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Abstract

Climatic conditions shape dengue transmission potential, but ecological occurrence and
settlement characteristics may alter its geographical expression. Here, we use CliMed, a daily
mechanistic framework driven by median climate forcing from three CMIP6 models, to investigate
dengue transmission potential across India under historical (2005-2014) and near-term (2026—
2035) conditions across three Shared Socioeconomic Pathways. Spatially averaged
entomological inoculation rate (EIR) increased by 13.8—-17.8% across scenarios, while high-
transmission hotspots remained geographically consistent with historical conditions (Jaccard
similarity: 0.885-0.897). Under identical SSP2-4.5 forcing, full contextual gating reduced mean
EIR by 83.4% and substantially reorganised hotspot geography (Jaccard similarity: 0.301).
Persistent hotspots exhibited comparable geographical reclassification (Jaccard similarity: 0.272),
despite largely conserved seasonal timing. These findings distinguish climatic intensification from
context-dependent geographical prioritisation and temporal persistence, providing a mechanistic
basis for understanding the spatial and temporal organisation of climate-sensitive dengue
transmission potential.

Keywords: Dengue; climate variability; mechanistic modeling; contextual gating;, spatial
heterogeneity; transmission potential; vector occurrence; CMIP6

Introduction

Dengue transmission is shaped by interacting climatic, ecological and human-environmental
processes, making its geographical distribution and seasonal dynamics particularly sensitive to
environmental variability’. Temperature influences mosquito development, survival, biting
activity and viral incubation, while precipitation and atmospheric moisture modify the
environmental conditions supporting vector populations and transmission*5. Global modelling
studies have demonstrated that changes in climatic conditions can substantially redistribute areas
suitable for Aedes-borne virus transmission, with geographically heterogeneous responses to
warming and associated changes in the distribution of populations potentially exposed to
dengue®®. However, the geographical expression of transmission potential depends on more than
climatic suitability. Vector occurrence, habitat characteristics, settlement patterns and human-
associated environmental conditions influence where favourable climatic conditions coincide with
the ecological and contextual requirements for transmission®°.
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Mechanistic modelling provides a means of translating climatic variability into biologically
interpretable transmission processes, rather than relying exclusively on statistical associations
between environmental conditions and disease occurrence'. Experimental and theoretical
investigations have demonstrated that mosquito development, survival, biting frequency, vector
competence and viral incubation respond nonlinearly to temperature, with daily thermal
fluctuations further modifying transmission-related biological processes*'2-'*. Precipitation and
atmospheric moisture additionally influence mosquito habitats, adult-vector survival and
population dynamics, creating interactions between climatic conditions and local environmental
characteristics®. Building on these biological relationships, trait-based and spatially explicit
mechanistic frameworks have been developed to investigate the geographical and temporal
variability of mosquito-borne disease dynamics and arboviral transmission potential®'®. Such
approaches allow climatic forcing to be propagated through interacting vector and transmission
processes, providing a basis for estimating quantities such as the entomological inoculation rate
(EIR) and force of infection (FOI)'®. Importantly, the resulting transmission landscapes reflect the
combined responses of multiple biological processes operating over different timescales, making
the representation of daily climatic variability and environmental heterogeneity central to
interpreting their spatial and seasonal behaviour.

Recent advances in dengue and vector-distribution modelling have increasingly recognised that
climatic suitability must be interpreted alongside ecological conditions and human-associated
environmental characteristics. Studies in Vietnam have demonstrated that climate, urban
infrastructure and human mobility contribute differently to dengue emergence, while broader
investigations have shown that environmental barriers and human connectivity influence the
geographical processes underlying transmission®'°. Similarly, climate- and population-dependent
diffusion modelling has highlighted how vector establishment and geographical expansion depend
on processes extending beyond environmental suitability alone'”. These developments establish
the importance of integrating multiple environmental and contextual dimensions, but also raise a
complementary question: how do ecological occurrence and settlement-related constraints
modify the intensity, geographical prioritisation and temporal persistence of transmission potential
generated by a common mechanistic framework? Addressing this question requires distinguishing
changes associated with climatic forcing from those arising through contextual constraints, while
examining whether geographically persistent transmission hotspots remain similarly prioritised
across alternative climate scenarios and environmental configurations.

India provides a particularly relevant setting for examining these interactions because its climatic
diversity, pronounced monsoon seasonality, heterogeneous landscapes and contrasting
settlement characteristics create substantial geographical variation in the environmental
conditions supporting dengue transmission. Epidemiological investigations have documented the
widespread occurrence of dengue across India, while systematic reviews and population-based
serosurveys have revealed considerable regional heterogeneity in infection exposure'-2.
Climatic analyses have further highlighted the influence of temperature, precipitation and
seasonal variability on dengue dynamics, with differing relationships across geographical and
climatic regions?'. At finer spatial scales, investigations in Delhi have demonstrated pronounced
geographical clustering and seasonal variation in dengue occurrence?®.
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Here, we present CliMed, a spatially explicit mechanistic modelling framework that integrates
climate-sensitive vector biology, land-use characteristics and coupled vector—host transmission
processes to investigate the geographical and temporal variability of dengue transmission
potential across India. Using daily climate forcing constructed from three CMIP6 Earth system
models, we compare historical conditions (2005-2014) with near-term projections (2026—2035)
under SSP1-2.6, SSP2-4.5 and SSP5-8.5. We first examine changes in entomological inoculation
rate (EIR) and force of infection (FOI), including their nonlinear climatic relationships, seasonal
characteristics and geographical hotspot distributions. We then evaluate the consistency of
transmission hotspots across climate scenarios and compare vector-occurrence, VIIRS and full
contextual gating under common SSP2-4.5 forcing to quantify changes in transmission intensity
and geographical prioritisation. Finally, we assess the temporal recurrence of high-transmission
locations and the sensitivity of persistent-hotspot classifications to alternative thresholds. By
distinguishing climatic intensification, contextual geographical reorganisation and temporal
hotspot persistence within a common mechanistic framework, this study provides an integrated
perspective on how climatic and environmental heterogeneity shapes dengue transmission
potential and offers a basis for identifying geographically consistent priorities for further ecological
investigation.

Results

Spatial intensification and heterogeneous redistribution of mechanistic transmission
potential

CliMed simulations revealed a spatially heterogeneous distribution of dengue transmission
potential across India under historical (2005-2014) and near-term (2026—-2035) climate conditions
(Fig. 1). Using daily climate forcing derived from the median of three CMIP6 models, the grid-cell-
averaged entomological inoculation rate (EIR) increased from 0.0591 infectious bites person™
day™ during the historical period to 0.0697 infectious bites person™ day™ under SSP2-4.5,
representing an absolute increase of 0.0105 infectious bites person™ day™ (17.8%). The
corresponding force of infection (FOI) increased from 0.0207 to 0.0244 day™, an absolute
increase of 0.00369 day™ (17.8%; Fig. 1d—f). Both periods exhibited pronounced geographical
contrasts, with relatively high transmission potential concentrated in parts of northeastern India
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and more localized areas of central, eastern and peninsular India, whereas much of northwestern
India and the Himalayan region exhibited comparatively low values (Fig. 1a,b,d,e).
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Figure 1 Spatial distribution and near-term intensification of mechanistic dengue transmission potential across
India under three-GCM median climate forcing. a,b, Mean entomological inoculation rate (EIR; infectious bites
person ™ day ™) during the historical (2005-2014) and near-term (2026—2035) periods, respectively. c, Spatial change
in mean EIR, calculated as near-term minus historical EIR. d,e, Mean force of infection (FOI; day ™) during the
corresponding historical and near-term periods, respectively. f, Spatial change in mean FOI, calculated as near-term
minus historical FOI. Daily meteorological forcing was constructed from the median of three CMIP6 global climate
models (MPI-ESM1-2-LR, MRI-ESM2-0 and ACCESS-ESM1-5), followed by mechanistic CliMed simulations on a
common 20-km grid. The near-term experiment represents SSP2-4.5, with optional contextual gates disabled in both
periods. Historical and near-term maps share identical colour scales within each transmission metric, while difference
maps use symmetric, zero-centred scales, with red indicating increased and blue indicating decreased transmission
potential. Across 8,292 common valid grid cells, mean EIR and FOl increased by 17.8%, with positive changes in 84.0%
of cells. Colour scales are truncated at predefined upper percentiles for visualisation, whereas the reported statistics
are calculated from the untruncated model outputs. EIR and FOI represent mechanistically simulated transmission
potential rather than observed dengue incidence, and the period differences are not interpreted as formal attribution to
anthropogenic climate change.
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Although the broad geographical structure of transmission potential remained similar between
periods, the magnitude and spatial distribution of change were distinctly heterogeneous (Fig. 1c,f).
Across 8,292 grid cells with valid estimates in both periods, EIR increased in 84.0% of cells,
decreased in 8.3% and remained unchanged in 7.7%. The median cellwise EIR change was
+0.00496 infectious bites person™ day™, compared with a mean increase of +0.0105, indicating
that larger localized increases contributed disproportionately to the spatially averaged change.
Localized decreases occurred within the broader pattern of intensification.
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Nonlinear climatic responses and limited explanatory performance for spatial changes in
transmission potential

The climatic structure of mechanistic transmission potential was examined using near-surface air
temperature, relative humidity and precipitation across 8,292 valid grid cells under historical and
near-term conditions (Fig. 2a—c). Fitted conditional relationships showed pronounced nonlinearity
across all three meteorological variables. EIR remained low under cooler temperature conditions
and increased sharply towards the warmer end of the sampled distribution (Fig. 2a). Relative
humidity exhibited a more gradual response, with increasing fitted EIR across intermediate
humidity levels and a tendency towards saturation at higher values (Fig. 2b). Precipitation showed
a non-monotonic fitted relationship, with EIR increasing towards intermediate rainfall conditions
before declining at the wetter end of the distribution (Fig. 2c). Although the historical and near-
term response curves retained broadly similar shapes, their magnitudes and local maxima
differed.

The ability of annual-mean climatic changes to explain geographical variation in near-term EIR
was evaluated using spatial-block cross-validation (Fig. 2d—f). The additive model incorporating
changes in temperature, relative humidity and precipitation yielded a spatially cross-validated
R?0f -0.071, indicating poorer predictive performance than a constant-mean reference. Removing
individual predictors did not reduce predictive performance; instead, the cross-validated
R?increased by 0.0047 following temperature removal, 0.0098 following relative-humidity removal
and 0.0318 following precipitation removal (Fig. 2d). The spline-ridge specification and spatial
cross-validation settings are summarised in Supplementary Section S2 and Supplementary Table
S1. The spatial distribution of the largest fitted local effects varied geographically, with different
climatic variables contributing the greatest absolute fitted effects across different regions (Fig.
2e). However, the poor out-of-block predictive performance indicates that these local contributions
should not be interpreted as independently established climatic drivers of EIR change. The
residual distribution further revealed geographically structured discrepancies between simulated
and statistically reconstructed AEIR, including pronounced differences in parts of northeastern
India (Fig. 2f).
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Figure 2 Nonlinear climatic relationships and spatial predictive performance of meteorological changes for
mechanistic transmission potential across India. Empirical and fitted relationships between entomological
inoculation rate (EIR) and near-surface air temperature, relative humidity and precipitation, respectively, for the
historical (2005-2014) and near-term (2026—2035; SSP2-4.5) periods. Open blue circles and red squares represent
median EIR values within 20 empirical climate-quantile classes, while solid blue and dashed red curves represent fitted
conditional responses from additive spline regression models. The fitted curves are evaluated by varying one
meteorological variable while holding the remaining variables at their median values; they are therefore not direct fits
to the marginal quantile medians. d, Change in spatial-block cross-validated RZ*following removal of each
meteorological predictor from the additive model of near-term-minus-historical EIR (AEIR). Negative values indicate
that removing the predictor improved predictive performance. e, Spatial distribution of the meteorological variable with
the largest absolute centred fitted contribution to AEIR in the full-sample additive model. Colours distinguish
temperature, relative humidity and precipitation and do not indicate causal dominance. f, Spatial residuals of the cross-
validated AEIR model, calculated as mechanistically simulated minus statistically predicted EIR change. Positive values
indicate statistical underprediction and negative values indicate overprediction. The regression and spatial attribution
analyses are post hoc characterisations of CliMed outputs rather than independent validation of the mechanistic model.
All experiments use three-GCM median climate forcing, a common 20-km model grid and neutral optional contextual
gates.

Seasonal intensification of mechanistic transmission potential under near-term climatic
conditions

The monthly climatology revealed pronounced seasonality in mechanistic dengue transmission
potential across India, with EIR and FOI concentrated predominantly during the southwest
monsoon period under both historical (2005-2014) and near-term (2026-2035; SSP2-4.5)
conditions (Fig. 3a,b). August EIR increased from 0.2364 to 0.2782 infectious bites person™ day™
(17.7%), while September exhibited a larger absolute increase of 0.0456 infectious bites person™
day™, corresponding to a 32.8% increase from 0.1391 to 0.1847. Transmission potential also
increased during June (15.8%), July (16.6%) and October (31.4%), whereas lower values were
simulated during May (-15.7%) and November (-33.9%) relative to the historical climatology. FOI



202
203
204

205

206
207
208
209
210
211
212
213
214
215
216
217
218
219

220
221
222
223
224
225
226
227
228

followed the same seasonal pattern, increasing from 0.0827 to 0.0974 day™ in August and from
0.0487 to 0.0646 day™ in September, consistent with its proportional relationship to EIR in the
model configuration.
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Figure 3 Historical and near-term monthly climatologies of mechanistic dengue transmission potential and
meteorological forcing across India. a,b, Monthly mean entomological inoculation rate (EIR; infectious bites person ™
day ™) and force of infection (FOI; day ), respectively, simulated by CliMed during historical (2005-2014) and near-
term (2026-2035) periods. c—e, Corresponding monthly climatologies of relative humidity (%), near-surface air
temperature (°C) and precipitation (mm day ™), respectively. Solid blue lines represent historical conditions, while
dashed red lines represent the near-term SSP2-4.5 experiment. Shaded envelopes indicate the 10th—90th percentile
ranges calculated across ten year-specific monthly means, representing interannual variability rather than confidence
intervals. The light-grey vertical shading denotes the June—September southwest monsoon period. Daily meteorological
inputs were derived from three-GCM median climate forcing, and monthly climatologies were calculated by first
averaging daily values within each calendar month and subsequently averaging the corresponding monthly values
across ten years. Transmission outputs were evaluated on a common 20-km grid across India, with 8,292 common
valid cells for EIR and FOI. All simulations were performed with optional occurrence and VIIRS contextual gates
disabled. The figure characterises seasonal correspondence between climatic conditions and mechanistic transmission
potential without implying direct statistical attribution of EIR or FOI changes to individual meteorological variables.

The seasonal changes in simulated transmission potential occurred alongside differences in the
meteorological forcing (Fig. 3c—e). Near-surface air temperature increased in every calendar
month, with monthly mean differences ranging from approximately 0.23 to 0.78 °C. The highest
climatological temperatures occurred in June, increasing from 30.71 °C historically to 31.17 °C
under SSP2-4.5. Relative humidity exhibited a pronounced monsoon maximum in August,
increasing from 82.44% to 84.63%, followed by larger absolute increases during September
(+4.35 percentage points) and October (+5.23 percentage points). Precipitation similarly reached
its maximum in August, increasing from 4.53 to 5.14 mm day™ (13.6%), while September
precipitation increased from 2.57 to 3.14 mm day™ (22.1%).
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Spatial stability of peak transmission timing and regional changes in seasonal
concentration

Despite the intensification of monsoon-associated transmission potential (Fig. 3), the
geographical timing of maximum entomological inoculation rate (EIR) remained largely conserved
between the historical (2005-2014) and near-term (2026—2035; SSP2-4.5) periods (Fig. 4a—c).
August was the dominant peak-transmission month across much of India, accounting for 81.4%
of the 7,634 paired grid cells with complete, positive monthly EIR climatologies during the
historical period and 79.5% under near-term conditions. Comparison between periods showed
that the peak EIR month remained unchanged in 83.0% of grid cells, shifted later in 11.1%, and
shifted earlier in 5.9%. These changes were geographically clustered rather than uniformly
distributed, with later peak months occurring in parts of central and southern India and earlier
shifts in portions of western and northern India (Fig. 4c). The median cellwise peak-month shift
was zero.

Changes in seasonal concentration were evaluated using Lg,, defined as the shortest contiguous,
cyclic sequence of calendar months accounting for at least 80% of the annual climatological EIR
(Fig. 4d—f). Historical Lg, averaged 2.960 months across the paired spatial domain, compared
with 2.968 months under near-term conditions, corresponding to a mean increase of only 0.009
months. Seasonal concentration remained unchanged in 82.8% of grid cells, while Lg, decreased
in 8.0% and increased in 9.2%. Spatially, longer concentration windows were apparent in parts of
southern and northeastern India, whereas shorter windows characterised much of the northern
and central domain. Localized reductions in Lgg, indicating greater concentration of annual
transmission potential within fewer consecutive months, occurred in parts of western and southern
India, while increases were distributed across portions of northern, central and eastern India. The
limited overall change in Lg,, together with the predominance of unchanged peak months,
indicates that near-term intensification of simulated EIR occurs primarily within an established
seasonal structure rather than through a widespread geographical shift or systematic extension
of the transmission season. Definitions and supporting seasonal-timing and concentration
statistics are provided in Supplementary Section S3 and Supplementary Table S2.
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Figure 4 Spatial distribution and near-term changes in the timing and seasonal concentration of mechanistic
dengue transmission potential across India. a,b, Geographical distribution of the calendar month with maximum
climatological entomological inoculation rate (EIR) during the historical (2005-2014) and near-term (2026—-2035; SSP2-
4.5) periods, respectively. The discrete colour scale represents January—December, allowing regional differences in
peak-transmission timing to be distinguished. ¢, Change in peak EIR month between periods, calculated using the
shortest signed displacement on a circular 12-month calendar. Positive values indicate later and negative values
indicate earlier peak months. d,e, Spatial distribution of seasonal concentration (Lg,) during the historical and near-
term periods, respectively. Lgyis the minimum number of consecutive calendar months required to account for at least
80% of annual climatological EIR, with temporal continuity evaluated across the December—January boundary. Smaller
Lgovalues indicate greater seasonal concentration, whereas larger values indicate a broader distribution of annual
transmission potential across the calendar year. f, Near-term-minus-historical change in Lg,, where negative values
indicate greater seasonal concentration and positive values indicate a broader seasonal window. Monthly EIR
climatologies were calculated from daily CliMed outputs by averaging within each year-month and subsequently across
the ten years in each period. The simulations used three-GCM median climate forcing, a common 20-km spatial grid
and neutral optional contextual gates. Analyses were restricted to 7,634 grid cells with complete and positive monthly
EIR climatologies in both periods. Difference-map colour limits were truncated for visualisation, while numerical
statistics were calculated from the untruncated results. The indicators describe changes in simulated transmission
seasonality rather than observed dengue incidence or formally attributed anthropogenic climate-change effects.
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Scenario-dependent intensification and geographical persistence of mechanistic
transmission hotspots

Near-term projections under three CMIP6 Shared Socioeconomic Pathways (SSPs) revealed
widespread increases in mechanistic dengue transmission potential across India, although the
magnitude of change varied between scenarios (Fig. 5a—d). Relative to the historical period
(2005-2014), the spatially averaged entomological inoculation rate (EIR) increased by 14.6%
under SSP1-2.6, 17.8% under SSP2-4.5 and 13.8% under SSP5-8.5 during 2026—2035. The
corresponding mean EIR increased from 0.0591 infectious bites person™ day™ historically to
0.0678, 0.0697 and 0.0673 infectious bites person™ day™, respectively. Positive EIR changes
occurred in 72.3%, 84.0% and 78.7% of the 8,292 common valid grid cells under SSP1-2.6, SSP2-
4.5 and SSP5-8.5, respectively. Although SSP2-4.5 produced the largest spatially averaged

Peak-month shift (months)

Change in L80 (months)
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increase, the scenario ordering was non-monotonic, with SSP5-8.5 exhibiting a smaller increase
than both SSP1-2.6 and SSP2-4.5 over the analysed near-term period.
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Figure 5 Near-term changes in mechanistic dengue transmission potential and spatial agreement of high-
transmission hotspots across three CMIP6 climate scenarios. a—c, Spatial changes in mean entomological
inoculation rate (AEIR; infectious bites person™ day ™) between the historical period (2005-2014) and near-term
projections (2026—2035) under SSP1-2.6, SSP2-4.5 and SSP5-8.5, respectively. Changes were calculated as near-
term minus historical mean EIR, with positive (red) and negative (blue) values displayed using a common symmetric,
zero-centred colour scale. d, Percentage changes in spatially averaged EIR and force of infection (FOI) relative to the
historical period across the three scenarios. Percentage changes represent the ratio of spatial means rather than
averages of grid-cell percentage changes. e, Jaccard similarity coefficients quantifying the spatial overlap between
historical and near-term EIR hotspots under each SSP, calculated as the number of grid cells classified as hotspots in
both periods divided by the number classified in either period. f, Geographical agreement of future EIR hotspot
classifications across the three SSPs. The discrete colour scale indicates whether each grid cell was classified as a
future hotspot under zero, one, two or all three scenarios. Hotspots were defined as the upper 10% of strictly positive
EIR values within each period or scenario, using a common spatial comparison domain. Daily meteorological forcing
was constructed separately for each experiment using the median of three CMIP6 global climate models (MPI-ESM1-
2-LR, MRI-ESM2-0 and ACCESS-ESM1-5), followed by one mechanistic CliMed simulation per period and scenario.
All experiments used the common 20-km model grid, with optional vector-occurrence and VIIRS contextual gates
disabled. Analyses included 8,292 common valid grid cells. Map colour limits were truncated at the 99.5th percentile of
absolute EIR changes for visualisation, while numerical statistics were calculated from untruncated values. Hotspot
agreement describes the consistency of relative modelled transmission-potential rankings and does not represent
independent climate-model uncertainty, observed dengue incidence or validation against surveillance data.

Despite differences in transmission intensity, the geographical distribution of high-EIR locations
remained largely conserved across the three scenarios (Fig. 5e,f). Hotspots were defined
separately within each experiment as the upper decile of grid cells with positive mean EIR. The
historical-to-future Jaccard similarity coefficients were 0.885, 0.890 and 0.897 under SSP1-2.6,
SSP2-4.5 and SSP5-8.5, respectively, indicating substantial overlap between historical and near-
term hotspot distributions. Correspondingly, 94.0-94.6% of historical hotspot cells retained their
hotspot classification under the future scenarios. Pairwise comparisons of future hotspot
distributions yielded Jaccard coefficients ranging from 0.903 to 0.944. Of the 8,292 valid grid cells,
714 (8.61%) were classified as hotspots under all three SSPs, whereas 54 (0.65%) were classified
under two scenarios and 45 (0.54%) under only one. Thus, approximately 93.3% of the 765
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hotspot cells identified within each future scenario were shared across all three pathways.
Scenario-level transmission and hotspot-agreement statistics are summarised in Supplementary
Section S4 and Supplementary Table S3.

Ecological occurrence and settlement-related constraints attenuate transmission potential
and reorganise spatial hotspot priorities

The influence of ecological occurrence and human-settlement-related constraints on mechanistic
dengue transmission potential was investigated using four configurations under identical SSP2-
4.5 climate forcing for 2026—2035: ungated, vector-occurrence gating, VIIRS gating and full gating
(Fig. 6). The ungated simulation produced a spatially averaged entomological inoculation rate
(EIR) of 0.0697 infectious bites person™ day™, with pronounced spatial heterogeneity across
northeastern, central and peninsular India (Fig. 6a). Introducing the vector-occurrence constraint
reduced mean EIR to 0.0240 infectious bites person™ day™, corresponding to a 65.6%
attenuation relative to the ungated simulation (Fig. 6b). The VIIRS constraint produced a greater
reduction, yielding a mean EIR of 0.0132 infectious bites person™ day™ (81.1% attenuation; Fig.
6¢). Under full gating, mean EIR decreased further to 0.0116 infectious bites person™ day™,
representing an overall attenuation of 83.4% (Fig. 6d). Corresponding reductions in the spatially
averaged force of infection (FOI) were 68.0%, 82.0% and 84.1% under vector-occurrence, VIIRS
and full gating, respectively. Although mean transmission potential decreased substantially under
all configurations, cellwise responses were not uniformly suppressive. Relative to the ungated
simulation, EIR decreased in 84.7%, 88.0% and 88.6% of grid cells under the three respective
configurations, while localized increases occurred in 7.2%, 3.9% and 3.3%. The geographical
distribution of attenuation was similarly heterogeneous, with particularly pronounced reductions
in northeastern India and additional spatially discontinuous reductions across central, eastern and
southern regions (Fig. 6e).

Beyond reductions in absolute transmission intensity, the constraints substantially altered the
geographical prioritisation of high-EIR locations (Fig. 6f). Hotspots were defined independently
for each configuration as the upper 10% of grid cells with positive mean EIR. Relative to the
ungated simulation, vector-occurrence gating retained 436 hotspot cells and reclassified 329,
yielding a Jaccard similarity coefficient of 0.399. VIIRS gating retained 405 hotspot cells and
reclassified 360 (Jaccard = 0.360), whereas full gating retained only 354 of the original 765
hotspot cells and introduced 411 newly prioritised cells (Jaccard = 0.301). Thus, 53.7% of ungated
hotspot locations were no longer classified among the highest-EIR cells after full gating, despite
the overall reduction in transmission potential.
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Figure 6 Effects of alternative contextual gating configurations on mechanistic dengue transmission potential
and hotspot classification under SSP2-4.5. a—d, Spatial distribution of mean entomological inoculation rate (EIR;
infectious bites person™ day ™) during 2026—-2035 under four CliMed configurations: ungated (a), vector-occurrence
gating alone (b), VIIRS gating alone (c) and full contextual gating (d). All configurations used the same three-GCM
median SSP2-4.5 climate forcing and common 20-km model grid, allowing differences in transmission potential to be
examined between the selected contextual configurations. A common colour scale was applied across panels a—d to
facilitate direct comparison of transmission intensity. e, Spatial attenuation of EIR under full gating, calculated as
ungated minus fully gated EIR. Positive values (red) indicate lower transmission potential after gating, whereas negative
values (blue) indicate locally higher values under the fully gated configuration. f, Geographical reclassification of high-
EIR hotspot cells between the ungated and fully gated configurations. Hotspots were independently defined as the
upper 10% of strictly positive EIR values within each configuration. Dark blue indicates hotspot cells retained in both
configurations, orange indicates locations classified as hotspots only in the ungated simulation, and green indicates
locations newly classified as hotspots under full gating. Light-grey areas were not classified as hotspots in either
configuration. All comparisons were performed over 8,292 common valid grid cells. Colour-scale limits for continuous
transmission fields were truncated at the 99.5th percentile for visualisation, whereas reported statistics were calculated
from untruncated model outputs. Vector occurrence and VIIRS were used as ecological and settlement-related
contextual constraints, respectively; they do not directly represent future vector invasion, observed human mobility or
reported dengue incidence. Changes in hotspot classification indicate relative spatial reprioritisation rather than
necessarily increased absolute transmission potential.
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Grid-cell EIR rankings also changed, with Spearman rank correlations relative to the ungated
simulation declining from 0.859 under vector-occurrence gating to 0.817 under VIIRS gating and
0.760 under full gating. These changes contrast with the substantially greater historical-to-future
hotspot overlap observed across the three climate scenarios (Fig. 5), indicating that the tested
contextual constraints produce more extensive relative spatial reorganisation than the differences
among the near-term climate experiments.

The geographical reorganisation was also apparent when model outputs were aggregated to
administrative units. State-mean EIR rankings changed substantially between ungated and fully
gated configurations, with only five of the original ten highest-ranked states or union territories
remaining in the top ten after full gating. Kerala increased from ninth to second position, Goa from
eighteenth to third, Bihar from twenty-first to sixth and West Bengal from nineteenth to ninth,
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whereas Arunachal Pradesh decreased from second to nineteenth and Chhattisgarh from eighth
to twentieth. Andaman and Nicobar Islands retained the highest mean EIR ranking across all four
configurations. These administrative comparisons provide an additional illustration of spatial
reprioritisation, although individual state rankings are sensitive to the number and geographical
distribution of contributing grid cells. The stronger mean attenuation under VIIRS gating and the
additional reorganisation under full gating indicate that ecological occurrence and settlement-
related information affect the geographical expression of mechanistic transmission potential
differently, rather than functioning as interchangeable spatial filters. The complete contextual-
configuration matrix, attenuation statistics and administrative rankings are provided in
Supplementary Section S5, Supplementary Tables S4-S5 and Supplementary Fig. S1.

Temporal persistence and geographical reprioritisation of transmission hotspots under
ecological and settlement-related constraints

The temporal stability of mechanistic dengue transmission hotspots was evaluated across the
ten-year SSP2-4.5 simulation period (2026—2035) to determine whether ecological occurrence
and settlement-related constraints altered not only the geographical distribution of transmission
potential but also the recurrence of high-EIR locations (Fig. 7). Hotspots were identified
independently within each configuration as the upper 10% of grid cells with positive annual
entomological inoculation rate (EIR), and persistent hotspots were defined as locations retaining
this classification for at least eight of the ten years. Under the ungated configuration, 645 of the
8,292 valid grid cells (7.78%) satisfied the persistence criterion, including 526 cells classified as
hotspots in all ten years (Fig. 7a). After full contextual gating, 605 grid cells (7.30%) remained
classified as persistent hotspots, of which 469 retained their annual hotspot classification
throughout the entire decade (Fig. 7b). Although the total number of persistent hotspots changed
relatively little, their geographical composition differed substantially between the ungated and fully
gated configurations (Fig. 7c).
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Figure 7 Temporal persistence, interannual variability and seasonal characteristics of mechanistic dengue
transmission hotspots under alternative contextual gating configurations. a,b, Spatial distribution of annual high-
EIR hotspot recurrence during 2026—2035 under ungated and fully gated CliMed configurations, respectively. Hotspots
were defined independently for each year and configuration as the upper 10% of grid cells with strictly positive annual
mean entomological inoculation rate (EIR). Colour intensity represents the number of years, ranging from zero to ten,
in which a grid cell satisfied the hotspot criterion. ¢, Change in hotspot recurrence between fully gated and ungated
simulations, calculated as the difference in the number of years classified as a hotspot. Positive values indicate more
frequent relative hotspot classification after gating, whereas negative values indicate reduced recurrence. d, Interannual
variation in spatially averaged EIR across four configurations: ungated, vector-occurrence gating, VIIRS gating and full
gating. Values are normalised independently to the corresponding 2026 annual mean EIR (2026 = 100), allowing
comparison of relative temporal variability rather than absolute transmission magnitude. e, Monthly climatological EIR
profiles for the same configurations, independently normalised to their respective maximum monthly climatological EIR
values. Shaded envelopes indicate the 10th—90th percentile ranges across ten year-specific monthly means, while the
grey vertical band denotes the June—September southwest monsoon period. f, Retention, loss and newly prioritised
persistent hotspot grid cells under each gating configuration relative to the ungated simulation. Persistent hotspots
were defined as locations classified within the annual upper-decile EIR distribution for at least eight of the ten years.
All experiments were performed under SSP2-4.5 using daily three-GCM median climate forcing and a common 20-km
model grid, with 8,292 common valid grid cells. Vector-occurrence and VIIRS constraints were evaluated individually,
while the full configuration incorporated the complete contextual gating framework. Hotspot recurrence and
reclassification reflect relative modelled transmission-potential rankings and should not be interpreted as observed
vector persistence, human infection recurrence or increasing absolute transmission intensity. Sensitivity analyses using
alternative percentile thresholds (85th, 90th and 95th) and persistence criteria (seven, eight and nine years) were
conducted to examine the robustness of the geographical reclassification.

Of the 645 persistent hotspots identified under ungated conditions, only 267 (41.4%) retained
their classification after full gating, while 378 (58.6%) were no longer classified as persistent
hotspots. Conversely, 338 locations not meeting the ungated persistence criterion became
persistently prioritised under full gating, yielding a Jaccard similarity coefficient of 0.272 (Fig. 7f).
Vector-occurrence gating alone retained 346 persistent hotspot cells, with 299 lost and 270 newly
prioritised locations (Jaccard = 0.378). VIIRS gating retained 301 cells, with 344 lost and 293
newly prioritised locations (Jaccard = 0.321). The corresponding numbers of persistent hotspots
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were 616 under vector-occurrence gating and 594 under VIIRS gating. These differences were
spatially structured: full gating reduced hotspot recurrence across several previously persistent
clusters in northeastern and central India, while increasing relative recurrence in selected
locations across the northern plains, eastern regions and southern peninsula (Fig. 7c). The
geographical reorganisation was also robust to alternative hotspot definitions. For an eight-year
persistence criterion, Jaccard similarity relative to the ungated configuration was 0.323, 0.272 and
0.207 at the 85th, 90th and 95th percentile thresholds, respectively. Persistent-hotspot counts and
threshold-sensitivity results are provided in Supplementary Section S6 and Supplementary Tables
S6-S7.

Despite the pronounced geographical changes, interannual and seasonal variations in
transmission potential remained broadly synchronised across all four configurations (Fig. 7d,e).
Relative to their respective 2026 values, mean annual EIR reached its maximum in 2033 under
every configuration, increasing by 39.0% in the ungated simulation and 56.3% under full gating,
followed by a decline in 2034. The seasonal profiles also retained a common August maximum,
although their relative magnitudes differed throughout the year. Under ungated conditions,
September and October EIR corresponded to 66.4% and 15.7% of the August climatological
maximum, respectively, compared with 72.9% and 24.2% under full gating. Thus, contextual
gating modified the relative distribution of transmission potential within the seasonal cycle without
shifting the national month of maximum EIR.

Discussion

The geographical expression of dengue transmission potential reflects the combined influence of
climatic conditions, vector ecology and human-associated environmental characteristics, rather
than climatic suitability alone. Previous studies have demonstrated that climate, urban
infrastructure and human mobility contribute differently to dengue emergence®'?, while recent
mechanistic and spatial modelling approaches have highlighted the importance of integrating
climate-dependent vector dynamics with ecological suitability and population-related
processes’>".

Building on these advances, our study demonstrates how climate-conditioned transmission
intensity, geographical hotspot prioritisation and temporal persistence respond differently to
climate scenarios and contextual constraints within a common mechanistic framework. Across
three near-term SSP pathways, simulated entomological inoculation rate (EIR) increased by
13.8-17.8% relative to historical conditions, while the geographical distribution of high-
transmission hotspots remained largely conserved (Jaccard similarity: 0.885—0.897). In contrast,
full contextual gating under identical SSP2-4.5 climate forcing reduced spatially averaged EIR by
83.4% and substantially reorganised hotspot geography, with only 30.1% overlap between
ungated and fully gated hotspot classifications. A corresponding overlap of 27.2% among
persistent hotspots further demonstrated that contextual constraints influence not only the relative
geographical distribution of transmission potential but also the locations repeatedly prioritised
across successive years. These findings distinguish climatic intensification from the ecological
and settlement-related organisation of transmission potential.

Experimental and mechanistic studies have established that temperature regulates mosquito
survival, development, biting frequency, vector competence and viral incubation through
interacting, often nonlinear biological responses, while precipitation and atmospheric moisture
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influence vector abundance and the environmental conditions supporting transmission®51°
Furthermore, daily temperature fluctuations can modify transmission-related biological processes
beyond the effects represented by mean temperature alone’?. Consistent with these findings, our
simulations exhibited distinct nonlinear relationships between EIR and temperature, relative
humidity and precipitation, with differing responses across historical and near-term climatic
conditions. However, spatial-block cross-validation showed that changes in annual-mean
meteorological variables provided limited predictive information about the corresponding
geographical changes in EIR (R? = —-0.071). This distinction is important because mechanistic
transmission potential emerges from the temporal evolution of interacting biological processes,
whereas annual climatic summaries compress variations in environmental conditions that may
influence those processes differently?®. The contrast between the fitted climatic relationships and
the spatially heterogeneous mechanistic responses therefore highlights the value of retaining
daily meteorological variability and process-specific biological responses when evaluating
climate-sensitive transmission potential.

The seasonal distribution of transmission potential further demonstrates that climatic
intensification does not necessarily produce corresponding shifts in transmission timing or
duration. Previous studies have documented the importance of monsoon-associated rainfall,
temperature and humidity in shaping dengue transmission across India, alongside substantial
regional differences in seasonal occurrence?'??2*  Qur simulations similarly revealed a
pronounced monsoon-associated transmission cycle, but with a disproportionate intensification
during its later stages. Although mean EIR increased by 17.7% in August, September exhibited a
larger relative increase of 32.8%, accompanied by increases in precipitation and relative humidity.
These changes suggest that near-term climatic conditions may strengthen transmission potential
towards the latter part of the monsoon season without necessarily shifting its climatological
maximum. Indeed, August remained the dominant peak month in both periods, while peak
transmission timing was unchanged in 83.0% of valid grid cells. Similarly, the mean seasonal
concentration window (Lgo) remained nearly constant, increasing only from 2.960 to 2.968
months, with no change in 82.8% of grid cells. Rather than indicating a uniform extension of the
transmission season, these findings suggest that changes in the magnitude, timing and
concentration of transmission potential can follow distinct geographical responses. Such
differentiation is particularly relevant in monsoon-dominated environments, where the seasonal
coordination of temperature, moisture and rainfall influences multiple components of the vector—
host transmission system?35.

Previous studies have demonstrated that climate-driven dengue suitability and transmission
responses vary geographically, reflecting nonlinear biological processes, regional climatic
conditions and natural climate variability®2>2¢. Recent evidence has also highlighted the influence
of large-scale climate variability and teleconnections on heterogeneous dengue transmission
patterns?’. Consistent with this complexity, our near-term simulations exhibited a non-monotonic
response across emission pathways, with mean EIR increasing by 14.6%, 17.8% and 13.8%
under SSP1-2.6, SSP2-4.5 and SSP5-8.5, respectively. However, differences in transmission
intensity were accompanied by substantial geographical agreement: historical-to-future hotspot
overlap remained between 0.885 and 0.897, while 714 of the 765 future hotspot cells were shared
across all three scenarios. This contrast suggests that the underlying geographical distribution of
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favourable transmission conditions can remain relatively stable even when their intensity
responds differently to near-term climatic trajectories. The non-monotonic ordering is compatible
with the combined influence of regional climate variability and nonlinear biological responses,
rather than a simple relationship between emission pathway and transmission magnitude.

The incorporation of ecological occurrence and settlement-related constraints revealed a further
distinction between climatically favourable transmission conditions and the geographical
organisation of mechanistic transmission potential. Previous investigations have demonstrated
that urban infrastructure, human connectivity and environmental barriers influence the spatial
expression of dengue transmission and vector establishment, highlighting the importance of
ecological and human-associated processes alongside climate®'®'”. Our controlled gating
experiments extend this perspective by quantifying how individual and combined contextual
constraints modify transmission intensity and hotspot prioritisation under identical climatic forcing.
Vector-occurrence gating reduced spatially averaged EIR by 65.6%, whereas VIIRS-derived
settlement-related gating produced an 81.1% reduction; full contextual gating yielded an 83.4%
reduction. Beyond these differences in magnitude, the spatial organisation of transmission
potential changed substantially, with hotspot overlap relative to the ungated configuration
declining to 0.399, 0.360 and 0.301 under vector-occurrence, VIIRS and full gating, respectively.
This geographical reorganisation was also evident in administrative rankings: only five of the ten
highest-ranked states and union territories under ungated conditions retained their positions
within the top ten following full gating, while several previously lower-ranked regions gained
relative prominence. These findings indicate that ecological and settlement-related constraints
influence not only the magnitude of simulated transmission potential but also its geographical
prioritisation.

The temporal persistence of transmission hotspots provides further evidence that geographical
prioritisation and climatic variability represent distinct, although interconnected, characteristics of
the transmission landscape. Previous studies have highlighted the importance of climatic
variability, environmental suitability and spatial processes in determining the geographical
distribution and persistence of Aedes populations and associated transmission potential®>'%17:2¢,
Our decade-long analysis showed that ecological and settlement-related constraints substantially
reorganised persistent transmission hotspots without fundamentally altering the broader temporal
structure of simulated transmission. Although the number of persistent hotspots changed
relatively modestly, from 645 under ungated conditions to 605 following full gating, only 267
locations retained their persistent-hotspot classification across both configurations, corresponding
to a Jaccard similarity of 0.272. This geographical turnover remained evident across alternative
hotspot-percentile and persistence thresholds, indicating that the reorganisation was not
dependent on a single classification criterion. In contrast, all four configurations exhibited broadly
synchronised interannual variability, including a common maximum in 2033, while their
climatological seasonal peaks consistently occurred in August. These contrasting responses
suggest that contextual constraints predominantly modify where transmission potential is
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repeatedly concentrated, whereas common climatic forcing preserves much of its relative
temporal variability.

Global assessments have demonstrated the value of mapping climatic suitability and populations
potentially exposed to dengue, while more recent studies have emphasised the importance of
ecological conditions, urban infrastructure and spatial connectivity in shaping transmission
landscapes’®'0. Our results extend this perspective by showing that locations consistently
identified as climatically favourable do not necessarily retain the same geographical priority after
ecological occurrence and settlement-related constraints are incorporated. The substantial
reclassification of both annual and persistent hotspots suggests that climate-conditioned
transmission intensity and contextually constrained transmission potential provide
complementary information for spatial prioritisation. In practical terms, identifying locations that
remain prominent across climate scenarios, alongside those whose relative importance changes
under contextual constraints, could help guide targeted entomological surveillance, environmental
assessments and the selection of areas for more detailed local investigations. By retaining these
contextual components within a common mechanistic framework, CliMed offers a systematic
approach for distinguishing climate-related changes in transmission potential from the
geographical reorganisation associated with ecological and human-environmental conditions,
complementing existing approaches to climate-sensitive arboviral risk assessment''7,

Several considerations define the scope of these findings and provide opportunities for further
development of the CliMed framework. First, climate forcing was constructed from the daily
median of three CMIP6 models, providing a common climatic representation for the mechanistic
experiments but not explicitly quantifying the propagation of individual climate-model uncertainty
into transmission estimates. Natural climate variability can substantially influence near-term
vector suitability, highlighting the importance of ensemble-based uncertainty assessment in future
applications?®. Second, vector-occurrence, land-use and VIIRS-derived contextual information
were held fixed during the near-term experiments to isolate their influence under common climatic
conditions. Future changes in vector establishment, settlement characteristics and environmental
connectivity could introduce additional spatial dynamics, as demonstrated by studies of vector
expansion and dengue emergence'®'”. The 20-km modelling grid also represents regional
transmission heterogeneity rather than fine-scale variations in breeding habitats and human—
vector contact. Furthermore, although CliMed incorporates climate-sensitive vector biology and
coupled transmission processes, independently evaluating simulated EIR and FOI against
spatially and temporally resolved entomological observations would strengthen their quantitative
interpretation and applicability across different ecological settings®'>. Additional processes,
including changing viral serotypes, population immunity and intervention intensity, could also be
incorporated when extending the framework towards epidemiological outbreak dynamics, as
recent investigations have demonstrated the importance of interactions between climatic
variability and serotype competition?®. Future development could therefore combine time-varying
ecological and settlement information, individual climate-model experiments and field-based
evaluation to examine how evolving environmental conditions influence transmission potential.
Within the present experimental design, however, the consistent contrast between climate-
scenario hotspot stability and context-dependent geographical reorganisation provides a basis for
understanding how distinct environmental constraints shape the spatial and temporal expression
of mechanistic dengue transmission potential.
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Methods

Study area

The study covered India, encompassing diverse climatic regimes, land-use characteristics,
ecological conditions and human settlement patterns. CliMed simulations were conducted on a
common nominal 20-km spatial grid to investigate geographical and temporal variations in
mechanistic dengue transmission potential. The same spatial framework was used for historical
(2005-2014) and near-term (2026—2035) experiments, enabling direct grid-cell comparisons
across climate scenarios and contextual gating configurations. A common analysis mask
comprising 8,292 valid grid cells was used for the principal spatial comparisons, with invalid cells
excluded rather than assigned zero transmission potential. Analyses of peak transmission timing
and seasonal concentration were restricted to 7,634 paired grid cells satisfying the corresponding
completeness and positive-EIR criteria. Administrative boundaries were used for geographical
visualisation and descriptive aggregation of model outputs at state and union-territory levels.
Administrative mean EIR values were calculated from contributing grid cells without population
weighting.

Data Sources

Daily meteorological forcing was obtained from three Earth system models participating in the
Coupled Model Intercomparison Project Phase 6 (CMIP6): MPI-ESM1-2-LR, MRI-ESM2-0 and
ACCESS-ESM1-5%%32, The historical experiment covered 2005-2014, while near-term
simulations covered 2026—2035 under three Shared Socioeconomic Pathways: SSP1-2.6, SSP2-
4.5 and SSP5-8.5, following the Scenario Model Intercomparison Project framework®3. The
meteorological variables comprised daily near-surface air temperature (tas), precipitation (pr) and
near-surface specific humidity (huss). These variables were standardised and spatially
harmonised before constructing the model forcing. For each experiment, the corresponding daily
meteorological fields from the three models were combined using the grid-cell median to produce
a common forcing sequence. This sequence was subsequently supplied to CliMed, generating
one mechanistic transmission simulation per experimental configuration rather than an ensemble
statistic calculated from three independently simulated transmission outputs. Relative humidity
was derived from the daily thermodynamic variables, with a reference pressure of 101,325 Pa
used where daily surface-pressure information was unavailable. Precipitation was expressed in
millimetres per day, and temperature and moisture variables were converted to the units required
by the biological formulations. Historical and near-term experiments were analysed separately
using consistent spatial harmonisation and temporal aggregation procedures. Additional details
of climate-forcing construction and annual-field aggregation are provided in Supplementary
Section S1.

Land-use and land-cover (LULC) characteristics were represented using an India-wide processed
categorical raster derived from the National Remote Sensing Centre (NRSC), Indian Space
Research Organisation (ISRO), IRS-P6 Advanced Wide Field Sensor (AWiFS) land-cover
framework34. The original AWIFS observations have a nominal spatial resolution of 56 m and were
subsequently adapted into model-compatible land-cover products. The processed raster used in
CliMed had a spatial resolution of approximately 0.01° (approximately 1 km) and comprised nine
land-cover categories within the study domain. Each category was associated with prescribed
habitat-productivity and rainfall-response parameters, allowing land-cover heterogeneity to
influence mosquito habitat support within the mechanistic framework. Categorical information was
transferred to the CliMed analysis grid using nearest-neighbour resampling to preserve discrete
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land-cover classes. The same processed LULC representation was retained across the historical
and near-term experiments.

Human population information was obtained from the WorldPop gridded population-count dataset
for India for 2018, distributed at approximately 1-km spatial resolution®. The population raster
represents the estimated number of people within individual source grid cells. Population counts
were aggregated to the CliMed grid while preserving population totals, and population density
was subsequently calculated using the geographical area of each model cell. The resulting fields
supplied the population-related quantities required by the vector-to-host and coupled human-—
vector transmission formulations. Population density and population counts were retained as
distinct quantities because they enter different stages of the mechanistic calculations. The 2018
population representation was held fixed across the climate-scenario and contextual-gating
experiments, providing a consistent demographic reference for evaluating differences associated
with the specified environmental conditions and model configurations.

Species-specific ecological suitability information for Aedes aegypti and Aedes albopictus was
obtained from previously developed ecological niche models for India using the maximum entropy
(MaxEnt) approach?®. These models incorporated quality-controlled and spatially thinned species-
occurrence records together with approximately 1-km CHELSA bioclimatic predictors to generate
continuous geographical suitability surfaces. The resulting species-specific indices were
transferred to the common CliMed grid and used to construct ecological occurrence constraints
within the mechanistic transmission pathway. The suitability fields were treated as relative
indicators of environmental support for vector occurrence, rather than direct measurements of
mosquito abundance. These processed ecological layers were maintained consistently across
the contextual-gating experiments to allow their influence on simulated transmission potential to
be evaluated under common climatic forcing.

Settlement-related environmental characteristics were represented using nighttime-light
observations from the Visible Infrared Imaging Radiometer Suite (VIIRS) Day/Night Band,
obtained from the Earth Observation Group Annual VIIRS Nighttime Lights product®. The annual
product is distributed in a geographic coordinate system (EPSG:4326) at approximately 15-arc-
second spatial resolution, with radiance expressed in nW cm™2 sr™. VIIRS nighttime-light intensity
was used as a remotely sensed indicator of settlement-related environmental characteristics and
incorporated into the contextual contact-modification component of CliMed. The processed
radiance field was harmonised to the common model grid and retained as a fixed spatial constraint
throughout the analysed experiments. Its influence was evaluated separately from species-
occurrence constraints and subsequently in combination with them.

All climatic, land-cover, population, vector-suitability and nighttime-light inputs were harmonised
to the common CliMed spatial framework before simulation. The climate-scenario analysis
compared the historical experiment with three near-term SSP pathways using neutral optional
occurrence and VIIRS gates. The contextual-gating analysis was conducted separately under the
common SSP2-4.5 climate forcing for 2026—2035, using four configurations: ungated, vector-
occurrence gating alone, VIIRS gating alone and full gating. These experiments provided the input
configurations for examining climatic changes in transmission potential, geographical hotspot
consistency, contextual attenuation and temporal hotspot persistence. Detailed descriptions of
the environmental response functions, gate implementation and transmission calculations are
provided in the subsequent mechanistic Methods subsections.
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CliMed mechanistic modeling framework

CliMed v1.0.0 was implemented as a daily, spatially explicit mechanistic framework linking
environmental conditions, mosquito ecology and coupled vector—host infection dynamics to
simulate dengue transmission potential across India. The framework represents Aedes aegypti
and Aedes albopictus separately, accounting for species-specific biological responses to
temperature and the influence of rainfall, relative humidity, land-use characteristics and human
population density. Meteorological forcing and ancillary environmental datasets were harmonised
to a common nominal 20-km model grid. Within each grid cell, land-use-dependent habitat
productivity, antecedent rainfall and moisture suitability were combined with temperature-
dependent mosquito development, fecundity, biting activity and mortality to determine dynamic
vector-to-host ratios. These quantities subsequently entered species-specific transmission
calculations and coupled human-vector infection dynamics, producing daily mechanistic
estimates of entomological inoculation rate (EIR) and force of infection (FOI). The biological
response functions and compartmental transmission structure follow established mechanistic
approaches to Aedes-borne viral transmission*,

The framework additionally incorporates optional ecological-occurrence and settlement-related
contextual constraints at defined stages of the mechanistic transmission pathway. These
constraints modify the environmental and human-associated conditions governing vector
pressure and transmission, rather than operating exclusively as a final spatial multiplier of model
outputs. Climate-scenario experiments were performed with optional contextual gates disabled,
allowing historical and near-term transmission potential to be compared across SSP1-2.6, SSP2-
4.5 and SSP5-8.5. The contextual analysis subsequently evaluated four configurations—ungated,
vector-occurrence gating, VIIRS gating and full gating—under identical three-GCM median SSP2-
4.5 forcing for 2026—-2035. The corresponding habitat, biological, transmission and contextual
formulations are described in the following subsections.

LULC-dependent habitat and rainfall response

Land-use and land-cover (LULC) characteristics were incorporated upstream of transmission
through class-specific habitat-productivity and rainfall-response parameters. Each land-cover
category was assigned a baseline habitat-productivity coefficient and a rainfall half-saturation
constant, allowing geographical differences in habitat support and rainfall requirements to be
represented within the mechanistic framework. For each grid cell, these parameters were defined
as follows:

Eo(x) = Eqy, K(x) = K,, ¢ = LULC(x).

Thus, LULC was not applied as a direct multiplier of dengue risk. Instead, it modified the capacity
of each grid cell to support mosquito production and the rainfall required for habitat saturation.

The class-specific parameters determine relative habitat productivity and the accumulated rainfall
required for habitat support to approach saturation. Recent rainfall was represented using a
seven-day accumulation window:

6
P,(t,x) = P(t—k,x),

where P(t, x) is daily precipitation.
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Daily precipitation was accumulated over the available preceding days, including the current day.
At the beginning of an independently processed simulation period, the available partial window
was used without introducing unavailable antecedent rainfall. Rainfall-dependent habitat support
was subsequently represented using a saturating response:

P, (t, x)
P, (t,x) + K(x)

To account for reduced breeding-habitat support under intense precipitation, a separate flushing
response was applied using daily rainfall:

1; P(tl x) < Pthr’
exp (—kp(P(£,%) = Pnr)),  P(,%) = Pepr.
The resulting effective rainfall suitability was

gP(t; X) = O-P(tl X) F(t, x)-

The model configuration used a seven-day rainfall-memory window, Py, = 20 mmday~!, and

kf = 0.1 mm™".

op(t,x) =

F(t,x) ={

Relative humidity was represented through a separate moisture-suitability function, allowing
atmospheric moisture to influence habitat support independently of the rainfall-response
formulation:

RH(t, x) — RHppin 0 1)
RHopt_RHmin )

The current species profiles use RHp;, = 30% and RH, ¢ = 75%. Temperature was excluded from
the moisture-suitability function because its effects on vector development, fecundity, biting
activity and mortality were represented explicitly through the species-specific thermal-response
functions described below. The rainfall accumulation and habitat-response structure is consistent
with process-based approaches to Aedes population modelling®®4°, while the specific saturation—
flushing formulation follows the CliMed implementation.

gru(t,x) = clip(

Temperature-dependent vector biology

Temperature-dependent biting, development, and fecundity were represented using Briére-type
nonlinear functions*'. The formulation was applied separately to biting rate, development rate and
fecundity using species-specific coefficients and thermal limits. The functional form follows a
Briere-type formulation and its subsequent application in temperature-dependent mosquito-
transmission modeling*. For a generic biological trait z,(T) of species s,

7 (T) — {Cs T (T - Tmin,s) Tmax,s - T' Tmin,s <T< Tmax,s’
s 0, otherwise.

The species-specific biting rate, fecundity and development rate are denoted by ag, Eg and ¢,
respectively; c; and the lower and upper thermal limits are trait-specific coefficients.

Experimental evidence further shows that diurnal temperature variation can modify mosquito
survival and dengue-virus competence even at the same mean temperature?.

The temperature—mortality formulation is based on experimentally derived relationships used in
dengue-vector population modeling*2. Multi-setting survival analyses likewise demonstrate strong
and species-specific temperature effects on adult Aedes survival*:.

Adult mosquito mortality was represented as a fourth-order temperature function:
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.US(T) = BO,S + ﬁl,sT + BZ,STZ + .83,5T3 + ﬁ4,sT4-
A lower mortality bound was imposed:

ﬁs(T) = maX(.us(T)’ .umin)v
with umin = 0.05 day~1. Species-specific mortality coefficients were retained in the CliMed
parameter profiles. For Ae. albopictus, temperature was restricted to the fitted 15-35 °C interval
when evaluating the mortality polynomial to avoid extrapolation outside the supported
temperature range.

The temperature-dependent extrinsic incubation period was represented using a degree-day
formulation:

EIP,(T) = Ds T>T
S - T _ TO,S Y 0,s’
where Dg is the species-specific degree-day requirement and T, is the lower temperature
threshold. In the operational implementation, EIP was bounded between 3 and 30 days:

EIP,(T) = clip(EIPy(T), 3,30).
Temperature-dependent survival through the EIP was calculated as

Pe1ps(T) = exp (—fis(T) EIP(T) )

This formulation couples temperature-dependent viral development with adult mosquito survival,
consistent with established dengue vectorial-capacity approaches**. Temperature constraints on
persistence and competence of both vector species provide additional support for coupling viral
development with mosquito survival.

Dynamic vector-to-host ratio

CliMed does not prescribe a fixed mosquito-to-human ratio. Instead, daily vector pressure is
derived from LULC-dependent habitat productivity, mosquito thermal traits, rainfall support,
mortality and local host density. For species s,

Eo(x) E5(T) ¢5(T) ap(t,x) F(¢,x)

Hegr(x) f15(T)

Here, Hqs(x) represents local human population density, with a small positive lower bound applied
only to avoid numerical instability in cells with zero population. The numerator represents relative
mosquito production pressure, which increases under favorable habitat productivity, fecundity,
development, and rainfall conditions. The denominator reduces the vector-to-host ratio where

adult mortality or host density is high. Accordingly, the resulting quantity is interpreted as a model-
derived vector-to-host ratio rather than a direct observation of mosquito abundance.

mg(t,x) =

Contextual ecological constraints

The environmental and biological calculations described above, including LULC-dependent
habitat effects, form the core mechanistic model. In the fully gated configuration, additional
ecological-occurrence and human-contextual information was incorporated through bounded soft
gates rather than binary exclusion masks. These gates act at distinct positions within the
mechanistic pathway.

For each species, the relative ecological-suitability index 0,(x) was first normalized between
lower and upper occurrence limits:
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O.(x)—0
0's(x) = clip <—S( ) low,s ,0,1).

Ohigh,s - Olow,s
The corresponding occurrence gate was
1
G x) = + (1 - .
OCC,S( ) fOCC ( fOCC) <1 + exp{—xocc,s (Ols(x) _ 05)})
Here, f,.. is the gate’s lower bound and k. s controls its steepness.

Occurrence therefore modifies vector pressure before transmission is calculated. Where the
optional population-pressure modifier was enabled, population density was additionally
represented relative to a reference density Hy.:

(H@) ’
Gpop(x)zmax Grin, y clip m'o' Gmax .

The contextually modified vector-to-host ratio was consequently
s (t, x) = mg(t, x) Goce,s (x) Gpop ().
Settlement intensity was transformed into a bounded human—vector contact function:

1

GV,s(x) = fV,s + (1 - fV,s) V(X) — VO} ,

1+ exp {—KV,S Wy
where V(x) is the settlement-intensity field, V;, is the configured threshold centre, f; ; is the
species-specific lower bound, and wy, is determined from the spatial spread of the settlement field.

The width used in the implementation was
<Q0.90(V) — Qo.10(V)
Wy = max

6

The parameter ky, ; controls the steepness of the settlement response.

,0.1|V0|,10‘6>.

This term is interpreted as a settlement/contact modifier rather than a mosquito physiological
response.

Population context and population at risk

Population contributes to CliMed at two distinct stages. Population density influences the vector-
to-host relationship upstream, whereas population per grid cell determines the population over
which the resulting infection probability is expressed downstream.

Population density H(x) was normalized relative to its 90th percentile Hy,:
In(1+ H(x)) 01
In(1+ Hgy) " )

When population-context gating was enabled together with settlement information, the urbanicity
index was

Dnorm(x) = Clip<

U(x) = 0.55 Gy (x) + 0.45 Dy ().
Cells were categorized as
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rural, U(x) < 0.33,
C(x) =< peri-urban, 0.33 < U(x) < 0.66,
urban, U(x) = 0.66.

The class-specific exposed fraction was derived from contact and density terms. For urban cells,
feg(li)ban(x) = g{rtl)an + (fnlllggan - mu{r?an)GV(x)(l - exp{_ZDnorm(x)})-
For peri-urban cells,
FE 00 = fRrt 4 (£ = £ET) (0.56y () + 0.5 Dporm ().
For rural cells,

fiural (x) = fural 4 (frural — rural) (0,356, (x) + 0.65{1 — Dyorm (X)}).

The configured exposed-fraction intervals were 0.03—-0.18 for urban cells, 0.05-0.28 for peri-
urban cells and 0.08-0.40 for rural cells. The corresponding susceptible fractions were 0.12, 0.16
and 0.22, respectively. These exposure and susceptibility values are configuration assumptions
rather than measured epidemiological fractions. Their ordering across settlement classes is not
presented as empirical evidence of greater rural exposure. Context-specific population fractions
and principal fixed configuration values are summarised in Supplementary Section S7 and
Supplementary Tables S8-S9.

The population base supplied to the human transmission model was
Nyisi(x) = Neepi (x) fexp(x) fous ().

Thus, population density contributes upstream to vector-to-host interactions, whereas Ns.(x)
determines the population over which infection probability is expressed.

Species-specific transmission potential

For each species, CliMed calculates an environmentally and contextually conditioned potential
EIR:

EIRD®'(t,x) = as(T) is(t, x) Pgip,s(T) gru(t, x) Gy s (x).
The corresponding potential human force of infection is
ARt %) = byps EIRE' (¢, %),
where b, ; is the vector-to-human transmission probability.
The vector-side infection-contact potential was represented as
A3 (6,%) = ¢, ag(T) Gy 5(x) gru(t, %),

where ¢, is the configured vector-contact scaling term. These quantities represent environmental
and ecological transmission potential before feedback from dynamically evolving human and
vector infection states.

Coupled human-vector infection dynamics
Humans were represented by susceptible, exposed, and infectious counts per model cell,
S (t, x), En(t, x), I, (t, x),
whereas each vector species was represented by susceptible, exposed, and infectious fractions,
Sus(tx),  Eps(6x),  Ls(tx),
with
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Sps(t,x) + E,o(t,x) +1,s(t, x) = 1.

The general host—vector compartmental formulation follows established mechanistic dengue
models®.

Daily human progression probabilities were

1

and

Pr,-»r, = 1 —€Xp (‘E):
with tj;p = 6.0 days and 1,y = 5.9 days in the analysed configuration. Recovery removes
individuals from the infectious compartment; recovered individuals are not returned to

susceptibility within an annual experiment. The recovery term denotes daily removals; no
separate recovered compartment was propagated.

The dynamically simulated infectious-vector fraction modified potential human transmission
according to

Iv,s (t: x)

M, s(t,x) = clip< 0, Mv,max)
Iv,s

Here, Ilf_if is the configured infectious-vector reference fraction and M, ., is the upper
modulation bound.

The realized species-specific human force of infection was
Ans(t,x) = 0Nt %) My (8, x).

,S

The two species-specific forces of infection were combined additively, without applying species
weights to the dynamic transmission contributions:

Ah(t, X) = Ah,aeg(t' X) + Ah,alb(t' X).

Realized EIR uses modulation relative to a configured infectious-vector reference prevalence and
is interpreted as a model transmission quantity rather than an independently calibrated infectious-
bite rate. The combined EIR was calculated as

EIR(t, x) = EIRE gy (t, X) My aeg(t, ) + EIRD (£, )My a1y (£, X).
The daily probability of infection was
pr(t,x) = 1 —exp(—2x(t,x)).

New human exposures were

AE,(t,x) = min(Sh(t, x), Sy (t, x) pr(t, x)).
Human states were updated as

Sp(t+1,x) =S,(t,x) — AE,(t, x),
AL (t,x) = min(Eh(t, x), Ep(t, x) th_),h),
ARy (t,x) = min(Ih(t, x), I (t, x) p,h_,Rh),
En(t+1,x) = Ep(t,x) + AE, (t, x) — AL, (¢t, x),

and
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Ih(t + 1,x) = Ih(t,x) +A1h(t,x) - ARh(t,X).

The resulting quantity represents daily new human exposures within each model cell. Because
the human compartments are expressed as counts, this quantity is already a cell-level count and
is not multiplied again by population.

Vector infection dynamics
The contemporaneous infectious-human fraction was

Ih (t! x)
in(t,x) = :
" Nyjsi (%)
Its modulation of vector infection was represented as

ih(t, X) )

.ref '’ 0, Mh,max
th

My (t,x) = clip(

Here, i;ef is the configured infectious-human reference fraction and M .., is the upper

modulation bound.
The realized force of infection acting on susceptible vectors was

A5 (6,%) = 056,20 My (6,0),
giving daily vector infection probability
pv,s(t; x)=1-— exp (—/11;,5(1:, x))

Progression from exposed to infectious vectors was governed by the temperature-dependent EIP:

1
5 t,x) =1—exp| —— .
PE, 1,,,5( ) p( ETP, (T))

Adult-vector mortality probability was

pdeath,s(t' x)=1- exp(_ﬁs(T))-
New exposed and infectious vector fractions were

AE, (t,x) = min (517,5 (t, x), Sv,s(t: x) Py,s (t, x))’

and

Alv,s(t' x) = min (Ev,s(t: x): Ev,s (t' x) PE,~L,.s (t' x))

Mortality was applied to the three vector compartments and the corresponding losses were
returned to the susceptible compartment, after which the vector fractions were normalized so that

Sys+ Epg + Iys = 1.

Configured seed fractions initialized exposed and infectious human counts as fractions of the
population at risk; susceptible counts were the remainder. For each vector species, susceptible
fractions were initialized as one minus the exposed and infectious seed fractions. In the analysed
configuration, epidemic states were reset at calendar-year boundaries, allowing annual climate-
conditioned transmission experiments to be compared without progressive multi-year depletion
of susceptible hosts. These resets reinitialize human and vector states and do not represent
continuously evolving immunity across years.
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Ungated and fully gated configurations

The ungated experiment retained the core climate—LULC—population—vector transmission
mechanism while neutralizing the optional occurrence and settlement/context constraints.
Population density remained part of the basic vector-to-host calculation and was therefore not
removed from the biological transmission backbone.

The fully gated configuration activated species-specific vector-occurrence constraints, population-
pressure modification where applicable, VIIRS-derived settlement/contact modification,
population-context classification, exposed-population adjustment and susceptible-population
adjustment. Because these components operate at different stages of the transmission pathway,
the gated configuration is not equivalent to applying a single multiplicative risk mask to the final
EIR field.

Annual and seasonal transmission analyses

Daily EIR and FOI outputs were aggregated to annual mean fields for the reference and near-
term periods. For variable X, near-term change was calculated as

AX(x) = Xuture (¥) — Xhistorical (X)-
Monthly climatologies were calculated from year-specific monthly means so that each year
contributed equally to the seasonal climatology. The 10th—90th percentile range across year-
specific monthly means was used to characterize interannual variability and was not interpreted
as a confidence interval.

For each grid cell, peak transmission month was identified as

Mpeak(x) = argmax EIR, (x).
me(1,..,12}

Reference-to-near-term timing changes were calculated using the shortest circular displacement
on the 12-month calendar.

Seasonal concentration was quantified using Lg,, defined as the minimum number of contiguous
calendar months containing at least 80% of annual climatological EIR:

) Zf;é EIR((m+j—1) mod 12)+1 (X)
Lgo(x) = min{L: max >
me{l,..,12} 2q=1EIRg (x)

Contiguity was evaluated circularly across December—January. Lg, therefore represents a relative
measure of seasonal concentration and not an epidemiological transmission threshold.

> 0.80;.

Climate—EIR response analysis

Grid-cell EIR values were first summarised across 20 equal-frequency classes of near-surface air
temperature, relative humidity and precipitation. Median EIR within each class provided an
empirical description of the marginal climate-response structure independently of the fitted
statistical model.

Nonlinear conditional relationships were subsequently represented using additive spline-ridge
regression. Each meteorological predictor was transformed independently using a cubic spline
basis of degree three with six knots and no bias term, after which the transformed predictor
matrices were combined and fitted using ridge regression with a regularisation parameter of 10.
Separate models were fitted for historical EIR, near-term EIR and near-term-minus-historical EIR
(AEIR). Conditional response curves were evaluated by varying one meteorological predictor
across its sampled range while holding the remaining predictors at their median values.
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The ability of changes in annual-mean meteorological conditions to predict spatial variation in
AEIR was evaluated using five-fold grouped cross-validation. Grid cells were assigned to non-
overlapping 3° x 3° geographical blocks, and entire spatial blocks were retained within either the
training or validation subset to reduce optimistic predictive estimates caused by spatial
dependence between neighbouring cells*®. Predictive performance was quantified using cross-
validated R?.

The contribution of each meteorological variable to out-of-block predictive performance was
examined using a drop-one procedure. For each predictor, the model was refitted without that
variable using the same spatial cross-validation structure, and the change in predictive
performance was calculated as Rfu” — R2,,.ceqa- COnsequently, a negative value indicates that
removing the predictor improved out-of-block prediction. For descriptive spatial attribution, the full
additive model was also fitted to all valid grid cells, centred fitted contributions were calculated for
the individual meteorological components, and each grid cell was assigned the variable with the
largest absolute fitted contribution. Spatial residuals were calculated as mechanistically simulated
AEIR minus cross-validated predicted AEIR. These statistical analyses were used to characterise
CliMed outputs and were not interpreted as independent causal attribution or validation of the
mechanistic model.

Cross-scenario hotspot consistency

Period-mean EIR and FOI fields were calculated from equal-weight annual means for the
historical period (2005-2014) and each near-term SSP experiment (2026—2035). Spatial means
were calculated as unweighted means across the common valid model grid. Percentage change
in a spatially averaged transmission metric was calculated from the ratio of the corresponding
period means rather than from the mean of grid-cell percentage changes.

For each period and scenario, high-transmission hotspots were defined independently as grid
cells belonging to the upper 10% of strictly positive period-mean EIR values. Grid cells with zero
EIR were not eligible for hotspot classification, whereas values equal to the percentile threshold
were retained. Historical-to-near-term hotspot agreement was quantified using the Jaccard
similarity coefficient, defined as the size of the intersection divided by the size of the union of the
corresponding hotspot sets. Pairwise Jaccard similarities were additionally calculated among the
three near-term SSP hotspot distributions. Cross-scenario consensus was determined by
counting, for each grid cell, the number of near-term SSP experiments in which it satisfied the
hotspot criterion. All scenario comparisons used the same finite spatial comparison domain of
8,292 valid grid cells.

Contextual gating and spatial reprioritisation

The effects of contextual constraints were evaluated under identical three-GCM median SSP2-
4.5 forcing for 2026-2035. Four model configurations were compared: ungated, vector-
occurrence gating, VIIRS-related gating and full contextual gating. Spatial attenuation was
calculated relative to the ungated simulation as ungated minus gated EIR, such that positive
values represent lower transmission potential following application of the selected contextual
constraints.

For each configuration, hotspots were defined independently as the upper 10% of strictly positive
period-mean EIR values. Spatial overlap with the ungated hotspot distribution was quantified
using the Jaccard coefficient, and hotspot cells were classified as retained, lost from the ungated
distribution or newly prioritised under the gated configuration. Grid-cell EIR rank agreement was
additionally quantified using Spearman’s rank correlation coefficient. For descriptive
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administrative comparisons, EIR was averaged across contributing model grid cells within each
state or union territory without population weighting, and the resulting administrative means were
ranked independently for each model configuration. These comparisons represent changes in
relative modelled transmission-potential prioritisation rather than observed dengue burden.

Temporal persistence of transmission hotspots

Temporal hotspot persistence was evaluated annually across the SSP2-4.5 period 2026—2035.
Within each year and model configuration, hotspots were defined independently as the upper
10% of grid cells with strictly positive annual mean EIR. For each grid cell, hotspot recurrence
was calculated as the number of years in which the annual hotspot criterion was satisfied. A
persistent hotspot was defined a priori as a location classified as an annual hotspot in at least
eight of the ten years.

Persistent-hotspot distributions under each contextual configuration were compared with the
ungated distribution using retained, lost and newly prioritised grid-cell counts and the Jaccard
similarity coefficient. Robustness was assessed using alternative hotspot thresholds
corresponding to the upper 15%, 10% and 5% of positive EIR values and alternative persistence
requirements of at least seven, eight or nine years.

Interannual EIR variability was compared among configurations after normalising each annual
spatial mean independently to its corresponding 2026 value, with 2026 assigned an index of 100.
Monthly climatologies were calculated by first averaging daily EIR within each calendar month
and year and subsequently calculating equal-weight means across the ten years. The 10th—90th
percentile range across year-specific monthly means was used to describe interannual variability.
To compare seasonal timing independently of absolute transmission magnitude, each
configuration’s monthly climatology was normalised to its own maximum monthly EIR. These
normalised comparisons describe relative temporal structure; absolute attenuation was evaluated
separately using the unnormalised simulations.

Data availability

The input datasets are available from the sources cited in the Methods section. Processed model
outputs and source data underlying the figures, tables, and statistical analyses will be supplied in
a ZIP archive accompanying the submission for confidential peer review. Public archival details
will be included in the non-anonymized manuscript before publication.

Code availability

The CliMed source code, run configurations, and analysis scripts supporting this study will be
supplied in a ZIP archive accompanying the submission for confidential peer review. This includes
the workflows for climate and ancillary-data preprocessing, species-specific transmission
calculations, and combined contextual transmission analysis. Public archival details and
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