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Models from the Coupled Model Intercomparison Project (CMIP) are commonly used to infer future atmospheric temperatures across the
world, including in Asia. This region is warming at an alarming rate, and home to some of the world's most populated countries and many of
its most populated, fastest-growing and most heat-vulnerable cities. CMIP models are not always checked against local city-scale conditions
without correction or downscaling applied beforehand. Being almost ten years after CMIP phase 6 was released, there is an opportunity to
assess the accuracy of CMIP6 data with ground observations. Here we compare 2-metre air temperatures from 11 high-resolution CMIP6
models using a Shared Socioeconomic Pathway (SSP) for scenario 5-8.5 against GHCND station observations and ERAS reanalysis for 411
Asian cities over the period 2015 to 2024. Neither bias correction nor downscaling was applied. ERA5 agreed closely with station
observations (r = 0.91, RMSE = 2.2 °C), and all CMIP6 variants correlated significantly with observations but performed noticeably worse
than reanalysis data (r = 0.78-0.81, RMSE = 4.17-5.35 °C, mean bias —1.26 to +3.28 °C). HadGEM3-GC31-HH performed best most often,
and CNRM-CM6-1-HR performed worst. Biases were systematic rather than seasonal, with ten of the eleven variants being warm-biased in
every season, and only CMCC-CM2-VHR4 being consistently cold. Performance depended strongly on geography, with latitude being the
dominant predictor (r = 0.84). Agreement was strongest in arid, cold and temperate climates (r ~# 0.88-0.91) and weakest in tropical rainforest
(r = 0.23) and monsoon (r = 0.49) climates. By region, Southeast Asian cities had the weakest agreement (mean r = 0.43) and East Asian
cities the strongest (r = 0.89). The models were least reliable in tropical Southeast Asia, where heat-related mortality and urban growth are
highest. Improving tropical convection and urban representation in models, and expanding observation networks, should be priorities for

future model development.

Introduction

As the global average air temperature continues to rise it is likely that the
threshold of 1.5°C above pre-industrial temperatures will be breached
within the next few years (Forster et al. 2025; World Meteorological
Organization, 2025). Impacts to the environment and society, which are
already being experienced by communities across the world (IPCC, 2021),
will continue to worsen as and after this threshold is exceeded, with an
increasing frequency of extreme weather events including heatwaves,
floods, droughts, heavy precipitation and wildfires (United Nations, 2024).
Beyond the impacts to the natural environment, increasing ambient air
temperatures are also associated with increased levels of human impair-
ment and injury as well as increased mortality rates (Basu & Samet, 2002;
Flouris et al. 2018). Extreme heat is widely regarded as one of the most
impactful extreme weather events with respect to human mortality, being
responsible for an estimated 489,000 heat-related deaths every year
between 2000 and 2019, with 45% of these located in Asia specifically
(World Health Organization, 2024). In response to increasing air temperat-
ures and the increasing frequency of heatwaves, many communities,
particularly those in economically wealthy societies, have implemented
adaptation measures, such as enhanced air conditioning, energy efficient
buildings, cooling centers, and early warning systems (Pavanello et al
2021; Saffari et al. 2017; Meade et al. 2023; Lowe, Ebi & Forsberg 2011).
However, given the limitations of human physiology, it is clear that even
with widespread implementation of adaptation measures, the threat posed
by extreme heat conditions will persist, meaning there is a need for
targeted interventions in areas most at risk (World Health Organization,
2024).

Urban environments experience elevated temperatures and restricted
airflow due to factors like heat absorption by concrete and asphalt, reduced
greenery, air pollution, and heightened energy consumption, all of which
contribute to the urban heat island (UHI) effect (Mohajerani et al., 2017).
These and other factors contribute to high air temperatures in urban
environments (Cheval et al 2024), with the fourth highest confirmed air
temperature on record (inclusive of those measurements taken both within
and outside of urban environments) being for the urban area of Turbat,
Pakistan on 28 May 2017 reaching 53.7°C (z 0.4 °C; World Meteorologic-
al Organization, 2019). Surface temperatures in urban environment are
capable of reaching upwards of 60°C (Mohajerani et al., 2017), and
conventional paving materials such as asphalt can reach surface temperat-

ures up to 152°F at mid-day (approximately 67°C; U.S. Environmental
Protection Agency, 2025). While most urban environments experience
varying levels of the heat island effect, some locations are notably cooler
and more resilient than others due to factors including their latitude,
climate zone, elevation, population, and urban planning approach, amongst
other factors (Manoli et al 2019). Because of the variety of temperature
responses in different urban environments, understanding the changing
dynamics of heat waves, and their differences across regions is important
for developing effective strategies to handle the negative impacts of
climate change (IPCC, 2021).

Research into air temperatures across Asia in particular is important due to
the fact that Asia: is warming at twice the global average (World Meteoro-
logical Organization 2025b); has the largest human population of all the
continents and contains some of the most population dense cities in the
world (United Nations 2024); has some of the fastest growing national
populations and economies in the world (International Monetary Fund
2024); has some of the highest carbon emitting economies in the world
(International Energy Agency 2025); and, has been experiencing record-
breaking heatwaves that have had devastating impacts on human health,
industry, and overall socio-economic stability (World Weather Attribution,
2024; United States Institute of Peace, 2024; Vu et al. 2025). The impact
on communities in urban environments within Asia cannot be ignored,
particularly given the region's extreme vulnerability to both climate change
and rapid urbanization effects, and given the importance of Asian cities for
industrial and economic activity that has direct impacts on the world
(Shaw et al 2022; McKinsey Global Institute 2023). The impact of heat on
urban environments in Asia has been broadly studied, including in East
Asia where on average cities are 1.6-2.0°C warmer than their rural
surroundings, and in Southeast Asian cities where average temperatures
are up to 5.9°C warmer. Even within Asian cities, temperatures can be up
to 7.0°C different between the coldest and warmest neighbourhoods due to
the UHI effect (World Bank, 2023), and in Indian cities the UHI effect
ranges between 2 and 10°C (Islam et al. 2024). Heat stress in urban Asian
environments has been shown to result in productivity loses of 29-41%
(Alahmad et al. 2025). Urban heat will become more impactful in the
future, not just because of climate change, but also because of population
movements. For example, in Southeast Asia in excess of 200 million more
people are expected to relocate to cities by 2050 (Climate Impact Tracker,
2025), yet this region also experiences 45% of the world's heat-related
deaths (World Health Organization, 2024). UHI impacts in tropical Asian



cities are notably deadly, not just because heat-retaining surfaces such as
concrete and asphalt enhance UHI and prevent proper cooling during
nighttime, but also because of high humidity. This makes research into
urban heat mitigation strategies increasingly important for protecting the
hundreds of millions of Asian people moving to cities over the coming
decades (Zhao et al., 2021).

Research on urban heat has been conducted in a variety of places within
Asia, including: India, Bangladesh, Pakistan, Afghanistan, Sri Lanka,
Nepal and Bhutan (Hassan et al. 2021; Maharjan et al. 2021; Kotharkar,
Ramesh & Bagade 2018); China (Ren et al. 2008; Yang et al. 2025);
Malaysia (Wang et al. 2019); Japan (Takane et al 2019); South Korea
(Choi, Lee & Moon, 2018); the Philippines, Vietnam, Thailand and
Indonesia (Nguyen et al. 2023); Singapore (Jung, 2024); Iran (Roshan,
Sarli & Grab, 2021); Israel (Sofar and Potchter, 2006); Qatar, the UAE,
Saudi Arabic, Oman, Kuwait and Bahrain (Abulibdeh 2021); and others
(Tzyrkalli et al. 2024). There are variations in UHIs across Asia, which has
resulted in spatial inequalities in heat exposure within individual cities
(World Bank, 2023; Islam et al. 2024). Particularly in Asian cities, urban
air pollution (Ulpiani 2021; Piracha & Chaudhary, 2022), high humidity
environments (World Bank 2023), seasonal variation (Almeida et al. 2021;
Yang et al., 2025), and differences between global North and South cities
(Gao et al. 2024), are compounding factors to understanding this phe-
nomenon.

Comparing observational data with Earth system model outputs

Academic literature has also responded to the need for increased research
on changes to Asian air temperatures by using computational climate
models, including those produced by the ICCP and UN member states, to
look at urban air temperatures in Asia. Such studies have often employed
observational data for historical context alongside advanced climate
projection models (e.g. the Coupled Model Intercomparison Project,
CMIP) used to anticipate future conditions, while high-resolution data
from meteorological reanalysis datasets like ERA5, MERRA-2, and NCEP
are often used to provide broader coverage both spatially and temporally to
analyze changes in air temperature during time periods where gaps in
observational data exists (Eyring et al., 2016; Hersbach et al., 2020;
Scafetta 2023). Such research provides insights into the current and future
state of heat stress in the region and also informs adaptation and mitigation
strategies to protect against escalating heat conditions (Turek-Hankins et
al., 2021). CMIP models are typically compared to historical observations
or reanalysis datasets (Papalexiou et al. 2020; Delgado-Torres et al 2022;
Scafetta 2023), yet it is also important to make comparisons during the era
of strongest change, and retrospectively comparing future model projec-
tions to observations provides a robust and independent test of model skill
(Cowtan et al 2015; Hausfather et al 2020).

CMIP6 models have been an incredibly important tool in projecting future
climate conditions, and have been used in numerous research studies, and
also been important for informing government and policy decisions (IPCC
2021b). CMIP6 models have been used extensively for studying climate
conditions in Asia (Supharatid et al 2022; Mousavikhaledi et al 2025;
Zhang, Wu & Zhao 2025), including for various Asian cities (Bhanage et
al 2023; Goyal et al 2023; Bhanage et al. 2024), and have also been
evaluated for their performance in Asia (Luo et al 2020; Yang et al 2021;
Hamed et al 2022; Wengqiang et al 2022; Azad & Ahmadi 2024). Because
of their widespread use, it is important that they’re validated against
observational data, which is important, not only for enhancing model
accuracy but also for strengthening public trust in climate projections.
Although these models, known categorically as global circulation models
(GCMs), are typically used and validated at broader geospatial scales, such
validation should be also undertaken at local scales of tens of kilometres
where climate impacts are most acutely experienced by ecosystems and
communities (Seneviratne et al., 2021; Reyes-Garcia et al 2024), and in
vulnerable regions such as Asia, where heat stress poses socioeconomic
and health challenges (Watts et al., 2021).

Evaluation of CMIP6 model performance for temperature simulations have
already been undertaken across various spatial and temporal scales
revealing both model strengths and weaknesses (Craigmile & Guttorp,
2023; Zhang et al., 2023). This includes for particular regions within Asia,

such as studies on the Tibetan Plateau, which demonstrated some improve-
ments in CMIP6 compared to earlier CMIP5 models, but also some areas
where model results have changed very little (Zhu & Yang 2020; Lalande
et al 2021; Cui, Li & Tian 2021). CMIP6 model performance across arid
regions of Northwest China have revealed systematic biases and it has
been recommended to use optimal model combinations for specific
regional applications (Liu et al., 2022). The evaluation of multi-model
ensembles has identified both model capabilities and limitations in
reproducing observed extreme temperature patterns in Asia (Kim et al.,
2020). Because of limitations in these models, bias correction techniques
for CMIP6 temperature projections have evolved for various applications
and regional contexts (Jose & Dwarakish 2022; Lafferty & Sriver 2023; Li
& Li 2023; Kong & Huber 2024; Singh et al 2024). Dynamical downscal-
ing applications are often used for high-resolution applications (Xu et al.,
2021; Try & Qin 2024), and high-resolution global datasets derived from
statistically and Al downscaled CMIP6 models have been created for
urban and regional applications (Kumar et al., 2024; Pan et al., 2024; Yuan
et al 2024). Because GCMs are often produced at a broader geospatial
resolution and unable to capture high-resolution behaviour, it is typically
and reasonably assumed that such models are not accurate for looking at
high-resolution climate conditions (Rampal et al. 2024). Because of this,
comparisons to high-resolution observational data is typically not
undertaken without downscaling or bias correction efforts first (e.g. Kong
& Huber 2024; Kumar et al., 2024; Pan et al., 2024; Singh et al 2024; Try
& Qin 2024; Yuan et al 2024). However, these processes can introduce
additional uncertainties and computational demands that constrain
widespread practical application (Lafferty & Sriver 2023).

As the CMIP6 climate projection dataset approaches its tenth anniversary
since its release in 2016 (Eyring et al., 2016), the scientific community has
an opportunity for evaluating the reliability of these climate models against
empirical observations over an entire decade’s worth of data. Such longer-
term comparison and evaluation of CMIP6 performance should be con-
sidered more reliable than shorter-term comparisons (Delgado-Torres et al
2022). Because of these factors there is validity in assessing the bias of
CMIP6 models in predicting surface air temperatures in urban environ-
ments in Asia with comparison to datasets over the past decade, such as
reanalysis datasets and detailed ground observations. The Global Historical
Climatology Network-Daily (GHCND) dataset is one such detailed ground
observation dataset, comprised of more than 100,000 weather stations
worldwide with records spanning decades to over a century (Lawrimore et
al., 2011; Menne et al, 2012). While most stations only capture
temperature records, this dataset's large temporal and spatial coverage
makes it an important resource for evaluating CMIP6 model performance
(Perkins-Kirkpatrick & Lewis, 2020; Hirsch et al 2021), and given its
reputable status as a comprehensive dataset, allows researchers to identify
systematic biases and improve future CMIP model iterations (Zhong et al
2022; Gebrechorkos et al. 2023).

The comparison of CMIP6 projections with GHCND observations could
potentially bridge the gap between global climate modelling and regional
impact assessments, enabling more targeted interventions for understand-
ing of air temperature changes and heat stress mitigation (Maraun &
Widmann, 2018). This comparative analysis would be particularly useful
in regions characterised by complex topography, diverse land use patterns,
or unique meteorological conditions that may not be fully resolved in
global climate models with horizontal resolutions of 50-200 kilometres
(Rummukainen, 2010). Such validation exercises done over a longer-term
(decade or longer) could further enhance statistical downscaling
techniques and bias correction methods that enhance the application of
CMIP6 outputs for local decision-making processes in the urban environ-
ment (Yiou et al. 2024). Because of this, the evaluation of CMIP6 models
against GHCND observations and reanalysis products in urban areas
across Asia represent an important step toward developing more robust
early warning systems for heat waves and implementing effective adapta-
tion measures in heat-vulnerable sectors (Lowe et al., 2018). By
identifying where models have good or poor agreement with observed
temperatures, researchers can provide more refined guidance on the
likelihood and severity of future heat stress conditions under various
emissions scenarios (Hawkins & Sutton, 2009). This information is



important for prioritising interventions in regions where the combination
of climatic and socioeconomic factors creates particularly high vulnerabil-
ity to heat-related impacts (Hoegh-Guldberg et al., 2018).

Method

This analysis relies on the European Centre for Medium-Range Weather
Forecasts Reanalysis v5 (ERAS), the Coupled Model Intercomparison
Project Phase 6 (CMIP6), and the Global Historical Climatology Network
Daily (GHCND) station observations, and evaluates CMIP6 model outputs
against observational records and reanalysis products at local scales across
Asia during the decade spanning 2015-2024. Urban areas within Asia were
selected based on three conditions, some of which were overlapping: cities
with a population exceeding 750,000 inhabitants (n=429, population data
sourced from the GeonamesCache library https://github.com/yaph/geo-
namescache), national capital cities (n=49), and the two most populous
urban areas within each nation (n=98). While this resulted in 508 cities
being selected, many were subsequently excluded based on data coverage
and availability.

GHCND meteorological stations were matched with a given city using a
one-degree grid cell centered on each city's latitude and longitude
coordinates. Temporal filtering excluded stations that lacked coverage at
any time during the January 1940 to December 2024 period, with the 1940
year chosen to align with the start date of ERA5 dataset, and 2024 being
chosen as 10 years since the beginning of the CMIP6 dataset. From an
initial pool of 2,407 stations within the defined spatial boundaries of the
508 cities, only 1,731 stations met the temporal coverage criteria. While
analysis was initially considered to include precipitation, wind speed, and
humidity measurements, many stations lacked this data, with only
temperature records being available. Despite limiting the analysis to
temperature data only, the availability and coverage of observational
records meant that the final analysis was done with respect to 411 cities,
rather than 508. Daily temperature averages were computed from GHCND
records, and where multiple stations geospatially matched with any given
city, a simple mean average of these station values was taken if and when
temporal overlap also occurred.

ERAS 2-meter air temperature data was accessed through the Climate Data
Store Application Program Interface (CDSAPI) for the period January
1940 to December 2024. Hourly temperature fields were extracted at each
cities coordinates and temporally averaged to daily values. CMIP6 model
selection was based on datasets that had sufficient spatial and temporal
resolution characteristics, primarily that they offered data on a daily or
sub-daily temporal resolution and a sub-100 kilometre spatial resolution,
and were available from data repositories at the time of analysis. SSP585
data was chosen to represents a high-emissions climate scenario. The
following models were covered by the analysis using data either provided
in daily averages or a daily average was calculated from subdaily data:

* CMCC-CM2-VHR4-r1p1ilfl

* CNRM-CM6-1-HR-r1ilp1f2

» EC-Earth3P-HR variants: r1i1p2f1, r2i1p2f1, r3ilp2f1

* EC-Earth3P-r3i1p2f

« HadGEM3-GC31 variants: HH-r1i1p1f1, HM-r1ilp1f1, HM-rli2p1f1, HM-
rli3p1f1

* MPI-ESM1-2-XR-rlilp1fl

Each city was characterized using multiple environmental factors: climate
classifications followed the Ko6ppen-Geiger system (https://doi.org/
10.1038/s41597-023-02549-6), while ecological context was determined
based on terrestrial ecoregion mapping (https://academic.oup.com/
bioscience/article/67/6/534/3102935; https://ecoregions.appspot.com/).
The most represented Koppen-Geiger climate zones were Temper-
ate_no_dry_hot (93), Temperate_dry_winter_hot (76), and Tropic-
al_savannah (45), while the least represented were Cold_no_dry_hot,
Cold_dry_winter_cold, and Temperate_no_dry_warm (1 city each). Urban
characteristics were based on Local Climate Zones (https://zenodo.org/
records/6364594) while topographic information was obtained via the
Open Elevation API (https://api.open-elevation.com/). The most represen-
ted Local Climate Zones were Compact_mid-rise (116), Compact_low-rise
(98) and Large_low-rise (72), while the least represented were

Bare_soil_sand and Lightweight_low-rise (1 city each). See Appendix 1
for more details of the number of cities per climate category.

Statistical validation used standard meteorological verification metrics
including Pearson correlation coefficients, mean absolute differences, root
mean square error (RMSE), the Willmott skill score, quantile-quantile
regression slopes, and seasonal bias assessments. Performance evaluation
was undertaken by producing statistical measures for each model variant
and also with respect to each environmental classification systems
(Koppen-Geiger zones, terrestrial ecoregions, local climate zones, and
elevation bands) to identify associations between model performance and
environmental characteristics. Ranking analyses quantified individual
model performance across different classification schemes and statistical
measures. Multiple regression modeling was subsequently employed to
identify environmental predictors (including latitude, longitude, elevation,
population, local climate zone, Koppen climate zone, biome, biome realm,
and model) most strongly associated with model performance across
different statistical measures. Neither bias correction nor statistical
downscaling was applied to the model outputs, to ensure direct comparison
of raw model data against the observational record.

Results

Comparison between ERAS reanalysis data and GHCND station observa-
tions revealed strong agreement, with a Pearson correlation coefficient of r
=0.91 (95% CI: 0.89-0.92, p < 0.001). The analysis yielded a root-mean-
square error of 2.2°C, a mean bias of 0.98°C, and a skill score of 0.89. All
11 CMIP6 model variants showed lower correlations compared to ERA5
when validated against GHCND observations, however, despite this, all
model variants showed significant correlations with observations (p <
0.001). Model correlations with observations ranged from 0.78 to 0.81
(mean = 0.79), while mean differences ranged from -1.26°C to 3.28°C
(mean 1.37°C), and root-mean-squared-error values ranged from 4.17°C to
5.35°C (mean = 4.44°C). HadGEM3-GC31-HH-r1i1p1fl emerged as the
best-performing model variant overall with the highest correlation (r =
0.81, 95% CI: 0.78-0.83, p < 0.001) and lowest RMSE (4.17°C), while
CMCC-CM2-VHR4-r1plilfl and CNRM-CM6-1-HR-r1ilp1f2 showed
the poorest performance with the lowest correlation (r = 0.78) and the
highest root-mean-squared-error values (4.78°C and 5.35°C, respectively),
while also exhibiting the largest negative and positive biases (-1.26°C and
3.28°C, respectively).

Table 1 | Summary verification statistics for GHCND station observations against
ERAGS reanalysis and each CMIP6 model variant. Each row compares GHCND
with the named product; columns give the Pearson correlation coefficient, mean
difference, root-mean-square error, quantile—quantile regression slope and the
number of paired daily values contributing to each comparison.

comparison correlation mean_diff rmse qq_slope count
CMCC-CM2-VHR4-r1plilfl 0.781 -1.26 4.777 1.106 3,219
CNRM-CM6-1-HR-r1i1p1f2 0.776 3.276 5.351 1.095 3,221
EC-Earth3P-HR-rlilp2fl 0.792 1.77 4.347 1.054 3,221
EC-Earth3P-HR-r2ilp2fl 0.793 1.645 4.331 1.066 3,221
EC-Earth3P-HR-r3i1p2fl 0.794 1.527 4.225 1.046 3,221
EC-Earth3P-r3ilp2fl 0.79 1.123 4.199 1.08 3,221
ERA5 0.907 0.991 2.3 0.933 15,551
HadGEM3-GC31-HH-r1i1pifl 0.806 1.319 4.169 1.08 3,160
HadGEM3-GC31-HM-rlilp1fl 0.794 1.591 4.395 1.097 3,160
HadGEM3-GC31-HM-r1i2p1fl 0.798 1.723 4.381 1.083 3,160
HadGEM3-GC31-HM-r1i3p1fl 0.795 1.367 4.271 1.076 3,160
MPI-ESM1-2-XR-r1ilp1fl 0.786 0.934 4.394 1152 3,221

Seasonal Bias

Seasonal bias patterns revealed distinct differences across CMIP6 models.
Ten of the eleven model variants exhibited consistent positive bias across
all seasons, while only CMCC-CM2-VHR4-r1p1i1fl showed consistent
negative bias throughout the year. No models demonstrated mixed
seasonal bias patterns, suggesting that temperature biases in CMIP6
models are largely systematic rather than seasonally variable.

Among models with positive bias, CNRM-CM6-1-HR-r1i1p1f2 showed
the largest warm bias with values ranging from 2.52°C in summer to



4.03°C in winter. HadGEM3 model variants displayed the smallest
positive biases among the warm-biased models, particularly during
summer (0.25-0.61°C). MPI-ESM1-2-XR-rlilp1fl showed the most bal-
anced seasonal performance among positive-biased models, with biases
ranging from only 0.10°C in summer to 1.74°C in winter. CMCC-CM2-
VHR4-1r1plilfl was the only model that was consistently cold across all
seasons, ranging from -0.37°C during winter to -2.22°C during summer.

Performance by Physical Characteristics

Model performance varied across different Koppen climate zones, with
cities in arid, cold, temperate and tropical savannah regions performing
well. By correlation, those located in Cold dry winter hot climates showed
the best performance (r = 0.91, n = 42), followed by all arid classifications
(Arid desert hot: r = 0.90, n = 23; Arid steppe/desert cold: r = 0.89, with n
= 33 and n = 6, respectively; and Arid steppe hot: r = 0.88, n = 26). Whilst
the worst performance occurred in Tropical rainforest (r = 0.23, n = 22),
and Tropical monsoon areas (r = 0.49, n = 23), Tropical zones had the
lowest RMSE (2.0 to 2.9°C, Tropical savannah n = 45), while those
located in Cold no dry hot zones had the largest RMSE (8.5°C, n = 1),
which also had the largest mean difference (4.5°C), while Temperate dry
winter warm zones had the smallest mean difference (-0.2°C, n = 4).

By correlation, cities located in biomes classified as Temperate Conifer
Forests (n = 4) showed the highest model to observation correlations (r =
0.91), followed by Temperate Broadleaf & Mixed Forests (r = 0.89, n =
147) and Montane Grasslands & Shrublands (r = 0.89, n = 2). While cities
located in Tropical biomes consistently showed the poorest performance,
with Tropical & Subtropical Moist Broadleaf Forests exhibiting the lowest
correlations (r = 0.64, n = 127), they also showed some of the lowest
RMSE values, with Mangroves having the lowest RMSE value (2.8°C, n =
4). Comparatively, grasslands showed the highest RMSE values, with
Montane Grasslands & Shrublands being the highest (6.8°C, n = 2).
Grasslands also had some of the largest mean differences, with Tropical &
Subtropical Grasslands, Savannas & Shrublands having the highest (4.7°C,
n = 2), while Temperate Conifer Forests had the lowest (0.8°C, n = 4).

By biome realms, Palearctic, Afrotropic and Indomalayan areas had good
correlation (r = 0.89, n = 214; r = 0.88, n = 4; and r = 0.70, n = 176,
respectively), while a single Australasian city had poor correlation (r =
0.12, n = 1), however this was different for RMSE values, with the
Australasian city having the lowest RMSE values (2.3°C), and Afrotropic
cities having the highest RMSE values (5.4°C). Afrtropic cities also had
the highest mean difference (4.7°C), while Indomalayan cities had the
lowest mean differences (1.2°C).

Analysis of cities by Local Climate Zone (LCZ) showed that the city
located in areas classified as Bare soil/sand had the highest correlations (r
=0.92 n = 1), while Open low-rise urban areas performed worst (r = 0.62,
n = 37). However, by RMSE value and mean difference Open low-rise
areas performed best (3.6°C and 0.8°C, respectively), while the city
located in Lightweight low rise areas performed the worse (7.1°C and
3.2°C, respectively, n = 1).

Correlation did not vary substantially by population, with cities classified
as Very Small (3.8 million persons or lower; r = 0.78, n = 360) similar to
the single city classified as Very Large (19.0 million; r = 0.84, n = 1).
Correlations varied somewhat by elevation with those classified as being
at Very Low elevations (under 439 metres; r = 0.77, n = 327) performing
worse than those classified as being at High elevations (1357 metres to
1816 metres; r = 0.91, n = 10), however model performance dropped
above this elevation (Very High; r = 0.82, n = 6).

When comparing model performance to GCHND observations across all
Asian cities by different combinations of climate zone (Koppen, LCZ,
REALM, BIOME) and metric (correlation, rmse, mean difference, and
seasonal biases), HadGEM3-GC31-HH-rlilp1fl performed best most
often, while CNRM-CM6-1-HR-r1i1p1f2 performed worst most often.

Feature importance and predicting model performance

Analysis of performance metric relationships with physical variables
showed that latitude was the dominant predictor of model performance,
showing very strong positive correlations with model-observation
correlation coefficients (r = 0.84, p < 0.001) and RMSE values (r = 0.64, p
< 0.001). This indicates that models performed progressively better at
higher latitudes across Asia, with the poorest performance in tropical and
subtropical regions.

Regression analysis revealed that CMIP6 model performance can be
predicted with high accuracy using geographic and environmental vari-
ables. Model-observation correlation emerged as the most predictable
performance metric (R2 = 0.94, RMSE = 0.06), while seasonal biases were
least predictable (R2 = 0.29-0.44).

Cross-validation results indicated good model stability for correlation
prediction (CV R? = 0.772 £ 0.168) and RMSE prediction (CV R? = 0.667
+ 0.118), but showed higher uncertainty for seasonal bias predictions (CV
R? ranging from 0.073-0.598). The dataset was reasonably sized with
1,760 training samples and 759 test samples.

Feature Importance by Target
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Fig. 1 | Relative importance of geographic and environmental predictors of CMIP6 model performance. Importance is shown separately for three performance targets —
model-observation correlation, RMSE and mean difference — across Local Climate Zone, Koppen—Geiger zone, biome, biogeographic realm, latitude, longitude,

population, elevation and model comparison.



Consideration to political geography

Cities located in South-Eastern Asia (n = 49) had the poorest correlation
between observations recorded in the GHCND dataset and modelled pre-
dictions from CMIP6 outputs (m=0.43, range=0.38 to 0.50), whilst those
cities located in Eastern Asia (n = 208) had the highest correlation
(m=0.89, range=0.84 to 0.92), although this correlation value was not
overly dissimilar to that for cities located in Central Asia (m=0.85, n = 8)
or Western Asia (m=0.89, n = 49), while cities from Southern Asia had
slightly poorer correlation (m = m=0.79, range=0.70 to 0.83, n = 97). The

mean difference between GHCND observations and CMIP6 predictions
were lowest for cities in Central Asia (m=0.14, range=-0.61 to 0.88), and
highest for those cities located in Eastern Asia (m=1.84, range =0.86 to
3.06). Central Asia, though poorly represented by the number of cities in
the analysis, was the only region where cities experienced consistent cold
bias during summer or autumn in model predictions compared to observa-
tions (m = -1.09, range=-0.32 to -1.86; and m = -1.57, range=-0.89 to
-2.25), while cities in all regions typically experienced warm biases in
model outputs.
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Fig. 2 | Seasonal temperature bias by Asian subregion. Top row, summer and winter; bottom row, autumn and spring. Points give the mean bias across cities in each
United Nations geographic subregion and bars span the range across model variants; all panels share the subregion categories labelled on the bottom row.
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Discussion

The analysis of CMIP6 performance compared to GHCND observations
for Asian cities shows that even though CMIP6 models represent a
substantial advancement in global climate modelling capabilities, their
application to urban-scale temperature assessment in Asia requires careful
correction for different geographic, climatic, and urban morphological
factors. Results show that ERA5 reanalysis is strongly correlated with
GHCND observations (r=0.91), and overperforms when compared to
CMIP6 models (r=0.776-0.806, RMSE 4.17-5.35°C). This performance
gap is consistent with previous studies examining CMIP6 model evalu-
ation in Asia (Almazroui et al., 2020; Gusain et al., 2020), though our
analysis provides more comprehensive spatial coverage across urban
centers. The systematic nature of these biases, with ten of eleven models
showing consistent positive bias across all seasons, suggests fundamental
limitations in model physics rather than regional calibration issues. Of
course, this performance gap reflects the inherent limitations of CMIP6's
coarse spatial resolution (typically 50-200 kilometres), which cannot
adequately capture the complex thermal dynamics and spatial heterogen-
eity characteristic of urban heat islands and fine-scale physical behaviours,
for which regional and local scale models are more appropriate.
HadGEM3-GC31-HH-r1ilp1fl consistently performed best across differ-
ent measures and climate zones. This aligns with previous evaluations of
the HadGEM3 model family, which has shown superior performance in
representing Asian climate patterns (Rostron et al., 2020). The HadGEM3
models' dominance in four of the top five performance positions suggests
that the Met Office's model development priorities, particularly their focus
on tropical convection schemes and monsoon representation, have yielded
measurable improvements in Asian climate simulation (Williams et al.,
2018).

There was an elevation-dependent performance patterns, with optimal
correlations around 2000m elevation, potentially reflecting where models
may better represent large-scale temperature advection compared to
surface-atmosphere interactions (Pepin et al., 2015). However, the decline
in performance at very high elevations suggests that snow-albedo
feedbacks and complex topographic effects may also be impactful on
model performance. There was a strong latitudinal gradient in model
performance, with latitude explaining 84% of variance in model-observa-
tion correlations. The deterioration in model performance from temperate
to tropical regions, ranging from 0.229 in tropical rainforest climates to
0.918 in bare soil/sand environments, more generally has also been noted
in other CMIP evaluations (Tapiador et al., 2019; Eyring et al., 2020). The
poor performance in tropical rainforest (Képpen Af) and monsoon (Am)
climates suggests that current convection parameterizations inadequately
capture the diurnal cycle of tropical convection and its interaction with
large-scale circulation patterns (Dai, 2006; Kooperman et al., 2018). By
climate zone, arid and semi-arid regions performed well (r > 0.88 for most
desert classifications) likely reflecting locations where latent heat flux
uncertainties are minimized (Mueller & Seneviratne, 2012), temperature
forests and cold climates also performed well, with poor performance in
tropical moist forests (r = 0.641) and mangroves (r = 0.734) likely reflect
complex thermal interactions which remain challenging for global climate
models (Mauritsen & Stevens, 2015; Sherwood et al., 2020). This poor
performance in tropical regions is a substantial concern given these areas
are home to some of Asia's most populous and rapidly urbanizing cities.
Southeast Asia currently accounts for 45% of global heat-related deaths
and is projected to be among the worst-hit regions in terms of heat-related
mortality under all adaptation scenarios. They also experience substantial
economic losses during extreme heat events. With over 200 million
additional people expected to move to Southeast Asian cities by 2050, this
geographic mismatch represents an important gap in climate science
capacity to support informed decision-making in a region that is experien-
cing rapid climate change (Hijioka et al., 2014). Other evaluations of
CMIP6 models across Southeast Asia have similarly demonstrated mixed
performance (Hamed et al., 2022; Desmet & Ngo-Duc, 2021).

The better performance for bare soil/sand LCZ areas (r = 0.92) compared
to open low-rise urban areas (r = 0.62) suggests that model errors are
amplified in environments with complex built structures and heterogen-

eous land cover. This pattern reflects the inability of coarse-resolution
models to represent the three-dimensional urban canopy structure,
anthropogenic heat fluxes, and modified surface energy balance that
characterize urban environments. Advanced downscaling techniques, such
as the deep learning-based 0.1° resolution CMIP6 datasets developed for
East Asia, show promise for addressing these limitations by providing
spatial detail suitable for urban-scale applications, though their
performance still requires validation against urban observation networks.
Compact high-rise zones (r = 0.879) outperformed open high-rise zones (r
= 0.752), suggesting that CMIP6 models may better represent the thermal
properties of dense urban environments, possibly due to the averaging
effects of urban heat island intensity over grid cells (Zhao et al., 2014).
However, the relatively small sample sizes in some urban categories limit
the reliability of these findings. Variation in optimal model performance
across different physical characteristics (Koppen zones, biomes, Local
Climate Zones) indicates that no single model provides superior perform-
ance. This finding aligns with recent research on CMIP6 model evaluation,
which has demonstrated that individual GCMs exhibit varying perform-
ance rankings for different extreme precipitation indices, and that model
selection can significantly impact evaluation results.

A majority of model variants experienced positive temperature across
seasons (only CMCC-CM2-VHR4 showed consistent negative bias) indic-
ating systematic issues with surface energy balance representation. Warm
biases in climate models are commonly attributed to insufficient cloud
cover, particularly in tropical regions where convective cloud parameteriz-
ations may underestimate cloud fraction (Vial et al., 2013; Zelinka et al.,
2020). These biases have substantial implications for heat-health impact
assessments, as recent research demonstrates that even modest temperature
increases translate directly to mortality risk—with studies showing a 2%
increase in non-accidental deaths per 1°C increase in temperature above
optimal values across Asian cities (Cheng et al., 2024). Given that urban
heat islands already contribute to elevated mortality rates in major Asian
metropolitan centers, with over 100,000 annual heat-related deaths in the
East Asia and Pacific region, systematic warm biases in climate projec-
tions could lead to substantial underestimation or overestimation of
adaptation needs depending on model selection.

Results demonstrate that basic geographic coordinates including latitude
and elevation can predict CMIP6 model performance with moderate
accuracy, suggesting that systematic model deficiencies are primarily
related to physical processes such as tropical convection and monsoon
dynamics, rather than local-scale heterogeneity. This could improve
ensemble construction by weighting models based on their expected
performance in particular geographic domains (Sanderson et al., 2015).
Thus, model evaluation focusing on factors such as tropical convection,
monsoon dynamics, and land-atmosphere interactions should be prioritised
in future CMIP development cycles. The systematic nature of these biases
across all models examined indicates that the issues are not model-specific
but rather reflect common limitations in representing fundamental physical
processes. This predictive capability could enable more informed model
selection and uncertainty quantification for Asian cities lacking
comprehensive observational networks. However, the lower predictability
of seasonal biases (R? = 0.29-0.44) indicates that temporal accuracy
remains more challenging to forecast, limiting the reliability of seasonal
adaptation planning based on model projections alone.

From a regional perspective, the geographic imbalances in model perform-
ance across political boundaries have important policy implications. The
relatively strong performance in Eastern Asian cities contrasts with the
poor performance in Southeast Asian urban centers, despite the latter
region's disproportionate vulnerability to heat impacts. This disparity may
reflect differences in the density and quality of observational networks
used for model validation, the complexity of regional climate systems
influenced by monsoon dynamics and maritime effects, or fundamental
limitations in representing tropical urban climates. Recent research
confirms that bias-corrected multi-model ensembles project substantial
warming and wetting across mainland Southeast Asian countries, with
temperature increases ranging from 1.88-4.22°C by the end of the century
depending on scenario and location, but the reliability of these projections



remains questionable given the systematic biases documented in this ana-
lysis.

Conclusion

This evaluation of CMIP6 model performance across Asian cities, with
comparison to GHCND observations and ERA5 reanalysis data, reveals
challenges in applying global climate models to urban-scale assessments,
particularly in tropical and subtropical regions. The strong latitudinal
gradient in performance, with models performing well in temperate and
arid regions but poorly in tropical environments, indicates a need for the
continuing development of models to better represent the physical
dynamics of these climate zones.

Future research priorities should focus on several key areas. First, the
development of urban-aware parameterizations in global climate models
could help address the systematic biases observed across different Local
Climate Zones and urban morphologies. Second, expanded observational
networks in Southeast Asian cities would enable more robust validation of
model performance and bias correction procedures in the regions most
vulnerable to heat impacts. Third, advanced statistical and dynamical
downscaling approaches, potentially leveraging machine learning tech-
niques, could bridge the scale gap between coarse global models and fine-
scale urban climate processes. Fourth, ensemble approaches that account
for model structural uncertainty and weight models based on performance
in specific climate and urban contexts could provide more reliable
projections for adaptation planning.

The implications of these findings extend beyond technical model
evaluation to fundamental questions about climate justice and adaptation
capacity. Poor model performance in regions experiencing the most rapid
urbanization and highest heat vulnerability creates a knowledge gap
precisely where reliable climate information is most urgently needed. As
urban populations continue to grow and climate change intensifies heat
extremes, the ability to accurately project future temperature conditions in
Asian cities will become increasingly critical for designing effective
adaptation strategies, protecting vulnerable populations, and ensuring
sustainable urban development. This evaluation demonstrates both the
progress achieved through CMIP6 and the substantial work remaining to
provide urban planners, public health officials, and policymakers with the
reliable, locally relevant climate information they require to build resilient
cities in the era of anthropogenic climate change.

Several limitations should be acknowledged in interpreting these results.
First, our analysis focuses primarily on temperature variables, and model
performance for precipitation and other variables may show different
patterns. Second, the station selection criteria may introduce sampling
biases toward urban and densely populated areas, potentially limiting the
representativeness of our findings for rural or remote regions. Third, the
focus on daily timescales may not capture model performance at sub-daily
or longer timescales that are relevant for different applications. Future
work should extend this analysis to include precipitation variables,
examine model performance at multiple timescales, and investigate the
relationship between model performance and specific physical parameter-
izations.

Appendix

Extended Data Table 1 | Distribution of study cities by Local Climate Zone (LCZ).

Icz_zone Icz_zone_count
Compact_mid-rise 116
Compact_low-rise 98
Large_low-rise 72
Open_low-rise 37
Open_high-rise 30
Open_mid-rise 24
Compact_high-rise 16
Heavy_industry 10
Water 4
Sparsely_built 4
Dense_trees 2
Low_plants 2
Bare_soil_sand 1
Lightweight_low-rise 1

Extended Data Table 2 | Distribution of study cities by Képpen—Geiger climate
zone.

koppen_zone koppen_zone_count

Temperate_no_dry_hot 93
Temperate_dry_winter_hot 76
Tropical_savannah 45
Cold_dry_winter_hot 42
Arid_steppe_cold 33
Arid_steppe_hot 26
Arid_desert_hot 23
Tropical_monsoon 23
Tropical_rainforest 22
Temperate_dry_summer_hot 19

Arid_desert_cold
Temperate_dry_winter_warm
Cold_no_dry_warm
Cold_no_dry_hot
Cold_dry_winter_cold

B R R, N AN O

Temperate_no_dry_warm

Extended Data Table 3 | Distribution of study cities by terrestrial biome.

BIO-
BIOME_NAME ME_NAME_count
Temperate Broadleaf & Mixed Forests 148
Tropical & Subtropical Moist Broadleaf Forests 128
Deserts & Xeric Shrublands 43
Tropical & Subtropical Dry Broadleaf Forests 28
Mediterranean Forests, Woodlands & Scrub 19
Temperate Grasslands, Savannas & Shrublands 19
Mangroves

Temperate Conifer Forests

Tropical & Subtropical Grasslands, Savannas & Shrub-

lands 2
Montane Grasslands & Shrublands 2
Tropical & Subtropical Coniferous Forests 1

Extended Data Table 4 | Distribution of study cities by biogeographic realm.

REALM REALM_count
Palearctic 216
Indomalayan 177

Afrotropic 4

Australasia 1
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