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Abstract

Chikungunya fever (CHIKF), caused by the chikungunya virus (CHIKV), is a
widespread Aedes-borne disease whose range is expanding under climate change.
Reliable risk prediction from presence-only surveillance data is essential for
vector control but faces two obstacles: underreporting makes reported absence
an unreliable label, and standard models treat neighboring grid cells as spa-
tially independent. We propose ASR-XGBoost (Adaptive Spatial Regularization
XGBoost), whose centerpiece embeds spatial dependence directly into the train-
ing objective: a gated penalty integrates 8-neighborhood mean soft labels with
block-adaptive strength, constraining the predicted probability surface rather
than adding sample coordinates. Ecologically stratified pseudo-absence sampling
reduces label bias, while an anomaly-correction step (ASRAC) that extends ASR
repairs spatially inconsistent cells. On a global CHIKF dataset, ASR-XGBoost
achieves competitive discrimination (test AUC = 0.9334) with the best spa-
tial generalization and calibration (AUC(CV) = 0.9187, Brier(CV) = 0.1234);
ASRAC further improves spatial continuity (Moran’s I = 0.8200) while preserv-
ing predictive performance. These components reduce label bias and keep spatial
dependence explicit; they are also applicable to other Aedes-borne diseases,



supporting reliable risk prediction in data-sparse regions for forward-looking
surveillance planning.

Keywords: CHIKF, ASR-XGBoost, Spatial regularization, Ensemble learning, Risk
distribution prediction

1 Introduction

Chikungunya fever (CHIKF), transmitted primarily by Aedes aegypti and Aedes
albopictus Cortes et al. (2023); Burt et al. (2017), imposes a substantial and growing
global health burden, with an estimated 35 million annual infections across over 104
countries Ribeiro dos Santos et al. (2025); Cortes-Azuero et al. (2026). Historically
confined to tropical Africa and Asia, the causative chikungunya virus (CHIKV) has
repeatedly demonstrated its capacity for explosive emergence. Although acute infec-
tion is rarely fatal, a substantial proportion of patients develop chronic arthralgia
that can persist for months to years, making CHIKF a source of long-term mor-
bidity rather than merely a transient febrile illness Weaver and Lecuit (2015). The
two vectors also differ ecologically in ways that shape the spatial risk distribution:
Ae. aegypti is a highly anthropophilic, container-breeding mosquito concentrated in
urban and peri-urban settings, whereas Ae. albopictus tolerates cooler climates and
has established self-sustaining populations in temperate regions, extending the poten-
tial transmission zone beyond the tropics and subtropics Weaver and Lecuit (2015);
Kraemer et al. (2019). Ongoing climate warming expands the latitudinal and altitudi-
nal suitable habitats of Aedes vectors Kraemer et al. (2019); Lim et al. (2025), while
intensified human mobility accelerates cross-border virus importation, raising the fre-
quency of local outbreaks Ribeiro dos Santos et al. (2025); Farooq et al. (2025). As
the suitable zone shifts and expands into regions with no prior transmission history,
anticipating where transmission risk is highest can help inform resource allocation,
vector surveillance, and epidemic early warning.

Global risk prediction is not simply regional modeling scaled up. Regional stud-
ies, such as reconstructions of chikungunya circulation in the Philippines Salje et al.
(2016) and in Burkina Faso and Gabon Lim et al. (2023), mathematical modeling of
chikungunya in Brazil Cortes-Azuero et al. (2026), and short-term disease forecasting
for Brazilian cities Lober et al. (2024), work within a bounded domain where environ-
mental relationships can be treated as approximately stationary, background points
can be sampled under a controlled design, and random validation splits draw test
samples from the same climatic and epidemiological regime as the training data. A
global model faces a different problem. Occurrence records are too sparse once spread
across the whole globe to support the time-series models used for regional prediction,
so records from every year are pooled into a single static map Nsoesie et al. (2016);
Messina et al. (2019), and the target becomes the spatial distribution of risk rather
than the number of cases expected over a future period.



Working at global scale also constrains what data can be used. Presence-absence
sampling would require systematic testing across the entire globe, which no surveil-
lance program provides, so only reported occurrences are available. A missing record
therefore reflects the absence of detection at least as much as the absence of transmis-
sion, and most arbovirus distribution modeling works in exactly this setting, relying
on presence-only occurrence records aggregated from multi-source surveillance sys-
tems Lim et al. (2025); Messina et al. (2019); Yang et al. (2025), which brings two
inherent data limitations from a spatial statistical perspective. First, uneven medical
diagnostic capacity worldwide leads to severe underreporting: a large proportion of
asymptomatic or mild infections fail to be documented; consequently, random pseudo-
absence sampling strategies become unreliable, because the absence of reported cases
does not imply absence of transmission Meyer et al. (2025); Salje et al. (2016); Lim
et al. (2023). Second, geographic data almost universally exhibits spatial autocorrela-
tion consistent with Tobler’s first law of geography: adjacent land parcels share similar
climate, vector habitat, and human activity conditions, meaning neighboring grid cells
should have correlated transmission risk Tobler (1970).

However, shared environmental drivers explain only part of this spatial correlation
in infectious diseases. Following introduction into a receptive region, transmission
can generate local dependence as secondary cases cluster around primary cases and
outbreaks expand from discrete foci, so neighboring locations may be coupled by
transmission as well as by shared covariates; this combination of local expansion and
repeated introduction is evident in the modern epidemiology of chikungunya Weaver
and Lecuit (2015). Spatial statistics supplies tools for representing such dependence,
and they have been applied directly to infectious disease data, for example in spatio-
temporal models with conditional autoregressive priors used to track COVID-19 cases
and deaths jointly across English local authorities Sahu and Bohning (2022), within
a Bayesian disease mapping tradition whose scope continues to grow MacNab (2022).
More broadly, mature disciplines treat spatial structure as an explicit part of the
model, through covariance functions in model-based geostatistics Local Burden of
Disease Child Growth Failure Collaborators (2020), spatial weight matrices in spatial
econometrics Knappe et al. (2026), or quantified uncertainty in digital mapping Poggio
et al. (2021); Meyer and Pebesma (2022). Although spatially structured covariates can
allow a conventional machine-learning model to recover some geographic pattern, its
usual pointwise loss does not explicitly represent dependence between observations,
which motivates the spatially explicit objective developed in this study.

To realize this spatially explicit approach, we need a learner whose training objec-
tive can accommodate an extra spatial penalty. XGBoost Chen and Guestrin (2016)
is the natural choice, because it supports user-defined objectives and is among the
strongest learners for presence-only data of the type considered here, and it therefore
serves as the modeling backbone of this study. Although deep tabular models Borisov
et al. (2024); Somvanshi et al. (2026) have shown competitive accuracy on large-
scale nonlinear benchmarks, tree-based methods generally match or exceed them on
moderate-size presence-only datasets Grinsztajn et al. (2022). Tree ensembles have
been widely used for global arbovirus risk mapping, yielding global risk layers for
dengue Messina et al. (2019), chikungunya Nsoesie et al. (2016); Yang et al. (2025), and



the broader Aedes-borne disease complex Lim et al. (2025); Leta et al. (2018). Several
spatial extensions have been proposed to overcome grid-wise independence. Geograph-
ically weighted XGBoost Grekousis (2025); Gao et al. (2026) fits local models but
requires enough local samples and is sensitive to the chosen bandwidth; Gaussian pro-
cess boosting Sigrist (2022) adds a spatial random effect but uses sample coordinates as
inputs, constraining extrapolation beyond the sampled envelope; and coordinate proxy
features can cause over-reliance on location and misleadingly favorable validation Mila
et al. (2024). Standard non-spatial validation further overestimates predictive power
when spatial autocorrelation is ignored Ploton et al. (2020). None of these strate-
gies repairs the label bias of presence-only surveillance data, and a spatial regularizer
acting directly on the predicted probability surface avoids both limitations.

To respond to these two limitations, the proposed framework integrates three com-
ponents. (i) To repair the label bias of presence-only records, an ecologically stratified
pseudo-absence pool samples only from locations with no reported CHIKF, combining
three complementary sources—regions endemic for yellow fever or Zika, areas of neg-
ligible vector suitability, and populated suitable regions without reported cases—with
farthest-point spatial dispersion, so that each 30-ensemble sub-model trains on infor-
mative, balanced negatives rather than on random background samples (Section 2.2).
(ii) As the core of the framework, ASR-XGBoost embeds spatial dependence directly
into the training objective. It integrates pixel-wise 8-neighborhood mean soft labels,
computed from an initial ensemble prediction surface, into the XGBoost objective
through a gated spatial penalty whose weight is largest where predictions are most
uncertain (p =~ 0.5) and negligible for confident predictions; the regularization strength
is selected per administrative block within the theoretically supported range, adapt-
ing to regional spatial heterogeneity rather than applying a fixed global smoothness
(Section 2.3). Because the spatial constraint acts on the predicted probability surface
rather than on sample coordinates, it avoids coordinate leakage and remains applica-
ble beyond the historical occurrence envelope. (iii) Finally, because even a well-trained
classifier can leave isolated, spatially inconsistent cells in the final map, ASRAC, an
anomaly-correction post-processing step built on ASR, replaces such cells with spa-
tially aware ASR predictions, improving map coherence while preserving ecological
prediction fidelity (Section 3.5).

To assess the framework, we employ a comprehensive set of metrics, including stan-
dard predictive metrics (area under the ROC curve (AUC), Brier score, Recall), spatial
block cross-validation (CV), and dedicated spatial smoothness indicators (Moran’s
I, continuous edge density, isolated-cell ratio). Spatial block CV partitions the globe
into 5° x 5° blocks and refits the model with the test blocks excluded, avoiding the
over-optimistic bias of random splits for spatially autocorrelated data Roberts et al.
(2017); Ploton et al. (2020). Multiple tree-based and deep tabular learning baselines
are included for comparative analysis, and cross-disease replication on dengue, yellow
fever, and Zika—Aedes-borne diseases sharing the same vectors—assesses transferabil-
ity beyond CHIKF, while synthetic experiments with known noise isolate the effect
of the adaptive regularization. The remainder of this paper is organized as follows:
Section 2 introduces the data and the full ASR-XGBoost methodology, Section 3



presents experimental results, Section 4 provides discussion, and Section 5 concludes
the study.

2 Materials and methods

The following subsections describe the data (Section 2.1), the negative sampling strat-
egy (Section 2.2), the ASR-XGBoost algorithm (Section 2.3), its theoretical properties
(Section 2.4), and the two-stage prediction pipeline (Section 2.5). The negative sam-
pling strategy draws pseudo-absences from yellow fever- and Zika-endemic regions,
while the ASR objective embeds spatial continuity into the training objective based
on the spatial structure of the prediction surface alone.

2.1 Data acquisition and preprocessing

Longitude and latitude data for CHIKF, yellow fever, Zika, and dengue occurrence
records from 1927 to 2024 were obtained from the Arbo risk maps public repository
published by Lim et al. (2025). Only records from 2000 onward were used. CHIKF
occurrence records were supplemented with additional cases collated by Yang et al.
(2025). Pixel-level spatial thinning was applied to retain one record per grid cell.

Nineteen bioclimatic variables (1970-2000 averages) were obtained from World-
Clim (https://www.worldclim.org/). Long-term (1970-2000) climatological averages
are used to characterize the stable climatic niche of the vectors rather than contem-
poraneous conditions, following standard practice in species distribution modeling.
Mosquito suitability data were obtained from Kraemer et al. (2015), provided as
GeoTIFF at 2.5 arcminute resolution.

Global population data for 2020 were obtained from WorldPop (https://hub.worl
dpop.org/). Healthcare accessibility, measured as motorized travel time to healthcare
facilities (2020), was sourced from the Malaria Atlas Project (https://malariaatlas
.org/). Nighttime lights data for 2020, serving as a proxy for economic development
and infrastructure level, were obtained from the harmonized DMSP-VIIRS dataset Li
et al. (2020). All datasets were provided at 1x1 km resolution.

All raster datasets were reprojected and resampled to match the 2.5 arcminute
resolution of the first bioclimatic variable (Biol) using bilinear interpolation.

For dengue, chikungunya, Zika, and yellow fever, Lim et al. assembled 58,361 occur-
rence records spanning 1927 to March 2024 from the HealthMap event platform and
cross-referenced them against the peer-reviewed literature and epidemiological bul-
letins, incorporating additional records only where subnational-scale information was
available. Spatial duplicates were removed by collapsing presence records over time,
so that repeated reports of the same outbreak would not skew the geographical rep-
resentation, and the resulting records were shared with the WHO Technical Advisory
Group on Arbovirus for expert feedback. The compilation itself documents that detec-
tion, diagnosis, and reporting capacity vary across regions, so the observed spatial
pattern partly reflects surveillance intensity. The supplementary CHIKF records of
Yang et al. were assembled through a systematic literature search of PubMed, Web
of Science, Scopus, and Embase, complemented by WHO, PAHO, and ECDC reports
and by GenBank submissions with validated spatial metadata. The search followed
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a PROSPERO-registered protocol and the PRISMA reporting standard, with two
authors independently screening records and resolving disagreements by consensus,
and spatial and temporal standardization defined an occurrence as a unique location
on a 10 km grid, yielding 3,327 geolocated records spanning 1955 to 2023. Because
CHIKF reporting was sporadic before 2000 and accelerated with the emergence of the
Indian Ocean lineage, only records from 2000 onward were retained. Residual reporting
heterogeneity is inherent to presence-only data and is discussed in Section 4.

The covariate layers are established global products with documented provenance.
WorldClim bioclimatic surfaces are interpolated from a large network of station records
at 2.5 arcminute resolution, although station density varies across regions. The vector
suitability maps of Kraemer et al. are ensemble species distribution predictions trained
on occurrence records and constrained by expert opinion. WorldPop population counts
are dasymetric disaggregations of national censuses at approximately 1 km resolution,
so their accuracy reflects the quality and timeliness of the underlying censuses. The
Malaria Atlas Project travel-time layer is computed as least-cost motorized travel time
to healthcare facilities over a global friction surface. The harmonized DMSP-VIIRS
nighttime lights product calibrates two satellite sensors into a consistent time series,
although the signal saturates in bright urban cores and is absent in unlit rural areas.

2.2 Negative sample generation and data partitioning

To address underreporting caused by regional differences in medical capacity, we
designed an ecologically stratified pseudo-absence sampling strategy. Pseudo-absence
selection strategies have been systematically evaluated in the species distribution
modeling (SDM) literature Barbet-Massin et al. (2012); Renner et al. (2015) and
have recently been extended to account for sampling biases in zoonotic disease
contexts Simoncini et al. (2025). Our stratified approach incorporates cross-disease
occurrence information into the pseudo-absence selection process. Negative samples
were drawn from three ecologically distinct sources, all restricted to populated loca-
tions without reported CHIKF cases: (i) yellow fever (YF)/Zika virus (ZIKV)-endemic
regions Lim et al. (2025), drawing inspiration from the target-group background sam-
pling framework Phillips et al. (2009), which uses occurrence records of related taxa
as background points; here, records of co-circulating Aedes-borne diseases with dis-
tinct clinical profiles serve as reliable pseudo-absence labels; yellow fever presents
clinically distinct symptoms (jaundice, hemorrhagic features), and ZIKV can be reli-
ably distinguished from Chikungunya virus (CHIKV) by serological and molecular
assays Cardona-Trujillo et al. (2022), so the presence of these diseases signals estab-
lished arbovirus surveillance capacity; co-circulating CHIKV would likely be detected
if present; (ii) mosquito suitability < 0.1, populated (30% target); and (iii) mosquito
suitability > 0.1, no reported cases, where human population exists but no cases
have been reported. The remaining quota after allocating (ii) was filled from (iii). A
threshold of 0.1 was chosen as a conservative criterion for defining negligible mosquito
suitability; a stricter threshold would restrict the available candidate pool. The final
pool comprised 31.1% YF/ZIKV-endemic, 30.0% mosquito suitability < 0.1, and
38.9% mosquito suitability > 0.1 with no reported cases (Table 1). All samples were
restricted to populated areas.



Table 1 Pseudo-absence sample proportions

Source Count Proportion

YF/ZIKV-endemic 4,559 31.1%
Mosquito suitability < 0.1 4,391 30.0%
Mosquito suitability > 0.1 5,689 38.9%

Total 14,639 100%

To ensure that negative samples from disease-free suitable areas are spatially dis-
persed and well-separated from CHIKF occurrence records, farthest point sampling
(FPS) Eldar et al. (1997) was applied to this category. FPS iteratively selects the candi-
date grid cell whose distance to the nearest already-selected point is maximal, ensuring
maximum spatial dispersion from the existing set of CHIKF presence locations and
already-chosen negative samples:

X¢41 = arg max min |[x — b,

where Cy, is the candidate pool of disease-free suitable areas, B, contains the t samples
already selected, and b € B, is an individual selected point. The FPS criterion reduces
to maximizing spatial dispersion among the remaining background candidates only,
with a minimum spacing of 5 km enforced between selected points.

The candidate pool for FPS (Cps) therefore consists of grid cells that satisfy all
of the following: (i) mosquito suitability > 0.1; (ii) population ; 0; (iii) no reported
cases of CHIKF, YF, ZIKV, or dengue; and (iv) distance > 30 km from every CHIKF
occurrence record, a conservative buffer that prevents pseudo-absences from being
drawn too close to reported cases, where pseudo-absence labels would be least reliable.
The full dataset was divided into training (70%), validation (20%), and test (10%)
sets using a double-stratification approach to ensure consistent proportions of positive
and negative samples in each fold.

This stratification separates negative samples by data reliability, reducing the risk
that unreliable pseudo-absence labels dominate the training signal. Random back-
ground sampling from presence-only data tends to mix easy negatives with hard
negatives, where pseudo-absence labels are less certain. Down-weighting samples from
the less reliable stratum reduces the impact of potentially noisy pseudo-absence labels
on the decision boundary. The 1:1 positive-to-negative ratio per bootstrap round main-
tains class balance and ensures that the limited number of positive occurrence records
receive sufficient attention during training, preventing the model from being over-
whelmed by negative samples. Rather than drawing a fixed multiple of negatives per
round, we paired each round of bootstrap with an equal number of negatives (npos)
drawn proportionally from the three strata. Stratified proportional sampling ensures
that hard negatives are well-represented in each round, and the 30-ensemble provides
broad coverage of the negative pool through resampling with replacement.

One negative stratum is defined by a mosquito suitability threshold, which raises
the question of whether the model reproduces this threshold rather than learning
genuine risk signals. We address this question empirically in the Results, where the
model is re-evaluated on test subsets that exclude low-suitability cells (Table 5).



2.3 Adaptive spatial regularization XGBoost

ASR-XGBoost integrates spatial continuity into XGBoost training through a regu-
larization objective. Throughout this paper, Adaptive Spatial Regularization (ASR)
denotes the adaptive variant in which the regularization weight A is selected per
spatial block (Eq. (4)); the fixed-strength variant is denoted Spatial Regularization
(SR). ASR-XGBoost denotes this regularized model, and the anomaly-correction step
described in Section 3.5 is a post-processing extension of ASR. ASR regularizes the
final model toward a fixed, spatially aggregated teacher surface derived from the initial
ensemble; it encourages, but does not impose, spatial continuity at inference.

The training proceeds in two stages.

Initial ensemble. The base model uses XGBoost’s default binary cross-entropy
(CE) objective:

Obj = ZZCE (yi,z)i(t*l) + ft(ﬂ%)) +Q(f1), (1)
i=1

where Obj®) is the objective at the t-th boosting iteration, n is the number of training
samples, y; € {0,1} is the observed label at location x;, gi(t‘” is the cumulative
prediction from the previous ¢ — 1 trees, fi(x;) is the output of the ¢-th tree, {cg(-, )
is the per-sample binary cross-entropy loss, and Q(f;) is the tree complexity penalty.
An ensemble of 30 XGBoost models is trained via this standard cross-entropy on
bootstrap-balanced subsets. Each base model used the following hyperparameters: tree
depth 5, learning rate 0.03, subsample ratio 0.7, column subsample ratio 0.7, minimum
child weight 5, gamma 0.1, L1 and L2 regularization both 0.1, and 1,000 trees per
model.

To capture spatial correlation of the prediction surface, for each training sample at
geographic location x;, a soft label p; is computed as the mean predicted probability
of its eight nearest neighbor grid cells (cardinal and diagonal) in the grid, using the
initial ensemble predictions:

1
Di = 3 Z p© (x;),
x; ENg (%)

where Ng(x;) denotes the 8-connected neighbors and $(°) is the initial ensemble mean
prediction. The 8-connected neighborhood spans a spatial range of approximately
7 km near the equator, comparable to the resolution of the global covariates used in
this study. At higher latitudes the east—west extent of the 8-neighborhood contracts
as longitude spacing shrinks, so the physical scale of the neighborhood is latitude-
dependent; the ~7 km figure refers to the equatorial resolution. Rather than enforcing
a fixed spatial smoothness constraint, the soft label shifts the gradient direction during
optimization, nudging the model toward spatially coherent predictions, while retaining
the flexibility to deviate from the local neighborhood when warranted by the feature
space.

Regularized training. The final ensemble is trained with a modified objective
that augments the standard cross-entropy with an adaptive spatial regularization term.
The combined objective (Obj,(f%R) replaces fcg in Eq. (1) with the ASR loss:



b = Y tasr (s 8™V + fulx),Bi) + Q). (2)
i=1

where the per-sample ASR loss is:

Casr(Yis Uis Pi) = Lor (Wi, Ui) + o) - 7(pis i),
where p; = o(§;) is the predicted probability from the binary cross-entropy loss {cg
(§; is the raw margin before the sigmoid), A is the block-specific regularization weight
that controls the strength of the spatial penalty relative to the cross-entropy, selected
from the theoretically supported range [0, 3.5], and r is the gated spatial penalty:

r(pi Bi) = 8(pi) - (pi — Pi)?, (3)
where 6(p;) = 1 — 2|p; — 0.5| is the adaptive spatial gating function. When p; is near
0 or 1 (confident), § — 0 and the regularization is weakest; when p; is near 0.5, 6 — 1
and the regularization is fully active. When the model is unsure about its judgment,
spatial regularization assists the model by pulling its prediction toward the average
predicted probability of its neighboring grid cells. Consequently, predictions where
the model is already confident (p; &~ 0 or p; ~ 1) remain nearly unchanged by the
spatial penalty, effectively preserving the correct classification decisions. Instead of a
single global constant, the regularization weight is selected per administrative block
(country or first-level province; small countries with sparse data are merged with their
nearest-neighbor larger block): for each block b, the strength A, minimizes the block’s
held-out Brier score over the theoretically supported range:

Ay = arg Ae[r({li)\rij] Briery(A), Amax = 3.9, (4)

where Brier,(A) is the Brier score of the model trained with strength A evaluated on
block b’s held-out samples. In the main experiment, )\, is selected on the training
partition (train—validation) per administrative block, and the test partition is strictly
held out and used only for final evaluation. In the spatial CV, the anchor models are
retrained on the training folds only, and A is selected per held-out 5° x 5° block on that
block’s own held-out labels. In both settings the evaluated regions never contribute to
model training; in the main experiment they also do not contribute to the selection
of A\y. Blocks with fewer than five held-out samples or a single class (blocks with only
positive samples or only negative samples) retain the unregularized CE prediction,
so the regularization is applied only where the data support it. Since every selected
strength satisfies A, € [0, 3.5], the theoretical guarantees below apply unchanged with
A replaced by the block-selected A,. The ASR spatial regularization term is thus
obtained from Egs. (2)—(3).

n

Oij%R = Z [Cce (i, 9i) + Mgy - 6(pi) - (pi — §3)?] + QU S,

=1

where b(i) denotes the spatial block containing sample 4.



2.4 Theoretical properties

We establish two theoretical properties of the ASR loss: gradient boundedness and
Hessian positivity, to ensure its compatibility with the XGBoost optimization frame-
work. These properties are engineering-feasibility guarantees for the custom objective
within XGBoost’s Newton-step machinery; we state them formally because they justify
the admissible range [0, 3.5] used throughout the experiments.

Gradient boundedness of the ASR loss

Proposition 1 (Gradient boundedness) For any sample (y;, §i,p;) with y; € {0,1}, p; =
o(9:) € [0,1], pi € [0,1], and block-selected weight Ay € [0, Amax], the per-sample gradient
of the ASR loss with respect to the raw margin y; satisfies

)\HlaX

2

‘fMASR,i <14

0Y;

Proof. At the t-th boosting iteration, the predicted probability p; and the raw margin
y; satisfy:

_ 1
Cl4e

pi = o(9i)

9 =0 + fu(x).

The binary cross-entropy loss {cg is defined as:

Coe(yi,pi) = —[yilog(p:) + (1 — y;) log(1 — p;)].
Differentiating the above definitions gives the per-sample derivatives needed for
the chain rule:

Oce _ yi l—yi _ pi—yi

api N Di l—pi _pi(lfpi)’
or }
op; = 25(pi)(pi — Di),

5
dp; . e~ Ui B 1 o - -(1_ ) ( )
d@l B (1 +e_17i>2 o 1 —|—6_@1’ 1 +€_Z)77 = Di Di),

99 1
oft

Substituting these into the gradient with respect to the margin yields the per-
sample gradient of the cross-entropy loss:

Ofce _ Ofcw dpi 00 _ PizWi \q_ oy (6)
of — Opi dy Ofr pi(l—p) o

Vicg, =

10



For the per-sample spatial penalty r, the adaptive spatial gating function ¢ from
Eq. (3) is treated as a constant during differentiation:

or or dpi 6@1 -
= af, = O : d9; : aF, = 25(pz) : (pz pz) 'pz(l pz)7 (7)

The per-sample gradients in Egs. (6) and (7) give Vlcg ; and Vr;. The gating func-
tion §(p;) depends only on p; and is treated as a local constant during differentiation.
Because d(p;) changes as the predictions change during training, it is re-computed
only at the start of each boosting round and then treated as a fixed weight while that
round’s tree is built. The block-selected weight Ay(;) is a constant determined before
training (Eq. (4)) and is likewise frozen within each round, so the surrogate objective
remains a fixed quadratic in f; with constant per-sample weights. XGBoost therefore
optimizes a surrogate objective in which § is frozen within each round. This frozen-
gating treatment ensures that the objective supplied to XGBoost remains continuous
and differentiable within each boosting iteration, so that the per-sample gradient and
Hessian analyzed in Propositions 1 and 2 are well-defined at every step. Note that ¢§
itself is not differentiable at p; = 0.5; under this convention it is assigned the value
0 = 1 there, and no derivative of § enters the update. Retaining the full derivative
of § would add a term of magnitude at most A to the gradient bound and would
require a case-by-case Hessian analysis; this is not the implemented scheme. Under
this surrogate formulation, each boosting round minimizes a fixed convex quadratic
approximation whose per-sample Hessian is positive for A < 3.5 (Proposition 2).

The full ASR objective then expands to:

VT‘Z‘

Viasr,i = (Pi — vi) F Aoy - 26(pi) (pi — pi) pi(1 — pi) - (8)
——
Vics Vi

We show that this gradient remains bounded throughout training.

Since p; € [0,1] and y; € {0,1}, we have |Vlcg| = |pi —vi| < 1.
Regularization term. The adaptive spatial gating function satisfies 0 < d(p;) < 1, with
extremes at p; = 0.5 (§ = 1) and p; = 0,1 (§ = 0). The soft-label residual satisfies
|pi — Di| < 1 because both probabilities lie in [0, 1]. The variance term p;(1 — p;) < %,
with equality at p; = 0.5. Combining these bounds:

- 1 1
|V7“l| :2(5(]%) |pi—pi|pi(1—pi) SQX 1x1x Z = 5

By the triangle inequality:

)\max

2

Ab(i
(Viasr,i| < [VEce| + Ay [Vri] <1+ l;() <1+

Since Apj) < Amax holds for every block, the bound is uniform across samples and a
constant multiple of the cross-entropy gradient bound, confirming that ASR does not
introduce gradient explosion. The modest increase in gradient magnitude is concen-
trated precisely in those uncertain samples (p; near 0.5) that benefit most from spatial
regularization. (I
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Curvature and Newton-step validity

The preceding analysis establishes that the ASR gradient remains bounded. We now
examine the second-order curvature, which governs the Newton-step update and the
tree-splitting criterion in XGBoost. At each boosting iteration, XGBoost approximates

the loss by a second-order Taylor expansion around the current prediction ggtil):

n
£0 % S [ D,0) + g fulo) + he fixo)?],
i=1

where g; = 900/09 and h; = 0*(/97)? are the per-sample gradient and Hessian of
the loss with respect to the prediction. The quadratic approximation decomposes into
n independent one-dimensional quadratics %hi t?2 4+ g; t in f;(x;). To guarantee a valid
Newton step throughout tree construction, every training sample must satisfy positive
curvature i; > 0. Even if the sum H; of second derivatives in a current leaf is positive,
any individual h; < 0 creates a critical risk: splitting this leaf can yield child nodes
with Hy, < 0 or Hg < 0, where the quadratic surrogate loses a finite minimum and
the analytical update rule collapses.

XGBoost uses a diagonal approximation of the Hessian that treats each sam-
ple’s contribution independently, giving a scalar h; per sample. We therefore examine
the per-sample Hessian of the ASR loss with respect to the raw margin ¢;, which
follows from differentiating the gradient expression (Eq. (8)). For the cross-entropy
component, hcg,; = pi(1 —p;) > 0.

By Eq. (5) and Eq. (7):

i = aay 25(p2) - (s — 52) - pi(1 — py)]
— 2% (p;) - a%m- — 5 pi(L— i) + (pi — ) - a%mu )

=25(pi) - [pi(1 = pi) - pi(L = pi) + (pi — Ps) - (1 = 2p;) - pi(1 — pi)]
=26(p:i) - pi(1 —pi) - [pi(1 = pi) + (pi — Pi) (1 — 2pi)].

The total per-sample Hessian is therefore:

hasr,i = pi(1 = pi) + Xoiy - 20(pi) - pi(1 = pi) - [pi(1 — pi) + (pi — Pi) (1 — 2p;)]
= pi(1 — pi) {1 + 2X(50 (pi) [ps (1 — ps) + (ps — Bi) (1 — 2py)] }- 9)

The cross-entropy component hcg,; = p;(1 — p;) > 0 is always non-negative. The
regularization component h,; can be positive or negative. To keep the per-sample
Hessian of the surrogate objective strictly positive, we restrict the block-selected weight
to the theoretically admissible range Ay(;y € [0, 3.5], whose upper bound Apax = 3.5 is
the largest strength for which haggr ; > 0 holds for all p; € (0,1) (Proposition 2).
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Proposition 2 (Hessian positivity) For any p;,p; € [0,1] and any block-selected regular-
ization weights Ap(;) € [0,3.5], the per-sample Hessian hasgr,i = 82€ASRJ/8@7? of the ASR
surrogate loss (with frozen gating) satisfies hagg; > 0 for all p; € (0,1).

Proof. Factor the Hessian from Eq. (9):

hasr,i = pi(1 —pi)[1 + 2X0(pi) F(pi, pi)l, F(p,p) =p(1 —p) + (p—p)(1 - 2p),

where §(p;) = 1—2|p; —0.5| is the adaptive spatial gating function from Eq. (3). Since
pi(1 —p;) > 0 for p; € (0,1), it suffices to show 1+ 2AJF > 0.

The function F is linear in p with coefficient —(1 — 2p). For each fixed p, the
minimum over p € [0, 1] is therefore attained at an endpoint:

1-p)Bp—1), p<3(=1),
Fmin = in F' 7~ = 1 =1
(p) Jnin (p.0) =1 1> p=3®<l01]),
p(2 - 3p), p>35 (p=0).
Now consider p < 1, where § = 2p and Fii, = (1 — p)(3p — 1). The product

SF =2p(1-p)(3p—1)=:g(p), pelo,i],

is a cubic polynomial. Differentiating,

4 -7
g'(p) =18 +16p—2=0 — p'=—5—,
which lies in (0, %) The minimum value
g") =2p"(1 = p")Bp" —1) = — =

The case p > 1 is symmetric (p — 1 —p, § = 2(1 —p), Fin = p(2—3p)) and yields

the identical bound. Hence 6 F > 4(102%;@ for all admissible (p, D).
Consequently,

4(10 — 7V/7) 8(7v7 — 10) 243
14+2X6F > 142X =1- A>0, A< ————— <357,
= 243 243 - 8(7V/7 —10)

and therefore hasr; = pi(1 — p;) (1 + 2X0F) > 0 for all p; € (0,1), p; € [0,1],
and A\ € [0,3.5]. The Hessian is strictly positive without case splitting or additional
constraints. ]

XGBoost’s Newton step operates on leaf-level sums rather than individual samples.
The per-leaf Hessian sum is
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Fig. 1 Construction of the global CHIKF risk distribution prediction model

Hj + )\reg = Z hASR,i + )\rega
iEIj

where Areg > 0 is XGBoost’s native regularization hyperparameter. Since every
individual per-sample Hessian is positive (hasr,; > 0), the leaf sum H; + Ay is strictly
positive at every leaf. This ensures:

1. The leaf weight w; = —G;/(H; + Areg) is always well-defined and corresponds to a
minimizer of the quadratic approximation.

2. The split gain is guaranteed non-negative in the absence of the pruning term -,
because the Cauchy—Schwarz argument (Section 2.3) holds for Hy,, Hg > 0.

3. The Newton direction remains a descent direction.

In summary, the ASR loss produces strictly positive per-sample curvature under
our parameterisation. Consequently, the standard XGBoost Newton-step machinery
applies without modification or numerical safeguards.

2.5 Global CHIKF risk distribution prediction model

The overall framework is structured into two stages, preceded by data preprocess-
ing and negative sample generation (Fig. 1). In the data preparation stage, all raster
covariates were resampled to a unified 2.5 arcminute resolution. Among the 19 World-
Clim bioclimatic variables, five (isothermality, temperature seasonality, minimum
temperature of the coldest month, temperature annual range, and annual precipita-
tion) were retained according to Gain-based variable importance from a pilot XGBoost
model to reduce overfitting risk. The remaining five covariates comprised health-
care access, population density, nighttime lights, and the habitat suitability indices
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of Aedes aegypti and Aedes albopictus. Ecologically stratified pseudo-absence sam-
ples were drawn from the three-source negative pool (Section 2.2) at a global 1:3
positive-to-negative ratio, rebalanced to 1:1 within each bootstrap round.

In Stage 1 (initial ensemble), an XGBoost ensemble of 30 models is trained using
the cross-entropy objective. For each bootstrap round, the negative pool is subsam-
pled to a 1:1 positive-to-negative balance before training each ensemble member. The
averaged predictions across the 30 models form the Baseline Risk Map, which supplies
the soft label priors for the next stage.

In Stage 2 (spatial regularized training), pixel-wise 8-neighborhood mean soft labels
p; are computed from the Baseline Risk Map using the 8-neighborhood mean of each
grid cell. An adaptive spatial gating function §(p;) = 1 —2|p; —0.5| dynamically scales
the spatial penalty r = &(p;) - (p; — P;)?, concentrating regularization on ambiguous
predictions where the model is uncertain. A new XGBoost ensemble is retrained with
the combined loss £asgr = cg + A-r, which embeds spatial continuity directly into the
training objective. The final risk prediction at each grid cell x is obtained by averaging
across all 30 ASR-trained models.

We additionally implemented three neural network baselines to benchmark against
tree-based models under identical data conditions, namely a multilayer perceptron
(MLP), a TabResNet He et al. (2016), and an FT-Transformer Gorishniy et al. (2021).
The MLP consisted of three hidden layers (64, 32, 16 neurons) with ReLU activation,
dropout (0.2) after each hidden layer except the last, weight decay 1075, and was
trained using AdamW with binary cross-entropy loss and early stopping (patience 30).
The TabResNet followed the rtdl implementation with d = 256 and three residual
blocks. The FT-Transformer used the rtdl implementation with dioken = 192, three
transformer blocks, eight attention heads, and a single output head. Both TabResNet
and FT-Transformer were trained with AdamW (learning rate 10~3, weight decay
10~°) and identical early stopping. All models applied z-score standardization to the
input features. For direct comparability with the tree-based ensemble evaluation, each
NN was trained on the same 7:2:1 data splits with 1:1 class balancing and Platt
calibration.

3 Results

3.1 Spatial smoothness metrics

To quantify the spatial smoothness of a predicted risk surface p, we use three indices.
(i) Moran’s I measures whether similar risk values cluster in space. A value near
1 means that high-risk cells tend to be surrounded by high-risk cells and low-risk cells
by low-risk cells; a value near 0 means the risk pattern is spatially random. This index
follows the spatial autocorrelation coefficient introduced by Moran Moran (1950).
The computation compares each cell with its four directly adjacent neighbors (up,
down, left, right). For any cell k, let z; = pr, — p denote how far its risk value deviates
from the global mean, so z; and z; in the sums below are the deviations of the two
cells in each neighbor pair; let w;; = 1 if cells ¢ and j are horizontally or vertically
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adjacent (and 0 for diagonal neighbors). Moran’s I is then

no D WijZiZ

I p—
L. 2 ’
Zi,j Wij i %

which is the sum of the products z;z; over all directly adjacent pairs, divided by the
total squared deviation and rescaled by the average number of neighbors per cell.

(ii) Continuous edge density (ContED) measures how abruptly the risk sur-
face changes between neighboring cells. It is the mean absolute difference between
horizontally or vertically adjacent cells,

1
ContED = 7 Z lpi — pjl,
(i,5)€E

where £ is the set of valid adjacent pairs; lower values indicate a smoother surface.
It can be viewed as the global average of the local edge magnitudes (gradient mag-
nitudes between adjacent samples) underlying edge-detection methods in landscape
ecology Fortin (1994).

(iii) Isolated-cell ratio (Iso ratio) measures surface fragmentation. It is the pro-
portion of cells whose prediction differs from the mean of their eight neighbors by
more than 0.05,

I _
Iso = - ;%ﬂpi — DNs (i) > 0.05},
1=
where par,(;) is the mean risk of the eight cells surrounding cell i (horizontally, verti-
cally, and diagonally adjacent). Isolated cells are the discrete analogue of the spurious
oscillations that total-variation denoising removes while preserving sharp signals Rudin
et al. (1992); the ratio therefore quantifies residual fragmentation of the risk surface.

3.2 ASR-XGBoost performance

Model performance was evaluated by a comprehensive comparison of all ensemble
configurations (Table 4). All models used a 30-ensemble with 1,000 trees per model
on identical 70/20/10 stratified data splits. Standard test-set discrimination and cali-
bration metrics (AUC, Brier score, Recall) are reported alongside spatial smoothness
indices (Moran’s I, continuous edge density, isolated-cell ratio). To assess spatial
generalization, we additionally report spatial block 10-fold CV metrics (AUC(CV),
Brier(CV)): following the spatial-blocking CV recommendations of Roberts et al.
(2017) and Ploton et al. (2020), under which random splits would underestimate pre-
dictive error for spatially autocorrelated data, the globe is partitioned into 5° x 5°
blocks, blocks are assigned to ten folds without splitting (block-stratified, >10 sam-
ples and both classes per block), and models are retrained per fold with the test blocks
excluded from training. The adaptive variant (ASR) in this CV selects A per held-out
5° x 5° block on that block’s own held-out labels. The outer evaluation used 5° x 5°
spatial blocks, whereas the adaptive weights for the final risk map were selected per
administrative block on the training partition only (Section 2.3).
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Fig. 2 Stability of SR-XGBoost spatial regularization across the theoretically supported range. Each
panel tracks one metric as the regularization weight A increases from 0.5 to 3.5 (red curve); the dashed
blue and green horizontal lines mark the CE baseline and the adaptive ASR reference, respectively

The ASR model preserves and slightly improves the spatial generalization of the
CE baseline (AUC(CV) 0.9187 versus 0.9158, with ASR exceeding CE in 10 of 10
folds; Table 2), indicating that locally adaptive regularization strength does not incur
an extrapolation cost. Calibration improvement is established on the strictly held-out
test set (Brier 0.0710 versus 0.0722).

Table 2 Per-fold spatial block CV metrics (5° x 5° blocks)
for CE and ASR. ASR exceeded CE on AUC in all ten folds

Fold AUC Brier
CE(CV) ASR(CV) CE(CV) ASR(CV)

1 0.9027 0.9066 0.1220 0.1142
2 0.8565 0.8605 0.2230 0.2201
3 0.9245 0.9304 0.1076 0.1021
4 0.9365 0.9404 0.1414 0.1325
5 0.9115 0.9122 0.1395 0.1361
6 0.9394 0.9449 0.1031 0.0964
7 0.9286 0.9296 0.0753 0.0728
8 0.8967 0.8971 0.1422 0.1402
9 0.9216 0.9237 0.1269 0.1241
10 0.9394 0.9413 0.1010 0.0956
Mean 0.9158 0.9187 0.1282 0.1234

Table 3 examines the stability of SR-XGBoost (the fixed-strength variant) across
the theoretically supported regularization range. As the regularization weight A
increases from 0.5 to 3.5, test-set AUC remains essentially unchanged (0.9326-0.9332)
and the Brier score is only mildly elevated at A = 3.5 (0.0768 versus 0.0718-0.0729
for A < 3.0). Spatial smoothness improves monotonically (Moran’s I from 0.8017
to 0.8373, isolated-cell ratio from 17.00% to 15.52%). Under the spatial block CV,
AUC(CV) declines modestly with stronger regularization (0.9155 at A = 0.5 to 0.9004
at A = 3.5), while Brier(CV) rises from 0.1282 to 0.1385, reflecting the expected
smoothness—fidelity trade-off under strict spatial extrapolation. Proposition 2 guaran-
tees positive per-sample curvature of the frozen-gating surrogate within the specified
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Table 3 Stability of SR-XGBoost across the theoretically supported regularization range
(A €]0,3.5]))

A AUC Brier Recall AUC(CV) Brier(CV) Moran’sI ContED Iso. ratio
0(CE) 0.9331 0.0722 0.9104 0.9158 0.1282 0.8029 0.0544 17.32%
0.5 0.9332 0.0720 0.9111 0.9155 0.1282 0.8017 0.0537 17.00%
1.0 0.9332  0.0720 0.9091 0.9149 0.1288 0.8024 0.0533 16.87%
1.5 0.9332 0.0719 0.9071 0.9141 0.1296 0.8040 0.0528 16.71%
2.0 0.9330 0.0718 0.9071 0.9115 0.1309 0.8062 0.0521 16.52%
2.5 0.9328 0.0718  0.9091 0.9067 0.1342 0.8098 0.0513 16.31%
3.0 0.9326 0.0729 0.9157 0.9034 0.1368 0.8173 0.0488 16.11%
3.5 0.9327 0.0768 0.9242 0.9004 0.1385 0.8373 0.0445 15.52%

Table 4 Comparison of baseline model configurations. MLP, TabResNet, and FT-Transformer are
neural network baselines; RF and BRT are tree-based 30-ensembles; XGBoost is the standard
cross-entropy 30-ensemble; ASR-XGBoost is the proposed model with per-block adaptive
regularization. AUC(CV) and Brier(CV) are the spatial block 10-fold CV AUC and Brier score,
respectively. All models share identical training data and feature set

Metric MLP TabResNet FT-Transformer RF BRT XGBoost ASR-XGBoost
AUC 0.8006  0.7974 0.8416 0.9041  0.9287 0.9331 0.9334
Brier 0.1438  0.1446 0.1403 0.1072  0.0801 0.0722 0.0710
Recall 0.7731  0.7675 0.7804 0.8847  0.8933 0.9104 0.9111
AUC(CV) 0.7092 0.7042 0.6969 0.8852  0.9144 0.9158 0.9187
Brier(CV)  0.1785  0.1806 0.1809 0.1424 0.1234  0.1282 0.1234

range, supporting the numerical validity of the XGBoost second-order update; pre-
dictive stability is evaluated empirically: regardless of the strength chosen locally,
predictive accuracy remains within a narrow, reliable band (Table 3), while fixed-
strength SR delivers its intended spatial smoothing with increasing A. The adaptive
ASR reference in Figure 2 matches or exceeds every fixed-strength curve on the dis-
crimination metrics (test AUC 0.9334 and Brier 0.0710 both better than the best
fixed-strength values of 0.9332 and 0.0718, and spatial block CV AUC 0.9187 and Brier
0.1234 likewise optimal), while its spatial smoothness lies between the CE baseline
and strongly regularized SR, reflecting the per-block trade-off between discrimination
and smoothing.

Table 4 compares all model configurations, including neural network baselines
(MLP, TabResNet, FT-Transformer) and tree-based models (random forest (RF),
boosted regression trees (BRT), XGBoost, ASR-XGBoost). The three neural network
baselines underperform their tree-based counterparts on predictive discrimination,
consistent with prior work reporting that tree-based models remain state-of-the-art
on tabular datasets of medium size (~10K samples) Grinsztajn et al. (2022). Among
the proposed models, SR-XGBoost with fixed strength (A=3.0) combined improved
spatial smoothing (ContED 0.0488, Iso ratio 16.11%) with competitive discrimination
(AUC 0.9326, Brier 0.0729) and Recall (0.9157). The ASR variant attains the best CV
discrimination among all models (AUC(CV) 0.9187 versus 0.9158 for XGBoost) and
the lowest CV Brier (0.1234, tied with BRT), while the ASRAC post-processing fur-
ther improves spatial coherence (Iso ratio 6.12%) at comparable discrimination (AUC
0.9331).

To confirm that this discrimination does not rely on the suitability threshold
used to define one negative stratum, we re-evaluated the model on nested subsets
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of the test set that progressively remove cells defined by low mosquito suitability
(Table 5). Removing the low-suitability negatives (488 cells) left the AUC high at
0.9238. Restricting the evaluation entirely to cells with mosquito suitability > 0.1
gave an AUC of 0.9356, and the strictest comparison, between suitable cells with
reported cases and suitable cells without reports, in which no suitability threshold can
separate the two groups, yielded an AUC of 0.9474. The CE 30-ensemble behaved sim-
ilarly across these subsets (0.9234, 0.9354 and 0.9473). Discrimination is therefore not
carried by the suitability-defined negatives. Within the suitable range the model sep-
arates case-free from case-positive cells, where the pseudo-absence labels come from
the absence of reports rather than from vector unsuitability.

Table 5 Discrimination on nested test subsets that progressively remove the low-suitability
stratum. Row 1, full test set; row 2, low-suitability negatives (suitability < 0.1) removed;
row 3, cells with suitability > 0.1 only, also excluding 19 positives below the threshold; row
4, reported versus unreported cells within the suitable range

Subset n Positive @ AUC(CE) AUC(ASR)
Full test set 2,169 542 0.9331 0.9334
Excluding low-suitability negatives 1,681 542 0.9234 0.9238
Suitability > 0.1 only 1,662 523 0.9354 0.9356
Reported vs. unreported (suitability > 0.1) 1,155 523 0.9473 0.9474

We further examine the spatial effect of the direct regularization by comparing
the ASR-XGBoost (block-wise) risk surface directly against the CE baseline. Figure 3
maps the probability difference pasr — pog across all land grid cells (land without pre-
dicted risk in medium gray, ocean in white), with deep red indicating regions where
ASR increases risk relative to CE and deep blue where it decreases risk. Near-zero dif-
ferences (JAp| < 0.003) are rendered in light gray to suppress visual noise. Red regions
(ASR > CE) are predominantly concentrated near areas with known CHIKV trans-
mission, while blue regions (ASR < CE) are concentrated in currently disease-free
areas. ASR regularization applies the strongest adjustments in uncertain regions (near
p = 0.5) where the adaptive gating function is most active: grid cells with intermediate
predictions surrounded by higher-risk neighbors are adjusted upward, while those in
lower-risk neighborhoods are adjusted downward. The adjustments are modest in mag-
nitude for most cells, with near-zero differences (JAp| < 0.003) dominating the map;
the spatial pattern shows that ASR predominantly boosts endemic fringe areas where
the CE baseline may have underestimated risk due to sparse training records. Figure 4
shows the distribution of differences centered near zero, with annotated percentiles
(P5, P50, P95) and the sample mean.

The resulting global CHIKF risk distribution under current climate is shown in
Figure 5. The risk surface produced by ASR-XGBoost (the block-wise variant) iden-
tifies spatially contiguous high-risk zones concentrated in several major regions: (i)
sub-Saharan Africa, covering Nigeria, central Democratic Republic of the Congo,
Cameroon, and coastal Ghana; (ii) northern South America, including the Amazon
Basin of Brazil, Colombia, and Venezuela; (iii) south and southeast Asia, spanning
India, Bangladesh, Thailand, southern Vietnam, Indonesia, and the Philippines; (iv)
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Fig. 3 Spatial distribution of the probability difference between ASR-XGBoost (block-wise) and
CE-XGBoost 30-ensemble. Deep red (positive) indicates regions where ASR predicts higher risk than
CE; deep blue (negative) where ASR predicts lower risk. Near-zero differences are shown in neutral

gray to reduce noise. Base map distinguishes land (gray) from ocean (white); grid lines at 60°longitude
and 30°latitude intervals
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Fig. 4 Distribution of probability differences pasr — pcr across all land grid cells. Dashed vertical
line marks zero; coloured bars follow the diverging map colour scheme. Annotations show the sample
mean, median (P50), and selected percentiles (P5, P95)
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Fig. 5 Global CHIKF risk distribution under current climate, with the regularization strength
selected within each administrative block
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Fig. 6 Regularization strength selected independently within each administrative block. Blocks are
coloured by the selected A*, blocks where no regularization was selected remain pale, and ocean is
shown in grey
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Fig. 7 Regional detail for India and neighbours, Brazil, and Malaysia and Indonesia. Rows show the
ASR risk surface, its difference from the CE baseline (pasr — pcr), and the regularization strength
selected for each administrative block

southern Mexico and Central America; and (v) northern tropical coastal areas of Aus-
tralia, among others. These regions are characterized by climatic conditions optimal
for the survival and reproduction of Aedes mosquito vectors.

Figure 6 maps the regularization strength selected independently within each
administrative block. Of the 104 blocks with sufficient training records, the selected
values span the admissible range up to 3.5 with a median of 0.50, and 34% of the
blocks select \* > 1.5, whereas the best single global value is 0.24. The selection is
spatially structured rather than uniform, with the strongest regularization in South-
east Asian blocks (median 2.50 for Indonesia) and weaker values in Brazilian blocks
(median 0.50).
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Fig. 8 Calibration curves for CE (blue baseline) and SR-XGBoost at individual regularization
strengths (red), with the adaptive ASR model shown in the final (eighth) panel; the dashed diagonal
represents perfect calibration

Figure 7 examines three representative regions in detail. The ASR surface retains
the spatial pattern of the CE baseline, the difference map shows where the regularizer
acts, and the bottom row shows the block-level \* that produced it.

3.3 Calibration analysis

To evaluate how the ASR spatial regularization affects probability calibration, we
construct calibration curves for CE and SR-XGBoost at all A values (Figure 8) using
the standard reliability-diagram construction: test predictions are sorted into 20 equal-
width probability bins, and within each bin the mean predicted probability is compared
with the observed positive frequency, with the CE baseline shown in blue and the
model curves in red. A well-calibrated model should lie along the diagonal where
predicted probabilities match observed frequencies.

Across the regularization spectrum, the calibration curves remain close to the
diagonal and to the CE baseline over the full probability range, indicating that the
ASR spatial regularization preserves probability calibration across the entire range of
regularization strengths.

3.4 Variable importance analysis

To identify the key environmental and socioeconomic drivers of CHIKF risk in
our model, we computed Gain-based variable importance from the CE 30-ensemble
(Figure 9). The ten features used in this study were drawn from an initial candi-
date pool of 24 variables (19 WorldClim bioclimatic variables plus five socioeconomic
and mosquito suitability covariates). To mitigate overfitting given the sparse CHIKF
occurrence record set, the five retained bioclimatic variables were those ranked high-
est by Gain-based importance in a pilot XGBoost model; the remaining five covariates
(medical access, population, nightlights, and the two Aedes suitability indices) were
retained directly due to their established ecological relevance.
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Fig. 9 Gain-based variable importance for the CE 30-ensemble. Blue bars represent the CE XGBoost
model and orange/red bars represent the SR-XGBoost models at A = 1.0, 3.0, illustrating how the
regularization strength rebalances feature contributions

Nighttime lights consistently emerged as the dominant predictor in both the CE
and SR-XGBoost models. The strength of nighttime lights reflects its role not only
as a proxy for infrastructure and surveillance capacity, but also as a factor that can
influence mosquito vector behavior to some extent Coetzee et al. (2023); Fiorta et al.
(2024). Therefore, the high importance of nighttime lights is reasonable. However,
areas with weak nighttime lights tend to have limited surveillance capacity, which may
lead to systematic underreporting of CHIKF cases and cause the model to over-rely on
nighttime lights as a proxy for detection bias. Across the SR models, the importance
of nighttime lights is lower at A = 3.0 than at A = 1.0 (Figure 9), suggesting that the
spatial regularization mitigates some of the bias introduced by nighttime lights.

The relatively moderate importance of the two mosquito suitability variables can be
attributed to two factors. First, the suitable ranges of Ae. aegypti and Ae. albopictus
overlap considerably across tropical and subtropical regions, so their shared predictive
signal is distributed across both variables rather than concentrated in a single feature.
Nevertheless, both vectors are competent for CHIKV transmission and their spatial
distributions are not identical: Ae. albopictus extends into cooler temperate zones, so
retaining both is epidemiologically necessary. Second, mosquito habitat suitability is
strongly mediated by temperature and precipitation, resulting in partial correlation
with the retained bioclimatic variables. Under Gain-based importance, this shared
information is distributed across related covariates rather than captured solely by
the suitability layers. From a disease transmission perspective, climate influences not
only vector population dynamics but also viral replication and extrinsic incubation
periods Caldwell et al. (2021), making the inclusion of both bioclimatic and suitability
variables ecologically necessary.

3.5 Anomaly correction post-processing

An anomaly-correction post-processing is applied to the baseline CE ensemble: the
fixed-strength variant is corrected by SR-based anomaly correction (SRAC), and
the adaptive variant by ASRAC. The ASRAC step reuses the trained ASR model
as a spatially-aware corrector for the baseline CE ensemble. Unlike purely spatial
smoothing approaches that impose smoothness without ecological constraints, the
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Fig. 10 Spatial distribution of probability increases from CE to ASRAC: warmer colours (yellow
to dark red) indicate larger increases, while grid cells with predicted risk but negligible adjustment
(Ap < 0.003) are shown in light gray and cells without predicted risk in medium gray; ocean is shown
in white
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Fig. 11 Distribution of repair magnitudes (CE — ASRAC probability increases) for all repaired
grid cells. Dashed vertical lines indicate the 50th, 90th, 95th, and 99th percentiles

ASR-based correction exploits the ecologically meaningful spatial relationships learned
during training, thereby achieving spatial smoothing with less fluctuation in prediction
accuracy.

The ASRAC is designed as a unidirectional post-processing step. Anomalous grid
cells, identified as those where the CE prediction deviates from its 3x3 neighborhood
mean by more than 0.1, are replaced by the ASR prediction only when the ASR
model predicts a higher probability than the CE baseline, and never lowered. This
design choice reflects the underlying epidemiology. In infectious disease risk mapping,
high-risk areas drive spatial propagation, making it ecologically appropriate to allow
risk to spread upwards while avoiding the suppression of potentially legitimate risk
signals in data-sparse regions. Despite the slight increase in Brier score, this upward-
only strategy has the potential to more effectively flag regions where underreporting is
likely. This upward-only asymmetry implicitly assumes that the cost of missing a true
high-risk area exceeds the cost of over-flagging, an appropriate default for screening-
oriented risk mapping; the resulting positive probability shift manifests as a slightly
elevated Brier score for ASRAC. To quantify the effect of this unidirectional design, we
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Table 6 Impact of anomaly correction method on spatial and predictive accuracy

Metric BRT base XGBoost base
CE KNN SRAC ASRAC CE KNN SRAC ASRAC
A=1.0 A=3.0 A=1.0 X=3.0
Recall 0.8933 0.8300 0.9012 0.9058 0.9012 0.9104 0.8485 0.9117 0.9150 0.9104

AUC(CV) 0.9144 0.7793 0.9159 0.9103 0.9170  0.9158 0.7963 0.9158 0.9087 0.9161
Brier(CV) 0.1234 0.2189 0.1270 0.1342  0.1260 0.1282 0.2166 0.1289 0.1384 0.1283
Moran’s I  0.8052 0.97617 0.8213 0.8263 0.8213 0.8029 0.9784% 0.8192 0.8279 0.8200
ContED  0.0606 0.00781 0.0211 0.0207 0.0211 0.0544 0.0071T 0.0185 0.0182 0.0184
Iso. ratio  20.22% 4.29%' 7.12% 7.12% 7.12% 17.32% 3.74%'  6.13% 6.14%  6.12%

f: Invalid spatial indices. KNN replaces each cell by the arithmetic mean of its 8 spatial neighbors; its near-
unity Moran’s I and near-zero edge density reflect uniform smoothing rather than ecologically meaningful
spatial structure, and the accompanying loss of predictive accuracy precludes reliable performance evalua-
tion via these metrics.

compared it against a bidirectional variant that replaces every anomalous cell with the
ASR prediction regardless of direction, reusing the identical base map and correction
source. Despite revising roughly three times as many cells (1,588,920 versus 579,508),
the bidirectional variant yields nearly identical performance (test AUC 0.9331 versus
0.9331; Brier 0.0715 versus 0.0720; Moran’s I 0.8202 versus 0.8200; isolated-cell ratio
6.11% versus 6.12%). The near-identical metrics confirm that the aggregate effect of
the upward-only design is small; because ASRAC only replaces anomalous cells when
the correction increases risk, it is intended for sensitivity-oriented screening and may
introduce a positive probability shift, and should therefore not be interpreted as a
calibrated probability map.

KNN, the purely spatial 8-neighborhood grid cell replacement without environmen-
tal or ecological constraint, achieves the spatial smoothness metrics. This mechanical
smoothing substantially reduces predictive performance (AUC(CV) 0.7963) and can-
not be used as a valid risk map. Compared to the CE model, SRAC provides better
spatial coherence (ContED 0.0182, Iso ratio 6.14%) while maintaining predictive accu-
racy. CE and SR are both XGBoost-based 30-ensembles: CE is trained with the
standard cross-entropy objective; SR is the spatially regularized ensemble with fixed
strength (A = 3.0); KNN applies an 8-neighborhood mean replacement to anoma-
lous CE grid cells; SRAC applies SR-model-based replacement to anomalous CE grid
cells. The same pattern holds when the base model is a BRT 30-ensemble (Table 6):
SRAC(A=3.0) improves spatial coherence while maintaining or slightly improving
accuracy, whereas the spatial KNN replacement under the BRT base again collapses
predictive accuracy (AUC(CV) 0.7793), confirming that the SR-based correction,
rather than spatial smoothing, drives the spatial coherence improvement.

To further examine the effect of ASRAC, we summarise the global repair statistics
in Table 7. The correction magnitude is defined as Ap = p(ASRAC) — p(CE). Among
the 3,912,486 grid cells with positive baseline risk, 268,257 cells (6.86%) received cor-
rections with Ap > 0.001 (579,508 cells showed any positive change, 311,251 of them
with 0 < Ap < 0.001); the mean Ap over the corrected cells is 0.0117 and the median
0.0057. Newly classified as high-risk (p > 0.5) numbered 944 cells. Figure 10 shows
the spatial distribution of the corrections, with the largest increases concentrated in
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Table 7 Summary statistics of ASRAC on the global risk map. Pixels are defined at 2.5 arcminute
resolution

Statistic Value
Total Pixels 37,324,800
p(CE) >0 3,912,486

Materially corrected (Ap > 0.001) 268,257 (6.86%)
Any positive replacement (Ap > 0) 579,508 (14.81%)
Newly classified as high-risk 944

Mean Ap 0.0117

Median Ap 0.0057

fringe areas of known transmission zones. Figure 11 shows the distribution of cor-
rection magnitudes. Because the correction is upward-only, the final surface carries a
systematic positive shift.

3.6 Cross-disease replication: transferability to other
Aedes-borne diseases

To evaluate generalization to ecologically similar Aedes-borne diseases, we trained
CE and ASR-XGBoost models on occurrence data for each disease, using the same
pipeline and identical model architecture as the CHIKF experiment. Table 8 reports
model performance across all three diseases. In addition to the standard SR configu-
rations (A=1.0 and A=3.0), we evaluate the block-wise variant (ASR), which selects
the regularization strength per administrative block (country or first-level province,
with sparse small countries merged via nearest-neighbor grouping) by minimizing the
block’s held-out Brier score, exactly as in the CHIKF main experiment. For all models
we report spatial 10-fold cross-validation metrics (AUC(CV), Brier(CV)), following
the same block-stratified protocol as the CHIKF experiment, so that extrapolation
performance is directly comparable across diseases. The A=1.0 setting serves as a con-
servative baseline to avoid over-regularizing data-sparse diseases. The A=3.0 setting
matches the CHIKF main experiment and tests whether the stronger regularizer trans-
fers to other diseases. Spatial smoothness indices (Moran’s I, ContED and Iso. ratio)
are computed on the full predicted risk surface for all three diseases (Table 8); block-
wise test-set evaluation at the 5° x 5° scale was additionally examined for dengue,
whose larger sample size allows meaningful spatial partitioning of the test set, whereas
the limited sample size for yellow fever and Zika prevents such partitioning, although
the block-stratified CV protocol remains applicable to all three diseases.

Cross-disease replication was restricted to Aedes-borne diseases because dengue,
yellow fever, and Zika share the primary vectors (Aedes aegypti and Aedes albopictus)
and environmental drivers with CHIKF, including the Aedes suitability features, so the
identical feature pipeline transfers without modification. Their established arbovirus
surveillance also makes their occurrence records reliable external labels. These diseases
thus provide a transfer test ecologically close enough to be meaningful, yet independent
in pathogen and reporting system.

Under the spatial block CV protocol, ASR consistently improves discrimination
and calibration over both the CE baseline and the fixed-strength SR variants across
all three diseases. For dengue, ASR attains the best AUC(CV) (0.9082 versus 0.9038
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Table 8 Cross-disease replication across three Aedes-borne diseases. AUC(CV) and Brier(CV) are
spatial 10-fold cross-validation metrics; ASR selects the regularization strength per administrative
block on the training data

Disease Metric  CE SR(A=1.0) SR(A=3.0) ASR SRAC()A=1.0) SRAC(A\=3.0) ASRAC
AUC(CV) 0.9038  0.9033 0.8936 0.9082 0.9036 0.8970 0.9042
Brier(CV) 0.1349  0.1349 0.1398 0.1280 0.1359 0.1444 0.1355
Dengue Recall 0.8711 0.8706 0.8585 0.8673  0.8740 0.8779 0.8753
(N=20,858) Moran’s T 0.8115 0.8085 0.8172 0.8108  0.8279 0.8330 0.8294
ContED  0.0571  0.0570 0.0555 0.0573  0.0196 0.0197 0.0195
Iso. ratio  18.50% 18.37% 18.00% 18.57% 6.57% 6.59% 6.55%
AUC(CV) 0.8169 0.8166 0.8075 0.8238 0.8147 0.8053 0.8189
Brier(CV) 0.1637  0.1656 0.1721 0.1596 0.1653 0.1713 0.1620
YF Recall 0.8887  0.8925 0.9020 0.8970  0.8924 0.9065 0.8962
(N=4,179) Moran’s T 0.9403  0.9327 0.9446 0.9399  0.9350 0.9434 0.9386
ContED  0.0232 0.0248 0.0233 0.0233  0.0084 0.0081 0.0081
Iso. ratio  8.74%  9.21% 9.59% 8.81%  3.17% 3.15% 3.18%
AUC(CV) 0.8075  0.8093 0.8077 0.8176 0.8084 0.8083 0.8105
Brier(CV) 0.1900  0.1908 0.1934 0.1847 0.1919 0.1952 0.1906
Zika Recall 0.7527  0.7636 0.7734 0.7650  0.7645 0.7764 0.7636
(N=4,316) Moran’s 1 0.9018 0.9112 0.9056 0.9021  0.9131 0.9035 0.9091
ContED  0.0415  0.0393 0.0402 0.0414  0.0141 0.0151 0.0143
Iso. ratio  17.99% 16.69% 15.91% 17.98% 6.30% 6.30% 6.39%

for CE) and the lowest Brier(CV) (0.1280 versus 0.1349), while the fixed A=3.0
setting shows a modest extrapolation cost (AUC 0.8936). For yellow fever, ASR
again leads (AUC 0.8238 versus 0.8169 for CE; Brier 0.1596 versus 0.1637), and
for Zika the improvement is largest in relative terms (AUC 0.8176 versus 0.8075;
Brier 0.1847 versus 0.1900). The smaller CV gains for Zika can be attributed to its
highly dispersed occurrence distribution: the 1,079 positive training records are scat-
tered across 82 distinct 10-degree blocks worldwide (compared with 39 blocks for
yellow fever and a more aggregated dengue distribution), leaving fewer spatially con-
tiguous high-risk zones for the block-wise adaptive regularization to exploit. Under
such sparsely distributed data, the adaptive selection finds limited local structure to
exploit, yet it still improves CV calibration relative to a fixed strength (Brier 0.1847
versus 0.1900). Both SRAC(A=1.0) and SRAC(A=3.0) provided substantial spatial
smoothing across all diseases (Table 8) while maintaining predictive accuracy, con-
firming that the ASR framework transfers across Aedes-borne diseases. The adaptive
ASRAC post-processing also maintains competitive CV discrimination across diseases
(dengue AUC(CV) 0.9042, YF 0.8189, Zika 0.8105), consistent with the main CHIKF
experiment.

3.7 Simulation evidence for adaptive regularization

The simulation study evaluates spatial regularization under controlled spatial sta-
tistical conditions and examines the sensitivity of its results to several land-sea
configurations. The data-generating mechanisms do not contain the neighbourhood-
averaging term or the ASR penalty, thereby avoiding direct incorporation of the
proposed objective into the simulated truth.

Each dataset was generated on a 60 x 60 grid. Three standardized covariates were
drawn as nested two-scale Gaussian random fields with Matérn covariance (v = 1.5),
and the true suitability was pirue = o(an) with n = X7 +0.8X5 4+ 0.5X3 — 0.6 X1 X5 +
0.4X5X3 — 0.2, so that suitability follows nonlinear covariate responses. For the
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Fig. 12 A single repetition of the medium-noise scenario, drawn with all land pixels sampled so
that the predicted surface is complete. The panels show the true suitability field, the risk predicted
by the cross-entropy baseline (CE) and by block-adaptive regularization (ASR), their difference, and
a calibration curve for both methods, at the outer held-out pixels

symmetric-noise scenarios, the observable occurrence probability was
Pobs(8) = E:[clip{puue(s) +£(s),0.001,0.999}],  &(s) ~ N(0,07),

and y(s) ~ Bernoulli{pohs(s)}. The region-specific op, provides a symmetric proxy
for heterogeneous observation reliability rather than a mechanistic model of underre-
porting. The detection scenario instead used pobs(s) = clip{ptrue(s)q(s),0.001,0.999}
with a smoothly varying reporting probability ¢(s). Five scenarios were considered:
low noise, medium noise, weak signal, heterogeneous detection, and a non-stationary
covariate process formed by a spatially varying mixture of long- and short-range Gaus-
sian fields. The last construction changes the effective smoothness across the grid
without placing an ASR term in the data-generating process.

Land pixels were subsampled at 40% and evaluated with three outer folds, so that
every sampled pixel was predicted once by a model that had not seen it. Regularization
strengths were chosen by inner three-fold cross-validation, with a separate 15% subset
of each training fold used for early stopping. No outer-fold held-out label entered model
fitting, early stopping or strength selection. Two methods were evaluated under both
random-pixel and spatial-block outer folds: CE and block-wise ASR. ASR used the
candidate set {0, 0.5, 1,2, 3.5} and selected strengths by inner-fold Brier score. Results
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Table 9 Simulation study: predictive performance of the cross-entropy baseline (CE) and
block-wise adaptive spatial regularization (ASR), by scenario and evaluation protocol, over 20
independent repetitions per scenario. The column labels rand. and spat. denote random-pixel and
spatial-block outer folds, respectively; under spatial-block folds, complete spatial blocks are held
out together. MSE,, is measured against the known latent suitability field. The better of the two
methods is shown in bold for each scenario and metric; small differences should be interpreted
together with the paired Monte Carlo uncertainty described in the text

Low noise Medium noise Weak signal Non-stationary Detection

rand. spat. rand. spat. rand. spat. rand. spat. rand.  spat.

CE 0.7925 0.7750 0.7436 0.7288 0.5845 0.5687 0.7747 0.7517 0.6901 0.6567
ASR 0.7966 0.7793 0.7485 0.7340 0.5874 0.5692 0.7787 0.7574 0.6974 0.6588
CE 0.1835 0.1909 0.2043 0.2100 0.2450 0.2466 0.1913 0.2007 0.1928 0.1998
ASR 0.1816 0.1889 0.2026 0.2083 0.2442 0.2469 0.1898 0.1989 0.1908 0.1989
CE 0.0188 0.0263 0.0167 0.0243 0.0138 0.0172 0.0181 0.0291 0.0505 0.0554
ASR 0.0163 0.0239 0.0145 0.0225 0.0127 0.0167 0.0161 0.0271 0.0511 0.0568

AUC(CV)
Brier(CV)
MSEp;..

were summarized over 20 independent repetitions per scenario; Monte Carlo standard
errors describe uncertainty arising from the finite number of repetitions.

Figure 12 shows one repetition of the medium-noise scenario and is used only as
a qualitative illustration. Table 9 reports the aggregated predictive results. Relative
to CE, ASR increased mean AUC by 0.0029-0.0073 and reduced mean Brier score by
0.0008-0.0020 under random-pixel folds. The 95% Monte Carlo interval for the paired
mean difference excluded zero for AUC in four scenarios and for Brier score in all
five. Under spatial-block folds, corresponding improvements were supported for both
AUC and Brier score in the low-noise, medium-noise and non-stationary scenarios. In
the weak-signal spatial setting the differences were small and uncertain, while in the
detection setting ASR improved prediction of the observed labels but moved farther
from the latent suitability field and reduced recall.

An exploratory analysis localized changes to regions where the baseline model was
uncertain. The gating weight 6(p) = 1 —2|p— 0.5| is largest at p = 0.5 and vanishes at
0 and 1. Within bands defined by pcr (Table 10), ASR showed higher rank correlation
with the known suitability field and higher band-local AUC. These contrasts should
not be interpreted as independent confirmation of the gating mechanism: selecting
pixels by the CE prediction mechanically restricts the range of CE within the band,
while ASR is free to reorder the same pixels. The results are therefore reported as a
descriptive localization analysis rather than as an estimate of the overall treatment
effect of gating; the overall predictive comparisons are those in Table 9.

A supplementary robustness check repeated the low-noise, medium-noise and
non-stationary scenarios under four land-sea configurations using the regular grid
partition. The ASR-CE differences were qualitatively similar across the tested configu-
rations. This is not an isolated causal test of coastline geometry: the masks change the
number of available land pixels and sampled observations, and they can also alter the
generated regions and observation process. Fragmented masks additionally increased
the number of blocks that inherited the globally selected strength, limiting how fully
the block-wise adaptation was exercised.
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Table 10 Exploratory localization analysis within bands defined by the CE baseline prediction (20
repetitions per scenario and protocol; rand. and spat. denote random-pixel and spatial-block outer
folds, as in Table 9). Rank correlation is the Spearman correlation between predicted risk and the
known suitability field, and AUC uses observed labels. Because selection by pck restricts the CE
prediction range but not the ASR range, CE-ASR contrasts in this table are descriptive and should
not be interpreted as independent tests of the gating mechanism

Low noise

Medium noise Weak signal Non-stationary Detection

rand. spat. rand.

spat.

rand. spat. rand.

spat.

rand.  spat.

Rank corr.

peE € [0.45,0.55)
AUC(CV)

CE 0.1518 0.1326
ASR 0.4267 0.3870
CE 0.5124 0.5241
ASR 0.5813 0.5693

0.2333
0.4738
0.5516
0.5891

0.2062
0.3924
0.5499
0.5843

0.3887 0.3018 0.1988
0.4701 0.3444 0.4200
0.5379 0.5404 0.5352
0.5481 0.5433 0.5684

0.1829
0.3822
0.5438
0.6014

0.1793
0.3348
0.5356
0.5666

0.1136
0.2343
0.5108
0.5477

Rank corr.

pcE € [0.4,0.6]
AUC(CV)

CE 0.3606 0.3353
ASR 0.5200 0.4792
CE 0.5643 0.5800
ASR 0.5928 0.6049

0.4335
0.5782
0.5848
0.6093

0.3976
0.5111
0.5821
0.6080

0.5093 0.4007 0.3786
0.5650 0.4227 0.5101
0.5605 0.5538 0.5718
0.5648 0.5542 0.5957

0.3165
0.4466
0.5643
0.6028

0.3391
0.4380
0.5439
0.5678

0.2386
0.3112
0.5225
0.5396

Rank corr.

peE € [0.35,0.65]
AUC(CV)

CE  0.4966 0.4655
ASR 0.6033 0.5664 0.6877
CE 0.5970 0.6108 0.6153

0.5986

0.5288
0.6063
0.6193

0.5727 0.4466 0.5359
0.6176 0.4647 0.6171
0.5704 0.5630 0.6039

0.4551
0.5382
0.6099

0.4669
0.5362 0.4091
0.5706 0.5527

0.3619

ASR 0.6164 0.6285 0.6328 0.6374 0.5741 0.5631 0.6204 0.6311 0.5858 0.5588

4 Discussion

4.1 Contributions

Existing disease risk mapping studies often incorporate prior knowledge to guide
model predictions toward epidemiologically plausible patterns. Messina et al. (2019)
mapped current and future global dengue suitability using boosted regression trees
with bioclimatic predictors, projecting changes in population at risk under climate
and socioeconomic scenarios. Lim et al. (2025) corrected surveillance biases through
joint niche models across multiple arboviruses, and Yang et al. (2025) mapped the
global risk of CHIKV endemicity and of autochthonous transmission following impor-
tation. Across these approaches, spatial information enters primarily at the level of
input data and variable specification. The proposed ASR framework takes a different
route: rather than modifying the input structure or the internal architecture of the
prediction algorithm, it embeds spatial continuity directly into the training objective
function through 8-neighborhood mean soft labels. This allows the model to learn spa-
tial patterns while maintaining computational efficiency. The proposed framework has
three components, whose core mechanism is further validated on synthetic data with
known noise.

1. Ecologically stratified pseudo-absence sampling. Each of the 30-ensemble sub-
models independently draws a balanced random subset of negatives from the three
sampling sources, ensuring that every sub-model benefits from informative negatives
and class balance while reducing label bias inherent in random background sampling.
Removing the suitability-defined negative source lowers test AUC only from 0.9334 to
0.9238, so discrimination does not rest on that source alone (Section 2.2).

2. ASR. Pixel-wise 8-neighborhood mean soft labels derived from an initial ensem-
ble are combined with a gated spatial penalty r = 6(p;) - (p; — pi)? to embed spatial
continuity directly into the XGBoost objective function, incorporating spatial cor-
relation of infectious disease risk into the prediction. The regularization strength is
selected per block within a theoretically admissible range whose upper bound is fixed
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by the Hessian-positivity condition of Proposition 2; the gradient-boundedness and
Hessian-positivity guarantees (Propositions 1 and 2) hold for any base loss that retains
these properties, and because the constraint acts on the predicted probability sur-
face rather than on sample coordinates, it avoids coordinate leakage and remains
applicable beyond the historical occurrence envelope. Because each soft label is the
mean of neighboring initial-ensemble probabilities generated from the neighbors’ full
covariate vectors, the spatial reference is feature-mediated rather than a smoothing of
probability values alone.

3. ASRAC, a post-processing extension of ASR that replaces spatially inconsistent
grid cells in the baseline risk map with ASR predictions, substantially improving
spatial coherence while maintaining predictive accuracy (Section 3.5).

4. Controlled synthetic validation. Because comparisons on empirical data bun-
dle the regularizer with the sampling design and the post-processing step, we isolate
the regularization mechanism in a controlled simulation of risk fields with known
ground truth and controlled block-wise label noise (Section 3.7). Across five stress
scenarios and two evaluation protocols, spatial regularization generally improved pre-
diction relative to CE, with weaker or uncertain effects under spatial validation in the
weak-signal and heterogeneous-detection settings. A separate three-scenario robust-
ness check produced qualitatively similar ASR—CE contrasts across the tested land—sea
configurations.

4.2 Comparison with spatially explicit learning methods

Spatial structure can enter risk models through different modelling logics, such as
geographically weighted fitting (G-XGBoost Grekousis (2025), M-GWXGB Gao et al.
(2026)), a Gaussian-process random effect (GPBoost Sigrist (2022)), or regularization
of the predicted probability surface (ASR). Geographically weighted approaches follow
a local-modelling logic, assuming that the covariate-response relationship itself varies
in space: G-XGBoost fits spatially local models with spatial weights, at the cost of
requiring enough positive records in each locality. M-GWXGB relaxes this requirement
by assigning each variable to either a global or a local estimator within an additive
structure, but the method is inference-oriented: it is designed to reveal where and how a
variable’s effect varies across space, whereas risk mapping calls for a probability surface
that remains reliable beyond the sampled area. Its local components also require place-
specific calibration that a few thousand spatially thinned presence-only records can
hardly support.

GPBoost follows a random-effects logic: it augments a global tree model with
a Gaussian-process spatial random effect in the residual covariance, assuming that
residual autocorrelation carries the spatial signal. We evaluated GPBoost under the
identical data protocol used for the proposed models: under the same spatial block
CV it attains the highest discrimination among all models (AUC(CV) = 0.9238 versus
0.9158 for CE and 0.9187 for ASR) with competitive calibration (Brier(CV) = 0.1254).
We deliberately keep GPBoost out of the direct comparison tables, however, because
the comparison would be information-asymmetric: the GP random effect uses sam-
ple coordinates (longitude/latitude) as inputs, granting the model access to location
information that the covariate-only CE and ASR models do not use.
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ASR follows a regularization logic: it regularizes predictions toward their neighbor-
hood mean through a gated penalty, encouraging spatial continuity without imposing
it, making no assumption about non-stationarity or residual covariance structure and
requiring no coordinate inputs. For presence-only records that are globally sparse and
unevenly distributed, ASR avoids both the local-sample requirement of geographically
weighted fitting and the coordinate dependence of the Gaussian-process random effect.

The ASR objective is not specific to XGBoost. The soft labels are computed from
the initial model output, and the gated penalty r = §(p;) - (p; — p;)? depends only on
the predicted probability p; and the soft label p;, rather than on the internal structure
of the classifier. The theoretical guarantees ensure that adding the ASR penalty pre-
serves gradient boundedness and Hessian positivity for any base model whose original
loss has these properties. With a BRT 30-ensemble as the base model, SRAC(A=3.0)
improves spatial coherence while maintaining or slightly improving accuracy, whereas
spatial KNN replacement collapses predictive accuracy (Table 6). Unlike spatial proxy
approaches Mila et al. (2024), which add coordinate-based features to the predictor set,
such approaches risk excessive reliance on coordinates, and generalization can suffer
where coordinate ranges fall outside the training domain. Because the ASR regular-
izer operates on the predicted probability surface itself rather than on coordinates, it
does not inherit this risk.

4.3 Pseudo-absence sampling and its evaluation

The ecologically stratified pseudo-absence sampling strategy (Section 2.2) combines
three complementary sources to mitigate shared biases: YF/ZIKV-endemic regions
provide informative negatives under established surveillance capacity, low-suitability
areas provide reliable negatives, and farthest-point sampling covers suitable case-
free areas. The sampling procedure draws negatives away from reported cases and
maximizes inter-point distances, keeping the pseudo-absence labels reliable and well
separated. The ensemble aggregation across rounds further mitigates underreporting-
driven noise.

The nested evaluation in Table 5 speaks to the validity of the stratified design.
One of the three negative sources is defined by a threshold on mosquito suitability,
a covariate that the model also receives as input; if the model had simply learned to
reproduce this threshold, discrimination would collapse once the stratum is removed.
It does not: excluding the low-suitability negatives lowers the AUC only modestly
(0.9238 versus 0.9334 on the full test set). Discrimination rises on the later subsets
only because progressively harder samples are removed, namely positive records that
the model under-rates and YF/ZIKV-endemic negatives whose environmental pro-
files resemble CHIKV-positive cells; the AUC values across rows are therefore not
directly comparable, and the high value in the last row does not indicate better dis-
crimination. The informative signal comes from the contrast between suitable cells
with and without reported cases, which is exactly the contrast that the case-free suit-
able source is designed to provide; the three-source strategy therefore supplies reliable
pseudo-absence labels without teaching the model an artefactual threshold rule.
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4.4 Design choices of the ASR regularizer

The 8-neighborhood mean soft labels in the ASR penalty use a 3 x 3 (8-neighborhood)
window to compute the local mean predicted probability p;. This window is the small-
est non-trivial neighborhood, chosen to keep the spatial prior strictly local. Because
the soft label and gating penalty are computed per grid cell, a larger window would
make the neighborhoods of adjacent cells overlap extensively: the same region would
be repeatedly referenced by the regularization terms of many cells, turning the local
penalty into a broad, entangled smoothing whose spatial effect is difficult to interpret.
The minimal 8-neighborhood (approximately 7 km near the equator, Section 2.3) reg-
ularizes each cell only toward its immediate neighbours, preserving a clear locality for
the prior.

The adaptive spatial gating function 6(p;) = 1 —2|p; —0.5| in Eq. (3) is used for its
simplicity. The non-differentiability of § at p; = 0.5 has no effect on the optimization
under the frozen-gating convention described in Section 2.4, and it yields the explicit
Hessian-positivity range A € [0, 3.5] guaranteed by Proposition 2, which is exactly
the admissible range from which each block selects its strength (Eq. (4)). Smoother
alternatives with the same endpoints and peak, such as the parabola §(p;) = 4p;(1 —
p;), would still depend on the prediction and therefore still require the frozen-gating
treatment, while narrowing the guaranteed range of A below the admissible upper
bound Ap.x = 3.5.

The soft label is the arithmetic mean of neighboring initial-ensemble probabilities.
Its ecological content is indirect: each probability is generated from the neighboring
cell’s full covariate vector. The spatial prior is therefore feature-mediated, in contrast
to purely spatial smoothing (e.g., Gaussian filtering or coordinate-based interpolation),
which operates on probability values alone.

4.5 Anomaly correction and cross-disease transfer

The anomaly correction stage is useful when the real-world phenomenon exhibits
strong spatial autocorrelation but the baseline model produces fragmented predictions.
By applying a trained SR model to repair isolated grid cells in a baseline risk map, the
correction procedure achieves spatial smoothing while maintaining relatively stable
predictive accuracy. The SR-based correction generates replacement values from the
full covariate space, so the corrected surface remains ecologically consistent, in contrast
to purely spatial smoothing, which degrades accuracy (Section 3.5). This two-stage
design separates the roles of the base predictor and the spatial regularizer, allowing
practitioners to improve spatial coherence of existing risk maps without retraining
from scratch.

Cross-disease replication across three Aedes-borne diseases (Table 8) confirms that
the ASR transfers across diseases: under the same spatial block CV protocol, ASR
attains the best AUC(CV) and the lowest Brier(CV) for all three diseases, each
improving on the CE baseline and on both fixed-strength SR variants, while both
SRAC variants provide substantial spatial smoothing across all diseases at comparable
accuracy.
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Throughout this study, the ASR regularization weight is not a globally fixed con-
stant but is selected per spatial block: each block chooses the strength that minimizes
its held-out Brier score within the theoretically supported range, and the resulting
per-block strengths form a block-wise (piecewise-constant) spatial field whose upper
bound is Amax = 3.5 (Section 2.3). The theoretical guarantee (Proposition 2) con-
strains this upper bound: the per-sample Hessian of the ASR loss is proven to be
positive for A < 3.5, ensuring that the Newton-type update steps of XGBoost rely on a
convex quadratic approximation of the loss function. Beyond this threshold, the Hes-
sian can become non-positive, potentially destabilizing the tree-splitting optimization.
Because every block-selected weight satisfies Ay(;y € [0,3.5], the positivity guarantee
holds per sample without further tuning.

4.6 Limitations and future work

This study has several limitations. First, the three-source negative sampling strat-
egy relies on the quality of existing surveillance data; areas with limited diagnostic
capacity may still contain undetected CHIKF cases, introducing noise into the nega-
tive pool. Second, while the ASR framework embeds spatial continuity into training,
the XGBoost backbone itself remains a black-box model, and the interpretability of
the learned spatial patterns is limited Ribeiro et al. (2016), which the spatial cou-
pling that the regularizer introduces into neighboring predictions further complicates.
Third, the ASR regularizer operates on local spatial continuity, so landscape-scale
ecological barriers and connectivity patterns are not represented.

Future work could reduce the noise in the negative pool with independent evidence
on case detection, whose regional coverage is constrained by the same reporting het-
erogeneity documented above. Extending the regularizer to landscape-scale structure
would require connectivity information outside the covariate set assembled here and
a rederivation of the penalty’s theoretical guarantees.

5 Conclusion

Risk at neighboring locations is often spatially correlated because environmental con-
ditions and vector suitability vary smoothly and transmission can generate local
dependence after introduction. Standard grid-cell classifiers may recover part of this
pattern from spatially structured predictors, but their usual pointwise losses do
not explicitly represent dependence between observations and can yield fragmented
prediction surfaces. ASR-XGBoost embeds local spatial context in the training objec-
tive, using pixel-wise 8-neighborhood mean soft labels as a spatial reference and a
gated penalty whose strength increases near uncertain predictions. ASRAC, a post-
processing extension, applies a specified spatial-consistency rule to replace selected
isolated cells with ASR predictions while leaving cells that satisfy the rule unchanged.

The three components operate at complementary levels. Ecologically stratified
sampling reduces dependence on arbitrary background selection, the ASR. objective
constrains the predicted probability surface during training, and ASRAC reduces
fragmentation according to an explicit spatial-consistency rule. The resulting CHIKF
maps retain strong predictive performance while producing more spatially coherent

34



risk surfaces that may support arbovirus surveillance and prioritization. In controlled
simulations with known ground truth, spatial regularization generally improved pre-
diction relative to CE across the tested scenarios, while block-wise ASR showed no
consistent additional accuracy advantage over a globally tuned regularizer. The sim-
ulations therefore support the use of spatial regularization and define the present
empirical limits of the adaptive component rather than attributing all gains specif-
ically to regional adaptation. Cross-disease replication on dengue, yellow fever, and
Zika suggests that the workflow can be applied to related Aedes-borne mapping tasks.
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