrimination for vector-borne risks, including WNV
across Europe via eco-climatic drivers,® and broader
EWS efforts drawing on multi-source signals (clinical,
environmental, mobility, social).”® Yet reviews consistently
emphasize that data quality, transparency, and system
integration remain limiting.** From a city-systems
perspective, linking predictions to actionable sustainability
measures (cool pavements and shade, green alleys, rain
gardens, basin maintenance) is essential to convert
forecasts into reduced exposure.”'

In this paper, we contribute a framework that (i)
formulates WNV early warning at the trap-week level
using lagged meteorology and seasonality; (ii) introduces
graph-Laplacian post-hoc smoothing to enforce spatial
coherence of probabilities; and (iii) aligns outputs with
a tiered operational playbook that pairs vector-control
actions with sustainability co-actions. Because Socrata’s
access to Chicagos WNV data requires an App Token, we
report results on a Chicago-like, synthetic trap-week panel
while releasing code that runs unchanged on the real data
once a token is available. Empirically, gradient boosting
(GBDT) with spatial smoothing attains receiver operating
characteristic curve (ROC) performance on par with
elastic net while markedly improving calibration, which is
the quantity most aligned with graded interventions and
top-K targeting under budgets.

1.1. Positioning relative to prior work

Our design follows evidence that eco-climatic drivers carry
predictive signal for WNV® and hews to best practices
emerging from recent EWS assessments.*® We differ by:
(i) shipping an end-to-end, API-driven pipeline that
preserves parity between synthetic and real-data modes for
external re-runs; (ii) prioritizing probabilistic calibration
alongside discrimination; and (iii) explicitly mapping risk
bands to urban-sustainability levers grounded in planning
literature.>'® This synthesis targets the last-mile problem:
turning calibrated forecasts into equitable, budget-aware
field actions.

1.2. Contributions

We offer: (i) a reproducible trap-week dataset build
(Socrata + Meteostat) with a synthetic fallback; (ii) a
graph-aware post-smoothing that improves probability
quality without changing the base learner; (iii) evaluation
that respects time and geography, reporting area under
the receiver operating characteristic curve(AUROC)/area
under the precision-recall curve (AUPRC) and Brier/
reliability; and (iv) an operationalization that links risk
bands to sustainability interventions.

1.3. Novelty and theoretical contributions

While recent high-impact studies have significantly
advanced the field of infectious disease forecasting—
notably in identifying multidecadal climate drivers
of  WNV," analyzing the socio-environmental
complexity of urban health,"”? and proposing ecological
design for sustainability’—this work provides three
distinct contributions that bridge the gap between
ecologicalobservation and municipal operation:

(i) Graph-aware spatial regularization: Traditional
tree-based models often produce“checkerboard”
risk maps due to their treatment of traps as
independent points. Followingthe logic of spatial
spillover effects in complex systems,"” we introduce
a  post-hoc  Laplaciansmoothing  step.  This
ensures that early warnings are spatially coherent,
protectingunderserved blocks without physical traps
by leveraging neighborhood context.

(ii) Live pipeline architecture (Surveillance-as-a-Service):
Unlike many frameworks thatrely on static, curated
datasets,® our pipeline is built on a “Live Data”
architecture usingthe Socrata and Meteostat APIs.
This provides a reproducible template for cities
to movefrom retrospective analysis to real-time,
automated monitoring.

(iii) Operational decision grammar: We extend the
sustainability discussions in urban planning®? by
creating a concrete “Decision Grammar” This maps
ML-derived risk probabilities to specific tiered
interventions (e.g., “pocket cooling” or “bioswale
desilting”), moving the field from “what might
happen” to “how to respond”

2. Related work

Machine learning can predict and track Zika virus spread
using mosquito, environmental, and social data, but data
quality, interpretability, and system integration remain
challenges.” Artificial intelligence (AI) techniques,
including ML, deep learning, and natural language
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processing, enhance infectious disease EWS via diverse data
sources, though issues persist in data quality, transparency,
integration, and ethics.® Review of EWS (2019-2023)
shows multi-source approaches—from hospitals and social
media to meteorological and wastewater systems—improve
responsiveness and prediction, emphasizing technology-
driven integration.* ML model predicts district-level
human Puumala virus (PUUV) risk in Germany using
three prior weather variables, achieving 85% sensitivity,
71% precision, and estimates the PUUV Outbreak Index
with 20% uncertainty."* ML enhances urban health by
analyzing air and water quality, mitigating urban heat,
predicting disease outbreaks, optimizing green spaces, and
monitoring noise pollution for proactive environmental
management.”” Vector-borne disease EWS face challenges
in data quality, integration, and stakeholder engagement;
standardized data, cloud platforms, collaboration, and
user-friendly interfaces improve predictive accuracy and
outbreak preparedness.” Twitter-based natural language
process and ML models, including fine-tuned bidirectional
encoder representations from transformers and regression,
enable early COVID-19 outbreak detection and forecasting,
supporting public health decision-making and overcoming
limitations of traditional surveillance.’* ML-based
distributed lag non-linear model warning model using
gradient boosted trees (XGBoost), support vector machine,
and generative additive model predicts respiratory disease
mortality from air pollution and extreme temperature,
capturing cumulative lag effects for timely interventions."”
XGBoost with explainable AI accurately predicts WNV
outbreaks in Europe (area under the curve: 0.93-0.97)
using eco-climatic drivers, enabling timely alerts for
surveillance and vector control.® Event-based surveillance
combined with ML and transfer learning improves
early detection and prediction of zoonotic diseases like
Kyasanur Forest Disease in resource-limited settings.'* An
urban systems framework integrating ecology, geography,
and social dynamics elucidates how city structure, land
use, and human interactions drive Aedes-borne disease
risk and guide targeted interventions.” Treash' examines
how land use change influences vector-borne disease risks
in Ontario, emphasizing the integration of urban planning
and public health strategies to mitigate emerging vector
threats. Alarcon® synthesizes interdisciplinary evidence
linking urban landscape design to Aedes aegypti and Aedes
albopictus proliferation, offering a landscape architectural
framework and design guidelines for vector-borne disease
mitigation.!® outlines assessment and design strategies for
managing green infrastructure under hotter, drier climate
conditions to prevent mosquito breeding in shallow water
bodies, ensuring compliance with EPA drainage standards
and regional sustainability goals. Qiu* advances the

material point method through graphic processing unit
optimization, distributed computing, and Al integration,
enabling large-scale, real-time physics-based simulations
across diverse computational and generative applications.
Lesk et al.* synthesizes how compound heat and moisture
extremes—particularly  hot  droughts—interactively
reduce global crop yields by up to 30%, emphasizing
the urgent need for integrated, multi-stress agricultural
adaptation strategies. Liu et al.” introduces two improved
weather file approaches—pHSY-1 (Weighted Cooling
Degree Hours) and pHSY-2 (Physiologically Equivalent
Temperature)—for  assessing building  overheating
and thermal discomfort, demonstrating their superior
robustness over existing probabilistic Design Summer
Years. Chen and Moraga® develop a mobility-enhanced
long short-term memory model that integrates human
movement, climate variables, and historical dengue
cases to forecast weekly dengue incidence and detect
outbreaks in Brazilian cities, achieving superior accuracy
and sensitivity over traditional models and providing a
scalable framework for early epidemic warning and public
health planning. Geographical information system-based
analysis can decisively improve international humanitarian
coordination by supporting data-driven decision-making
beyond traditional mapping.® Epidemiological studies
often underestimate humidity’s role in heat-related health
risks, despite its physiological impact, highlighting the
need for multidisciplinary research to improve projections
and guide interventions under climate change.?

2.1. Digital transformation and spatial spillovers

Beyond purely biological drivers, our framework sits at
the intersection of digital innovation and sustainable
urban transformation. The integration of automated
data pipelines aligns with the paradigm of the digital
economyas a catalyst for low-carbon development and
resource optimization.” Research indicatesthat digital
maturity can reshape industrial structures to favor
carbon mitigation,”® and theestablishment of big data
comprehensive experimental zones has significantly
enhanced energyutilization efficiency through improved
resource allocation.”

Crucially, the effectiveness of such Al-driven systems
is contingent upon managing spatial spillover effects and
data non-stationarity, which differ significantly between
high-density urban centers and boundary regions."
By employing graph-Laplacian smoothing, our model
accounts for these inter-regional dependencies, mirroring
“industrial-grade” reliability methods used to identify rare
failures in complex systems.*® Furthermore, this approach
supports the goals of inclusive development—as seen
in global initiatives like the Belt and Road Initiative—
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by utilizing technological exchange to reduce regional
health disparities through precise, data-driven resource
targeting.’!

2.2, Climate variability and urban complexity

Recent advancements have underscored the multiscale
nature of WNV risk.!! Demonstrate that multidecadal
climate variability is a primary driver of WNV
amplification, suggesting that long-term environmental
trends dictate the “baseline” risk for cities. Complementing
this,'”” argue for an integrated view of urban health
that accounts for socio-environmental determinants,
emphasizing that climate change interacts with urban
infrastructure to create heterogeneous risk profiles. Our
work builds upon these ecological foundations by focusing
on the sub-seasonal operational scale. We translate these
multidecadal and socio-environmental signals into weekly
municipal truck-rolls, providing a framework for short-
term “climate-ready” surveillance.

2.3. Design-driven mitigation

From a sustainability perspective, Kache et al.” andearlier
environmental health studies have proposed that city
structure can be “designed” to mitigate vector-borne
diseases. Our framework operationalizes this by identifying
the specific meteorological triggers (heat-loading and
drought-amplification) that prioritize these design
interventions in real-time. By linking high-probability risk
bands to “Sustainability Co-Actions” like cool corridors
and managed drainage, we provide the technical link
required to implement the design guidelines suggested in
recent urban ecology literature.

Based on the foregoing review, the objective of this study
is to build and evaluate a multi-source dataset and learning
framework that predicts trap-level WNV positivity (binary
outcome) one to two weeks ahead using programmatically
accessible Python packages.The main contributions are as
follows: (i) a reproducible dataset from sodapy (Chicago
WNV traps) and meteostat (weather); (ii) a spatio-temporal
ML formulation with lagged meteorological drivers; (iii)
graph-aware learning and evaluation protocols that honor
time and geography; (iv) policy interpretation linking
findings to sustainability levers.

3. Preliminaries and notation

We work on a weekly surveillance panel indexed by traps
and epidemiological weeks. The variables include:

(a) Index sets and variables

Let V denote the set of traps (|V|=N) and 7 the set of
weekly

indices. A generic trap is ieV and a week is €7 . The
binary response is

Vi, € {0,1},

¥;, = liff at least one mosquito pool from trap

$i$ tests WNV-positive during week $t$ W

We use 1{-} for indicator functions.
(b) Weekly aggregation and lags

Let w(d) map a calendar date d to the week start
(Monday). For a daily scalar covariate Xz (e.g.,
temperature), we define the weekly aggregate at week ¢ by:

= dgg{x, ;o0(d)=1} 2)

where A4gg is the mean for temperature and relative
humidity and the sum for precipitation.

We form lags x,-(,l,) = a for1e{1,2,3}

‘xi,l

Seasonality is encoded via sinx/cosx harmonics on ISO
week-of-year w(7):

s, =sin(27r w(t)/SZ),c, :cos(27r w(t)/52) (3)

(c) Feature vector

For trap i and week ¢ the feature vector is

tavg _mean,,,tavg _max,,
prep _sum,,,rh _mean, ,,rh_min,,
X, =
it (1.3) (1.3)
tavg _mean;,”, prep _sum, (4)

s,,c,,lat,,lon;

Standardized features are z,, =Std (x,.,,) (train-split
mean/variance).

(d) Predictors and horizons

Foranaheadhorizonh€({1,2}(weeks),aprobabilisticclassifier
fh OUtputS p1,1+h = fh (xi,t ) € [0’1]7yi,[+h = l{p[,Hh 2 T} Where
T is a decision threshold chosen on validation data.

(e) Spatial graph and Laplacian smoothing
Let ¢; = (lat,,lon,) A k -nearest neighbor graph w e RV"

is constructed row-stochastic over traps within the same
week (per-week smoothing). With L =7 —W the (random-
walk) graph Laplacian, we post-process predicted log-odds
1: e RY for week ¢ via

1 fergmin ] ol LufS(rene)' ®

and return smoothed probabilities with the logistic link
o(-) This Tikhonov regularization on graphs is a standard
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device for encouraging spatial coherence of risks.
(f) Evaluation metrics
Given held-out pairs {(y = l/?: )};;1 :

o AUROCsummarizes the ROC curve; it is
insensitive to class prevalence but informative

about ranking.*

o AUPRC summarizes the precision-recall curve;
under class imbalance, it is often more

diagnostic than ROC.”

o Brier score averages squared probabilistic errors:
~\2 34

. L ¢om .
Brier :;z/zl(yj —pj)

o Calibration is assessed with reliability diagrams
(binning p and comparing bin means to observed
frequencies) and by reporting the Brier score;
see.®

(g) Validation design

We use forward-chaining (rolling/expanding origin) splits
to respect temporal order, optionally with geographic
holdouts for spatial robustness.* Thresholds (e.g., F1-max)
are chosen on validation and then fixed on the test period;
report AUROC/AUPRC/Brier together with confusion
matrices at the operational threshold.

4. Dataset

4.1. Two modes: Synthetic (used here) and real-data
(re-runnable)

Our pipeline supports two interchangeable modes:

(i) Synthetic trap-week panel (used for all results in this
paper)
A generative process creates a Chicago-like network of
traps, daily weather with annual seasonality, and a Bernoulli
outcome whose log-odds depend on lagged heat and
dryness, plus sinusoidal seasonality. We then aggregate to
trap—week and construct lag features. This mode is offline-
reproducible and does not require any external credentials.

(ii) Real Chicago data (code provided; requires an app
token)

The same pipeline pulls data from the City of Chicagos
“West Nile Virus Mosquito Test Results” Socrata dataset
(jqe8-8r6s), collapses pools to trap—week targets, and joins
weekly weather from meteostat for each trap coordinate.
Since the portal enforces throttling, access requires a valid
Socrata App Token. The exact code and instructions are
provided so that any reader with a token can reproduce the
analysis on real data without modifying the methodology.

4.2, Synthetic trap-week panel

We simulate N traps with coordinates centered on the
Chicago region; daily temperature, precipitation, and
humidity time series carry an annual sinusoidal structure
and noise. Daily values are aggregated to epidemiological
weeks (f) to obtain weather summaries—weekly mean
temperature (tavg_mean), weekly maximum temperature
(tavg_max), weekly precipitation sum (prcp_sum), weekly
mean relative humidity (rh_mean), —and their lags at t —
1, t — 2, t - 3. Seasonality is encoded with sin(2n week/52)
and cos(2n week/52). The binary target y, (any positive
pool at trap i in week t) is drawn from a logistic model
in which heat lags increase risk and recent rainfall lags
decrease risk, reproducing common WNYV patterns. The
resulting panel (6,210 rows; prevalence 0.086) is the basis
for all tables and figures in Section 6.

4.2.1. Limitations and assumptions of the synthetic
generator

While the synthetic generator captures the primary
spatio-seasonal trends of WNV, it assumes a relatively
homogeneous surveillance effort across the simulated
grid. In real-world settings, trap coverage variabilitydriven
by resource constraints or physical access can create
“blind spots” in surveillance.Our generator assumes that
the observation process (y, ) is independent of the trap’s
spatialdensity, whereas in practice, regions with denser
trap networks may report higher positivitysimply due to
increased sampling effort. Furthermore, the generator uses
a stationary logisticprocess, potentially under-representing
the stochastic “surges” observedin real-world outbreaks.

4.3. Real Chicago data (code provided; run when a
Socrata token is available)

To support future real-data execution, we implemented
a parallel data-ingestion workflow for the Chicago
surveillance records and corresponding meteorological
covariates.

(i) WNVpools (Socrata)

WeusetheCity of Chicago dataset “West Nile Virus
(WNV) Mosquito Test Results” (jge8-8r6s) accessed via
sodapy.**® The records include trap identifier, collection
date, pool-level test results, and location information. To
ensure consistency across data pulls, we normalize schema
variants (collection_date/date_of collection; trap/trap_id;
result/results/wnv_positive) and collapse multiple pools
into a weekly binary outcome for each trap, defined as:

y,. = l{any positive pool at trap i during week t} (6)

Access to the real-data workflow requires a valid
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Socrata App Token. Instructions for token creation and
script execution are provided in the GitHub repository and
the Socratadocumentation (https: //dev.socrata.com/docs/
app-tokens.html). Once a valid token has been obtained,
the provided script can be run in one of two ways:

# Option A: environment variable export
SOCRATA_APP_TOKEN="YOUR_TOKEN’
python wnv_real_only.py

# Option B: paste directly in the script (APP_
TOKEN = “YOUR_TOKEN”)

(ii) Weather (Meteostat)

For each trap coordinate, we retrieve daily meteorological
datausingmeteostat™-*! and aggregate to weekly summaries
aligned to week_start. We then compute the same lagged
weather features and seasonal terms used in the synthetic
mode so that the feature space remains consistent across
both modes.

(iii) Feature set (both modes)

For trap i and week t, the feature vector is defined as:

tavg _mean, ,tavg _max,,

| prep _sum, rh_mean, ,,rh_min,,

it?
v tavgimean.( 2 prep suml.()'t'j) (7)

s,,c,,lat;,lon,

27 i

The response is y,, €{0,1}.
(iv) Reproducibility note

Because portal access could not be completed during
manuscript preparation without a valid Socrata App
Token, only synthetic results are reported in the present
study. However, the file wnv_real_only.py (provided with
the GitHub repository, see Code Availability) implements
the real-data workflow.Once a valid token is supplied, it
constructs the identical trap-week panel and enables
reproduction ofthe corresponding analyses.

4.4, Ethical considerations and data privacy

The data used in this framework are derived from public
health surveillance records (Socrata Open Data) and global
meteorological archives (Meteostat). While these datasets
are publicly accessible, their use in predictive modeling
requires ethical oversight:

o De-identification: The WNV pool data are aggregated
at the trap-week level. No personally identifiable
information (PII) regarding human cases is ingested
or stored, ensuring compliance with health privacy
standards such as the Health Insurance Portability and
Accountability Act in a United States context.

o Data ownership: Our pipeline acts as a consumer of
official records; we do not claim ownership over the
underlying surveillance data. The code is designed to
respect API rate limits and terms of service provided
by the City of Chicago and Meteostat.

o Transparency: By providing a fully reproducible
pipeline, we ensure that the logic behind risk
assessments is transparent to the public, preventing
the “black-box” implementation of health policy.

5. Methodology

We model trap-week WNV positivity y, € {0,1} at horizon
h € {1,2} weeks ahead from features x; deﬁned in Section
3. Standardized features are z, = Std(x ) using the training
spht mean/variance. A probab1hst1c cla551ﬁer f returns

p[,t+h = fh( i,t) [0’1]3yi,t+h = 1{pi,t+h = } with T fixed
from validation. Because positives are rare, we evaluate
both discrimination (AUROC/AUPRC) and calibration
(Brier, reliability).?>%°

5.1. Dataset construction, weekly aggregation, and
lags

Let w(d) map a calendar date to the Monday of its
epidemiological week ¢ For a daily covariate x,
(temperature, precipitation, relative humidity), define:

;.J: Aggix,,o(d)=1},

e 8
x,.(’l,) =x,, forle{1,2,3} ®)

We use means for temperatures/humidity and sums for
precipitation. Seasonality enters via harmonics on week-
of-year w(t):

s, =sin(270(t)/52),c, = cos(270(t)/52) )

The feature vector stacks contemporaneous summaries,
three lags of key drivers, (s,,¢,) and coordinates

(lati , lon,.) :

X, = [tavg __mean,tavg _max, prcp _sum,rh _mean,rh_min,tavg _ mean"") ,prep sum™, s,,c,,lat;,lon, ] (10)
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5.2. Baseline selection rationale

The modeling framework prioritizes two distinct
architectures to balance interpretability with predictive
power under severe class imbalance. The choice of these
specific models, and the exclusion of others, is justified as
follows:

o  Elastic-net logistic regression (LogitEN): We selected
this as the primary linear baseline over simple logistic
regression or pure LASSO/Ridge because of the high
collinearity between lagged meteorological features
(e.g., Tt-1 vs. Tt-2). Elastic-Net provides a stable
group-selection effect, maintaining the transparency
required for public health policy while preventing
overfitting in high-dimensional settings.

« GBDT vs. random forests: While Random Forests
are common in EWS, GBDT was selected as the lead
ensemble learner because of its boosting mechanism.
Boosting iteratively minimizes residuals for “hard-
to-classify” instances, which is crucial for identifying
rare  WNV-positive weeks that Random Forests
may overlook due to their bagging-based variance
reduction.

o Exclusion of pureautoregressive (AR) models:Standard
AR models rely heavily on previous case counts (yt—1).
These were excluded because real-world WNV trap
data are frequently subject to reporting delays and
seasonal gaps; relying on them would limit the system’s
ability to “cold-start” at the beginning of a season. Our
framework instead emphasizes eco-climatic drivers
to provide a lead-time that is not constrained by
historical testing latency.

5.3. Linear baseline: Elastic-net logistic regression

We fit a sparse logistic model on standardized features:
p=argmin, ¥ [y, 2L p+log(1+™ 1+ 414, + 2| B (11)

with (A,A,) tuned by forward-chaining validation (Section
5.10). This baseline offers (i) transparent sign/size patterns
and (ii) strong ROC/precision-recall under linear
separability, but can be miscalibrated in rare-event settings;
hence, we report Brier/reliability and use probability post-
processing where indicated.”

5.4. Algorithm selection and handling class
imbalance

West Nile virus surveillance data is characterized by severe
class imbalance, where positive trap-weeks are rare relative
to the total number of observations. To address this, we
selected XGBoost, which is inherently an ensemble learning
methodology thatiteratively minimizes residuals. However,

as noted in recent industrial failure investigations—where
sparse data similarly plagues predictive performance—
robustness can be further enhanced through specialized
ensembles like RUSBoost or AdaBoost.*® These techniques
improve prediction stability by either undersampling the
majority class or re-weighting misclassified rare events.
While our current implementation utilizes the internal
weighting mechanisms of XGBoost for imbalanced data,
the integration of rotational-moulding-style failure
analysis logic suggests that a hybrid approach—combining
synthetic data generation with boosting—can significantly
sharpen the reliability of early warning signals in both
industrial and urban health settings.

5.5.Tree ensembles: Gradient boosting and random
forests

To capture non-linear interactions among heat, dryness,
and seasonality, we fit XGBoost and random forests with
nested hyperparameter search (learning rate, depth,
number of trees, and subsampling). We use standard GBDT
regularization (shrinkage, column/row subsampling) and
compute Shapley Additive exPlanations values for local/
global interpretability.**** Because raw tree probabilities
may be overconfident, we emphasize calibration metrics
alongside AU ROC/AUPRC.*

5.6. Handling class imbalance and decision
thresholds

Positives are scarce at the trap-week scale. We combine:

(j) Cost-sensitive training: class weights w > w, in the
loss when supported (logistic, GBDT).

(ii)) PR-space model selection: select models/thresholds
by validation AUPRC and F1 at deployment-relevant
recall levels.”

(iii) Frozen thresholds:choose T on validation (e.g., F1-max
or cost curve optimum) and freeze for the test period
to prevent optimistic bias.

5.7. Spatial graph and Laplacian probability
smoothing

Let ¢, = (lat,lon). For each week ¢, we build a k-nearest-
neighbor graph on {c}, where i€V with row-stochastic
weights W; define L, = I - W, (random-walk graph
Laplacian). Denote raw log-odds _, =log| p,., (1—1/1:,,);)

across traps in week ¢ + h. We output smoothed log-odds
I’ , by Tikhonov regularization on the graph:

~ 2 o~
th u-1 5 + UIUTLHhu = (1 + 77L1+h) Z/+h (12)

t+h

=argmin

N
ueR

and transform back with the logistic link o(-). Since L,

is positive semidefinite and I + nL _, is symmetric positive
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definite for any n > 0, the solution exists and is unique; we
exploit sparsity to solve with sparse Cholesky or conjugate
gradients in O(kN) per week.* This step enforces spatial
coherence without retraining the base learner, improving
probability quality while largely preserving ranking.

For graph construction choices,we set k from {5,10,15}
on validation and scale weights with a local-kernel
heuristic (row normalization). Geographic k-nearest
neighbor (kNN) can be augmented with hydrological or
mobility adjacencies when available; we report sensitivity
to k and n in ablations.

5.8. Justification of graph parameters

The graph-aware smoothing step actsas a spatial regularizer,
enforcing the ecological principle that WNV risk is a
regional rather than a purely point-source phenomenon.

(i) Graph construction (k = 5): We utilized a kNN
approach to maintain consistent connectivity
across the heterogeneous density of the urban trap
network. This ensures that peripheral traps are not
isolated while preventing “information bleed” from
geographically distant traps in microclimates with
different environmental profiles.

(ii) Smoothing intensity (a): The choice of a = 0.7 was
informed by our sensitivity analysis, striking a balance
between local predictive signal and neighborhood
consensus. This intensity effectively dampens the
influence of stochastic outliers—such as a single
trap failing due to localized physical damage—while
reinforcing signals in clusters of high activity.

5.9. Probability calibration (Optional post-
processing)

When base learners show residual miscalibration, we
optionally fit a calibration map ¢: [0,1]+ [0, 1] on validation
predictions via isotonic regression or Platt scaling, and
compose ¢ before spatial smoothing to avoid biasing the
reliability curve.” In our synthetic experiments, Laplacian
smoothing already reduces Brier error substantially; we
therefore report both pre- and post-smoothing calibration.

5.10. Validation, hyper-parameter tuning, and
reporting

We use forward-chaining (rolling/expanding origin) splits
to respect temporal order*® For geographic robustness,
we evaluate (i) standard temporal splits and (ii) spatial
block tests holding out sets of traps by neighborhood.
Hyperparameters are tuned on inner forward-chaining
folds. We report:

e« AUROC and AUPRC for discrimination;
o Brier score and reliability curves for calibration;***

«  confusion matrices at the frozen threshold T;
« recall@top-K trap—weeks for operational targeting.

5.11. Operationalization

Given calibrated, smoothed probabilities 7;, , agencies can
deploy (i) tiered risk bands {r1,12,13} mapping to graded
actions and (ii) top-K allocations each week under budget
constraints. Because smoothing prioritizes coherent
hotspots, actions can be bundled over adjacent blocks
for efficiency, with guardrails that trigger on either raw
or smoothed signals when crossing a high threshold (see
Section 7).

5.12. Reproducibility

All steps are implemented in Python with pinned package
versions, fixed random number generation seeds, and
deterministic databuilds. The synthetic and real-data
modes share identical feature engineering and modeling
code; the latter requires only a Socrata App Token to fetch
jqe8-8r6s (Socrata) and Meteostat, ensuring external
re-runs preserve methodological parity.

6. Results on a synthetic trap-week panel

For context,all results herein are from the synthetic, offline-
reproducible trap-week panel generated by our pipeline
(see Section 5). The run log reports [INFO] Rows: 6210,
positive rate: 0.086, indicating a realistic class imbalance
for early-warning.

6.1. Discrimination and probabilistic accuracy

Tables 1 and 2 summarize discrimination (AUROC,
AUPRC) and probabilistic accuracy (Brier score) for
the two models evaluated: LogitEN and GBDT with
graph-Laplacian smoothing per week (GB+Graph). The
validation set guided the selection of hyperparameters and
the alert threshold; the test set was strictly held out.

On the held-out test period (Table 2), GB+Graph
slightly edges LogitEN on AUROC (0.740 vs. 0.734), while
LogitEN attains a modest AUPRC advantage (0.198 vs.
0.185). Crucially, GB + Graph achieves a far lower Brier
score (0.085 vs. 0.265), indicating substantially better-
calibrated probabilities—consistent with the smoothing
prior discouraging isolated spikes in risk.

6.2. Temporal context and operating characteristics

Figure 1 shows the seasonal envelope of trap-week
prevalence, validating that the generator captured weather-
driven seasonality. Figures 2 and 3 illustrate the operating
trade-offs: GB+Graph slightly improves ROC performance,
while LogitEN offers slightly higher precision at moderate
recall in precision-recallspace.
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Table 1. Validation metrics on the synthetic panel

Model AUROC AUPRC Brier

LogitEN 0.710 0.171 0.280

GB + Graph 0.694 0.162 0.086
Table 2. Test metrics on the synthetic panel

Model AUROC AUPRC Brier

LogitEN 0.734 0.198 0.265

GB + Graph 0.740 0.185 0.085

Figure 1. Trap—week positivity rate over time (synthetic panel). Seasonal structure is evident.

6.3. Calibration (Reliability) of probability forecasts

We assess calibration for GB+Graph using decile binning
(Table 3) and a reliability curve (Figure 4). Observed
frequencies track predicted probabilities reasonably well,
matching the strong Brier performance in Table 2.

The improved probabilistic calibration of the GB+Graph
model (Figure 4) is consistent with the broader utility
ofensemble-based methods inrare-event prediction.* Just
as historical production datasets benefit from ensemble-
driven robustness to identify intermittent machine faults,
our urban surveillance model leverages the collective

strength of weak learners to capture the non-linear
interactions of antecedent heat and dryness. By explicitly
addressing data balancing, we move toward a more
“industrial-grade” reliability in public health, where the
cost of a false negative (a missed outbreak) is minimized
through the stability of the ensemble consensus.

6.4. Feature importance

Gradient boosting importances (Figure 5 and Table 4) align
with ecological priors encoded in the generator: recent
heat load (lagged temperature) and seasonality dominate,
with dryness signals from precipitation lags contributing.
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Figure 2. Precision-recall curves on the test set. Both models exceed the baseline prevalence (0.086).

Figure 3. ROC curves on the test set. GB+Graph attains slightly higher true positive rates (TPRs) at a range of false positive rates (FPRs).
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Figure 4. Reliability curve for GB+Graph on the test set (diagonal is perfect calibration)

For ecological mechanisms of top predictors, the
dominance of lagged mean temperatures (tavg_mean_lag2
and tavg_mean_lag3) aligns with the established extrinsic
incubation period of WNV. Higher temperatures accelerate
viral replication within the mosquito; the 2-to-3-week lag
represents the time required for a mosquito to become
infectious and be detected in a trap.

Furthermore, the importance of dryness signals
(rh_min and lagged precipitation) supportsthe“drought-
amplification” hypothesis. In urban environments, relative
dryness often stabilizes stagnant water in underground
catch basins, concentrating mosquitoes and avian hosts.
This creates an ecological bottleneck that accelerates
transmission—a mechanism the GBDT model successfully
recovers through the negative association between
moisture lags and positivity risk.

6.5. Operational thresholding and confusion matrix

We select a decision threshold by maximizing F1 on
validation (GB+Graph), then apply it to the test set. The
resulting confusion matrix is shown in Figure 6; the full
classification metrics appear in Table 5.

At this F1-tuned operating point, recall for the positive
class is relatively high (0.697), capturing a meaningful
share of risky weeks; precision is low (0.190), trading

oft specificity for sensitivity—a reasonable choice when
the cost of missing risk is high relative to the cost of
preventive action. Accuracy (0.675) is less informative
under imbalance; the precision-recallspace (Figure 2) and
calibration (Figure 4) better reflect usefulness.

For completeness, we include compact, faithful excerpts
of the trap-week panel head and the test predictions (the
full CSVs are in the archived ZIP).

6.6.Sensitivity analysis and ablation study

To assess the robustness of our spatial post-processing, we
performed an ablation study on the graph construction
(number of neighbors k) and the smoothing parameter a.
The baseline case (a = 0) corresponds to the raw XGBoost
output.

(i) Smoothing intensity (a): We varied a € [0, 0.9] and
observed that while AUROC remains relatively stable,
the Brier score improves significantly as a increases
from 0 to 0.7, indicating that spatial smoothing is the
primary driver of the probability calibration gains
reported in Table 2. At extreme values (a > 0.85), we
observed a slight “over-smoothing” effect where local
high-risk signals are excessively dampened by low-
risk neighbors.

(ii) Intuitive impact of

smoothing:  Qualitatively,
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Figure 5. Gradient boosting feature importances

Figure 6. Confusion matrix at the F1-max threshold (GB + Graph, test set)
Abbreviations: Neg: Negative; Pos: Positive.
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Table 3. Calibration table for GB+Graph on the test set (ten equal-frequency bins).

Bin Mean p Observed Rate Count
0 0.016 0.008 123
1 0.019 0.024 123
2 0.022 0.008 123
3 0.038 0.033 123
4 0.074 0.049 123
5 0.092 0.122 123
6 0.119 0.154 123
7 0.146 0.228 123
8 0.176 0.179 123
9 0.241 0.187 123

Table 4. Gradient boosting feature importances in descending order

Feature Importance
tavg_mean_lag2 0.241
tavg_mean_lag3 0.141
tavg_mean_lagl 0.111
tavg_mean 0.085
prcp_sum_lag2 0.073
rh_min 0.063
tavg_max 0.058
prcp_sum_lag3 0.049
rh_mean 0.045
prcp_sum 0.034
lat 0.028
prcp_sum_lagl 0.025
cos_woy 0.017
lon 0.016
sin_woy 0.015

the Laplacian smoothing functions as a “spatial
consensus” filter. Consider a scenario where a specific
trap (Trap A) shows a high predicted probability
based on local weather, but its five nearest neighbors

report low probabilities. In the raw GB model, Trap
A might trigger a false-positive alarm. After Laplacian
smoothing, the low-risk “neighborhood consensus”
pulls Trap As probability down, treating the isolated
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spike as potential measurement noise.

Conversely, if three adjacent traps show moderate risk,
the smoothing reinforces this cluster, creating a more
cohesive and reliable risk zone for municipal intervention.
This process directly explains the dramatic improvement
in the Brier score (Table 2) and reliability curve (Figure 4),
as it moves “unconfident” isolated probabilities toward a
more accurate regional mean.

(iii) Graph adjacency (kNN): We evaluated the impact
of the neighborhood size k € {3, 5, 8, 12}. Our results
indicate that k = 5 provides a robust balance between
capturing local spatial dependence and preventing
“information bleed” from geographically distant traps. The
model performance metrics were found to be stable for
k between 3 and 8, suggesting that the framework is not
overly sensitive to the exact graph construction method,
provided basic spatial adjacency is maintained.

6.7. Takeaways

Table 6 shows that most trapweeks exhibit low winter
temperatures and moderate humidity with no WNV
detection, except for trap T1009, where a positive WNV
case appears despite relatively cold conditions.

Four takeaways emerge:

(i) Spatially-aware smoothing improves probability
quality: Despite similar AUROC/AUPRC to LogitEN,
GB + Graph exhibits a dramatically lower Brier score
(Table 2) and a reliability curve closer to the diagonal
(Figure 4), yielding probabilities that are more
actionable for thresholded decisions under resource
constraints.

Table 5. Classification report for GB+Graph on the test set

(if) Robustness to spatial parameters: Sensitivity analysis
confirms that the improvements in calibration are
consistent across a range of smoothing parameters
(a) and graph structures (k), identifying spatial
regularization as a reliable enhancement for
imbalanced surveillance data.

(iii) Seasonal and thermal drivers dominate, as expected
in WNV ecology and embedded in the generator:
lagged mean temperatures and seasonal harmonics
rank highest (Table 4). Precipitation lags contribute a
consistent (if smaller) signal, reflecting dryness eftects
on vector dynamics.

(iv) Sensitivity-oriented operating points are feasible:
The Fl-tuned thresholdcaptures a large fraction of
positives (recall = 0.697) at the cost of lower precision,
matchingoperational realities where missing high-risk
weeks is more costly than investigating false alarms.

This analysis has several limitations. Results are from
a synthetic generator designed to emulate a plausible
spatio-seasonal structure. Real-world performance will
depend on trap coverage, measurement quality, covariate
completeness, and unmodeled drivers. The full repeat of
this study with Chicago WNV pools plus Meteostat weather
will further stress-test generalization and calibration.

7. Sustainability implications

As a premise,mosquito-borne risk is not merely an
entomological phenomenon; it is a system-level outcome
of how cities manage heat, water, vegetation, and waste.
The results in Section 6—where recent heat load, relative
dryness, and seasonality dominate risk and graph-aware
smoothing yields well-calibrated probabilities—imply that

Class/Avg Precision Recall F1 Support
0 0.953 0.672 0.788 1108

1 0.190 0.697 0.298 122
accuracy 0.675 0.675 0.675 0.675
macro avg 0.571 0.685 0.543 1230
weighted avg 0.877 0.675 0.740 1230
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Table 6.Trap-week panel (first 10 rows; selected columns)

trap_id week_start lat lon tavg_mean tavg_max prcp_sum rh_mean rh_min wnv
T1000 2017-01-16 41.84 -87.78 0.06 2.84 1.81 47.73 30.87 0
T1001 2017-01-16 41.89 -87.53 2.90 7.34 0.22 39.80 30.00 0
T1002 2017-01-16 41.82 -87.61 3.98 8.06 3.32 47.53 33.96 0
T1003 2017-01-16 41.79 -87.76 3.51 7.63 4.47 42.59 30.00 0
T1004 2017-01-16 41.94 -87.62 2.34 6.68 3.71 48.06 30.45 0
T1005 2017-01-16 41.91 -87.73 2.65 10.89 2.79 40.42 30.00 0
T1006 2017-01-16 4191 -87.58 1.02 4.03 391 46.36 35.05 0
T1007 2017-01-16 41.90 -87.74 1.03 5.17 3.40 46.19 30.00 0
T1008 2017-01-16 41.79 -87.65 1.36 5.72 5.59 52.06 39.80 0
T1009 2017-01-16 41.85 -87.51 -0.28 2.65 6.06 4293 30.00 1

environmental design can shift the probability landscape
that our model learns. Below, we translate model outputs
into actionable levers for urban sustainability and
vectorcontrol.

7.1. From probability to practice: A decision
grammar

Because the GB + Graph model is comparatively well
calibrated (low Brier; Figure 4), predicted probabilities
pit can be mapped to graded interventions rather than a
single hard threshold. Let 7, <7, <7, be operating cutoffs
chosen on validation (see also Section 5). We recommend
a tiered playbook (Table 7) that prioritizesresource-
stressed neighborhoods where environmental hazards and
socioeconomic vulnerabilityintersect.

Because ,, is probabilistic, agencies can also deploy
top-K allocations (e.g., “treat the K traps with the largest
D each week”), which optimizes field effort under fixed
budgets.

7.2. Addressing confounding and bias

A primary limitation of surveillance-driven models is
spatial sampling bias: traps are often denser in historically
high-risk or higher-income areas. Our use of graph-
Laplacian smoothing helps mitigate this by enforcing
spatial coherence, ensuring that a “Critical” signal in
one block elevates the concern for adjacent underserved
blocks, even if they lack a physical trap. Furthermore, to
address socioeconomic disparities, we recommend that
sustainability co-actions (e.g., greening and cooling) be
prioritized in census tracts where high p, coincides with
high social vulnerability index (SVI) scores, preventing the
systematic neglect of infrastructure-poor areas.

7.3. Design levers that change the odds

Our feature importance patterns (Table 4) suggest three
high-yield levers whose benefits extend beyond vector
control:

(i) Heat mitigation: Cool microclimates reduce thermal
acceleration of the Culex-WNV cycle. Relevant

Volume 3 Issue 2 (2026)

15

doi: 10.36922/EER025440076


https://doi.org/10.36922/EER025440076 

Explora: Environment
and Resource

A ML framework for virus early warning

Table 7. Risk bands with associated operational and sustainability actions

Risk tier Agency lead Operational action Sustainability co-action (practical implementation)
. . Source reduction: Public Works teams clear alley debris,
. . Enhanced surveillance & community . . . .
Caution Public health outreach and public outreach campaigns encourage residential
gutter cleaning.
Water stewardship:Inspect municipal catch basins and
Heightened Vector control Larviciding &trap densification deploy temporary “pocket cooling” (shade sails) in
localized hotspots
Infrastructure response: Conduct emergency desilting
. . . L . of bioswales and other drainage structures;high-
Critical Multi-agencytask force Scheduled adulticide application windows . . .
frequency street watering to reduce microclimate heat
load.
interventions include reflective or permeable we suggest a weekly municipal cycle:

pavements, high-albedo roofs, shade trees and

vines,and cool corridors near historically hot blocks.

These measures also provideco-benefits, including

reduced heat stress, improved air quality, and energy

savings.

Drainage and water stewardship: In our generator,

dryness following wet periods is associated with

elevated risk; managed drainage can shorten the
lifespan of shallow, sun-warmed pools ideal for larvae.

Interventions: bioswales, rain gardens with engineered

soils, green alleys, downspout disconnections with

safe dispersion, and maintenance of catch basins

(de-silting). Co-benefits include flood mitigation and

water quality improvements.

(iii) Vegetation structure: Vegetation affects shade,
humidity, and water retention. Interventions: plant
palettes and soil media that avoid persistent small
water pockets; scheduled trimming to improve airflow
where traps repeatedly flag high risk. Co-benefits

(ii)

include biodiversity support and urban aesthetics.

7.4. Practical implementation workflow

To bridge the gap between model output and field response,

(i) Monday: Automated data ingestion and model
inference. The system generates a ranked list of traps
by probability ,, .

Tuesday: Decision-makers apply thresholds or top-K

selection (e.g., treating only the 50 highest-risk blocks)

based on the week’s available budget.

(iii) Wednesday-Friday: Concurrent deployment. While
Vector Control applies larvicide, Public Works crews
are dispatched to “Critical” hotspots to remediate
immediate structural drivers (e.g., clearing stagnant
water in neglected drainage).

(ii)

7.5. Targeting with spatial coherence

The Laplacian smoothing step exploits
neighborhoodstructure: if several adjacent traps rise
in risk simultaneously, the smoothed probabilities will
reflecta coherent hotspot rather than isolated spikes. This
supports microdistrict campaigns thatbundle actions over
contiguous blocks, effectively counteracting the “blind
spots” created byheterogeneous trap coverage.

7.6. Cost, equity, and accountability

Deployments must align with budgets and fairness:
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(i) Cost-effectiveness: Use top-K targeting to maximize

expected positives intercepted perstaft-hour.

Equity audits: Audit weekly coverage across

neighborhoods; ensure that high-risk buthistorically

underserved blocks—where neglected drainage or
abandoned properties might amplify risk—are not
systematically missed due to sampling bias.

(iii) Transparency: Calibrated forecasts (low Brier) enable
honest communication of uncertainty,particularly
when discussing risk in neighborhoods where
surveillance data is sparse.

(ii)

7.7. Ethical deployment and equity

The transition from model output to field action involves
significant ethical responsibility.

(i) Avoiding stigmatization: Risk maps should be used for
resource allocation (e.g., basin maintenance) rather
than for penalizing specific neighborhoods. Care must
be taken to communicate risk without stigmatizing
high-risk tracts.

Algorithmic fairness: Because WNYV risk often
correlates with areas of historical disinvestment,
there is a risk that models might reinforce existing
disparities if they only prioritize high-resource
surveillance areas. Our use of spatial smoothing and
the recommendation to audit model performance
against the SVI are intentional steps to ensure that
high-risk, underserved blocks are not systematically
overlooked.

(ii)

7.8. Risks of misclassification and operational
constraints

The primary risk in probabilistic operationalization is the
trade-off between false negatives (missed outbreaks) and
false positives (wasted resources).

(i) False Negatives: A missed signal in a “Caution” zone
may lead to a localized outbreak. We mitigate this by
using Laplacian smoothing, which ensures that even if
one trap misses a signal, the risk in neighboring traps
elevates the regional signal.

Resource Constraints: In high-risk weeks, the model
may flag more “Critical” blocks than an agency has the
capacity to treat. In such cases, the top-K approach
ensures the highest-risk areas are prioritized, while
lower-tier areas receive less labor-intensive “Source
Reduction” outreach via digital channels.

(ii)

7.9. Toward climate-ready surveillance

The most strategic sustainability investments are those that
bend the risk curve before vector seasons begin. Because
our pipeline is Python-native and reproducible, cities can

run preseason counterfactuals: “What fraction of trap
weeks would fall below T, if (i) catch basins were cleared
by week w,, (ii) cool pavement were extended on m blocks,
(iii) two rain gardens were added per hotspot?” In this way,
planning becomes an integral part of early warning: using
calibrated risk as a common metric to weigh trade-offs
among cooling, drainage, and vector-control portfolios.

Opverall,calibrated and spatially coherent risk estimates
may enable agencies to move from reactive spraying
towardmore  anticipatory = management—prioritizing
where and when to intervene—and selecting a mix of
sustainability and vector-control actions that address both
the biological risk and theunderlying urban disparities.

7.10. Framework portability and generalizability

While our empirical results utilize synthetic panels
emulating Chicagos urban morphology, the pipeline
is architected for global portability across varying data
environments and vector-borne diseases (e.g., Dengue or
Zika). We distinguish between the broadly transferable
logic and the context-specific parameters:
(i) Portable components:The Python-native modularity,
graph-Laplacian smoothing algorithm, and the
multitask evaluation protocol (AUROC vs. Brier) are
universal. Any municipality with a Socrata-backed
data portal and access to the Meteostat API can deploy
the base pipeline with minimal code modification.

Context-specific adaptations: Local calibration is

required for the temporal lags and decision thresholds

(7). For example, cities in tropical climates may observe

shorter extrinsic incubation periods, necessitating

1-week lags rather than the 2-3-week lags identified
for temperate Culex populations.

(iii) Ecological =~ generalizability: =~ The  “drought-
amplification” and “heat-loading” feature profiles
are robust ecological drivers; however, researchers
adapting the framework to different regions should
evaluate whether additional covariates—such as
the normalized difference vegetation index (NDVTI)
or localized hydrological flow models—should be
stacked into the feature vector xi,t.

(ii)

7.11. Limitationsandethics

Trap coverage varies across space and years; reporting and
testing practices can change. Weather interpolation may
misrepresent microclimates. We avoid causal claims and
emphasize predictive use; data are public and de-identified,
used under provider terms.

7.12. Confounding and non-intuitive effects

Meteorological drivers are strong predictors, but
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their effects are potentially confounded by municipal
interventions. For instance, a high temperature forecast
might trigger proactive larvicide application by city
agencies, which would suppress the observed positivity
rate despite the weather being ecologically favorable for
transmission. This “intervention bias” may explain why
the importance of current-week precipitation is lower
than historical lags. Additionally, urban microclimates—
such as the urban heat island effect—can lead to localized
variations in the extrinsic incubation period that are not
fully captured by the regional weather stations used in
this study, suggesting a need for more granular sensor
integration in future iterations.

8. Discussion
Our results highlight the following themes:

(i) Calibration as the operational currency: Under
rare positives, thresholds based solely on rank
(ROC) can be misleading for action. The proposed
Laplacian smoothing substantially improves Brier/
reliability while leaving discrimination roughly
unchanged, yielding probabilities that better support
graded playbooks, expected-utility accounting,
and transparent communication of uncertainty to
residents and stakeholders.**

Ecological plausibility and levers: Feature profiles

prioritize antecedent heat and relative dryness,

consistent with known mosquito ecology and prior

WNV modeling.® This alignment increases user

trust and clarifies policy levers in urban design:

microclimate cooling, rapid drainage of shallow
warm pools, and vegetation management.”'® Because
probabilities are calibrated, agencies can set tiered
triggers and top-K allocations that balance sensitivity

(missing risk) against crew-hours and chemical use.

(iii) Spatial coherence vs.local spikes: Smoothing amplifies
coherent hotspots and dampens isolated spikes—
useful for prioritization and for bundling actions over
contiguous blocks—but risks masking acute hyper-
local sources (construction debris, yard containers).
We therefore recommend dual-view dashboards (raw
and smoothed), learned adjacencies that incorporate
hydrological or mobility pathways, and guardrail rules
that escalate when either signal breaches a critical
threshold.

(iv) Generalization and reproducibility: A strength of
the framework is code parity between synthetic and
real-data paths. This enables external reproduction on
Chicago (and other cities with compatible endpoints)
once credentials are supplied, addressing recurrent
EWS concerns about transparency and auditability.*
Still, performance will vary with trap coverage,

(ii)

testing practices, microclimates, and unmeasured

environmental factors; the real-data replication is

therefore a central next step.
(iv) Equity and accountability: Because arboviral risk
and public services are not spatially uniform, we
encourage fairness constraints during targeting (e.g.,
minimum coverage per ward above a probability
band) and weekly reporting of coverage, false-alarm
burden, and lift over random allocation. Calibrated
probabilities make such accountability measures
natural and legible.
Operationalizing the EWS: We have detailed the
practical hand-ofts between departments. The strength
of our framework lies in its multi-sectoral utility; while
a Health Department uses the predicted probabilities
for vector-control planning, the Department of
Transportation or Planning uses the same values to
justify “Green Alley” initiatives. This aligns WNV
mitigation with broader climate resilience goals,
making the EWS a core component of “Smart City”
infrastructure.

)

These findings should nevertheless be interpreted in
light of several important limitations. Among them are:

(i) Synthetic results: Current findings are reported on a

synthetic, offline panel that emulates spatio-seasonal

structure; real-world generalization can differ with
surveillance practice and local ecology.

Measurement and coverage: Real trap networks are

uneven over space and time; pool testing protocols,

detection limits, and reporting cadences evolve.

(iii) Weather representation: Station- or reanalysis-based
weather can miss microclimates; our humidity proxy
and precipitation aggregation may smooth relevant
extremes.

(iv) Confounding and causality: We offer predictive—
not causal—inference; model coefficients and
importances should not be interpreted as causal effects
of sustainability interventions.

(iv) Spatial smoothing side-effects: Laplacian post-
processing can oversmooth true local spikes if
adjacency is mis-specified or traps are sparse.

(ii)

In this paper, we presented a reproducible, API-
driven framework for WNV early warningthat bridges
the gap between ML and urban sustainability planning.
By integratinggraph-Laplacian smoothing with GBDT,
we achieved high-fidelity risk estimates thatprioritize
probabilistic calibration—the metric most critical for
graded municipal responses.Our results on a synthetic
panel demonstrate that eco-climatic signals and spatial
coherencecan successfully delineate WNV risk, even under
the severe class imbalance typical of urbansurveillance.
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9, Conclusion

We presented a fully reproducible, Python-native
framework for trap-week risk forecasting that couples
lagged meteorological drivers with graph-aware spatial
smoothing. On a synthetic panel calibrated to Chicago-like
seasonality and geography, GBDT with Laplacian post-
smoothing delivered (i) ROC performance on par with
elastic net and (ii) markedly better probabilistic calibration
(lower Brier and improved reliability). Feature importance
profiles emphasize antecedent heat and relative dryness,
aligning with ecological prior knowledge. The pipeline
is operationally practical for early-warning triage under
resource constraints and maps directly onto sustainability
levers (urban cooling, drainage, and habitat management).

The future work and deployment roadmapproposed
here builds on the present studyThree stepsappear
particularly important for real-world validation of the
system:

(i) Pilot validation:We aim to partner with the Chicago

Department of Public Healthor similar municipal

agencies to run the system in “shadow mode” during a

mosquito season.This will allow for the evaluation of

model performance against real-time, non-synthetic
trapdata and the assessment of the provided wnv_
real_only.py script’s operational utility.

Institutional  partnerships:Successful ~ deployment

requires inter-departmental cooperation.We propose

a pilot framework where the model’s calibrated risk

bands serve as a shareddecision-support tool between

Public Health (for vector control) and Public Works

(forsustainability-focused infrastructure maintenance,

such as bioswale desilting).

(iii) Surveillance augmentation:Future research will
explore the integration of non-traditional data
streams, such as high-resolution satellite-derived
vegetation indices (NDVI) and neighborhood-level
SVIscores, to further refine the “equity-first” targeting
of interventions.

(ii)

Opverall, the proposed framework serves as a template
for “climate-ready” surveillance that links urban planning
and public health through a transparent, data-driven EWS.

To support reproducibility,the exact real-data code path
is included in the codebase and is intended to preserve
methodological consistency between the synthetic
and real-data workflowsonce a Socrata App Token is
available,without requiring disclosure of credentials
duringmanuscript submission.
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