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Abstract

Dengue surveillance data are typically collected at healthcare facilities rather
than at patients’ residences, so reported case locations reflect healthcare-seeking
behaviour as much as the underlying disease process. In practice, cases carry
differing levels of location detail: some are geolocated, some are known only to
the subdistrict, and some carry no residential information at all. This incom-
pleteness complicates spatial risk estimation. We develop a hierarchical Bayesian
point-process framework that maps dengue risk while jointly modelling hospital
catchment behaviour and unobserved case origins. Subdistrict-level intensity is
modelled on a per-person basis using a Besag—York—Mollié (BYM) structure with
a population offset; a distance-based gravity (power-law) kernel represents hos-
pital attraction; and cases with incomplete location are handled within a single
likelihood that accommodates three levels of spatial resolution and marginalises
over unknown origins. Applied to 1,842 dengue cases from eight hospitals in



Makassar, Indonesia (2021-2025), the framework recovers held-out case origins
substantially better than a conventional exponential catchment kernel and than
deterministic allocation baselines. The full model identifies Manggala as the
subdistrict with the highest estimated relative risk (2.7), with Tamalate, Rap-
pocini and Tallo also meeting the specified high-risk criterion. Rankings by
model-estimated relative risk differ from rankings by recorded case count. The
framework offers a principled approach to disease mapping from incomplete,
facility-based surveillance data.

Keywords: Dengue, Bayesian disease mapping, Inhomogeneous Poisson process,
Hospital catchment, Missing location data, Cross-validation

1 Introduction

Dengue fever is among the most significant vector-borne diseases globally, with its bur-
den rising rapidly in tropical and subtropical regions. Despite longstanding recognition
of the climatic, environmental, and demographic determinants of dengue transmis-
sion, its burden remains highly heterogeneous across space, particularly in rapidly
urbanising settings in Southeast Asia [1, 2].

Globally, reported dengue cases increased from about half a million in the year
2000 to over 5 million in 2019. In 2024, the estimated burden reached over 14 million
cases and 9,500 deaths [3]. Indonesia consistently ranks among the countries with
the highest dengue burden in Southeast Asia. In fact, the World Health Organization
identified Indonesia as one of the world’s most dengue-endemic nations from 2004 to
2010 [4].

Dengue cases in Indonesia have remained persistently high in recent years. The
Ministry of Health reported 114,720 cases and 894 deaths in 2023 [5]. In 2024, a sharp
increase occurred: by April, there were 88,593 cases and 621 deaths recorded [6], rising
to 210,644 cases and 1,239 deaths by epidemiological week 43 (21-27 October 2024)
[5]. Several factors have intensified dengue transmission dynamics, including rapid
urbanization, population growth, and environmental changes, resulting in increasingly
heterogeneous spatial risk patterns within cities. In addition, climatic variation, rain-
fall patterns, and environmental conditions that facilitate Aedes aegypti proliferation
have further contributed to this surge [7].

Indonesia has recurrent dengue outbreaks in both urban and peri-urban settings
[8, 9]. The spatial distribution of dengue incidence in Indonesian cities is highly
heterogeneous, reflecting differences in environmental conditions, population density,
and infrastructure [4]. In Makassar City, dengue cases are consistently reported, but
notable variation across subdistricts suggests localized transmission dynamics that
aggregated statistics do not adequately capture [10]. These patterns highlight the need
for spatially explicit modeling approaches to identify high-risk areas and potentially
inform spatial targeting of interventions.

A significant challenge in dengue surveillance is that case records are often gen-
erated at healthcare facilities, where the residential location of the patient is often



recorded incompletely or not at all. As a result, observed case counts reflect not only
the disease process but also healthcare-seeking behavior, accessibility, and hospital
catchment dynamics [8]. This reliance on facility-based data can introduce bias into
spatial risk estimates if used directly as indicators of disease distribution. Therefore,
distinguishing latent disease intensity from the observation process is essential for
reliable spatial inference.

A wide range of statistical and spatial modeling approaches has been applied to
dengue data in previous studies. Conventional regression frameworks, such as general-
ized linear models, typically assume independence between observations and therefore
fail to account for the spatial autocorrelation that is intrinsic to infectious disease
processes [11]. This limitation can lead to biased inference and underestimation of
uncertainty when disease risk exhibits spatial clustering.

To address spatial dependence, conditional autoregressive (CAR) models explic-
itly incorporate neighbourhood structure, allowing adjacent areas to share information
through spatial smoothing and improving estimation of area-level risk [12]. However,
CAR models primarily capture structured spatial dependence and do not explic-
itly account for unstructured area-specific heterogeneity arising from local factors
unrelated to geographical proximity. Bayesian hierarchical disease mapping mod-
els, particularly the Besag—York-Mollié (BYM) model, extend the CAR formulation
by combining spatially structured and unstructured random effects within a uni-
fied hierarchical framework [13]. Subsequently, the reparameterised BYM2 model was
introduced to improve parameter identifiability and facilitate principled prior specifi-
cation while retaining the advantages of the original BYM model [14]. Together, these
models provide a coherent Bayesian framework for integrating fixed effects, structured
and unstructured spatial variation, and prior information, enabling robust disease
mapping with comprehensive uncertainty quantification [9, 15].

Despite these methodological advances, two challenges remain insufficiently
addressed in the analysis of routinely collected dengue surveillance data. First, most
spatial models assume that the location of each case is fully and uniformly observed.
In practice, hospital-based surveillance records location at differing levels of resolu-
tion: some cases are geolocated to a residential coordinate, some are known only to
the subdistrict of residence, and some carry no residential information at all, being
recorded only as a facility total [16, 17]. This is a form of coarsened and missing spa-
tial data, and ignoring it, or replacing the unlocated cases by ad hoc imputation, can
produce substantial spatial misclassification and biased risk estimates [18, 19].

Second, the observation mechanism linking residential disease occurrence to
hospital-based records is rarely modelled explicitly. Patients may seek care at hospitals
outside their subdistrict of residence, so the reporting hospital does not necessarily
indicate where a case originated [16, 20]. Travel distance is an important determi-
nant of spatial accessibility to healthcare facilities and is commonly represented using
distance-decay or gravity models [21-24]. This provides a natural basis for represent-
ing the spatial catchment of each reporting hospital when residential locations are
incomplete.

To address these limitations, we propose a unified hierarchical Bayesian frame-
work that explicitly distinguishes between the latent disease process and the hospital



observation process. The model represents the underlying spatial intensity of dengue
as an inhomogeneous Poisson process (IPP) with a population-adjusted Besag—York—
Molli’e (BYM2) log-intensity. The hospital observation process is represented by a
distance-based gravity kernel, in which the expected contribution of cases from a given
residential area to a reporting hospital decreases with travel distance, with hospital-
specific parameters allowing catchment patterns to vary across facilities [22, 24]. A
single likelihood accommodates the varying resolution of the recorded locations: geolo-
cated cases contribute their exact distance to the reporting hospital, subdistrict-level
cases contribute their region of residence, and unlocated cases have their origins treated
as latent variables and inferred within the model, with weights determined jointly
by the estimated risk and distance-based accessibility. Uncertainty in the unlocated
cases is thereby propagated through the posterior distribution rather than fixed by
imputation [18].

Using dengue surveillance data from Makassar City, Indonesia, this study devel-
ops and evaluates an IPP-BYM2 framework for jointly modelling per-person dengue
risk and hospital catchment behaviour under incomplete origin information. We make
two contributions. Methodologically, we show that the framework’s ability to recover
the residential origins of unlocated cases can be evaluated directly by out-of-sample
cross-validation, and that under this criterion a gravity (power-law) catchment kernel
substantially outperforms both the conventional exponential kernel and deterministic
allocation rules. Substantively, the full model identifies Manggala as the area with the
highest estimated relative risk and distinguishes rankings by relative risk from those
by recorded case count, providing evidence to inform further assessment of spatial
control priorities.

2 Methods

Study area

Makassar, the capital of South Sulawesi Province, Indonesia, is a rapidly urbanising
metropolitan area of high population density. The study covers its 14 mainland subdis-
tricts (kecamatan), which differ substantially in population, area, and environmental
conditions (Fig. 1). Dengue is endemic in the city, while cases are reported year-round,
they are concentrated in the rainy season [10, 25].

Dengue case and covariate data

Hospital-recorded dengue cases were obtained from the medical records of eight hos-
pitals in Makassar over 2021-2025 (Fig. 1). The hospitals recorded patient location
at three levels of resolution. Five hospitals recorded a residential coordinate for each
patient, from which the travel distance to the hospital and the subdistrict of residence
were obtained (849 cases). Two hospitals recorded only the subdistrict of residence
(773 cases). The eighth recorded only its total number of cases, with no residential
information (220 cases). In all, 1,842 cases were analysed, of which 1,622 had a known
subdistrict of residence and 220 did not. The offshore island district of Sangkarrang
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Fig. 1 Administrative boundary map of Makassar City showing subdistricts and hospital locations,
with an inset indicating the location of Makassar City in South Sulawesi Province, Indonesia.

was excluded as it forms a disconnected component of the spatial adjacency graph
and contributed no cases, leaving the 14 mainland subdistricts.

The resident population of each subdistrict, from the “Makassar in Figures” reports
of the Central Bureau of Statistics (BPS) (https://makassarkota.bps.go.id/), was used
as the population at risk. Two subdistrict-level covariates were considered: the mean
Normalised Difference Vegetation Index (NDVI), from Sentinel-2 imagery, as an indi-
cator of vegetation that provides resting sites and a favourable microclimate for Aedes
mosquitoes [26, 27]; and health facility density (health facilities per 10,000 residents),
included to adjust for spatial variation in case ascertainment. Candidate climatic
covariates (precipitation and vapour pressure deficit, from CHIRPS and ERA5-Land)
were examined but not retained, as their source resolution (> 0.05°) is too coarse to
resolve meaningful variation across a city of this size (Section 3).

Statistical framework

We proceed in two stages. We first establish an area-level model for the expected
number of dengue cases per subdistrict, using it to determine which combination
of covariates and spatial structure best represents the areal risk surface. We then
extend that structure to a point-process model that additionally represents the hospital
observation process and the incomplete case locations. Throughout, index subdistricts
by j = 1,...,J (J = 14) and hospitals by h = 1,...,H (H = 8). Covariates are
standardised to zero mean and unit variance.


https://makassarkota.bps.go.id/

Area-level models

Let y; denote the number of cases resident in subdistrict j and P; its resident pop-
ulation. We model y; ~ Poisson(}\;), where \; is the expected number of cases,
with

log \; = log P; + n;, (1)

so that n; is the log rate per resident, with the population at risk accounted for

through the offset log P;. We compare four nested specifications of the linear predictor
2R

M1 (null): n; = ¢, (2)

M2 (covariates): 17; = o+ X, 3, 3)

M3 (spatial): n; = a + @¢;, (4)

M4 (covariates + spatial): 7, = a+ X[ 8+ ¢;, (5)

where « is an intercept, X; is the covariate vector with coefficients 3, and ¢; is a
Besag—York-Mollié (BYM2) spatial random effect [14]. The BYM?2 effect combines a
spatially structured and an unstructured component,

¢j=0(v1—pe,j+\/p/79j), (6)

in which ¢ > 0 is the marginal standard deviation, p € [0,1] is the proportion of
variance that is spatially structured, and €; ~ N(0,1) are independent effects. The
structured component 6 = (61,...,0;) follows an intrinsic conditional autoregressive
(ICAR) prior [13, 28], with density

p(0) x exp( — 530~ 0,)?), (7)

i~ ]

where i ~ j denotes pairs of subdistricts sharing a boundary (queen contiguity) and
a sum-to-zero constraint is imposed for identifiability. The fixed scaling factor x stan-
dardises the structured component so that ¢ has a consistent interpretation as the
marginal standard deviation across different adjacency graphs [14]. This sequence iso-
lates the contributions of covariates (M1 vs. M2) and of spatial dependence (M2 vs.
M4), and identifies the intensity structure carried forward to the full model.

Proposed model: IPP-BYM2

The area-level model requires each case to be assigned to a subdistrict of residence.
In practice, residence is recorded at three levels of resolution (exact coordinate, sub-
district, or nothing at all), while the location that is always known is the reporting
hospital. We therefore embed the intensity in an inhomogeneous Poisson process (IPP)
over cases, with an explicit hospital observation model.



Let the population-adjusted expected case intensity in subdistrict j be
\j=P; exp(a+X;rﬁ+¢j), (8)

using the M4 structure of Eq. (6). A case resident in subdistrict j is observed at
hospital A with an attraction that declines with the travel distance dj;. Following the
gravity-model literature on spatial accessibility [21, 22, 24], the expected number of
cases from j observed at h is

Hhi = )\j k(dhj)v k(d) = (1 + Vhd)7b7 (9)

where the gravity (power-law) kernel k(-) has a hospital-specific scale 7, > 0 and a
shared shape exponent b > 0. The conventional exponential kernel k(d) = exp(—vypd)
is a one-parameter alternative; the additional shape parameter of the power-law form
lets the kernel combine a rapid initial decline with a heavier tail, and we compare the
two forms by out-of-sample origin recovery (below).

Under the IPP, the log-likelihood is a sum of log-intensity terms over the observed
cases minus a compensator equal to the total expected number of cases [29, 30],

N H J
logL:ZlogAi — Zz,uhj. (10)

i=1 h=1j=1

The intensity A; contributed by case 4, reported at hospital h;, depends on how pre-
cisely its residence was recorded. For a case whose residence is observed (exactly, at
travel distance d;, or to subdistrict y;), the contribution is the intensity of the process
at that location, A; = Ay, k(d;), giving

log A; = log Ay, — blog(1 + yu,d;), (11)

where d; is the recorded travel distance for a geolocated case and the hospital-to-
subdistrict distance dp,,,, otherwise. For a case with no residential information, the
residence is unknown and is marginalised over all subdistricts,

J
log A; = log (- Ay k(dn,y)), (12)
j=1

evaluated by the log-sum-exp identity for numerical stability [31]. This treats the
residence as a latent variable and propagates its uncertainty into the posterior rather
than fixing it by imputation [18]. The posterior distribution of the origin of such a
case follows directly,

Porigin; = j | hi, data) o A k(dn,;), (13)



and can be reported as an inferred origin map. Because each hospital’s total caseload
enters both the log-intensity and the compensator, the hospitals jointly inform the
intensity and the catchment kernel [32, 33].

The hospital scale parameters share a common prior, logv, ~ N (p,0,), which
mildly regularises the eight estimates toward a common value; each 7 is nonetheless
well identified by the many cases attending each hospital. We also examined whether
the variation in j, could be attributed to hospital characteristics (bed capacity, physi-
cian numbers, and institutional affiliation) by regressing log~y;, on these predictors.
With only eight hospitals, however, the predictors are strongly collinear with hos-
pital case volume, which is itself mechanically related to the estimated scale, and
the resulting coefficients were confounded and could not be interpreted as effects of
the characteristics themselves. We therefore retain the common prior and summarise
catchment descriptively.

Priors

We used weakly informative priors. In the full IPP-BYM2 model, the intercept «
was assigned a normal prior with mean —6 and standard deviation 3, reflecting its
interpretation as a log rate per resident. The covariate coeflficients were assigned Sy ~
N(0,1) for standardised covariates; the spatial standard deviation o ~ N (0,1) (half-
normal); the mixing parameter p ~ Beta(0.5,0.5); and ¢; ~ N(0,1) with 6 as in
Eq. (7). For the observation model, the kernel shape b ~ LogNormal(log 1.5,0.5) and
the hospital scales log~y, ~ N(py,0,) with hyperpriors p, ~ N(0,1) and o, ~
NT(0,1).

Bayesian inference and computation

Inference was carried out using Hamiltonian Monte Carlo, specifically the No-U-Turn
sampler, as implemented in Stan [34, 35]. Four chains were run with 1,000 warm-up
iterations followed by 2,000 sampling iterations each, yielding 8,000 posterior draws;
results were unchanged when the number of sampling iterations was increased further.
Convergence was assessed using the rank-normalised potential scale reduction factor
(R) and effective sample size [36]: all parameters had R < 1.01 and adequate effective
sample sizes, with no divergent transitions.

Identifying high-risk areas

To identify high-risk subdistricts we use exceedance probabilities on the relative-risk
scale. Let r; = \;/P; = exp(a + X;rﬂ + ¢;) denote the model-estimated dengue rate
per resident in subdistrict j. For each posterior draw m, relative risk was calculated as

(m) i
RRVY = — 1
7 J m)’
%22:1 Té )

This scales relative risks so that their average across the 14 subdistricts equals one,
giving each subdistrict equal weight. Thus, RR; > 1 indicates that the rate per resident

J = 14. (14)



in subdistrict j exceeds the average across subdistricts. The exceedance probability is
the posterior probability of this event,

1 M
17 O LRR{™ > 1), (15)

m=1

EP; = P(RR; > 1| data) ~

estimated from the M posterior draws. The threshold compares each subdistrict’s rate
per resident with the average across subdistricts, giving each subdistrict equal weight.
Subdistricts with EP; > 0.80 were classified as high-risk and those with 0.50 < EP; <
0.80 as moderate [37, 38].

Model comparison and validation

For the area-level models (M1-M4), in-sample fit was summarised by the Widely
Applicable Information Criterion (WAIC) [39, 40] and out-of-sample predictive accu-
racy by exact leave-one-area-out cross-validation, reported as the expected log
pointwise predictive density (elpd). We report differences in elpd between models
(Aelpd) with their standard errors, where a larger elpd indicates better out-of-sample
prediction [41]. Exact cross-validation (refitting with each area removed) was used in
preference to approximate leave-one-out because the Pareto-k diagnostic exceeded 0.7,
a consequence of the near-saturation of a 14-area model with an areal random effect.

The full IPP-BYM2 model was evaluated on its central task of recovering the
residential origins of cases, using cross-validation. We used leave-one-hospital-out
cross-validation across the seven hospitals with recorded case origins. In each fold, all
likelihood contributions from one hospital, including its case terms and compensator,
were excluded before refitting the model. Its case total and residential origins therefore
did not inform the fit. The held-out hospital’s location was retained for prediction,
and its catchment scale was informed through the shared hierarchical distribution esti-
mated from the remaining hospitals. The posterior mean origin probabilities across
subdistricts (Eq. (13)) were then compared with the held-out hospital’s observed ori-
gin distribution. Agreement was summarised by two standard measures of distance
between probability distributions. The total variation distance, TVD = 1 3° ;1P — il
between the inferred (p) and observed (p) origin proportions, measures the total misal-
located probability (lower is better). The multinomial log predictive score, > 1 log p;
where n; is the observed number of cases from subdistrict j, is the log-probability the
model assigns to the true origins (higher is better) [41]. Both were compared against
two deterministic allocation baselines (uniform allocation and allocation proportional
to population) and used to choose between the exponential and gravity kernels on held-
out data. Residual spatial autocorrelation was assessed by Moran’s I on the Pearson
residuals of the fitted model, to confirm that the spatial effect absorbs the clustering
present in the raw counts.



3 Results

Descriptive characteristics

A total of 1,842 dengue cases were analysed across the 14 subdistricts, of which 1,622
had a recorded subdistrict of residence and 220, all from a single hospital, did not (Fig.
2). Case counts, population, and the two retained covariates are summarised in Table 1.
Raw counts were highest in Panakukkang (259), Tamalate (231) and Manggala (203);
however, these are among the most populous subdistricts, and per-1,000 incidence
varied more modestly and did not simply track the counts, for example, populous
Biringkanaya had a low rate (0.5 per 1,000) while the small central subdistrict of
Ujung Pandang had the highest (1.9 per 1,000). This discrepancy between counts and
rates motivates the population-adjusted analysis.

Table 1 Descriptive summary by subdistrict, ordered by case count: resident
population, dengue cases with known residence, cases per 1,000 residents,
mean NDVI, and health facility density (facilities per 10,000 residents).

Subdistrict Population Cases per 1,000 NDVI Health dens.
Panakukkang 153,599 259 1.7 0.22 1.2
Tamalate 174,552 231 1.3 0.21 1.0
Manggala 168,720 203 1.2 0.30 1.0
Rappocini 148,277 177 1.2 0.16 1.6
Tallo 134,776 152 1.1 0.12 1.1
Mariso 56,006 103 1.8 0.16 1.9
Makassar 80,835 103 1.3 0.09 1.0
Biringkanaya 200,807 94 0.5 0.24 1.1
Mamajang 55,729 62 1.1 0.11 1.7
Tamalanrea 112,678 62 0.6 0.22 1.4
Bontoala 55,337 50 0.9 0.08 2.4
Ujung Pandang 25,394 47 1.9 0.14 6.4
Ujung Tanah 40,161 41 1.0 0.10 1.9
Wajo 29,461 38 1.3 0.06 3.7

The raw case counts showed statistically significant positive spatial autocorrelation
(Moran’s I = 0.23, p = 0.04, queen contiguity), indicating clustering across subdis-
tricts and supporting a spatial random-effect structure. Among candidate covariates,
precipitation and vapour pressure deficit showed negligible within-city variation (coef-
ficients of variation below 2%), reflecting the coarse resolution of the source climate
products relative to the size of the city, and were not retained. Population density and
precipitation were also collinear with other predictors (variance inflation factors of 5.7
and 7.1); population was in any case represented through the offset. This left NDVI
and health facility density as the covariates carried forward.

Among the five hospitals with coordinate data, travel distances were strongly right-
skewed: most patients attended a nearby facility (median distances of 2-4.5 km) but
a meaningful minority travelled several kilometres across subdistrict boundaries (Fig.
3). This concentration near the facility together with a non-negligible tail motivates
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Fig. 2 Distribution of dengue cases by subdistrict and by reporting hospital.

a distance-decay catchment kernel with a heavier tail than a simple exponential, and
the kernel parameters were estimated within the full model rather than fixed from
these marginal distance distributions.
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Fig. 3 Distribution of patient-to-hospital travel distances for the five hospitals with coordinate data:
(a) histograms with fitted lognormal (red) and gamma (blue) densities and median (dashed); (b)
Cullen and Frey skewness—kurtosis diagrams.

Area-level model selection

We fitted the four area-level models (M1-M4, Egs. (1)—(6)), all with the population
offset and with NDVT and health facility density as covariates, to quantify the separate

11



contributions of covariates and spatial dependence and to select the intensity structure
for the full model. This model-selection stage used the aggregated counts of the 1,622
cases with a recorded subdistrict of residence (from the seven hospitals reporting
location), since unlocated cases cannot be aggregated to subdistricts; all 1,842 cases
are used by the full model below.

Table 2 Comparison of candidate area-level Bayesian models

Model  Structure WAIC SE(WAIC) Aelpdcyv vs M3
M1 Null Poisson 758 154 -

M2 Poisson + Covariates 430 92 -

M3 BYM2 113 2.7 0 (reference)
M4 BYM2 + Covariates 113 2.6 +1.65 (SE 1.57)

The non-spatial models (M1, M2) fitted markedly worse than the spatial models,
supporting the inclusion of a spatial random effect. WAIC did not distinguish M3
and M4 (both 113); with 14 areas and an areal random effect, the models are near-
saturated in-sample, and residual Pearson dispersion was far below its null expectation.
Under exact leave-one-area-out cross-validation, M4 had a modestly higher estimated
predictive accuracy than M3 (Aelpd = 1.65, SE 1.57), but the difference was small
relative to its uncertainty and does not establish a clear predictive advantage. For a
held-out area, M4 uses covariate information in addition to the spatial structure. The
estimated spatial standard deviation was lower under M4 (0.55 versus 0.73), a reduc-
tion of approximately 25% in standard deviation, equivalent to approximately 43% in
variance based on these point estimates. This reduction should not be interpreted as
a causal proportion of variance explained. M4 was retained as the covariate-adjusted
area-level structure for the full IPP model, while recognising the limited evidence
distinguishing it from Ma3.

Catchment kernel and origin recovery

The central claim of the framework is that it can infer where cases originate from the
reporting hospital and the spatial intensity. We evaluated this directly, and used it
to choose the catchment kernel, by held-out cross-validation of origin recovery: each
hospital with known origins was held out in turn, all of its likelihood contributions
were excluded, and the model was refitted using the remaining hospitals. The predicted
origin distribution for the held-out hospital was then compared with its observed
distribution. This provides a like-for-like comparison of the exponential and gravity
(power-law) kernels, and of the model against deterministic allocation baselines, on
data the model did not see.

Table 3 shows that the proposed model recovered held-out case origins substantially
better than every alternative. The gravity kernel reduced the mean total variation
distance to 0.243, against 0.366 for a population-proportional baseline and 0.419 for
uniform allocation, and improved the log-score by 348 nats over the best baseline.
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Table 3 Held-out recovery of case origins (seven hospitals with
known origins). The total variation distance (TVD, case-weighted
mean; lower is better) and pooled multinomial log-score (higher is
better) compare the inferred origin distributions with the truth.

Method Mean TVD  Log-score
IPP-BYM2, gravity kernel (proposed) 0.243 —3736
IPP-BYM2, exponential kernel 0.370 —4436
Population-proportional allocation 0.366 —4084
Uniform allocation 0.419 —4281

Holding the intensity model fixed, replacing the gravity kernel with the conven-
tional exponential kernel degraded recovery markedly (log-score —4436 versus —3736),
and the exponential specification did not even outperform the trivial population-
proportional baseline. The gravity kernel was therefore adopted; its shared shape
parameter was estimated at b = 1.38 (90% CrlI: 1.28-1.47), consistent with the range
reported for gravity models of spatial interaction [24, 42].

Parameter estimates

Table 4 presents posterior estimates from the final IPP-BYM2 model. On the per-
person scale, NDVI was positively associated with dengue risk (8 = 0.29, 90% Crl:
0.04-0.53), its credible interval excluding zero, indicating that more vegetated sub-
districts carried somewhat higher risk per resident. Health facility density showed a
weak negative association whose interval included zero (8 = —0.22, 90% Crl: —0.44
to 0.01), and we do not interpret it as a robust effect. The shared kernel shape was
b = 1.38 (1.28-1.47); the spatial standard deviation was o = 0.47 (0.30-0.71) and the
mixing parameter p = 0.54 (0.01-0.99), the latter weakly identified as expected with
only 14 areas.

Table 4 Posterior parameter estimates from the final
per-person IPP-BYM2 model with a gravity
catchment kernel.

Parameter Mean 90% Crl

NDVI (per-person log-RR)  0.29 (0.04, 0.53)
Health facility density —0.22 (—0.44, 0.01)
Kernel shape b 1.38 (1.28, 1.47)
Spatial SD o 0.47 (0.30, 0.71)
Spatial mixing p 0.54 (0.01, 0.99)

Figure 4 and Table 5 present the relative-risk estimates from the final model,
which combines a population offset, hospital catchment modelling and inference for
missing origins. Manggala had the highest estimated relative risk, 2.73 (90% CrlI:
2.41-3.06; EP = 1.00). Four subdistricts met the specified high-risk criterion (EP >
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0.80): Manggala, Tamalate, Rappocini and Tallo, with the latter three having lower
point estimates (RR 1.1-1.3). Panakukkang had the highest recorded case count (259),
but its estimated RR was 0.95; Biringkanaya, the most populous subdistrict, had 94
recorded cases and an estimated RR of 0.91. These comparisons show that rankings by
recorded case count and model-estimated relative risk differ. They do not isolate the
contribution of population adjustment from that of the catchment model or missing-
origin inference. The estimates can inform further assessment of spatial priorities,
alongside absolute disease burden, uncertainty and intervention feasibility.

Table 5 Relative risk per person (RR) and exceedance
probability (EP = P(RR > 1)) by subdistrict from the
final model, ordered by RR. High: EP > 0.80; Moderate:
0.50 < EP < 0.80.

Subdistrict RR (90% CrI) EP Class
Manggala 73 (2.41, 3.06) 1.00 High
Tamalate 1 26 (1.12, 1.42)  0.999 High
Rappocini 1.24 (1.09, 1.39)  0.998 High
Tallo 1.12 (0.98,1.27) 0926  High
Ujung Tanah 1.11 (0.86, 1.38)  0.737  Moderate
Tamalanrea 1.00 (0.82, 1.20)  0.493 Low
Panakukkang 0.95 (0.84, 1.07)  0.247 Low
Biringkanaya 0.91 (0.76, 1.08)  0.182 Low
Mariso 0.85 (0.71, 1.00)  0.046 Low
Wajo 0.85 (0.64, 1.09) 0.137 Low
Makassar 0.63 (0.53, 0.74)  0.000 Low
Bontoala 0.59 (0.47, 0.73)  0.000 Low
Mamajang 0.39 (0.30, 0.49)  0.000 Low
Ujung Pandang  0.36 (0.27, 0.48)  0.000 Low

Model calibration and inferred origins

The observation model was well calibrated (Fig. 5b): predicted and observed hospital
case totals lay close to the line of equality across the eight hospitals. Residual spatial
autocorrelation was removed: Moran’s I on the Pearson residuals was —0.03 (p =
0.38), compared with 0.23 (p = 0.04) for the raw counts, confirming that the spatial
random effect absorbs the clustering that motivated the analysis. Hospital catchment
behaviour, summarised as the mean distance of each hospital’s inferred case origins,
was similar across facilities (about 3-5 km; Fig. 5a), with 75-84% of a hospital’s
inferred cases originating within 5 km.

Finally, the framework yields a posterior distribution over the residential origins of
the 220 unlocated cases (Fig. 5¢). These are inferred to originate predominantly from
the high-risk eastern subdistricts near the reporting hospital, with the largest expected
contributions from Manggala and neighbouring areas, an inference that would be
unavailable to any analysis restricted to cases with complete location information.

The substantive conclusions were robust to modelling choices: the estimated risk
surface and the identification of Manggala as the dominant hotspot were essentially
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Fig. 4 (a) Posterior mean relative risk of dengue per person by subdistrict, and (b) exceedance

probability, P(RR > 1), that a subdistrict’s rate per resident exceeds the average across subdistricts.
Risk is strongly concentrated in Manggala, in the east of the city.
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Fig. 5 Outputs of the final model: (a) estimated hospital catchment, as the mean distance of each
hospital’s inferred case origins; (b) observed versus predicted hospital case totals (dashed line: perfect
agreement); (c) inferred residential origins of the 220 unlocated cases, as expected cases per subdis-
trict.

unchanged under alternative intercept and spatial priors and under omission of the
covariates (rank correlation above 0.99 in each case).

4 Discussion

A Bayesian statistical framework was developed to map per-person dengue risk in
Makassar while accounting for hospital catchment behaviour and cases with incom-
plete residential location. By combining an inhomogeneous Poisson process (IPP), a
per-person BYM2 intensity, and a distance-based gravity kernel, the framework simul-
taneously estimated subdistrict-level relative risk, hospital catchment patterns, and
the probable origins of unlocated cases within a single likelihood spanning three levels
of location resolution.
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The analysis produced two principal findings. Methodologically, the framework’s
central task, inferring where cases originate from the reporting hospital and the spa-
tial intensity, was evaluated directly by out-of-sample cross-validation, under which a
gravity catchment kernel clearly outperformed both the conventional exponential ker-
nel and simple deterministic allocation rules. Substantively, the full model identified
Manggala as the subdistrict with the highest estimated relative risk, while four sub-
districts met the specified high-risk criterion. These estimates reflect the combined
population adjustment, catchment model and treatment of missing origins.

Exceedance-probability analysis classified Manggala, Tamalate, Rappocini and
Tallo as high risk under the specified threshold. Manggala had the highest estimated
relative risk (2.7; EP = 1.00). Panakukkang had the highest recorded case count,
whereas Biringkanaya had the largest resident population; neither met the model’s
high-risk criterion. The contrast between recorded counts and model-estimated relative
risk reflects the combined population adjustment, catchment model and treatment of
missing origins, rather than demonstrating the effect of population adjustment alone.
These findings support closer investigation of Manggala and the other areas classified
as high risk. Decisions about control resources should also consider absolute burden,
uncertainty in the estimates, existing service coverage and the feasibility and expected
benefit of interventions.

The pre-eminence of Manggala is consistent with its ecology. Manggala is a periph-
eral suburban district in eastern Makassar undergoing rapid demographic expansion
alongside complex environmental challenges. Its geomorphology, dominated by the
low-lying basin structures of the Antang area, subjects it to chronic seasonal inun-
dation, compounded by the operations of the Tamangapa Landfill. Inadequate urban
drainage fails to clear post-flood waters which, combined with widespread discarded
open containers near the landfill, generate extensive stagnant pools that offer optimal
micro-habitats for Aedes aegypti proliferation. These ecological dynamics plausibly
elevate Manggala to a primary focus of dengue transmission in the city [4, 43, 44].

On the per-person scale, NDVI retained a positive association with dengue
risk (0.29; 90% Crl: 0.04-0.53), consistent with vegetated environments providing
favourable conditions for Aedes mosquitoes, although the effect was considerably
weaker than on the raw-count scale and its context-dependence is well documented
[4, 26, 27, 45]. We caution against over-interpretation: NDVI is spatially correlated
with population and area, and much of its apparent strength in count-based analyses
is attributable to this confounding. Health facility density showed only a weak, non-
significant association after adjustment for population, and we do not interpret it as
evidence that healthcare access reduces dengue risk; on the raw-count scale the same
covariate appears protective, but this too is largely a population artefact.

Estimated mean catchment distances were broadly similar across the eight hos-
pitals (approximately 3-5 km), with the majority of each hospital’s inferred cases
originating within 5 km. We deliberately refrain from attributing catchment breadth
to specific institutional characteristics. With only eight hospitals, candidate predic-
tors such as physician numbers and institutional affiliation are strongly collinear with
hospital case volume (the three faith-based hospitals are also the three highest-volume
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hospitals), and case volume itself is mechanically related to the estimated catch-
ment scale. Any regression of catchment on such characteristics would therefore be
confounded, and earlier suggestions in the literature that, for example, faith-based
hospitals draw wider catchments cannot be substantiated with data at this resolution.

A methodological contribution of this study is the treatment of cases with missing
origin information, a frequent problem in facility-based surveillance where patients
seek care away from home or addresses are incompletely recorded. Here 220 of the
1,842 cases (11.9%) lacked a subdistrict of residence. Rather than assigning these
to fixed locations by deterministic rules, which discard the uncertainty in the true
origin before analysis begins, the framework treats each origin as a latent variable
and infers a full posterior distribution over subdistricts (Eq. (13)), propagating that
uncertainty into the risk estimates. This is consistent with the wider use of latent-
variable and point-process methods for incomplete spatial data in epidemiology and
ecology [18, 32, 33, 46].

Crucially, this capability was tested rather than asserted. Because the located cases
provide a ground truth, the framework’s ability to recover origins was evaluated out-
of-sample by excluding each hospital’s entire likelihood contribution in turn, refitting
the model, and comparing its predicted origin distribution with the observed one.
This assessed prediction for a held-out hospital whose case total and origins were both
excluded from fitting. Under this criterion, the model outperformed both uniform
and population-proportional allocation, as well as a version of the model using the
conventional exponential catchment kernel (Table 3). These results provide support
for the gravity kernel and the latent-origin approach used to account for cases with
missing residential information.

Several limitations should be taken into account. First, the analysis is ecological:
covariates and risk are measured at the subdistrict level, so the associations we report
(for example, between NDVI and risk) describe area-level patterns and cannot be
interpreted as individual-level effects, and are subject to the ecological fallacy. Sec-
ond, the analysis is cross-sectional, pooling cases over 2021-2025; it does not capture
seasonal or interannual variation in transmission, and a spatio-temporal extension is
a natural next step. Third, with only 14 subdistricts and a spatial random effect per
area, the intensity model is close to saturated in-sample: information criteria have lit-
tle power to discriminate between models, which is why we relied on out-of-sample
cross-validation throughout, and why the covariate and spatial-mixing parameters are
only weakly identified. Fourth, the data derive from eight major hospitals and may
not capture dengue cases presenting to primary healthcare or other facilities, or cases
that do not enter the formal healthcare system. Previous evidence from Indonesia sug-
gests substantial under-ascertainment of symptomatic dengue along the pathway from
healthcare attendance to diagnosis and surveillance reporting [47]; the observation
model also lacks a competing-destinations term, treating each hospital’s attraction
independently rather than as a choice among alternatives. Finally, the study is con-
fined to one city, so the substantive findings may not transfer to settings with different
populations, environments, or health systems.
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These limitations point to natural extensions. A spatio-temporal formulation would
capture seasonal and interannual variation and outbreak dynamics [15, 48]; incorpo-
rating human mobility would better represent how infection and healthcare-seeking
connect areas beyond simple adjacency [49, 50]; and a competing-destinations obser-
vation model would represent hospital choice as a selection among alternatives. More
immediately, the framework is directly applicable to other cities and diseases whose
surveillance data share the same feature of incomplete, facility-based case locations.

5 Conclusion

This study introduced a per-person IPP-BYM2 framework for mapping dengue risk
from facility-based surveillance data in which case locations are recorded at three levels
of resolution and some are missing entirely. Treating unlocated origins as latent vari-
ables and marginalising over them, the framework jointly estimated per-person relative
risk, hospital catchment behaviour, and the probable origins of unlocated cases. Its
central capability, recovering case origins, was validated out-of-sample, under which a
gravity catchment kernel outperformed both the conventional exponential kernel and
deterministic allocation baselines. Substantively, the full model identified Manggala
as the subdistrict with the highest estimated relative risk, with Tamalate, Rappocini
and Tallo also meeting the specified high-risk criterion. Differences between rankings
by recorded case count and estimated relative risk can inform spatial assessment, but
control priorities should also consider absolute burden, uncertainty and intervention
feasibility. More broadly, the framework offers a principled and testable approach to
disease mapping from the incomplete, facility-based surveillance data that are common
in low- and middle-income settings.
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