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Abstract:

Increasing extreme heat events have highlighted the need to identify
urban heat risks more accurately. However, existing assessments rarely
examine whether such objective—subjective divergence is systematically
associated with specific urban spatial contexts, limiting the identification
of heat-risk blind spots that are not visible on conventional temperature
maps.This study uses Xi'an's main urban area as a case, adopting the
Local Climate Zone (LCZ) framework as a unified spatial analytical basis.
By integrating Landsat-derived land surface temperature, population
density, Weibo check-in texts, urban morphology, and public facility data,
we construct population-weighted objective heat exposure (OHE) and
BERT-based subjective heat exposure (SHE) indicators, the latter
capturing observable public thermal perception from social media texts.
The interpretable machine learning method CatBoost-SHAP is then
applied to examine differences in the factors associated with OHE, SHE,
and their deviation. Results show significant spatial mismatch between
OHE and SHE across LCZ types: LCZ1, LCZ2, LCZ3, LCZ6, and LCZ7
are mainly characterized by High OHE-Low SHE, while LCZ4, LCZA,
and LCZB show Low OHE-High SHE, indicating systematic deviation
between objective and subjective heat exposure. OHE is primarily
associated with physical factors such as building height, building density,

and vegetation coverage, whereas SHE and its deviation from OHE show
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stronger associations with socioeconomic conditions and the proximity of
potential heat-adaptation resources. Impervious surface fraction and
vegetation coverage also exhibit divergent response patterns between the
OHE and SHE models, indicating that physical cooling effects do not
necessarily translate directly into perceived heat relief. By treating
objective—subjective heat mismatch as an explicit diagnostic dimension
and using LCZs to organize the spatial contexts in which such divergence
occurs, this study extends conventional temperature-hotspot assessment
toward a multi-signal framework integrating physical exposure,
observable thermal perception, and adaptation-related conditions. The
proposed analytical logic provides a transferable approach for identifying

locally specific heat-risk blind spots in other cities.

Key Words:Local Climate Zone (LCZ);Subjective heat
exposure;Urban heat risk;Social media data;BERT;Interpretable machine

learning

Highlights:

1.An LCZ-based framework revealed spatial mismatch between OHE and

SHE.
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2.Compact LCZs showed High OHE-Low SHE, while open and

vegetated LCZs showed Low OHE-High SHE.

3.CatBoost-SHAP revealed divergent factor patterns of OHE, SHE and

their mismatch.

4.Public service accessibility was associated with SHE beyond physical

thermal conditions.
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1. Introduction

With global warming and rapid urbanization, extreme heat has
become a major threat to urban public health(Li, 2020). Studies have
shown that high temperatures significantly increase the risks of heat
stroke, cardiovascular diseases, and respiratory diseases, and lead to
higher excess mortality(Dasgupta et al., 2024; Bogdanovich et al., 2023).
To address increasingly severe heat risks, China’s “National Climate
Change Adaptation Strategy 2035 proposes strengthening urban thermal
environment risk assessment and improving the precision of climate
governance. Current urban heat governance mainly emphasizes green
space development, blue-green infrastructure, ventilation corridors, and
cooling facility allocation(Abd-Elmabod et al., 2024; Yin et al., 2025).
However, heat risk assessments are still largely based on
temperature-related indicators, while spatial differences in residents’
thermal perception remain insufficiently considered. This limitation may
lead to the underestimation of perceived heat risks and highlights the
need to integrate objective exposure and subjective perception in urban

heat risk assessment.

At present, urban heat exposure research mainly constructs objective
heat exposure (OHE) indicators based on land surface temperature (LST).

LST data retrieved from remote sensing sources such as Landsat and
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ECOSTRESS (Zhang et al., 2025; Sun et al., 2024), due to their high
spatial continuity and spatial resolution and their strong correlation with
air temperature variations, are widely used to characterize the intensity of
urban thermal environments (Huang et al., 2024; Zhang et al., 2018; Li et
al., 2020). Under the same thermal environmental conditions, different
population groups may vary significantly in individual characteristics,
socioeconomic conditions, resource accessibility, and behavioral patterns,
leading to substantial differences in their thermal perception and heat
stress experience (Hass et al., 2022). Therefore, relying solely on
objective temperature indicators is insufficient to fully capture the true

spatial heterogeneity of urban heat risk.

To overcome this limitation, recent studies have increasingly
explored subjective heat exposure (SHE) using questionnaire surveys and
social media-based sentiment analysis. Questionnaire surveys can directly
capture individual thermal perceptions and have been widely applied in
thermal comfort studies(Ma et al., 2024; Zhang et al., 2021);but their
limited sample size and high survey costs restrict large-scale and
continuous assessments. In contrast, geotagged social media data
combined with natural language processing provides an efficient
approach for characterizing subjective thermal perception at the urban
scale. In particular, sentiment analysis methods based on deep learning

models such as BERT can identify heat-related emotional expressions
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from massive text data and generate spatially continuous indicators of
thermal perception. For example, Lyu et al. constructed a national-scale
sentiment-based heat exposure map using Twitter data (Lyu et al., 2024),
Wang et al. analyzed population sensitivity to heatwaves using social
media data(Wang et al., 2021), and Liu et al. further compared spatial
inequality differences between subjective and objective heat
exposure(Qiqi Liu, Tian %J Sustainable Cities Hang, et al., 2025). These
studies indicate that urban heat risk is reflected not only in differences in
physical thermal conditions but also in variations in residents’ perceived
responses. However, existing studies have mainly focused on the separate
characterization of OHE or SHE. The spatial mismatch between the two
and the factors associated with its formation remain insufficiently
explored, and the specific spatial contexts in which such mismatches

occur are still not systematically understood.

Identifying the spatial mismatch between subjective and objective
heat exposure requires comparing their response differences within a
unified urban spatial context. The Local Climate Zone (LCZ) framework
provides an effective spatial analytical unit for this purpose. Based on
building height, building density, land cover, and anthropogenic activity
characteristics, LCZ divides cities into spatial types with relatively
consistent thermal environmental characteristics(Stewart & Oke, 2012).

compared with traditional administrative units, LCZ can more directly

7



136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

reflect the relationship between urban form and thermal environment and
reduce the influence of spatial scale discrepancies on heat risk
comparisons. LCZ types represent not only different thermal
environments but also variations in urban functions, population activities,
and access to public services(Guo et al., 2025), These differences may
affect residents’ activity patterns and cooling opportunities, resulting in
divergent responses in thermal perception. Therefore, integrating OHE
and SHE within the LCZ framework can help identify spatial mismatch
patterns between physical heat exposure and perceived heat risk. Both
OHE, SHE, and their mismatch are shaped by multiple environmental and
social factors. Previous studies suggest that OHE is mainly associated
with land cover and urban morphology(Wang et al., 2022), whereas SHE
is additionally influenced by socioeconomic conditions, accessibility to
services, cooling resources, and adaptive capacity(Qiqi Liu, Tian %]
Sustainable Cities Hang, et al., 2025; Wang et al., 2022; Nan et al., 2025).
Given the nonlinear interactions among these factors, traditional linear
models may not fully capture their complex associations. This study
therefore applies CatBoost with SHAP interpretation(Qiqi Liu, Tian Hang,
et al., 2025) to examine the relationships between urban environmental

factors and OHE, SHE, and their mismatch.

To address these gaps, this study uses Xi’an, a high-density city in

western China, as a case study and integrates remotely sensed thermal
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conditions, population distribution, social-media-based thermal
perception, urban morphology, and public-service data within an
LCZ-based analytical framework. Population-weighted land surface
temperature is used to construct OHE, while Weibo texts and a BERT
model are used to characterize SHE. Rather than examining OHE and
SHE as two parallel indicators, the analysis focuses explicitly on where
the two signals converge or diverge and how such divergence varies
across different LCZ contexts. In doing so, the LCZ framework is
extended beyond its conventional role in classifying physical thermal
environments to provide a spatial context for organizing objective—
subjective heat relationships. CatBoost-SHAP is further applied to
compare the factors associated with OHE, SHE, and their deviation,
allowing the analysis to distinguish the predominantly physical correlates
of objective heat exposure from the broader environmental and
adaptation-related conditions associated with subjective perception and
mismatch. Through this integrated perspective, the study shifts the
emphasis of urban heat assessment from identifying temperature hotspots
alone toward diagnosing spatial blind spots where physical heat exposure
and observable thermal perception do not coincide. More broadly, the
proposed framework offers a transferable analytical logic for examining

such locally specific mismatch patterns across different urban contexts.



180 2. Methods

181 The technical roadmap of this study is as follows:
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183 Figure 1 Workflow of this study

184 2.1 Study area and analytical units

185 This study selects the main urban area of Xi’an as the study area.
186  Xi’an (107.4°-109.5°E, 33.5°-34.5°N) has a warm temperate semi-humid

187 continental monsoon climate, characterized by hot summers with
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historical extreme maximum temperatures exceeding 40°C; in recent
years, it has frequently experienced persistent heat events, making it a
typical high heat-risk city in China. As a representative rapidly urbanizing
city in northwestern China, Xi’an has experienced expansion of built-up
land and an increase in impervious surfaces in recent years, resulting in a
complex urban spatial morphology that includes multiple LCZ types such
as compact residential areas, open high-rise areas, commercial zones,
industrial zones, and urban green spaces, providing a rich spatial context
for comparing differences between objective heat exposure and subjective

thermal perception across different spatial environments.

The study uses urban blocks as the basic analytical units, which are
delineated into 1,082 blocks based on the OpenStreetMap road network.
Block wunits can better reflect urban morphology and functional
boundaries, facilitating the comparison of OHE, SHE, and their mismatch
characteristics within a relatively homogeneous spatial context. This
classification approach has received increasing attention in recent

LCZ-based urban thermal environment studies(Yang et al., 2025).
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Figure 2 Overview of the study area

2.2 Data sources

This study integrates multi-source data, including remote sensing
imagery, social media text, urban morphology, land cover, population
density, nighttime lights, and public service facilities. Landsat 8/9
imagery is used to retrieve summer land surface temperature (LST) and
extract land cover information; Weibo API data are used to identify public
expressions of heat perception, and the data cleaning process removes
low-activity nighttime data from 00:00-06:00 as well as invalid
information such as advertisements, promotional content, and bot
accounts; OpenStreetMap road data and Amap building data are used to
delineate urban blocks and calculate urban morphology indicators;
WorldPop population density and nighttime light data are used to

represent exposed population and the intensity of socioeconomic



221 activities, respectively; Amap POI data are used to calculate accessibility

222 to public services such as healthcare, commerce, culture, transportation,

223 and emergency shelters. All spatial data are projected to a unified

224 coordinate system, spatially clipped, and resampled to a consistent

225 resolution before being aggregated to the block-level analytical units.

226 These data are used to reveal the spatial heterogeneity of heat exposure

227 and its underlying sources of spatial variation; detailed descriptions of the

228  datasets are provided in Table 1.

229 Table 1 Data sources and descriptions
Data Data source Time period Spatlz'll Main purpose
category resolution
Remp te https://earthexplorer.u June—August Acquisition of land surface
sensing 30m temperature and land cover
sgs.gov/ 2025
data data
Extraction of heat-related
. Georefere . :
Social http://weibo.com June—August need point affective expressions and
media data p-/WeIho.¢ 2025 dai)a construction of subjective
heat exposure
Road https://www.openstree
network ps: oP 2025 Vector Urban block delineation
tmap.org
data
Buildin Morphological indicators
data & https://Ibs.amap.com/ 2025 Vector such as building height,
density, and proximity
Facility accessibility
POI https://Ibs.amap.com/ 2025 Vector (medical, shelter,
commercial, etc.)
nghttlme https://dataverse.harva 2024 500 m Proxy 1nd19at0r of .
light data rd.edu/ socioeconomic capacity
Population  https://www.worldpop 2023 100 m Exposed population size


https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
http://weibo.com/
https://lbs.amap.com/
https://lbs.amap.com/
https://dataverse.harvard.edu/
https://dataverse.harvard.edu/
https://www.worldpop.org/

Data Spatial

Data source Time period Main purpose

category resolution
density .org
data
DEM http://srtm.csi.cgiar.or 2025 30m Derivation of topographic
g/srtmdata/ factor

230 2.3 Construction of objective and subjective heat exposure

231 To compare spatial response differences between physical thermal
232 environment exposure and residents’ thermal perception, this study

233 constructs OHE and SHE indicators, respectively.

234 OHE represents population-weighted land surface heat exposure
235 under the urban physical thermal environment. This study integrates LST
236 and population density to construct a population-weighted OHE
237 indicator(Feng et al., 2024), representing the spatial distribution of
238 potential heat exposure. Landsat 8/9 images with less than 10% cloud
239 cover during June—August 2025 were obtained from Google Earth Engine.
240 LST was retrieved using the single-channel algorithm, and
241  multi-temporal summer images were composited to characterize the
242 overall thermal conditions of the study area. LST and population density
243 data were then resampled to 150 m resolution, and population density was
244 used as the weight to calculate population-weighted OHE values for each
245 grid cell. This approach incorporates the influence of spatial population

246  distribution in thermal environment representation and is more suitable
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for studying spatial heterogeneity of heat exposure at the urban scale. The

calculation formula is shown in Equation (1):

OHE. _ Y2 (LST; x PDy)
] nj
Zi 1PDi

(1)

Where OHE; is the OHE value of grid cell j;nj is the total number
of raster cells within the grid; LST; is the land surface temperature of

raster cell 1; and PD; is the population density of measurement point 1.

SHE 1is used to represent observable public thermal perception
responses derived from social media text. First, a heat-related keyword
lexicon is constructed based on direct thermal perception terms,
high-temperature state descriptions, and colloquial expressions, and is
further expanded using WordNet and ConceptNet (Appendix S1). On this
basis, the BERT-Chinese-Base model 1s used for heat-related text
identification and sentiment intensity analysis. The BERT model has
strong language representation capability (Subakti et al., 2022), making it
suitable for identifying implicit thermal perception expressions in social
media text, and it has been widely applied in heat-related text
studies(Qiqi Liu, Tian %J Sustainable Cities Hang, et al., 2025; Dou et al.,
2024). Text identification is conducted in two stages: the first stage
identifies heat-related texts, and the second stage quantifies thermal

perception sentiment intensity. To improve annotation reliability, 500
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275

samples are randomly selected from heat-related texts and annotated by
two independent annotators (sentiment intensity is assigned on a
five-level 0-1 scale, where higher values indicate stronger negative
thermal perception); the Cohen’s Kappa coefficient is 0.82, model
accuracy is 92.0%, and the macro-average F1l-score is 0.88. The model
outputs are transformed into continuous 0—1 scores using the Sigmoid
function, where higher values indicate stronger thermal perception. The

methodological workflow is shown in Figure 3.

Step 1 Data source Subjective The hot weather makes
lhermaI. me irritable | The weather is really nice
1 B Rlon l It's so hot today &+ I
Urban form Text Content
Time
Temperature, g
_ humidity, etc. e
\_ Urban heat environmen Heat Perception Weibo Data )
- == ~N
Step 2 Sentiment Analysis
Correlation Fine-Tuning
Social media data l
. I:' Emoti(?n 500 samples
Regression Emotion
Text 1 Textn Fine-Tuning Labeling
Heat-related vocabulary . )
Sigmoid
1
Word | Word n y [0,1]:Positive-Negtive
\_ Input Layer BERT Layer Output Layer )
- = D
N
Step 3 Data Output
‘ w I
N\ \ 3
r\»/ry ._c/) r\'{-) Lon,Lat Grading S Legend
0-0.25-05-0.75-1 R
Positive Neutral Negative
\Subjective heat perception Arcgis Emotional Points Grading Chart Mo )

Figure 3 Workflow diagram of subjective heat exposure scoring
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Considering differences in Weibo post volumes across different
urban blocks, this study constructs SHE by jointly considering the
proportion of heat-related texts and sentiment intensity(He et al., 2025),
and the calculation formula is as follows (2):

i
Ziil(HPIi X WP;)
o
Ziil WPl

SHE; = (2)

Where SHE; is the SHE value of grid cell j; nj is the number of
heat-related Weibo posts; HPI; is the thermal perception intensity score
of Weibo post 1; and WP; represents the proportion of heat-related

Weibo posts to total posts, used to weight the contribution of each post.

To ensure comparability between OHE and SHE, both are
normalized and rescaled to a 0-1 range (Equation 3), establishing a
unified comparison scale for subjective and objective heat exposure and
providing a consistent basis for subsequent spatial comparison and

differentiation analysis.

UHE,

Xi — min Xi (3)

max X; — min X;
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2.4 Analysis of spatial mismatch characteristics of OHE and SHE

based on LCZ

2.4.1 Construction of the LCZ spatial framework

This study adopts the LCZ as a unified spatial classification
framework. LCZ classification is based on indicators such as building
height, building density, sky view factor, impervious surface ratio,
vegetation cover, and water proportion, and is implemented using a
decision tree method(Chen et al., 2020), in combination with the LCZ
framework proposed by Stewart and Oke (Figure 4)(Stewart & Oke, 2012)
and existing classification results for Xi’an(Yuan et al., 2022; Yunwei
Zhang et al., 2020) for localized classification; detailed parameter values
are provided in Table 2. Considering the actual distribution of LCZ types,
categories with limited representation were integrated. To validate the
reliability of the classification results, 200 sample points were randomly
selected and visually interpreted using high-resolution remote sensing
imagery, street view imagery, and building morphology data, and
classification accuracy was evaluated using overall accuracy (OA) and

the Kappa coefficient.
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308  Figure 4 Standard LCZ types(Stewart & Oke, 2012). 1-10 represent built

309 types, and A—G represent land cover types.
310 Table 2 LCZ types and classification indicators
LCZs MBH(m)  BD(%) SVF ISF(%) FVC(%) WC(%)

Compact high-rise(LCZ1) >30 25-60 0.2-0.6 >40 <40 <10
Compact mid-rise(LCZ2) 15-30 25-60 0.2-0.6 >30 <40 <10
Compact low-rise(LCZ3) 3-15 25-60 0.2-0.6 >30 <40 <10
Open high-rise(LCZ4) >30 10-25 0.4-0.8 20-70 20-50 <10
Open mid-rise(LCZ5) 15-25 10-25 0.4-0.8 30-70 20-50 <10
Open low-rise(LCZ6) 3-15 10-25 0.4-0.8 20-70 20-50 <10
Sparsely built(LCZ7) 3-15 10-25 >(0.7 20-50 20-70 <10
Large low-rise(LCZ8) 3-15 >50 >0.7 50-90 10--30 <10
Sparsely vegetated area(LCZA) - <10 >0.8 <10 20-90 <10
Dense vegetated area(LCZB) - <10 >0.8 <10 >90 <10
Bare rock or paved(LCZC) - <10 >0.9 >80 10-30 <10
Water(LCZD) - <10 >().9 <10 <10 >4()

311 2.4.2 Identification of LCZ-based mismatch types between subjective

312 and objective heat exposure

313 Within a unified LCZ spatial framework, this study further identifies

314 the spatial matching and mismatch types of OHE and SHE. First, the

1
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deviation values of OHE and SHE for each analytical unit relative to the
study area average are calculated, and based on the direction of these
deviations, four categories are defined: High OHE-High SHE, High
OHE-Low SHE, Low OHE-High SHE, and Low OHE-Low SHE (Table
3). When the deviation directions of OHE and SHE are consistent, it
indicates a relative match between subjective and objective heat exposure;
when the directions are opposite, it indicates a mismatch between them.
This classification is used to identify the matching relationships and

spatial mismatch characteristics of OHE and SHE across different LCZ

types.

Table 3 Classification of mismatch types between subjective and

objective heat exposure

Type Condition
High OHE and low SHE AOHE>O and aSHE<O
Low OHE and high SHE AOHE<O and aSHE>0
High OHE and SHE AOHE>0 and ASHE>0
Low OHE and SHE AOHE<O and ASHE<O

2.5 Analysis of differences in the associated factors of subjective—

objective heat exposure mismatch

2.5.1 Selection of dependent and independent variables

To further elucidate the influencing mechanisms of subjective and
objective heat exposure and their spatial mismatch, this study constructs

three dependent variables for associated factors analysis. First, OHE and
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SHE are separately used as dependent variables to compare differences in
their driving factors between objective and subjective heat exposure.
Second, to directly characterize the relative deviation between the two
and explore the associated factors of mismatch, a mismatch index (D) is

constructed:

D = SHE — OHE (4)

Where D is used solely to represent the relative deviation between
subjective and objective heat exposure, serving spatial pattern
comparison and driving factor identification, and does not represent an
absolute temperature or perception difference. Furthermore, this study
focuses on modeling the D index in two types of mismatch areas—High
OHE-Low SHE and Low OHE-High SHE—to identify the factors
potentially associated with mismatches between OHE and SHE

responsces.

For the dependent variable analysis, this study selects potential
driving factors from three dimensions: land cover, urban morphology, and
social environment. Land cover factors reflect surface thermal
environmental characteristics, urban morphology factors represent
building structure and spatial organization characteristics, and
socioeconomic factors describe residents’ resource accessibility and

potential social vulnerability. The definitions and calculation methods of



al., 2025; Zeng et density

353 all variables are provided in Table 4. All variables are aggregated to the
354  block scale and standardized prior to modeling.
355 Subsequently, the differences in the effects of each driving factor on
356 OHE, SHE, and the mismatch index D are compared to identify the
357 associated factor patterns of subjective—objective heat exposure and their
358  spatial mismatch.
359 Table 4 Types of potential factors influencing heat exposure
Types Factors Abbrewat Processing method Notes
ion
Accessibility to ABS Euclidean distance = Distance to cooling
blue space
Accessibility to spaces affects local
Re AGS Euclidean distance  temperature
green space
Impervious Absorbs and stores heat,
Land use(Lan et surl;ace fraction ISF ISF=S/Sise intensifying the urban
al., 2022; Huang heat island effect
et al., 2025; Vegetation reduces land
Mondal et al. . _ surface temperature
> Vegetation _ NDVI-NDVI,
2025) coverage fraction S Fre NDVI, ..—ND WLMOugh oy
max evapotranspiration and
shading
Elevation and slope
Elevation DEM — affect ventilation and air
temperature
L : 2", BS; BH;
Building height MBH MBH=="——"""""
= ST BS,
1 . 2L BS;
Building density BD BD= —Sme Urban morphology
Urban 277—‘ SVF. jointly determines local
. i=1 1
morphology(ZhouSKy View Factor SVF SVF= —, ventilation conditions,
et al., 2022) Building PROX ~ ZCZ shading effects, and heat
proximity PROX= - accumulation
Average Height
Standard AHSD AHSD= i=1 (BHi_M
Deviation n
Socioeconomic Pobulation Represents the size of
(Qunyue Liu et p POP — population exposed to

high temperatures



Abbreviat

Types Factors Processing method Notes
ion
Proxy indicator of
economic capacity,
. . flecti le’
Nighttime lights NL — retiecting peopie s
ability to access cooling
resources such as air
conditioning
. Accessibility of medical
Distance to . . . .
. DH Euclidean distance  services during extreme
hospital
heat
Distance to Accessibility of cooling
emergency DES Euclidean distance  shelters in emergency
shelters situations
Distance to . . . ,
commercial area DCA Euclidean distance Inﬂgences residents
Distance to ability to access
DCS Euclidean distance  resources, services, and
cultural space )
D heat protection measures
istance to metro g Euclidean distance ~ under high temperatures

station

360
361
362
363
364
365

366

367

368

369

370

371

372

373

374

Note: In the formulas, BS; is the building footprint area;BH; is building height; S,
represents the plot area; d; denotes the average distance from building i within the
raster to its nearest neighboring building;S represents the impervious surface area of
the sample site; NDVI refers to the NDVI value of pixels with bare soil cover, and
NDVI,,, and NDVI,,. correspond to NDVI values at cumulative frequencies of 2%
and 98%, respectively.

2.5.2 CatBoost-SHAP modeling

Subjective and objective heat exposure are jointly influenced by
multidimensional factors such as land cover, urban morphology, and
socioeconomic conditions; traditional linear regression methods have
limitations in handling outliers, multicollinearity, and capturing complex
nonlinear relationships among variables, therefore this study adopts the
CatBoost model to account for nonlinear effects of urban factors on heat
exposure. CatBoost is a machine learning algorithm based on gradient

boosting decision trees that employs an ordered boosting strategy, which
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382

383

384

385

386

387

388

389

390

reduces prediction bias and overfitting risk and demonstrates strong
robustness in  handling nonlinear relationships, multi-source
heterogeneous data, and outliers(Prokhorenkova et al., 2017; Yixiao
Zhang et al., 2020), the training process of gradient boosting decision

trees can be expressed as:

Fy(x) = argmin, ) L(y;c) (5)
0=
Fn(x) = Fp_1(x) + nhp (%) (6)
_ [OL(yy, Fp-1(x1))
=55 ] @
M
9 = Fu(0 = Fo(9) + ) nhyy () ®
m=1

Where L(yi, c) denotes the loss function, c is the initial prediction
value, F,,(x) is the model prediction after the m-th iteration, n is the
learning rate, h,,(x) is the decision tree trained in the m-th iteration, rj,,
represents the negative gradient residual, and M is the number of decision

trees.

To improve model generalizability, the dataset was divided into
training and testing sets at a ratio of 7:3. Five-fold cross-validation was
further applied for model training and evaluation. Four machine learning
models (CatBoost, XGBoost, LightGBM, and NGBoost) were evaluated,
with detailed parameter settings and performance metrics reported in

Appendix S2. CatBoost achieved the highest predictive accuracy among
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400

401

402

403

404

405

406

407

408

409

the tested models and was therefore used for subsequent analysis. The
model performance differed between OHE and SHE, with R? values of
0.776 and 0.421, respectively. Given the relatively limited explanatory
power of the SHE model, the SHAP results for SHE and the mismatch
index D should be interpreted as association patterns under the available

variables rather than comprehensive mechanistic explanations.

However, machine learning models often suffer from the “black box”
problem; therefore, this study further integrates the SHAP method to
interpret the model results. SHAP is based on Shapley value theory in
game theory; by quantifying the marginal contribution of each variable to
model predictions, it identifies key driving factors and their directions of
influence and reveals nonlinear response relationships between variables
and heat exposure(Lundberg & Lee, 2017). The SHAP value represents
the contribution of factor j to the model output, and the specific formula

1s as follows:

SI'(n—|[S| —1)!
oj=y  BRCZEIZD rsumm - rsn ©
SEN\{j}

n!

In Equation (9), n denotes the total number of factors, N\{j}
represents the set of all possible factor combinations excluding j, S is a
subset of N\{j}, f(S) represents the model output for factors in set, and @;j

denotes the contribution of variable j to the model prediction.
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After model training, SHAP values were used to quantify the
contribution magnitude and direction of each factor to OHE, SHE, and
the mismatch index D. By comparing the differences in variable
contribution patterns across these models, this study further identified the
potential association patterns of objective and subjective heat exposure

and their spatial mismatch.

3. Results

3.1 Spatial patterns of OHE and SHE

Based on the 0.5 and 1 standard deviation method, this study
classifies OHE and SHE into five levels: low exposure, relatively low
exposure, moderate exposure, relatively high exposure, and high
exposure (Figure 5); the statistical results show differences in their value
distributions. The median values of OHE across all levels range from
0.24 to 0.72, whereas those of SHE range from 0.12 to 0.97, indicating a
larger variability in SHE values and stronger spatial heterogeneity in

subjective heat exposure.

In terms of spatial distribution patterns, OHE and SHE in Xi’an
exhibit different characteristics. Some core built-up areas show high
objective heat exposure, but subjective heat perception does not increase

correspondingly; conversely, some peripheral or open areas exhibit high
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437

SHE despite low OHE. Overall, OHE exhibits a continuous physical
thermal environment gradient, whereas SHE is more localized and
dispersed, showing a certain spatial mismatch. This indicates that
objective and subjective heat exposure do not exhibit a simple one-to-one
correspondence, and there is a certain degree of spatial divergence
between them in urban space. This difference provides a basis for
subsequent LCZ-based typological analysis and identification of

subjective—objective mismatch.
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Figure 5 Heat exposure risk classification map of Xi’an: (a) objective heat exposure;
(b) subjective heat exposure

3.2 Differences in OHE and SHE across different LCZ types

A total of 1,082 LCZ sample units were delineated in the study area,
covering a total area of 400.93 km?, with a classification accuracy of
87.5%, meeting the requirements for subsequent analysis (Figure 6, Table
5). Among them, built types (LCZ1-8) account for 77% of the units,
while land cover types (LCZA-D) account for 23%. LCZ4 has the
highest proportion at 35%, mainly distributed between the first and third
ring roads; LCZD has the lowest proportion at only 1%, concentrated in
the river areas in the eastern part of the study region. Overall, the LCZ
spatial pattern in the study area exhibits a ring-shaped structure
dominated by built types, with a clear distinction between built-up areas

and natural land cover areas.
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450
451 Figure 6 LCZ classification map of Xi’an
452 Table 5 Statistical data of LCZ zoning types in Xi’an
Number of
A A t
LCZ Total Total area (km?) verage2 area L dation ccur(z)lcy rate
number (km?) . (%)
points
LCZ1 52 15.12 0.29 6 66.7%
LCZ2 35 14.30 0.41 11 72.7%
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Number of

Lcz o rogalarea (km?) Averagez A Validation Accurf cy rate
number (km?) . (%)
points
LCZ3 12 3.30 0.28 2 100%
LCZ4 532 138.77 0.26 53 90.5%
LCZ5 140 64.19 0.46 39 89.7%
LCZ6 78 31.10 0.40 28 85.7%
LCZ7 16 21.18 1.32 8 75%
LCZ8 7 20.07 2.87 4 75%
LCZA 128 59.40 0.46 29 93.1%
LCZB 30 18.51 0.62 9 100%
LCZC 38 8.97 0.24 9 77.8%
LCZD 14 6.02 0.43 2 100%
OA=87.50%
Total 1082 400.93 0.37 200
Kappa=0.852

The deviations between OHE and SHE across different LCZ types
exhibit significant differences (Figure 7). High OHE deviations are
mainly concentrated in LCZ1-3 and LCZ7, while low deviations occur in
LCZ4, LCZB, and LCZD, with LCZD exhibiting the most pronounced
cold island effect. In contrast, the spatial distribution pattern of SHE
differs markedly from that of OHE; LCZ types with high SHE deviation

include LCZ8, LCZC, and LCZB, while LCZD exhibits the weakest
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subjective heat perception, and most built-type LCZs show negative SHE

deviations.

Overall, different LCZ types show clear spatial differentiation

between OHE and SHE; some LCZ types exhibit high OHE but low SHE,

while others show higher SHE than OHE. This indicates that relying

solely on objective thermal environment indicators is insufficient to fully

capture differences in perceived heat risk among residents. The spatial

differences between OHE and SHE provide a basis for subsequent

LCZ-based mismatch classification analysis and offer a visual reference

for differentiated heat environment management.

LCZ1
LCZ2
LCZ3
LCZ4
LCZS
LCZ6
LCZ7
LCZ8
LCZA
LCZB
LCZC
LCZD

| l.os3 LCZ1 -0.068
I Joan LCZ2 0.047_|
X LCZ3| -0.09q
-0.162 LCZ4 0.005
-0.040[ | LCZ5 -0.041_|
| Jo.039 LCZ6 -0.047_|
.181 LCZ7 -0.009)|
.077 LCZ8 0.258
-0.058] LCZA [ Jo.020
el LCZB [o.074
0.061 LCZC 0.078
o7 — Lez | 0.
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Figure 7 Deviations in two types of heat exposure across different

LCZ types

To further identify the relationship between OHE and SHE, this

study constructs a four-quadrant analytical framework based on the

relative deviations of OHE and SHE across LCZ types (Figure 8). Using
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zero as the reference for the overall study-area mean, LCZ types are
classified into four categories of subjective—objective heat exposure
relationships: high OHE-low SHE, high OHE-high SHE, low OHE-high

SHE, and low OHE-low SHE.
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z . ’
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-0.15
-0.2 -0.1 0 0.1 0.2
OHE

Figure 8 Four-quadrant distribution of OHE-SHE mean deviations based

on LCZ.

The results show that LCZ1, LCZ2, LCZ3, LCZ6, and LCZ7 mainly
exhibit high OHE and low SHE, indicating that subjective thermal
discomfort does not increase correspondingly in some high-temperature
built environments. LCZ8 and LCZC exhibit both high OHE and high

3
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SHE, representing key areas where objective heat risk and subjective
thermal discomfort co-occur.LCZ4, LCZA, and LCZB mainly show low
OHE and high SHE, suggesting that low physical thermal exposure does
not necessarily correspond to low subjective thermal discomfort. LCZ5
and LCZD exhibit both low OHE and low SHE, representing areas where

objective and subjective thermal environments are relatively consistent.

Overall, the High OHE-Low SHE and Low OHE-High SHE
categories reflect typical mismatches between OHE and SHE and
represent two key spatial types that are easily overlooked under a single
physical temperature-based evaluation framework. This finding further
indicates that jointly considering OHE and SHE within the LCZ
framework helps identify spatial differences in heat risk that cannot be
captured by a single objective temperature indicator, highlighting the
need for further analysis of their formation mechanisms and governance

implications.

3.3 Differences in driving factors of subjective — objective heat

exposure and their mismatch

Multicollinearity among the input variables was systematically
assessed using Pearson correlation analysis and the variance inflation
factor (VIF) (Fig. 9). The results showed that several urban
morphological variables exhibited moderate correlations consistent with

3
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their physical relationships. For example, building proximity (PROX)
was negatively correlated with sky view factor (SVF) (r = —0.69), while
building density (BD) showed a positive correlation with impervious
surface fraction (ISF) (r = 0.70). However, all variables had VIF values
below the commonly used threshold of 5, indicating no severe
multicollinearity among the predictors. Considering the robustness of
CatBoost in handling correlated predictors, the subsequent SHAP-based

interpretation provided a reliable basis for identifying the relative

contributions and nonlinear effects of different factors.
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Figure 9 Pearson correlation matrix of selected predictor variables in the
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As shown in Figure 10, the relative importance of the factors
associated with OHE and SHE differs substantially.For OHE, urban
morphology factors make the largest contribution (39.1%), followed by
land-cover factors (31.1%), whereas socioeconomic factors make a
relatively smaller contribution (27.6%).This indicates that OHE is mainly
associated with building form, land cover, and physical thermal
conditions.By contrast, the factor structure of SHE is more diverse:
socioeconomic factors make the largest contribution (38.6%), land-cover
factors account for 34.3%, and the contribution of urban morphology
factors decreases to 16.8%.In addition, the interaction contribution
associated with OHE in the SHE model is 10.4%, suggesting that OHE 1s
associated with subjective thermal perception but is not its sole

explanatory factor.
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531 Figure 10 Comparison of the importance of driving factors for OHE and
532 SHE: (a) feature importance ranking and influence direction of OHE; (b)

533 feature importance ranking and influence direction of SHE.

534 The local SHAP dependence results indicate that the factors
535 associated with OHE and SHE can be divided into two patterns (Figures

536 11 and 12).



537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

Factors with consistent directions but different thresholds: SVF, BD,
AHSD, and DCA all show positive contributions in both models, but their
critical points for changing from negative to positive differ.For example,
the positive turning point of SVF is approximately 0.75 in the OHE
model but is delayed to 0.90 in the SHE model, indicating that subjective
thermal perception has a higher response threshold to spatial openness.

Factors with inconsistent directions: ISF, MBH, and FVC exhibit
inconsistent or even opposite responses in the two models.When ISF
exceeds 80%, it is positively associated with OHE but negatively
associated with SHE.MBH is generally negatively associated with OHE,
with a stronger effect above 35 m, but is positively associated with
SHE.FVC is negatively associated with OHE above 45%, whereas its
direction of association with SHE is unclear and shows only a weak
negative association in the 50% - 70% range.In addition, the estimated
effect of OHE on SHE is nonlinear: it is positive in the 31 -34 ° C
range and above 38 ° C, but becomes negative in the 34 -38 ° C
range.

These direction-reversing factors, such as ISF and FVC, correspond
closely to the two mismatch categories identified in the LCZ
four-quadrant framework.Built-up areas with high ISF are more likely to
exhibit High OHE - Low SHE, whereas open and vegetated areas with

low ISF and high FVC are more likely to exhibit Low OHE - High
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Figure 11 Local SHAP effects of OHE features
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Figure 12 Local SHAP effects of SHE features

To further identify the factors associated with deviations between
OHE and SHE, this study constructed the mismatch index D and
developed separate models for the two mismatch categories: High
OHE - Low SHE (LCZ1, LCZ2, LCZ3, LCZ6, and LCZ7) and Low
OHE - High SHE (LCZ4, LCZA, and LCZB) (Figures 13 - 15).In both
strongly associated with the

mismatch categories, D 1is most

socioeconomic and land-cover dimensions; the socioeconomic dimension
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ranks first in both categories, accounting for 44.6% and 38.1%,
respectively.However, the specific key factors differ.The three most
important factors in the High OHE - Low SHE areas are DES (18.36%),
NL (14.93%), and ABS (14.29%), whereas those in the Low OHE - High

SHE areas are DEM (12.76%), DH (9.38%), and DCS (7.98%).
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Figure 13 Comparison of the importance of driving factors of D: (a)

feature importance ranking and influence direction of D in High OHE—
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Low SHE areas; (b) feature importance ranking and influence direction of

D in Low OHE-High SHE areas.

The local SHAP effects further reveal the association patterns of
individual factors in the two mismatch categories.Most factors have
consistent directions of association, suggesting that the mismatch may
have some common correlates.Higher FVC values and lower ISF, ABS,
and DCS values are associated with positive SHAP contributions to D in
both categories, indicating that areas with greater natural cover or shorter
distances to water bodies and cultural facilities cannot simply be assumed
to have smaller deviations between objective and subjective heat
exposure.Lower AGS, DH, and DCA values are likewise associated with
negative SHAP contributions to D in both categories; that is, areas closer
to parks, hospitals, and commercial facilities tend to show smaller
deviations.This suggests that access to activity opportunities and cooling
resources may help alleviate the mismatch.However, some factors have
different directions of association across the two mismatch categories.The
standard deviation of building height (AHSD), population density (POP),
and distance to emergency shelters (DES) show opposite effects.High
AHSD, POP, and DES are positively associated with D in High OHE -
Low SHE areas but negatively associated with D in Low OHE - High
SHE areas, indicating that their associations with D vary across mismatch

contexts.



602 Overall, variation in D in both mismatch categories is jointly
603 associated with land cover, urban morphology, and socioeconomic
604 factors.Although most factors show common effects across mismatch
605  types, the divergent directions of AHSD, POP, and DES indicate that the
606  association pattern of the mismatch is not uniform but varies according to

607 context.
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609 Figure 14 Local SHAP effects of D features in High OHE-Low SHE
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612 Figure 15 Local SHAP effects of D features in Low OHE-High SHE

613 arcas

614 4. Discussion

615 4.1 Spatial mismatch patterns of OHE and SHE

616 This study yielded the following findings concerning OHE, SHE,

617  and their spatial relationship.
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First, the spatial pattern of OHE is consistent with established
findings from conventional urban thermal-environment research. Most
built LCZ types show higher OHE, whereas natural LCZ types (LCZA,
LCZB, and LCZD) generally exhibit lower OHE. Compact built types
tend to have greater heat exposure than open built types, suggesting that
LCZs can effectively characterize spatial variations in urban thermal
conditions. Similar patterns have been reported in different cities and
climate contexts (Table 6). In this study, LCZ4 had the lowest OHE
among built types, consistent with previous findings for Xi” an based on
enhanced LST data(Han et al., 2023).The relatively high OHE of LCZ7
may be related to its limited samples and the concentration of the study
area within the Third Ring Road. These results confirm the suitability of
the LCZ framework for analyzing OHE patterns, while previous LCZ
studies have rarely examined the mismatch between objective thermal

conditions and subjective heat perception.

Table 6 compares studies of summer objective thermal environments

conducted within the LCZ framework.

Author Study city Data source Main findings
Compact mid-rise buildings
Han et al.(Han . Land surface (LCZ2) had tﬁe highest
et al., 2023) Xian temperature temperature, whereas open
? high-rise buildings (LCZ4) had
the lowest.
Huo et al.(Hou Shanghai Land surface =~ Mean daytime LST in compact

etal., 2023 temperature  mid-rise, compact low-rise, large
p p
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Author Study city Data source Main findings

low-rise, and heavy-industry
areas was higher than that in
other LCZ types.

Wang et al.(R. Natural LCZ types generally had
. Land surface .
Wang et al., Chongqing temperature lower temperatures than built
2024) LCZ types.
High-density built LCZs were
ang et Wuhan, Nanjing, Land surface associated with high-temperature
al.(Xiang et al., d Shanehai ¢ ¢ areas, whereas natural LCZs
2023) an angha cmperature were associated with lower
thermal intensity.
Li et al.(Li et Three major urba}n Land surface Compact bt}ilt LCZs had higher
al. 2021) agglomer‘atlons n temperature heat intensity, whereag natural
’ China LCZs had a stable cooling effect.
O'Malley et Compact low-rise areas had
al.(O'Malley & Tokvo Land surface higher LST, whereas natural
Kikumoto, y temperature LCZs had a marked cooling
2022) effect.
Koth et In situ Compact built LCZs had greater
al.(Kotharkar et Nagpur meteorological heat stress than open and
al., 2024) data vegetated LCZs.
Nunez-Peir6 et Heat accumulation was stronger
al.(Nunez-Peir6 Madrid Air temperature  in densely built areas than in
etal., 2021) natural areas.

To address this gap, this study further identified the spatial mismatch
between SHE and OHE within the LCZ framework.The level of objective
heat exposure does not fully determine the level of subjective heat
exposure: areas with high OHE, such as LCZ1, LCZ2, LCZ3, LCZ6, and
LCZ7, do not necessarily correspond to high SHE, whereas areas with
low OHE, such as LCZ4, LCZA, and LCZB, may correspond to high
SHE.The two measures show opposite response patterns in some spatial
types, and temperature hotspots only partially overlap with hotspots of
subjective thermal perception.Previous studies also suggest this

possibility: residents' subjective thermal perception is not a linear
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function of objective temperature but is jointly regulated by individual
adaptive capacity and environmental details (Gu et al., 2026;
Shooshtarian et al., 2017), as well as socioeconomic conditions and
access to resources (Guo et al., 2025; Lee & Han, 2024; Zeng et al.,
2022b).In addition, studies based on social media, questionnaires, and
field measurements have confirmed similar deviations from different
perspectives (Table 7), providing cross-case evidence for the findings of
this study.A further contribution of this study is to use LCZs to
systematically associate the direction and spatial organization of these
deviations with specific urban spatial types.In this way, LCZs are
extended from a tool for classifying objective thermal environments to a
spatial-context framework for organizing the relationship between
objective and subjective heat exposure, addressing the relatively limited
characterization of subjective heat exposure in LCZ research.The two
mismatch categories represent different types of risk.Low OHE - High
SHE areas have relatively low objective temperatures but strong
subjective thermal perception and may easily be overlooked because they
do not appear on temperature-hotspot maps.Although High OHE - Low
SHE areas exhibit relatively low subjective thermal perception, previous
studies have shown that long-term heat adaptation can alter residents'
thermal perception but cannot eliminate the physiological heat burden

caused by sustained high-temperature exposure (Gasparrini et al.,



667 2015).Lower risk perception may also reduce residents' willingness to
668 take protective actions, making these areas potential units of
669 underestimated risk (Heidenreich & Thieken, 2024; Beckmann et al.,
670 2021).Together, the two categories constitute governance blind spots

671 under conventional temperature-hotspot assessment frameworks.

672 Table 7 compares studies reporting inconsistencies between subjective
673 perception and objective indicators.
Author Study city Data source Main findings
Thermal perception
derived from Systematic differences exist between
He et al.(He . . . .
Chengdu social-media text + objective and subjective heat
etal., 2025)
land surface exposure.
temperature
Liu et . o ..
AN Thermal perception Objective and subjective heat
al.(Qiqi Liu, . . :
= derived from exposure differ substantially,
Tian %J . . PR
) Beijing social-media text +  indicating a perceptual gap between
Sustainable : o
. land surface thermal perception and objective
Cities Hang, temperature conditions
et al., 2025) p '
Thermal perception A significant spatial mismatch exists
Zhang et derived from between SMHP and PTE, challenging
al.(Zhang et  Beijing social-media text + the conventional assumption that PTE
al., 2026) land surface adequately represents residents'
temperature thermal experiences.
Peng et Questionnaire, Subjective thermal perception

wearable physiological

al.(Peng et Rome deviated significantly from objective
sensors + measured .
al., 2022) . UTCI and skin temperature.
meteorological data
Schaefer et Questionnaire + The objective—subjective mismatch
al.(Schaefer Dortmund measured showed a dependence on spatial
et al., 2021) meteorological data direction.
. . Questionnaire + Objective indicators systematically
Lietal.(Li . . .
Guangzhou measured underestimated residents' actual
et al., 2022) . .
meteorological data experiences.
Sanchez The COMFA model systematically
Ramos et Questionnaire + overestimated outdoor thermal
al.(Sdnchez  Seville measured discomfort, and the range of residents'
Ramos et meteorological data  actual comfort was approximately
al., 2022) 60% wider than the model prediction.
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Author Study city Data source Main findings
The same objective thermal

Xie et Questionnaire + environment produced significantly
al.(Xie et Beijing measured different subjective thermal
al., 2022) meteorological data evaluations because the order of

heat-exposure sequences differed.
At the same objective UTCI level,

Ning et Questionnaire + subjective thermal sensations
al.(Ning et Xi'an measured diverged systematically because of
al., 2023) meteorological data differences in perceived sunlight
exposure.

In summary, this study further identifies two spatial types that have
rarely been systematically distinguished: areas where objective
temperatures are high but residents' perceptions are weak, and areas
where objective temperatures are not high but residents' perceptions are
strong. OHE reflects potential physical heat exposure, whereas SHE
reflects observable subjective-perception responses; the two are not
equivalent, and their correspondence and divergence together provide a
more complete spatial representation of urban heat risk.This study
extends the conventional temperature-hotspot framework for heat-risk
assessment and provides a basis for accurately identifying governance
blind spots and formulating differentiated intervention strategies in urban

thermal-environment management.

4.2 Association patterns between urban environmental factors and

objective — subjective heat-exposure mismatch

The CatBoost - SHAP analysis further identified factor patterns

associated with objective - subjective heat-exposure mismatch.The
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mismatch pattern was not linked to a single environmental factor; rather,
it was associated with inconsistent response pathways involving the
physical thermal environment, residents' perceptual responses, and
heat-adaptation conditions.Unlike existing analytical frameworks that
examine factors associated with OHE or SHE separately (He et al., 2025),
this study simultaneously compares the association structures of OHE,
SHE, and their deviation, D, thereby further revealing differentiated
response patterns of objective and subjective heat exposure in urban

space.

First, OHE and SHE exhibit distinct factor-response structures.OHE
is mainly associated with physical environmental factors such as urban
morphology and land cover, among which mean building height (MBH),
building density (BD), and fractional vegetation cover (FVC) are
important explanatory variables; this is broadly consistent with previous
local research in Xi'an (C. Wang et al., 2024).By contrast, SHE and its
deviation from OHE exhibit more complex association patterns and are
associated not only with the physical environment but also with
socioeconomic factors.This indicates that residents' thermal perception is
not a direct mapping of objective heat exposure but is jointly shaped by
activity spaces, access to resources, and heat-adaptation conditions on the
basis of the physical environment.Accordingly, the same environmental

factor may be associated with OHE and SHE in different or even opposite

4
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directions.For example, FVC makes a stable negative contribution to
OHE, but its effect on SHE is not fully consistent.This is consistent with
the finding reported by He et al. (He et al., 2025) that areas with high
NDVI in Chengdu were associated with lower OHE but did not
necessarily produce a corresponding reduction in subjective thermal
perception because of insufficient shading.Similarly, the sky view factor
(SVF) makes positive contributions to both OHE and SHE, with
thresholds of 0.75 and 0.90, respectively.This may reflect the effect of
increased spatial openness on solar-radiation exposure (Song et al., 2025)
and indicates that subjective thermal perception may respond to spatial
openness only under stronger solar-radiation exposure.The impervious
surface fraction (ISF) further illustrates this difference: higher ISF values
are associated with higher OHE but with negative SHAP contributions to
SHE and D.One possible explanation is that although highly built-up
areas intensify surface heat storage (Bai et al., 2025; Zhao et al., 2025),
their spatial functions and built environments may provide residents with
more opportunities to avoid heat, thereby weakening their direct
perception of the external thermal environment (Zhang et al., 2022).This
association pattern 1s consistent with the High OHE - Low SHE
characteristics observed in several built LCZs, particularly compact built
types, indicating that greater physical heat exposure in highly built-up

environments does not necessarily translate into stronger subjective
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thermal perception.Conversely, although open spaces and green areas can
reduce heat exposure at the regional scale, greater solar-radiation
exposure may strengthen residents' perceptual responses to local
thermal-environment changes and may therefore more often result in Low

OHE - High SHE.

Second, access to heat-mitigation resources plays an important role
in explaining deviations between objective and subjective heat
exposure. The SHAP results show that shorter distances to parks (AGS),
healthcare facilities (DH), and commercial facilities (DCA) make
negative contributions to D in both mismatch categories and can reduce
the deviation between objective and subjective heat exposure.This
indicates that urban heat risk depends not only on the thermal
environment to which residents are exposed but also on whether they can
obtain effective cooling and adaptation support.Previous studies have
shown that urban green spaces can improve local thermal environments
and reduce residents' heat stress through evapotranspiration and shading
(Wang et al., 2025); meanwhile, access to cooling centers and healthcare
facilities is important for improving emergency adaptive capacity during
heat events (Wang et al., 2025; Nayak et al., 2019).This is consistent with
the occurrence of high SHE in some areas with low OHE.Even when land
surface temperature is low at the regional scale, subjective thermal

perception may remain high if residents' activity spaces lack effective

5
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shade, resting spaces, or heat-adaptation resources.However, the effects
of heat-mitigation resources are not fully consistent.For example,
increasing distance to water bodies (ABS) is associated with a negative
SHAP contribution to D; equivalently, lower ABS values are associated
with positive contributions, indicating that areas closer to water bodies
may exhibit larger objective - subjective deviations.One possible
explanation is that although water bodies can reduce land surface
temperature through evaporative cooling (Fricke & Kabisch, 2026), they
may also increase air humidity, and higher humidity reduces the
efficiency of human evaporative heat loss (Hu & Li, 2020).This may
offset part of the improvement in thermal comfort, although the
association may also be jointly influenced by land use and human
activities around water bodies.Furthermore, the group-specific models
show  that mismatch  association  patterns are  strongly
context-dependent.Some factors reverse direction across mismatch
types.For example, distance to emergency shelters (DES) reduces D in
Low OHE - High SHE areas but has the opposite effect in High OHE -
Low SHE areas.This suggests that the direction of the association
between a spatial factor and heat risk may vary with spatial context,
indicating that residents' heat adaptation may depend on specific spatial

conditions.
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In summary, OHE is primarily associated with physical factors such
as urban morphology and land cover, whereas SHE and its degree of
mismatch with OHE are more strongly associated with socioeconomic
factors and access to heat-mitigation facilities.This indicates that SHE is
not a simple linear mapping of OHE and that thermal-environment
governance should incorporate facility accessibility into comprehensive

planning rather than rely solely on physical cooling measures.

4.3 From temperature hotspots to objective — subjective heat

mismatch: a transferable diagnostic framework

Conventional urban heat-risk assessments generally use physical
indicators such as LST to identify high-temperature areas and then infer
their potential heat risks, implicitly assuming consistency between
physical heat exposure and residents' thermal perception.However, this
study finds that the two are not fully aligned.Some built LCZ types
exhibit relatively high OHE but relatively low SHE, whereas some open
or green LCZ types exhibit relatively low OHE but relatively high
SHE.This indicates that a single temperature indicator may overlook
areas with objective - subjective heat-risk mismatch. The value of
incorporating subjective information therefore lies not simply in adding

another heat indicator to conventional thermal maps, but in explicitly



798 identifying where physical and perceptual signals converge or diverge
799  and whether such divergence is systematically associated with particular

800  urban spatial contexts.

801
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803  Figure 16 Analytical framework from temperature-hotspot identification

804 to mismatch identification

805  To address this limitation, this study developed a two-dimensional

g8o6 OHE - SHE assessment system based on LCZs as unified spatial units
807  and identified four spatial categories. This shifts the research question
gos from “where are objective temperatures high?” toward “where do
809  physical and perceptual heat signals correspond, and where do they

810  diverge?” It also reveals the combined roles of the physical environment
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and resource accessibility underlying these patterns.The framework
extends urban heat-risk assessment from conventional
temperature-hotspot identification to coordinated analysis of objective
exposure, residents' perceptions, and spatial adaptation resources,
providing a new analytical pathway for precise, human-centered heat

governance (Figure 16).

The analytical logic of this framework can be adapted to the
characteristics of individual cities.For example, this study finds that areas
closer to water bodies in Xi'an do not exhibit smaller objective -
subjective deviations; this association may differ in coastal cities or cities
with dense river networks and higher humidity.Accordingly, humidity,
sea-breeze direction, and other factors could be added to the set of
variables associated with SHE in such cities.In some small and
medium-sized cities, platform data from social media may be relatively
sparse, and SHE could instead be constructed using questionnaires,
wearable devices, or mobile-sensing data.In denser and more
heterogeneous tropical cities, building forms and land uses may be more
mixed and the boundaries of standard LCZs may be less distinct.More
refined subtypes should therefore be developed on this basis to capture

local thermal-environment differences.
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4.4 Differentiated planning recommendations and study limitations

The two types of objective - subjective heat-exposure mismatch
identified in this study represent deviations in different directions
between physical heat risk and residents' subjective thermal
perception.Both indicate that conventional assessment methods relying
solely on temperature hotspots may overlook genuine governance
needs.As shown in Figure 17, this study used the natural-breaks method
and the mismatch index D to grade block-level deviations.In Low OHE -
High SHE areas, Grades I and II have D > 0; Grade I represents the
greatest deviation and is concentrated in LCZ4, LCZA, and LCZB.In
High OHE - Low SHE areas, Grades III and IV have D < 0; Grade IV
represents the most negative D value and is concentrated in LCZ1, LCZ2,
LCZ3, LCZ6, and LCZ7.Grades I and IV show the most pronounced
deviations and are the primary areas of concern in this

study.Differentiated recommendations are proposed for these areas.

Areas I and II: Accessibility to natural cooling spaces such as parks
and indoor heat-relief facilities, including medical and commercial
facilities, should be prioritized.The efficiency of connections between
residents' daily activity routes and these resources should be improved,
and small-scale, distributed resting or shading nodes should be added in

underserved areas.
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Areas III and IV: These areas should not be excluded from heat-risk
governance because of their relatively low SHE.High-temperature
monitoring and early warning should continue based on OHE levels,
while potential risk underestimation caused by long-term heat adaptation
or behavioral avoidance should be considered.Objective heat exposure

should retain an independent weight in the assessment system.

N
W E

S
Legend I: Low OHE — High SHE (0483 -0.982)
0 2 4 8 km Road 1l: Low OHE — High SHE (0.002 - 0.483)
e (2 L 1= AN Water Il : High OHE — Low SHE (-0.275 - -0.003)
Forest IV: High OHE — Low SHE (-0.693 -<0.275)

Figure 17 Graded intensity of the mismatch between objective and

subjective heat exposure

This study has several limitations.First, SHE is constructed from
social-media text and reflects observable public expressions of thermal

perception at the urban scale rather than direct measurements of residents'



864

865

866

867

868

869

870

871

872

873

874

875

876

877

878

879

880

881

882

883

884

actual heat-stress experiences.It also has limited coverage of less active
online groups.Therefore, SHE is more suitable for characterizing the
spatial pattern of perception at the urban scale than for replacing
individual-level thermal comfort surveys.The spatial mismatch between
OHE and SHE should be understood as a deviation between two signals
representing different dimensions, namely the "physical thermal
environment" and "observable perceptual expressions," rather than as an
assessment of the accuracy of OHE based on SHE.This pattern highlights
spatial clues that may be overlooked by conventional temperature
indicators but are actively expressed by residents, thereby providing a
complementary rather than substitutive perspective for heat-risk
assessment.Second, The SHE and mismatch models showed lower
explanatory power than the OHE model (R*> = 0.42 vs. 0.776), a pattern
also observed across other tested models. This suggests that the selected
variables capture only part of the spatial variation in SHE, and the SHAP
results should therefore be interpreted as associations rather than
complete explanations. Additional meteorological and behavioral factors
may further improve the interpretation of SHE in future studies.
Nevertheless, the identified mismatch patterns provide useful information
for heat-risk management by considering both physical exposure and

perceived heat risk.
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5. Conclusions

Using Xi’ an as a case study, this study integrated remotely sensed
land surface temperature, population distribution, social-media-based
thermal perception, urban morphology, and public-service data within an
LCZ framework to examine the spatial mismatch between OHE and SHE.
The results show that OHE and SHE are not spatially equivalent and that
their mismatch exhibits clear differentiation across LCZ contexts.
Compact built LCZs are predominantly characterized by High OHE -
Low SHE, whereas some open and vegetated LCZs mainly exhibit Low
OHE - High SHE, indicating that temperature hotspots only partially
overlap with areas of stronger observable thermal perception. The
associated-factor analysis further shows that OHE is primarily related to
physical characteristics such as urban morphology and land cover,
whereas SHE and its deviation from OHE are associated with a broader
combination of physical, socioeconomic, and adaptation-related
conditions. In particular, several environmental factors show different
response patterns between the OHE and SHE models, suggesting that
improvements in physical thermal conditions do not necessarily translate
directly into corresponding reductions in perceived heat. Greater
proximity to parks, healthcare facilities, and commercial services is also

generally  associated  with  smaller  objective -  subjective
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deviations.Beyond these empirical findings, the study treats objective -
subjective heat mismatch as an explicit diagnostic dimension rather than
examining OHE and SHE only as parallel indicators. The LCZ
framework is therefore extended from its conventional role in classifying
physical thermal environments to a spatial-context framework for
organizing where objective and subjective heat signals converge or
diverge. This perspective complements conventional temperature-hotspot
assessment by helping identify potential heat-risk blind spots that may be
overlooked when urban heat governance relies primarily on physical
temperature indicators. Although the specific mismatch patterns observed
in Xi’ an are context dependent, the proposed analytical framework
provides a transferable logic for diagnosing locally specific relationships
among physical heat exposure, observable thermal perception, and

adaptation-related spatial conditions in other cities.
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