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Abstract This work investigates variations in thermal conditions in cities with different background
climates exposed to climate change and future urbanization (i.e., horizontal/vertical urban expansion and energy
consumption change). Simultaneously considering projected urbanization from the present to the 2050s,
characterized by spatial changes in urban parameters and anthropogenic heat emissions (AHE), 1.5-km present
and future climates of Tokyo, Cairo, and Jakarta in the 2050s were modeled using initial and boundary
conditions from the National Centers for Environmental Prediction Global Data Assimilation System/Final
(NCEP GDAS/FNL) 0.25° Global Tropospheric Analyses and Forecast Grids and Coupled Model
Intercomparison Project Phase 6 (CMIP6) climate-change scenarios based on Shared Socioeconomic Pathways
(SSP126, SSP245, and SSP370). The Universal Thermal Climate Index (UTCI) was estimated using the UTCI-
Fiala model. Regional near-surface air temperature and UTCI scaled proportionally with background climate
changes. Projected urbanization caused significant intra-urban variability, with some locations showing
warming comparable to background climate change. It also altered strong heat-stress exposure, defined as hours
with UTCI > 32 °C, amplifying exposure in Cairo and Jakarta but slightly offsetting it in Tokyo, where AHE
declined. Cities with different background climates exhibited distinct seasonal responses: Tokyo showed
moderate bimodal variability, Cairo exhibited the strongest variability with peak summer warming, and Jakarta
showed a uniform increase year-round. Near-surface air temperature and UTCI responses to urbanization also
varied seasonally across scenarios and cities, while variables beyond air temperature contributed to thermal-
comfort changes. This study strengthens the necessity of projecting not only meteorology, but also socially
relevant indices, such as UTCIL.

Plain Language Summary Climate change is making cities hotter, and urbanization can further
change how heat is experienced. This work uniquely considers site-specific urbanization in terms of horizontal/
vertical urban expansion and anthropogenic heat emission changes. We conducted high-resolution numerical
simulations to quantify present and 2050s spatiotemporal outdoor heat stress in Tokyo, Cairo, and Jakarta, each
having unique background climates and urbanization levels. Heat stress was assessed using the Universal
Thermal Climate Index (UTCI), a “feels-like” temperature that considers air temperature, humidity, wind, and
radiation. We found that climate change increases both air temperature and UTCI, but UTCI often rises more,
meaning people may feel hotter than air temperature alone suggests. The changes differed by city: Cairo showed
the strongest summer increase, Tokyo showed two seasonal peaks, and Jakarta increased more steadily year-
round. In some neighborhoods, urbanization effects were comparable to background climate change.
Urbanization also increased hours of strong heat stress in Cairo and Jakarta, but slightly reduced them in Tokyo,
where human heat release declined. These results show that future urban heat risk cannot be assessed from air
temperature alone and that urban planning can influence future heat exposure.

1. Introduction

The interplay between global warming and urbanization raises a critical challenge for human society (Castells-
Quintana et al., 2021; Helbling & Meierrieks, 2023; McCarthy et al., 2010; Moazzam et al., 2022; Wang
et al., 2023). According to the Intergovernmental Panel on Climate Change (IPCC), global mean temperatures
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have risen, on average, by 1.1°C since preindustrial times, with the urban heat island effect amplifying warming in
cities (IPCC, 2021). Currently, 55% of the global population, about 4.4 billion people, reside in urban areas, a
share projected to reach 68% by 2050s (UN DESA, 2018), thus increasing exposure and vulnerability to climate-
related risks (Lankao & Qin, 2011). As cities face compounded atmospheric-related impacts from climate change
and urbanization, understanding urban-climate dynamics is increasingly critical, particularly in rapidly devel-
oping regions (Leal Filho et al., 2019; X. Li et al., 2022; Macagba & Delina, 2024).

Urban areas account for approximately 70% of global carbon emissions and face disproportionate climate im-
pacts, prompting the IPCC to emphasize the urgency of implementing urban climate action (Solecki et al., 2024).
Early climate model investigations using global climate models (GCMs) mainly provided large-scale climate
projections. However, most GCMs do not explicitly represent urban areas, and their coarse spatial resolution
prevents them from resolving urban heat island effects or intra-urban heterogeneity (Zhang et al., 2023; L. Zhao
et al., 2021). While regional downscaling approaches have improved spatial detail in acquiring future thermal
comfort projections (Shukla & Attada, 2023), most studies examine either climate change or urbanization effects
separately, with assessments of their inseparable and compounding impacts on various urban thermal environ-
ments still limited (Chapman et al., 2017; Kusaka et al., 2012; Yuan et al., 2022; Y. Zhao et al., 2021). Studies that
treat urbanization as a function not only of land cover change (i.e., urban expansion) but also changes in urban
morphology and anthropogenic heating under multiple climate-change scenarios are still lacking. Although recent
studies have incorporated urbanization into climate projections (Darmanto et al., 2019; Khanh et al., 2023),
systematic investigations of coupled climate-urbanization responses under diverse urban forms and climatic
backgrounds on thermal comfort are still needed. Adequate consideration of urbanization effects in future climate
projections given diverse cities is a crucial primary step to develop effective adaptation and mitigation strategies
(Goodess et al., 2021; Hamdi et al., 2020). For clarity, urbanization, as investigated in this study, is defined as
encompassing horizontal urban expansion (i.e., land-cover change), vertical urban expansion, and energy-
consumption changes represented by anthropogenic heat emissions (AHE).

Applied urban-climate research focusing on human-centered thermal comfort has shifted from solely depending
on air temperature in quantifying heat stress to other integrated indices (Epstein & Moran, 2006; Hoppe, 2002; Y.
Li et al., 2025; Martilli, Nazarian, Krayenhoff, Lachapelle, et al., 2024; Nazarian et al., 2022; Ren et al., 2022;
Zhang et al., 2023). Contemporary studies have developed various thermal comfort indices (Gulyés et al., 2006;
Jendritzky et al., 2012; Lai et al., 2020). Among them is the Universal Thermal Climate Index (UTCI), which
provides a physiologically based assessment of thermal stress using a multi-node model that incorporates air
temperature, wind speed, humidity, and radiation (Fiala et al., 2012; Jendritzky et al., 2012). Compared to other
empirical indices such as the Heat Index or the Wet Bulb Globe Temperature, UTCI offers a more comprehensive
evaluation, particularly in outdoor environments (Blazejczyk, 1994; Blazejczyk et al., 2012). UTCI is also
accompanied by standardized categories of thermal stress, facilitating consistent comparisons across diverse
climatic contexts (Fiala et al., 2012; Jendritzky et al., 2012). This is particularly relevant given that outdoor
thermal comfort varies significantly by region, as revealed by field surveys and observation-based analyses across
diverse climates (S. Liu et al., 2022; Wu et al., 2019). Tropical cities possess unique seasonal dynamics and
require tailored heat mitigation strategies (Roth, 2007; Santamouris et al., 2015), while arid cities commonly
exhibit pronounced day—night comfort contrasts due to low humidity and intense solar radiation (Giridharan &
Emmanuel, 2018).

With the growing adoption of UTCI as a measure of outdoor thermal comfort, an increasing number of studies
have explicitly examined its response to climate change in urban environments (Briegel et al., 2025; Hiroki
et al., 2025; Hundhausen et al., 2023; Paranunzio et al., 2021; Weeding et al., 2024). However, these studies
assume a static urban form or represent future urbanization only in broad terms (i.e., through local climate zone
classifications) (Briegel et al., 2025; Hundhausen et al., 2023; Paranunzio et al., 2021; Weeding et al., 2024),
leaving the effects of explicit future urbanization, which encompasses changes in land cover, urban morphology,
and AHE, insufficiently explored. On the other hand, studies that simultaneously consider future climate change
and detailed future urbanization have largely relied on near-surface air temperature as a proxy for thermal comfort
(Darmanto et al., 2019; Khanh et al., 2023; A. C. G. Varquez, Darmanto, et al., 2020), which cannot fully describe
the human physiological response (i.e., days of similar air temperatures but different humidity levels may lead to
significant differences in thermal comfort).
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To address these gaps, this study aims to investigate future outdoor thermal comfort using UTCI, explicitly
accounting for future urbanization from the present to the 2050s—encompassing spatial changes in land cover,
urban morphology, and AHE—together with climate change across cities with contrasting climatic backgrounds,
thereby providing new insights into this underexplored area. This is made possible by recent advances in urban
climate modeling. Climate projections over cities require future background and surface scenarios, as well as
appropriate climate-model parameterizations that can consider spatial variability in urban representations. Global
climate models (GCMs), such as those used in Coupled Model Intercomparison Project Phase 6 (CMIP6), feature
improved resolution and representation of physical processes, providing a wider and reliable range of plausible
projections than those used in previous intercomparisons (Eyring et al., 2016; Gier et al., 2024; O’Neill
et al., 2016; Taylor et al., 2012). GCM projections may be downscaled over cities using regional climate models,
such as the Weather Research and Forecasting (WRF) model (Skamarock & Klemp, 2008), and the Pseudo-
Global Warming (PGW) method (Giorgi & Mearns, 1991; Kimura & Kitoh, 2007; Powers et al., 2017). In
recent WREF versions, integrated WRF/urban modeling system capable of representing spatiotemporal hetero-
geneities in urban parameters and anthropogenic heating have become available (F. Chen et al., 2011; Kanda
et al., 2013; Kusaka et al., 2001; Martilli, 2007; Martilli et al., 2002; Masson et al., 2002; Salamanca et al., 2011;
A. C. Varquez et al., 2015, 2021).

Urban canopy schemes differ substantially in complexity (F. Chen et al., 2011; Karlicky et al., 2018). Bulk
schemes are efficient but treat cities as effective surfaces without explicit geometry (Karlicky et al., 2018). Single-
layer urban canopy models, such as WRF-SLUCM, represent idealized canyon-scale roof, wall, and road energy
exchanges at moderate computational cost, but rely on simplified canyon geometry (X. He et al., 2019; Kusaka
et al., 2001). Multi-layer schemes, such as the Building Effect Parameterization coupled with a Building Energy
Model (BEP-BEM), represent vertical canopy structure and vertically distributed building—atmosphere ex-
changes, but require more detailed morphology and building inputs (Ao et al., 2024; F. Chen et al., 2011; Y. Liu
et al., 2006; Martilli et al., 2002; Salamanca et al., 2010). Building-resolving computational fluid dynamics/large-
eddy simulation (CFD/LES) models resolve individual buildings and turbulence, but their computational, data,
and inflow-boundary requirements limit long-term, multi-city climate applications (S. Qin et al., 2025; Teng
et al., 2025; Toparlar et al., 2017). In this study, the WRF-SLUCM model is adopted given its practical balance
between physical realism and computational efficiency for regional multi-city simulations. This choice is further
motivated by the availability of present and future urban data sets, encompassing land cover change, urban
morphological parameters, and AHE (Khanh et al., 2021, 2023; A. C. Varquez et al., 2021), and enabling explicit
representation of future urbanization across the 2010s and 2050s.

Building on this, this study further aims to:

« investigate the spatiotemporal thermal comfort (i.e., UTCI) responses to climate-change forcings and future
urbanization across three cities with different climate backgrounds and urbanization levels;

e project future urban climate and thermal comfort in the 2050s considering urbanization under three CMIP6
scenarios;

» explore discrepancies between near-surface air temperature (2 m air temperature above the surface, T2) and
UTCI responses to future urbanization and determine the key meteorological drivers influencing the UTCI
response.

Here, three megacities representing diverse climate zones and urbanization levels were selected, namely: Tokyo
(Japan), Cairo (Egypt), and Jakarta (Indonesia). Hourly meteorology and UTCI at 1.5 km resolution were
modeled and analyzed for a full-year period under varying background climate conditions. The details of this
procedure and its underlying assumptions are explained in the following section.

2. Methodology

In this section, the climate simulation settings, the UTCI assessment, and the attribution analysis method are
described. Attribution analysis quantifies the relative contribution of meteorological changes induced by pro-
jected urbanization to variations in UTCI under different CMIP6 scenarios.
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2.1. Target Cities and Periods

The selected megacities were Tokyo, Cairo, and Jakarta, experiencing temperate (Cfa), arid (BWh), and tropical
monsoon (Am) climates (Peel et al., 2007), respectively. Each city represents varying socio-economic devel-
opment and urbanization stages, from fully developed to rapidly expanding megacities (Darmanto et al., 2019; S.
M. Robaa, 2013; Seto et al., 2012; UN DESA, 2018). The base period for the present climate simulations was the
year 2022. In this La Nifia year, various areas worldwide experienced record-breaking hot weather conditions and
witnessed numerous extreme weather events (Blunden & Boyer, 2023; NOAA Climate.gov, 2023). As the basis
for future climate simulations, three CMIP6 scenarios (O’Neill et al., 2016) were selected: SSP126 (low-emis-
sion, sustainability-focused), SSP245 (intermediate), and SSP370 (high-emission, fossil-fuel-intensive) (Fricko
et al., 2017; Fujimori et al., 2017; Riahi et al., 2017).

2.2. Weather Simulation Settings

Three-domain one-way nested WRF simulations (Powers et al., 2017; Skamarock & Klemp, 2008) were con-
ducted for the entire year of 2022 and a representative year of the 2050s. Centered on each selected megacity, the
innermost horizontal resolution and output history intervals were set to 1.5 km (Figure S1 in Supporting Infor-
mation S1) and hourly, respectively. Land cover classification of the study areas under the present-day urban
configuration is shown in Figure la.

WREF v4.6, enabling a modified (Kanda et al., 2013; Khanh et al., 2023) single-layer urban canopy model
(SLUCM, Kusaka et al., 2001) was used, which enables spatially-heterogeneous representations of present and
2050s urban parameters (i.e., roughness length, displacement height, frontal area index, mean building height,
plan area index, AHE). The urban parameter distributions were obtained from the work of Khanh et al. (2023) and
downloaded from Khanh et al. (2021). The hourly-changing AHE used was the AH4GUC data set (A. C. Varquez
et al., 2021). The spatial distributions of present-day (2020s) urban conditions and projected changes for the
2050s across the three target cities are shown in Figure 1b. Here, only the mean building height (H,,,) and AHE
are shown. Other urban parameters, such as plan area index (4,,), frontal area index (/1 f), roughness length (Z,),
and zero-plane displacement height (Z,;), were also modified (see Figure S3 in Supporting Information S1). The
present distributions reveal pronounced spatial heterogeneity in both urban morphology and AHE within each
city. Projected changes indicate more noticeable increases in mean building height in Jakarta and Cairo, whereas
changes in Tokyo are minimal. In Jakarta, increases tend to extend from the urban core toward surrounding
sectors of the domain, suggesting spatially heterogeneous urbanization consistent with previous urban growth
projections for Jakarta (Darmanto et al., 2019; A. C. Varquez et al., 2017). Changes in AHE also differ among the
cities, with an overall decrease in Tokyo but projected increases in Jakarta and Cairo. To ensure consistency
among simulations, the same physical parameterization schemes and common numerical settings, following
previous studies (Darmanto et al., 2019; Khanh et al., 2023; A. C. Varquez et al., 2015), were adopted and are
summarized in Table S1 in Supporting Information S1.

Meteorological inputs for the present-day simulations were obtained from the 0.25° NCEP GDAS/FNL opera-
tional global analyses and forecast grids (National Centers for Environmental Prediction, National Weather
Service, NOAA, U.S. Department of Commerce, 2015). These fields were used to provide the initial and lateral
boundary conditions for the WRF simulations (Powers et al., 2017). Future climate boundary conditions were
generated using the pseudo-global-warming (PGW) approach (Brogli et al., 2023; Giorgi & Mearns, 1991;
Kimura & Kitoh, 2007), a dynamical downscaling strategy in which climatological climate-change signals (i.e.,
deltas between future and present climates derived from GCMs) are superimposed onto present-day reanalysis
fields to construct perturbed initial and boundary conditions. This approach preserves the synoptic variability and
event chronology of the reanalysis while incorporating projected thermodynamic changes by modifying atmo-
spheric initial and lateral boundary conditions rather than directly using raw GCM outputs. These modifications
are typically applied to three-dimensional atmospheric variables (e.g., temperature, wind, and humidity) as well
as key surface variables (e.g., 2-m air temperature, near-surface relative humidity (RH2), sea surface temperature,
and surface skin temperature). In this study, the PGW deltas were calculated as monthly climatological differ-
ences between the mid-century (2045-2054) and present (2015-2024) periods. The final PGW ensemble was
constructed from CMIP6 models with complete ScenarioMIP monthly data for the required variables, SSP
scenarios, native-grid data, and analysis periods (Table S2 in Supporting Information S1). These PGW deltas
were then applied to both three-dimensional atmospheric fields and surface variables. The PGW4ERAS v1.1
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Figure 1. Study areas. (a) Land cover classification of the study areas under the present-day urban configuration (PU). “Urban
and Built-Up” grid cells (orange) define the urban mask, and all analyses are restricted to these present urban grids to ensure
spatial consistency. (b) Spatial distributions of present (2020s) urban conditions and projected changes for the 2050s. Mean
building height (H,,,) and anthropogenic heat emissions are shown as examples.
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workflow (Brogli et al., 2023) was adapted to generate WRF-compatible forcing by merging ensemble-averaged
CMIP6 deltas (rlilplfl) with the 2022 NCEP GDAS/FNL baseline. Deltas were bilinearly interpolated to the
FNL/WREF forcing grid, temporally averaged to monthly means, and applied to adjust three-dimensional atmo-
spheric fields (temperature, horizontal wind, geopotential) and surface variables (2-m temperature, 2-m RH2, sea
surface temperature, and surface skin temperature).

For each city, seven simulations were performed using combinations of (a) climate forcing (baseline NCEP
GDAS/FNL forcing for 2022 and PGW-based future forcings under SSP126/SSP245/SSP370) and (b) urban
surface configuration (present-day urban configuration, PU; and projected 2050s urban configuration, FU).
Specifically, the seven scenarios are:

o P: present-day urban configuration with NCEP GDAS/FNL (2022) boundary conditions;

o PUI-PU3: present-day urban configuration forced by SSP126, SSP245, and SSP370 boundary conditions;

o FUI-FU3: projected (2050s) urban configuration forced by SSP126, SSP245, and SSP370 boundary
conditions.

The effect of projected urban configuration change is defined as AUP = FU — PU under identical climate
forcing, where UP denotes the set of urban parameters (e.g., urban morphology and AHE) that differ between the
present-day and 2050s urban data sets. This study was carried out using the TSUBAME4.0 supercomputer at
Institute of Science Tokyo (Endo et al., 2023).

2.3. Thermal Comfort Estimation

As mentioned in Section 1, UTCI was selected to assess outdoor thermal comfort. We used the empirical
approximation (Brode et al., 2012), which closely reproduces the UTCI-Fiala model (Fiala et al., 2012; Havenith
etal., 2012) at reduced computational cost. The four variables required for the computation of the UTCI—2-m air
temperature (T2), 2-m RH2, 10-m wind speed (U10), and mean radiant temperature (7,,;) —were obtained from
the hourly WRF model outputs. UTCI was calculated at an hourly time step using these variables, and the monthly
UTCI values presented in this study were derived by averaging the hourly UTCI values. T, was calculated based
on the approach of Di Napoli et al. (2021) utilizing the simulated downward shortwave radiation, downward long-
wave radiation, surface albedo, surface emissivity, and skin temperature. These were combined into a net radi-
ative forcing following the Stefan—Boltzmann law, incorporating direct, diffuse, and reflected shortwave radia-
tion, as well as surface and sky longwave radiation (see Text S2 and Table S3 in Supporting Information S1 for the
full formulation).

This work assumed a simplified approach for the T}, on the basis that the radiation-relevant variables implicitly
contain the urban effect through urban parameterization. Also, spatially resolving radiative temperatures in urban
canopy models remains uncertain (Schoetter et al., 2023). While this simplified treatment is practical for
mesoscale scenario simulations, the resulting 7,,,,, wind speed, and thus UTCI remain limited in representing
pedestrian-level microclimatic conditions at 1.5-km resolution; the methodological limitations of mesoscale
UTCI modeling are discussed more critically in Section 3.5.

2.4. Quantifying the Relative Importance of the Projected Urbanization-Induced Changes in the
Meteorological Drivers to the Changes in the UTCI Through Machine Learning

The UTCI regression equation is highly non-linear and complex (Brode et al., 2012), making it difficult to directly
infer the relative importance or influence of individual meteorological variables on thermal comfort. In this work,
we used the Light Gradient Boosting Machine (LightGBM) framework to evaluate the feature importance of the
variables affecting the UTCI. LightGBM can capture complex, nonlinear relationships and feature interactions
compared to other conventional models (Ke et al., 2017) and has demonstrated strong capabilities in modeling
environmental variable interactions (C. Li et al., 2025; C. Zhao et al., 2025).

In this study, the focus was mainly on the projected urbanization-induced UTCI change, AUTCI(AUP), computed
as the difference between paired future-urban (FU) and present-urban (PU) runs under the same CMIP6 scenario,
using grid-level monthly means. The features that were fed into the LightGBM included the present-day states
and the projected urbanization-induced changes of the influential near-surface meteorological variables to the
UTCI. The baseline predictors were the climate-forcing-induced changes in 72, RH2, U10, and 7 ,,,,,, quantified as
AT2 (PU — P), ARH2 (PU — P), AU10 (PU — P), and AT,,, (PU — P) under fixed present-day urban conditions.
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These variables represent the background meteorological shifts attributable to climate forcing alone and therefore
provide the baseline against which the additional impact of future urban development is evaluated. Its projected
urbanization-induced changes are denoted by AT2(AUP), ARH2(AUP), AU10(AUP), AT,,,,(AUP), respectively.
Separate LightGBM models were trained for each city and seasonal subset (wet/dry for Jakarta; spring, summer,
autumn, winter for Tokyo and Cairo) under each climate scenario. For each city—season—scenario subset, the data
were split into training (x70%), validation (~20%), and independent testing (=10%) sets. The full model settings
are found in Table S4 in Supporting Information S1.

Feature importance was quantified using Gain, defined as the cumulative improvement in model performance
(loss reduction) attributed to each variable across all decision trees; values are unitless and should be interpreted in
relative terms, where larger values indicate higher predictive importance (Ke et al., 2017).

3. Results and Discussion
3.1. Model Evaluation

Simulated hourly 2 m air temperature (T2) was evaluated against 2022 in situ observations from meteorological
stations compiled in the Tokyo, Jakarta, and Cairo domains using the NOAA Integrated Surface Database (Smith
et al., 2011). Monthly normalized Taylor diagrams (Figure S4 in Supporting Information S1) summarize cor-
relation, normalized standard deviation, and centered RMSE across months. Across all station—-month pairs, T2
RMSE ranged from 1.23 to 4.62°C (median 2.42°C; 22 stations, 240 station—month pairs) in Tokyo, 1.42-3.39°C
(median 2.04°C; 6 stations, 69 station—month pairs) in Jakarta, and 1.76-3.04°C (median 2.20°C; 1 station, 12
station—month pairs) in Cairo, with corresponding mean-bias ranges of —3.58-2.72 °C, —2.85-0.01 °C, and
—1.28——0.65 °C, respectively. Month-specific performance shows that Cairo maintains consistently high cor-
relation throughout the year (r = 0.904-0.967), with RMSE lowest in February (1.76°C) and highest in July
(3.04°C), while the normalized standard deviation remains > 1, indicating systematically over-amplified vari-
ability. Jakarta exhibits stronger month-to-month variability: monthly median RMSE spans 1.57°C in June
(1.48°C-2.39°C) to 2.35°C in April (1.60°C-3.32°C), and monthly median correlation increases from ~0.58 in
February (0.40-0.71) to ~0.82 in August (0.78-0.88); most months show damped variability.

Following Oreskes et al. (1994), we interpret these results in an adequacy-for-purpose sense rather than as formal
validation. We define an application-specific performance threshold following the benchmarking principle that
performance expectations should be tied to intended use (Best et al., 2015). Although the present evaluation
focuses on T2, as radiation flux observations required for the calculation of 7, were not available across the
study domain, T2 is a primary driver of UTCI and its accurate simulation is essential for reliable UTCI estimation.
Because UTCI heat-stress categories are ~6°C wide (Brode et al., 2012), within which an uncertainty of one full
category width has been considered acceptable for biometeorological applications (Weihs et al., 2012), we adopt a
conservative threshold of T2 RMSE <~3°C (approximately half of a category width) as a practical, use-case-
informed benchmark. It is acknowledged that the full uncertainty in modeled UTCI would additionally incor-
porate errors in wind speed, humidity, and radiation-derived 7., and therefore remains unquantified in the
present study.

Tokyo shows generally comparable median errors (median RMSE: 2.42°C), but with a wider range
(1.23°C—4.62°C). Exceedances of the ~3 °C threshold occur in multiple months (e.g., April-July, September,
and December), involving a subset of stations rather than uniformly across the domain. In these months,
exceedances are typically limited to several stations (generally 2-5 stations per month), while the majority of
stations remain below the threshold. Notably, the exceedances are not randomly distributed but tend to recur at
specific stations, including Chichibu, Tokyo Heliport, Chofu Airport, Tateyama, Shimofusa, and Oshima,
indicating systematic site-dependent biases rather than domain-wide model deficiencies.

Jakarta exhibits greater variability across months, with monthly median RMSE ranging from 1.57°C to 2.35°C
and overall values spanning 1.42°C-3.39°C. Exceedances of the ~3 °C threshold occur in several months
(e.g., March—April, July, and November—December), involving a subset of stations rather than uniformly across
the domain. In these months, exceedances are primarily associated with specific stations, most notably Halim
Perdanakusuma International Airport, which shows repeated exceedances across multiple months, and to a lesser
extent Soekarno Hatta International Airport. In contrast, other stations generally remain below the threshold,
indicating that model errors are spatially heterogeneous and dominated by site-specific biases.
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(b) Projected Changes in Domain-averaged Monthly Mean UTCI
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Figure 2. Future changes (2022-2050s) in spatially averaged monthly T2 (a) and Universal Thermal Climate Index (b) across
cities and scenarios. Triangles show FU — P (combined effect of future climate forcing and projected urban configuration
change relative to the baseline). Circles show PU — P (effect of future climate forcing relative to the baseline, with the urban
configuration held at present-day values). The shaded area between the two curves represents the additional contribution of
projected urban configuration change (FU — PU = AUP). Colors denote SSP126/SSP245/SSP370. Calculations were based
on the urban area in 2022.

Cairo maintains consistently high performance throughout the year (r = 0.904-0.967), with RMSE ranging from
1.76°C to 3.04°C. Only a single exceedance of the ~3 °C threshold is observed in July (3.04°C), while all other
months remain below the threshold, indicating stable and consistent model performance without systematic site-
dependent biases.

In addition, time-series comparisons between simulations and observations are included (Figure S5 in Supporting
Information S1) to complement the summary error metrics and provide additional insight into the temporal
characteristics of model errors.

3.2. Citywide Monthly Responses of UTCI and 72 to Future Climate Forcing and Urbanization

To attribute changes in 72 and UTCI to background climate forcing versus projected urbanization, we compare
three simulations defined in Section 2.2: P (baseline 2022 NCEP GDAS/FNL forcing with present-day urban
configuration), PU (future SSP forcing with present-day urban configuration), and FU (future SSP forcing with
projected 2050s urban configuration). For a given SSP scenario, PU — P quantifies the effect of background
climate forcing relative to the baseline while holding the urban configuration fixed at present-day values. FU — P
represents the combined effect of background climate forcing and projected urban configuration change. The
difference FU — PU (= AUP) isolates the conditional effect of projected urban parameter changes (i.e., land
cover, urban morphology, and AHE) under the same future climate forcing.

By 2050, 72 and UTCI are projected to increase in Tokyo, Cairo, and Jakarta across all scenarios, with UTCI
increases consistently exceeding 72 warming (Figure 2). Spatially-averaged monthly 72 are projected to increase
by approximately 0.6°C-1.5°C in Tokyo, 0.4°C-1.8°C in Cairo, and 0.4°C-1.2°C in Jakarta. Corresponding
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UTCl increases are projected to be about 0.75-1.78°C, 0.6-2.25°C, and 0.5-1.63°C, respectively. At the regional
scale, climate forcing dominates the projected increase in both 72 and UTCI, with SSP370 producing roughly
1.5-2x greater warming than SSP126. At the local scale, projected urbanization (AUP) introduces spatial het-
erogeneity in the 72 and UTCI, with a few hotspots within Cairo and Jakarta (Figure S7 in Supporting Infor-
mation S1) that manifest increases in magnitude similar to those caused by background climate-change forcing
(Figure 2). As will be discussed later in Section 3.4, the location of the hotspots, such as in Jakarta, may vary for
both 72 and UTCI under specific conditions.

In terms of seasonal changes, Cairo shows the strongest seasonality, with summer 772 increases peaking near
1.8°C and UTCI around 2.25°C under SSP370, while SSP126 exhibits pronounced summer peaks (~1.3°C-1.4°C
for 72; ~1.7°C-1.8°C for UTCI). Although having similar seasonality patterns, SSP245 shows a relatively milder
August maximum, comparable to June and October. Tokyo exhibits moderate seasonal variability. Under SSP245
and SSP370, T2 follows a bimodal pattern with higher warming during the peak of winter (February) and in the
mid-autumn (October and November), with relatively lower increases during the spring and summer months. A
similar bimodal pattern can also be found for the UTCI in SSP245. In SSP126, warming is more uniform, with a
peak during summer and a minimum in early autumn. Jakarta shows minimal seasonality, consistent with its
equatorial monsoon climate (Darmanto et al., 2019; Paramita & Matzarakis, 2023). SSP126 shows slightly
weaker warming in November—December than SSP245 and SSP370 (Figure 2). This stronger seasonality in Cairo
likely reflects differences in background climate. Cairo is characterized by hot-arid, predominantly clear-sky
conditions and relatively weak cloud attenuation of incoming shortwave radiation (S. Robaa, 2006). In
contrast, the warm season in Japan includes a low-sunshine Baiu period (Inoue & Matsumoto, 2003), and
summertime temperatures in the Tokyo metropolitan area are further modulated by sea-breeze penetration
(Yamato et al., 2017). These factors can suppress warm-season T2 increases in Tokyo, whereas under future
climate forcings the projected T2 signal in Cairo is superimposed on a background state with stronger seasonal
radiative contrast, producing a more pronounced summer maximum. The similar monthly evolution of UTCI and
T2 suggests that, under future climate forcings, both metrics exhibit broadly similar seasonal responses, and may
therefore be interpreted consistently.

The impact of projected urbanization on spatially averaged monthly UTCI and near-surface air temperature across
cities and scenarios is summarized in Figure 2 and Figure S6 in Supporting Information S1. Colder months tend to
have larger UTCI and 72 increases due to future urbanization. Consistent with previous studies (B. Chen
et al., 2019; Ichinose et al., 1999; Khanh et al., 2025; Liao et al., 2017; A. C. Varquez et al., 2018), stronger solar
radiation during warmer months generally tends to suppress the effect of future urbanization, as more clearly
illustrated in Figure S6 and S8 in Supporting Information S1.

Tokyo's projected population reduction, which translates to the stagnation of growth in urban form and reduction
in AHE, resulted in decreased projections of UTCI and 72 (Figures S6 and S8 in Supporting Information S1). The
highest reduction was found in the winter season when background temperatures (i.e., mean monthly tempera-
tures) and solar radiation are at their lowest levels throughout the year. With the mechanisms to be discussed in
Section 3.4, T2 shows a greater reduction than UTCI.

In contrast, Cairo, projected to experience rapid urban growth and rising energy consumption (i.e., increasing
AHE, Figure 1), shows increases in UTCI and 72 across nearly all months, with peak warming in January and
February. Here, a negative correlation between background temperature (as shown in Figure S8 in Supporting
Information S1) and projected urbanization-induced warming was found with a mechanism similar to that of
Tokyo.

Meanwhile, Jakarta's tropical climate background temperatures remain within a narrow range throughout the
year. Furthermore, Jakarta showed future urbanization-induced warming of similar magnitude to Cairo when
compared over overlapping background temperature ranges (Figure S8 in Supporting Information S1), but
without the obvious negative correlation. Focusing on the same range of background temperature (Figure S9 in
Supporting Information S1), Jakarta shows a wider variability than Cairo. Influenced by background climate, the
higher precipitation amount, which translates to higher inter-scenario variability, in Jakarta (Figure S10 in
Supporting Information S1), is a primary reason for this. Well considered in the WRF model, the presence of
large-scale clouds and rainfall non-linearly altered the surface energy balance, influencing not only 72 but also
other meteorological variables, such as radiation and winds, that are used to calculate UTCI (Oke et al., 2017).
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Figure 3. Spatial distribution of the urbanization-induced change in the duration of strong heat-stress exposure (UTCI > 32°C; AUP = FU — PU). Rows show Tokyo
(JAS), Jakarta (SON), and Cairo (JAS), and columns show SSP126, SSP245, and SSP370. Colors indicate the grid-cell-level change in the number of hours with
UTCI > 32°C attributable to projected future urbanization under the same future climate forcing; positive values indicate increased strong heat-stress exposure duration
and negative values indicate reduced strong heat-stress exposure duration.

3.3. Spatial Patterns of Urbanization-Induced Changes in Strong Heat-Stress Exposure

Figure 3 shows the spatial distribution of changes in strong heat-stress exposure induced by projected urbani-
zation, expressed as changes in the number of hours with UTCI > 32 °C at each urban grid cell during the warm
period of the year for each city. Table 1 summarizes the corresponding city-scale exceedance counts and baseline-
normalized changes by aggregating exceedance hours over urban grid cells in each simulation. Here, one urban
grid-cell hour refers to one urban grid cell at one hourly model output time step; thus, N; ?jsi denotes the cumulative
number of urban grid-cell hours with UTCI > 32 °C in simulation case, where case € {P,PU,FU}. This count
integrates both the spatial extent and temporal duration of strong heat-stress exposure. Percentage changes are
expressed relative to N2, the present-day baseline exceedance count (see Text S7 in Supporting Information S1

for details).

The results show that, at the aggregate scale, urbanization-induced changes in strong heat-stress exposure vary
among cities. Tokyo exhibits a near-neutral to weakly negative response (—4.46% to 0.62%), whereas Cairo and
Jakarta show consistently positive urbanization contributions of 12.48%-13.85% and 8.73%-14.97%, respec-
tively. Consequently, future urbanization slightly attenuates the background climate-change-induced increase in
strong heat-stress exposure in Tokyo but amplifies it in Cairo and Jakarta. This amplification raises the total
normalized increase from 17.47%-28.19% under climate forcing alone to 29.96%—42.05% in Cairo and from
18.55%-43.46% to 27.59%—-54.86% in Jakarta; in contrast, the total normalized increase in Tokyo is reduced
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Table 1
Monthly Exceedance Counts and Baseline-Normalized Changes in Strong Heat-Stress Exposure
City Month N3¥ (grid count) Scenario N33 N7? N7 = N33 AEqi (%) AEw (%) AEu, (%)
TYO 7 234,849 SSP126 346,198 347,646 1,448 47.41 48.03 0.62
SSP245 371,570 366,740 —4,830 58.22 56.16 —2.06
SSP370 378,636 373,758 —4,878 61.23 59.15 —2.08
8 372,418 SSP126 525,622 520,941 —4,681 41.14 39.88 —1.26
SSP245 567,021 559,029 —=7,992 52.25 50.11 -2.15
SSP370 589,364 588,743 —621 58.25 58.09 —0.17
9 79,369 SSP126 143,922 141,254 —2,668 81.33 77.97 —3.36
SSP245 146,280 142,739 —3,541 84.30 79.84 —4.46
SSP370 151,728 148,801 —2,927 91.17 87.48 —3.69
CAI 7 670,481 SSP126 787,622 871,326 83,704 17.47 29.96 12.48
SSP245 798,729 883,985 85,256 19.13 31.84 12.72
SSP370 810,203 896,901 86,698 20.84 33.77 12.93
8 697,742 SSP126 823,873 911,649 87,776 18.08 30.66 12.58
SSP245 833,128 922,541 89,413 19.40 32.22 12.81
SSP370 853,999 944,953 90,954 22.39 35.43 13.04
9 528,864 SSP126 642,366 711,755 69,389 21.46 34.58 13.12
SSP245 659,294 729,885 70,591 24.66 38.01 13.35
SSP370 677,969 751,227 73,258 28.19 42.05 13.85
JKT 9 535,684 SSP126 516,149 555,485 39,336 18.55 27.59 9.03
SSP245 562,338 603,578 41,240 29.16 38.63 9.47
SSP370 580,993 620,668 39,675 33.45 42.56 9.11
10 358,982 SSP126 443,931 486,863 42,932 23.66 35.62 11.96
SSP245 504,362 535,684 31,322 40.50 49.22 8.73
SSP370 514,978 555,906 40,928 43.46 54.86 11.40
11 279,637 SSP126 359,652 401,500 41,848 28.61 43.58 14.97
SSP245 360,838 390,293 29,455 29.04 39.57 10.53
SSP370 382,532 410,038 27,506 36.80 46.63 9.84
Note. N232 denotes the cumulative number of urban grid-cell hours with UTCI > 32°C for a given simulation case, as defined
in Section 2.2. AE;, AEy, and AE, denote the background climate-change effect, the combined
climate-change-and-urbanization effect, and the urbanization-induced contribution, respectively. Percentage changes are
normalized by N;”; detailed formulas are provided in Text S7 in Supporting Information S1.
slightly from 41.14%-91.17% to 39.88%-87.48% when future urbanization, which includes changes in land
cover, urban morphology, and AHE, is considered.
Consistent with the city-scale urbanization-induced strong heat-stress exposure changes (AE,,, in Table 1), the
spatial patterns in Figure 3 show that these responses arise from distinct intra-urban structures. In Tokyo, negative
anomalies prevail across much of the urban area, particularly under SSP245. When interpreted together with
Figure 1b and Figure S3 in Supporting Information S1, projected urbanization in Tokyo involves only minor
changes in urban parameters at the 1.5 km grid scale across most of the metropolitan area, whereas AHE decreases
across most urban grid cells. The urbanization-induced reduction in the duration of strong heat-stress exposure is
therefore more plausibly attributed to declining AHE than to projected horizontal/vertical urban expansion. In
Cairo, positive anomalies are concentrated in the denser urban core and coincide with localized increases in urban
parameters and AHE, suggesting that combined structural and energetic intensification enhances strong heat-
stress exposure in already urbanized areas. Jakarta exhibits the broadest positive anomalies, especially across
the western and southern sectors, and these align more closely with increases in urban parameters than with AHE.
Although changes in AHE also contribute, the overall response in Jakarta appears to be driven primarily by grid-
scale horizontal/vertical urban expansion. Because AUP includes changes within pre-existing urban areas as well
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as contributions from newly urbanized grid cells, these results indicate that increases in strong heat-stress
exposure are concentrated mainly in rapidly developing parts of the urban domain.

This interpretation is consistent with previous urban climate research, particularly regarding the impacts of ur-
banization on air temperature. For Tokyo, AHE has long been recognized as a major contributor to the urban
thermal environment: Ichinose et al. (1999) documented anthropogenic heat fluxes exceeding 400 W m~2 in
central Tokyo; Ohashi et al. (2007) showed that summer urban air temperature in Tokyo is closely linked to
building energy consumption and that air-conditioning waste heat intensifies weekday heat-island conditions; and
Takane et al. (2022) estimated that pandemic-related reductions in central Tokyo lowered AHE markedly and
reduced daytime air temperature by about 0.2°C in office districts. Adachi et al. (2012) further showed that future
summertime warming in Tokyo is dominated by background climate change, with urbanization acting as a
secondary modifier. Taken together, these studies support the interpretation that Tokyo's urbanization-induced
reduction in strong heat-stress exposure reflects reduced AHE rather than substantial morphological change,
and that this offset remains modest relative to the much larger background climate-change-induced increases in
strong heat-stress exposure.

For Cairo and Jakarta, the urbanization-induced increase in strong heat-stress exposure is also consistent with
previous studies. In hot-arid Egyptian cities, outdoor thermal conditions are sensitive to urban form and shading
conditions (Galal et al., 2020). More generally, denser and more volumetrically developed urban form tends to
intensify urban heat and can modify not only the city-mean thermal environment but also its spatial distribution
(Y. Li et al., 2020). For Greater Jakarta, previous projections indicate that local urban effects are spatially het-
erogeneous and depend strongly on projected urban form and anthropogenic heating (Darmanto et al., 2019),
while observations show that the Jakarta metropolitan area already experiences substantial urban heat island
intensity (Siswanto et al., 2023). These studies support the interpretation that the urbanization-induced increase in
strong heat-stress exposure in Cairo and Jakarta is physically plausible, although the dominant drivers differ
between the two cities. In Cairo, the positive signal is concentrated over the urban core and is consistent with
localized increases in both urban parameters and AHE. In Jakarta, the broader positive signal corresponds more
closely to increases in urban parameters, suggesting that horizontal/vertical urban expansion plays the primary
role, with AHE acting as an additional amplifier.

3.3.1. Monthly Exceedance Counts and Baseline-Normalized Changes in Strong Heat-Stress Exposure

N?;Si denotes the cumulative number of urban grid-cell hours with UTCI > 32 °C for a given simulation case,
where the case is P, PU, or FU. AE;, AE,,, and AE,, denote the background climate-change effect, the
combined climate-change-and-urbanization effect, and the urbanization-induced contribution, respectively.Per-

centage changes are normalized by N§32; detailed formulas are provided in Text S7 in Supporting Information S1.

3.4. Drivers and Implications of Differing UTCI and T2 Responses to Projected Urbanization

Across all cities and scenarios, projected urbanization-induced changes in the monthly mean UTCI and 72,
denoted by AUTCI(AUP) and AT2(AUP), respectively, are not of equal intensity (i.e., points depart from the 1:1
line in Figure 4). For Jakarta, most points cluster around the 1:1 line, indicating comparable changes in UTCI and
T2 under future urbanization. Notable outliers occur during months of relatively high rainfall, such as in
November and December in Jakarta for the SSP370 scenario (Figure 4). During these months, future urbanization
resulted in contrasting effects on 72 and UTCI, where monthly mean 72 increased (decreased), but monthly mean
UTCI decreased (increased) in November (December). For Cairo, most points lie above the 1:1 line, indicating a
consistently greater increase in UTCI than in 72 under future urbanization. An exception occurs in October under
SSP126, a high-rainfall month, when urbanization decreases air temperature but increases UTCI. For Tokyo, most
points fall above the 1:1 line, indicating that projected urbanization-induced UTCI decreases are generally smaller
than corresponding air temperature decreases. SSP370 responses are more tightly clustered, while SSP126 and
SSP245 exhibit greater spread, reflecting scenario-dependent variability in background climate modulation.

To elucidate the drivers behind these discrepancies and quantify the relative contribution of future urbanization-
induced changes in the meteorological drivers to the changes in the UTCI, LightGBM modeling (Section 2.4) was
used to estimate feature importance. The models were trained using grid-cell-level monthly mean data over areas
classified as urban under the present-day urban configuration. Each sample corresponds to a grid cell-month
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Figure 4. Comparison of future urbanization-induced T2 and Universal Thermal Climate Index changes under multiple
scenarios: AT2 (AUP) versus AUTCI (AUP). Red, blue, and green dots represent Cairo, Tokyo, and Jakarta, respectively.
All values are spatially averaged monthly means, calculated for each month of the year, based on urban areas classified in 2022.

combination within a given city—season—scenario case (8,397 samples for Tokyo, 9,297 for Cairo, and 17,130 for
Jakarta; see Text S4 in Supporting Information S1 for details). Separate models were trained independently for
each city—season—scenario combination to account for regional and seasonal heterogeneity. The test-set R? ranged
from 0.792 to 0.984 (median = 0.954). At the pixel level, MAE and RMSE for monthly mean AUTCI ranged from
0.0087°C to 0.0141°C and from 0.0158°C to 0.0305°C, respectively (Table S5 in Supporting Information S1).
Because R? is sensitive to the variance of the response variable, these uniformly small absolute errors suggest that
the models reproduced monthly mean AUTCI with high accuracy, even in cases with comparatively lower R
The trained models therefore provide a reasonable basis for examining model-derived feature importance within
the modeling framework. Here, feature importance is used to characterize the relative contribution of meteoro-
logical predictors and their changes to model-predicted AUTCI associated with AUP, rather than to imply causal
effects.

3.4.1. Factors Influencing the Differences in the Response of UTCI and 72 to Projected Urbanization

Figure 5 summarizes the LightGBM feature-importance analysis for the modeled AUTCI(AUP). Here, UP de-
notes the set of urban-related parameters that differ between the present-day and projected 2050s urban con-
figurations, including urban land cover, urban morphology, and AHE. For brevity, AX(AUP) denotes the change
in meteorological variable X associated with the projected-urbanization effect, where AUP = FU — PU,
whereas AX(PU — P) denotes the change in X associated with the future-climate background under fixed
present-day urban conditions, that is, PU — P. Because a separate LightGBM model was trained for each
city—season subset, feature importance was interpreted only within each panel, and absolute importance values
were not compared across panels.

In all panels, the four predictors describing projected-urbanization-induced meteorological changes, namely
AT2(AUP), AT,,,,(AUP), ARH2(AUP), and AU10(AUP), together accounted for 84.4%-99.8% of total feature
importance, whereas the four predictors based on the PU — P differences—AT2(PU — P), AT,,,(PU — P),
ARH2(PU — P), and AU10(PU — P)—jointly explained only 0.2%-15.6%. This suggests that, within the
modeling framework, the simulated response of AUTCI(AUP) depended mainly on meteorological perturbations
induced by projected urban-parameter change, while the “PU — P” terms acted primarily as lower-importance
descriptors of the background future-climate state.

Tokyo displayed the greatest within-season variation in the leading predictor. AU10(AUP) ranked highest in
spring and winter among all SSPs, whereas summer and autumn showed more mixed contributions from
AU10(AUP), AT2(AUP), and AT,,,(AUP). In Cairo, AT2(AUP) ranked highest in spring, summer, and autumn
under all SSPs, while AU10(AUP) ranked highest in winter; however, ARH2(AUP) also made a substantial
secondary contribution in several Cairo panels. In Jakarta, AU10(AUP) ranked highest across all SSPs in the dry
season, and under SSP126 and SSP245 in the wet season, whereas AT2(AUP) slightly exceeded AU10(AUP)
under SSP370 in the wet season. In seven out of ten city—season panels, the highest-ranked predictor remained the
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Figure 5. Feature importance of meteorological predictors for future urbanization-induced Universal Thermal Climate Index
changes in (a) Tokyo, (b) Cairo, and (c) Jakarta across multiple scenarios.
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same across SSPs, suggesting that the relative importance of key drivers is largely insensitive to differences in
climate forcing.

These results show that the response of UTCI to projected urbanization cannot be inferred from near-surface air
temperature alone. In several city—season models, especially in Tokyo and Jakarta, projected-urbanization-
induced changes in wind speed and, in some panels, T, contributed as much as or more than projected-
urbanization-induced changes in near-surface air temperature. This is physically plausible because UTCI in-
tegrates the combined effects of air temperature, humidity, wind speed, and radiation rather than relying on air
temperature alone (Brode et al., 2012, 2013).

3.4.2. Implications of Differing UTCI and T2 Responses for Heat-Risk Assessment

The feature-importance patterns provide a mechanistic explanation of the differing responses of UTCI and T2 to
projected urbanization. Projected urbanization can affect human thermal stress through at least three coupled
pathways. First, it can alter urban surface energy partitioning and near-surface moisture availability by reducing
evapotranspiration and latent heat exchange while enhancing sensible heat exchange, thereby modifying T2 and,
in some cases, RH2. Second, it can modify the radiative exchange conditions through parameterized changes in
urban form, thereby affecting 7,,,,. Third, it can modify local ventilation and wind conditions through changes in
aerodynamic roughness and drag, thereby affecting U10. Since UTCI reflects the combined influences of air
temperature, humidity, wind, and radiant load on human heat balance, the thermal-stress response to projected
urbanization depends on the relative importance of these pathways rather than on T2 alone (Brode et al., 2012,
2013, H. Chen et al., 2022; Hao et al., 2023; Kantor & Unger, 2011).

The relatively small importance of the PU — P terms does not imply that background climate is irrelevant.
Rather, it suggests that, within each city—season model, the incremental urbanization signal is represented mainly
by the urbanization-induced perturbation terms, while the prevailing seasonal climate modulates how strongly
UTClI responds to perturbations in T2, T,,,,,, RH2, and U10. This framework helps explain why feature importance
differed among cities and variables. In Cairo, where AT2(AUP) ranked first in most spring—autumn models,
projected urbanization appears to be expressed mainly through a relatively direct near-surface warming pathway,
which is physically consistent with enhanced sensible heating under hot and dry conditions. In Tokyo, the warm-
season prominence of AT,,,(AUP) in several panels is also plausible, as radiative loading and T, are known to
be particularly important for outdoor thermal comfort under warm, exposed conditions. In Jakarta, by contrast, the
repeated prominence of AU10(AUP) indicates that ventilation changes are a key pathway through which pro-
jected urbanization modifies thermal stress in a warm-humid coastal environment, where lack of air movement
itself can strongly exacerbate heat discomfort (Baruti et al., 2019; Brode et al., 2013; Galal et al., 2020; Kantor &
Unger, 2011; Zhou et al., 2023).

Figure 6 provides a spatial illustration of this mechanism in Jakarta under SSP370. In November, parts of central
and eastern Jakarta show positive AU10(AUP) together with negative AUTCI(AUP), even where AT2(AUP) is
weakly positive or close to zero, suggesting that enhanced ventilation offsets part of the urbanization-induced
warming signal. In December, by contrast, AUIO(AUP) becomes negative over much of the domain, while
AUTCI(AUP) becomes positive in many of the same areas despite generally weakly negative AT2(AUP). A
physically plausible interpretation is that projected urbanization modifies near-surface wind through competing
aerodynamic and thermal effects: increased roughness and building drag tend to reduce mean near-surface wind
speed, whereas urban heating can destabilize the lower atmosphere, enhance turbulent momentum exchange, and
locally increase canopy-layer wind. In coastal Jakarta, the balance between these mechanisms is likely further
conditioned by seasonal changes in sea-breeze behavior and the larger-scale monsoonal background flow. The
November—-December sign reversal of AU10 is therefore physically plausible, but should be interpreted as a
model-based inference unless supported by additional diagnostics of wind direction, pressure gradients,
boundary-layer stability, or sea-breeze timing (Cheng et al., 2023; Hadi et al., 2002; Junnaedhi et al., 2023; Qiao
et al., 2023; Sun et al., 2024).

The strong seasonal variability in Cairo can be interpreted within the same framework. Under the hotter spring-to-
autumn background, stronger sensible heating and radiative exposure likely amplify the role of AT2(AUP) in
shaping AUTCI(AUP), whereas in winter, when the background thermal load is reduced, ventilation-related
changes become relatively more influential. This interpretation is consistent with previous studies showing
that urban form in hot-arid environments strongly affects radiation, air temperature, and wind exposure, and with
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Figure 6. Spatial distributions of monthly mean AT2(AUP), AUTCI(AUP), and AU10(AUP) in Jakarta for the 2050s under SSP370. These variables show projected
urbanization-induced changes, calculated as the differences between two 2050s simulations under SSP370: one using the projected 2050s urban configuration and the
other using the 2022 urban configuration. Panels show (a) November and (b) December.

UTCI sensitivity analyses showing greater sensitivity to humidity and radiation in hot conditions and greater
sensitivity to wind when conditions are cooler (Brode et al., 2013; Galal et al., 2020).

At the same time, the limited SSP-to-SSP reordering of the highest-ranked predictors suggests that the relative
importance of key drivers remains broadly consistent across scenarios and should not be overinterpreted. In most
city—season panels, the leading predictor was stable across SSPs, and where ranks changed, the leading predictors
often had comparable importance. Feature importance in gradient-boosted tree models is a model-derived ranking
based on split-wise loss reduction accumulated during tree construction, and correlated predictors can redistribute
importance among one another when they carry overlapping predictive information. Accordingly, modest SSP-
dependent changes in rank are better interpreted as differences in relative model emphasis rather than as definitive
evidence of distinct scenario-specific physical regimes (Adler & Painsky, 2022; Ke et al., 2017; Strobl
et al., 2007).

Finally, the analysis is based on a single simulated year, which limits generalization. One-year samples only one
realization of synoptic forcing, cloudiness, humidity, and circulation variability (Brogli et al., 2023). This lim-
itation applies to all three cities, but it is especially relevant to Jakarta and the broader Maritime Continent, where
rainfall and associated circulation vary on seasonal, intraseasonal, and interannual timescales and are influenced
by monsoonal flow, local air-sea interaction, and large-scale modes such as ENSO and the Indian Ocean Dipole.
The present results should therefore be interpreted as process-revealing patterns for the analyzed year, while
multi-year or ensemble simulations would be needed to test the robustness of the monthly wind responses and
feature-importance rankings (Hendon, 2003; Lestari et al., 2019; Yamanaka, 2016).

3.5. Study Limitations and Future Perspectives

The present framework was designed for strategic city-scale assessment (Maragno et al., 2020) rather than street-
level diagnosis of pedestrian thermal comfort. Although UTCI was calculated hourly before aggregation, the
simulated Tmrt, wind speed, and UTCI inherit the scale mismatch of mesoscale thermal-comfort modeling
(Lobaccaro et al., 2021; Martilli, Nazarian, Krayenhoff, et al., 2024). At 1.5-km resolution, shading, street-canyon
geometry, vegetation, orientation-dependent radiation exposure, and flow obstruction or channeling are repre-
sented only indirectly through grid-cell urban parameters. Therefore, the results should be interpreted primarily as
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mesoscale indicators of relative thermal-stress change rather than as microclimatic conditions at specific
pedestrian locations (Briegel et al., 2024; Ding et al., 2024; T. Jiang et al., 2023; Lobaccaro et al., 2021). This
caveat is reinforced by the standard UTCI wind convention based on 10-m wind speed, which may not adequately
represent wind conditions within the urban canopy layer (H. Lee et al., 2025).

Recent studies have begun to reduce this scale gap in mesoscale models through subgrid parameterizations
derived from mesoscale-microclimate coupling frameworks, which may involve machine-learning-based
downscaling and emulation (Briegel et al., 2024; Ding et al., 2024; T. Jiang et al., 2023; Martilli, Nazarian,
Krayenhoff, et al., 2024). Among these, WRF-Comfort is particularly relevant because it estimates subgrid
variability in pedestrian-level mean radiant temperature and wind speed within WRF with the BEP-BEM multi-
layer urban canopy scheme, thereby supporting heat-stress diagnostics across urban areas over extended periods
(Martilli, Nazarian, Krayenhoff, et al., 2024). This provides a promising pathway for improving pedestrian-level
thermal-comfort diagnostics while remaining within a mesoscale modeling context. In this study, WRF-SLUCM
was adopted because the available present and future urban data sets are directly compatible with grid-cell urban
parameters, including land-cover change, urban morphology, and AHE, enabling computationally feasible multi-
city future simulations (Khanh et al., 2021; A. C. Varquez et al., 2021). Future work could either adapt WRF-
Comfort-like thermal-comfort diagnostics with the SLUCM framework or develop spatially heterogeneous
SSP-consistent urbanization scenarios for more complex schemes such as BEP-BEM (Anders & Maronga, 2025;
G. Chen et al., 2021; Q. Zhao et al., 2025).

A second limitation is temporal aggregation. Monthly mean UTCI provides a compact basis for comparing cities
and scenarios, but it can mask whether exposure changes arise from stronger daytime radiant loading, greater
evening heat persistence, or reduced nighttime cooling (Anders et al., 2025; Brode et al., 2012; Mathew
etal., 2018; Y. Qin et al., 2023). These pathways are not thermophysiologically equivalent, because hot nights can
suppress nocturnal recovery and increase health risks (Di Napoli et al., 2019; Guo et al., 2024; Obradovich
et al., 2017; Royé et al., 2025). The hourly threshold-exceedance analysis partly addresses this limitation by
retaining hazardous hours before aggregation, but future work should explicitly separate daytime, evening, and
nighttime UTCI responses and quantify the timing, persistence, and intensity of heat exposure across the diurnal
cycle (Sadeghi et al., 2021).

Finally, the projections are conditional on one simulated meteorological year and one future urbanization
pathway. Alternative synoptic years could modify the simulated cloudiness, humidity, circulation, and wind
responses (Brogli et al., 2023), while alternative urban expansion patterns, development intensities, morphology
trajectories, and AHE assumptions could modify the magnitude and spatial distribution of future UTCI changes
(G. Chen et al., 2020; W. He et al., 2023; L. Jiang & O’Neill, 2017; Q. Zhao et al., 2025). Future studies should
therefore use multi-year or ensemble simulations together with scenario-consistent urbanization pathways to
evaluate uncertainty in climate forcing, urban extent, morphology, and AHE more systematically (Booker
et al., 2025; Darmanto et al., 2019).

4. Conclusion

This study projected 1.5-km future urban climate and thermal comfort for Tokyo, Cairo, and Jakarta in the 2050s
under SSP126, SSP245, and SSP370, explicitly accounting for projected changes in urban morphology and AHE.
Across all cities and scenarios, both near-surface air temperature (T2) and UTCI increase, with UTCI increasing
more strongly. Thus, air temperature alone would underestimate future urban heat risk. Climate forcing remains
the dominant driver of city-scale mean warming, while projected urbanization mainly modulates intra-urban
heterogeneity, producing local hotspots in Cairo and Jakarta whose magnitude can approach the climate-
forcing signal.

Projected seasonal changes in monthly mean T2 and UTCI differ systematically with climatic background.
Cairo's hot-desert setting produces the strongest summer amplification, Tokyo's humid-subtropical setting pro-
duces a moderate, partly bimodal response, and Jakarta's tropical-monsoon setting shows weak seasonality. The
effects of projected urban-configuration changes on monthly mean thermal conditions also differ across cities. In
Tokyo, this specific future urban pathway slightly reduces monthly mean T2 and UTCI relative to the climate-
only simulations, mainly because urban morphology changes only slightly while AHE declines. In contrast,
projected horizontal/vertical urban expansion, together with rising AHE, further increases monthly mean thermal
stress in Cairo and Jakarta.
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The threshold-exceedance analysis provides a clear heat-risk message. Averaged across the analyzed warm
months and SSPs, total baseline-normalized exposure to strong heat stress, defined as hours with UTCI > 32°C,
increases by 61.9% in Tokyo, 34.3% in Cairo, and 42.0% in Jakarta. Projected urbanization contributes differently
to these increases: it is near-neutral to negative in Tokyo due to declining AHE, with an average contribution of
—2.1 percentage points and a range of —4.46% to +0.62%, but substantially amplifies exposure in Cairo and
Jakarta, with average contributions of +13.0 and +10.6 percentage points, respectively. These positive contri-
butions are consistent across scenarios in Cairo (+12.48% to +13.85%) and Jakarta (+8.73% to +14.97%),
showing that urbanization materially modifies hazardous thermal-stress exposure.

These results have direct implications for urban heat adaptation. The Tokyo case suggests that reducing AHE can
partly counteract background climate-change-induced increases in strong UTCI exposure, although the offset
remains modest relative to the larger background climate signal. Conversely, Cairo and Jakarta show that pro-
jected horizontal/vertical urban expansion and increasing AHE can amplify future heat-stress exposure. Finally,
the UTCI response to projected urbanization cannot be inferred from T2 alone: air temperature, radiation, hu-
midity, and wind play different roles by city and season, with ventilation changes especially important in Jakarta.
These findings emphasize the need to assess future urban heat risk using physiologically relevant indices such as
UTCI, together with explicit representation of urban morphology and AHE.
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