Zhu et al. Computational Urban Science (2024) 4:7
https://doi.org/10.1007/543762-024-00119-z

Spatial heterogeneities of residents’

Computational Urban
Science

®

Check for
updates

sentiments and their associations with urban
functional areas during heat waves- a case

study in Beijing

Yanrong Zhu'?, Juan Wang'#', Yuting Yuan'?, Bin Meng ', Ming Luo®, Changsheng Shi' and Huimin Ji'?

Abstract

management.

The intensification of global heat wave events is seriously affecting residents’emotional health. Based on social media
big data, our research explored the spatial pattern of residents’ sentiments during heat waves (SDHW). Besides, their
association with urban functional areas (UFAs) was analyzed using the Apriori algorithm of association rule mining.

It was found that SDHW in Beijing were characterized by obvious spatial clustering, with hot spots predominately
dispersed in urban areas and far suburbs, and cold spots mainly clustered in near suburbs. As for the associations
with urban function areas, green space and park areas had significant effects on the positive sentiment in the study
area, while a higher percentage of industrial areas had a greater impact on negative SDHW. When it comes

to combined UFAs, our results revealed that the green space and park area combined with other functional areas

was more closely related to positive SDHW, indicating the significance of promoting positive sentiment. Subdistricts
with a lower percentage of residential and traffic areas may have a more negative sentiment. There were two main
combined UFAs that have greater impacts on SDHW: the combination of residential and industrial areas, and the com-
bination of residential and public areas. This study contributes to the understanding of improving community
planning and governance when heat waves increase, building healthy cities, and enhancing urban emergency
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1 Introduction

In the context of continued global warming (Campbell
et al.,, 2018, Intergovernmental Panel on Climate 2023),
increases in the frequency, intensity, and duration of
urban heat waves were observed at both the global scale
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and the regional scale (Sun et al.,, 2022). Urban heat waves
not only lead to strain on urban resources and ecological
degradation but also pose a serious threat to residents’
health (Zhang et al., 2023). By 2019, the number of deaths
associated with heat waves in China had reached nearly
30,000 over a thirty-year period (Cai et al., 2021). In addi-
tion, high temperatures can also affect human mood,
behavioral disorders, mental health, and other related
health indicators (Gao et al.,, 2019). Urban heat waves
were significantly associated with suicide, acute illness,
major depression and psychiatric admissions (Almen-
dra et al., 2019). According to the Lancet Countdown to
China Report released in 2022, rising temperatures have
resulted in a 115% increase in heatwave-related mortality,
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a 7.1% decrease in potential labor hours, and a 62.7%
increase in wildfire exposure, and urbanization will fur-
ther exacerbate heatwave risk (Cai et al., 2022). In order
to give theoretical support and technical assistance for
building healthy cities and enhancing urban emergency
management, it is extremely vital to focus on the health
effects of heat waves in rapidly urbanizing regions.

In recent years, research on the effects of urban heat
waves on sentiments has received increasing attention
(Romanello et al., 2021; Thompson et al., 2018). It has
been widely recognized that urban heat waves have del-
eterious effects on health, leading to increased mortality
and morbidity (Gasparrini et al., 2015; Green et al., 2019).
However, the relationship between urban heat waves
and sentiments was complex, with inconclusive results
at different scales (Gao et al., 2020). For example, Huang
et al. demonstrated that the irritability pattern of Beijing
residents during heat waves has a distinct circle struc-
ture, showing a pattern of high centre and low periphery
(Huang, Liu et al. 2022c). Wang et al. found that tempera-
ture was associated with more negative expressed senti-
ments in China by combining meteorological conditions
with 400 million social media posts (Wang et al., 2020).
The same results were found in the U.S., with sustained,
statistically significant decreases in sentiments through-
out the hot weather (Baylis, 2020). What’s more, the
risk areas for negative sentiments due to high tempera-
tures were rapidly increasing (Huang, Li et al., 2022a). A
study in Russia demonstrated that higher temperatures
increase the frequency of positive sentimental expres-
sions (Smetanin, 2022). Although the negative sentiments
most likely to be triggered by global warming was fear,
most people still expressed positive sentiments about it
(Qiao & Williams, 2022). However, there are still research
gaps on the spatial heterogeneities of sentiments during
heat waves at the fine scale within the city.

The sentiments in urban environments were closely
associated with the spatial structures and attributes at
the intra-city scale (Shoval et al., 2018). As a geographi-
cal space where natural and social resources were con-
centrated, urban functional areas directly influenced the
geospatial urban thermal environment and thus people’s
sentiments. Previous studies have tended to focus on
exploring the association between a single urban func-
tional area and residents’ sentiment. For example, it has
been demonstrated that green space and park areas could
alleviate residents’ negative sentiments during heat waves
(Klemm et al., 2015). Rational allocation of public areas
could enhance the city’s ability to cope with heat waves
and improve residents’ thermal comfort (Santos Nouri
et al., 2018). But the possible complex impacts on senti-
ments brought about by different combinations of func-
tional land uses are ignored, which is crucial for revealing
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the diversity of emotion-functional area interactions at
the inner-city scale. Other studies have focused on the
relationship between emotional experience or well-being
and functional area. The environmental quality, social
security, and social interactions in urban residential areas
can have different effects on residents’ sentiments (Chen,
Hall et al. 2019, Zhong et al.,, 2021). The larger, denser,
and more accessible the commercial area is, the higher
the shopping convenience and consumer satisfaction of
residents, resulting in positive sentimental experiences
(Rompay et al., 2012). In summary, a focus on the sen-
timents in conjunction with urban functional areas can
help address urban socio-spatial inequalities and improve
the well-being of residents. But most studies have ignored
its association with high-temperature heat waves. There
are still research gaps to explore the association between
sentiments during heat waves and multiple urban func-
tional areas at the intra-city scale.

In previous studies, medical data and questionnaire
data were commonly used to study the comfort tempera-
ture range and the serious consequences of high tem-
perature on emotional health. However, these data can
hardly objectively reflect the real perceptions of the pop-
ulation on high temperatures. There were problems such
as time lag, limited survey scope and coverage, and insuf-
ficient sample validity and diversity. In recent years, loca-
tion-based social awareness data have been successfully
applied to accurately measure the sentiment perception
of large regional groups (Liu, 2016). Social media served
as an important tool for public health surveillance (Kass-
Hout & Alhinnawi, 2013). Due to its open, communica-
tive, and participatory nature, social media contains a
wealth of real-time group emotions and perceptions of
the geographic environment (Zheng et al.,, 2019). It also
allows emotional health research to break through the
limitations of traditional questionnaires and psychiat-
ric hospital visits to provide a more timely, comprehen-
sive explanation of residents’ emotional health. Weibo is
the largest social media platform in China (Huang, Long
et al,, 2022b). By the end of 2022, the monthly active user
count of Weibo had increased to 586 million. As a typi-
cal geographical big data, Weibo data not only contains
information such as time and location, but also reflects
the rich sentiments of users, providing great convenience
for analyzing the emotional health of residents. Despite
the potential biases and prejudices in the real numbers
due to the different ages, occupations and geographical
locations of users (Rabari & Storper, 2015), Weibo data
remains one of the most useful data sources in the field
of public health (Yang et al, 2019). It has been widely
used to monitor affective states in real-time (Wang et al.,
2022), measure well-being measures associated with
events such as heat waves, sensitivity and studies of their
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health effects (Baylis, 2020; Clayton, 2020; Wang et al,,
2021).

In recent years, significant progress has been made
in sentiment analysis research focusing on social media
data. Approaches primarily include methods based on
sentiment lexicons, traditional machine learning, and
deep learning. Lexicon-based methods face challenges
in handling ambiguity, sensitivity to domain variations,
and limited scalability (Hu & Liu, 2004). Traditional
machine learning methods, such as Support Vector
Machines (SVM) and Naive Bayes (NB), heavily rely on
labeled data, necessitating intricate feature engineering
with limited complexity handling capabilities (Pang, Lee
et al. 2002). With the advancement of deep learning and
big data technologies, an increasing number of research-
ers are turning to deep neural networks for sentiment
analysis tasks. Deep learning methods excel in modeling
contextual information within text, capturing intricate
relationships between words. Techniques like Convolu-
tional Neural Networks (CNN), Recurrent Neural Net-
works (RNN), Attention Mechanism, and Transformer
models such as BERT and RoBERTa (Kim, 2014, Tang,
Qin et al. 2015), have demonstrated superior capabilities
in handling large-scale unstructured datasets, effectively
enhancing the accuracy and efficiency of sentiment clas-
sification. These approaches find wide applications in
exploring urban sentiments based on social media data
(Chen et al., 2022; Cheng et al., 2023; He et al., 20233,
2023b; Xia et al., 2023).

In the above process of combing through the litera-
ture, we found that scholars have begun to study the
sentiments of residents during heat waves, as the health
impacts of heat waves on residents have become more
and more emphasized. Social media has become an
important data source with its wide range, low access
cost, high timeliness, and spatial location attributes
for spatial difference analysis. However, there is still a
research gap in detecting the pattern of residents’ senti-
ments at the intra-city scale during heat wave events, as
well as mining the associations between them and the
functional areas of the city.

In summary, to fill the above-mentioned research gaps,
this study was constructed to explore the spatial hetero-
geneities of residents’ sentiments during heat waves and
their associations with urban functional areas by taking
Beijing as an example. Specifically, it has the following
three objectives: 1) to do sentiment analysis on Weibo
text data using deep learning-based sentiment analysis
methods. 2) to explore the spatial pattern of residents’
Sentiments During Heatwaves (SDHW) based on the
location attributes of Weibo data by using spatialization
methods as well as hotspot analysis. 3) to delineate the
Urban Functional Areas (UFAs) at the intra-city scale in
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Beijing based on the POI data, and to explore their asso-
ciations with SDHW by using the Apriori algorithm. It
was found that SDHW in Beijing were characterized by
obvious spatial clustering, with hot spots predominately
dispersed in urban areas and far suburbs, and cold spots
mainly clustered in near suburbs. There were two main
combined UFAs that have greater impacts on SDHW: the
combination of residential and industrial areas, and the
combination of residential and public areas. This study
contributes to the understanding of improving commu-
nity planning and governance when heat waves increase,
building healthy cities, and enhancing urban emergency
management.

2 Study area

Beijing is the political center of China and has a long his-
tory of civilization and cultural integration. It covers an
area of 16,410.54 square kilometers, of which 38.6% is
plain and 61.4% is mountainous area (Xie et al., 2022). By
the end of 2020, the population of Beijing 21.89 million,
and the urbanization rate has reached 87.6% (Huang,
Li et al.,, 2022a). Rapid urbanization has led to dramatic
changes in land development and has significantly altered
thermal environmental patterns (Peng et al., 2016). It
has been estimated that Beijing experienced several heat
events in the summer of 2019 (a heatwave event being
defined as three or more days of high temperature in suc-
cession), with a total of 14 days of high temperature days
(daily maximum temperature exceeding 35°C) in July. The
study area is shown in Fig. 1, and there are 327 subdis-
tricts and 16 districts in Beijing. The yellow dots in the
figure represent the geographical locations of Weibo
posts.

3 Data and method

3.1 Data

3.1.1 Social media Weibo data

Sina Weibo is one of the largest and most influential
blogging websites in China. In July 2019, Beijing had
14 days of high temperature days (daily maximum
temperature exceeding 35°C) and multiple prolonged
heatwave events (a heatwave event being defined as
three or more days of high temperature in succession)
(http://www.tianqihoubao.com/lishi/beijing/month/
201907.html). As such, in this research we selected
Weibo posts from Beijing within July. Web crawling
technology was used to obtain a total of 1,043,224
Weibo posts from the Weibo social media platform
in July 2019. Each Weibo item includes the ID, textual
content, time, latitude, and longitude. We found a sig-
nificant positive correlation between the seventh cen-
sus population and Weibo check-in population in 2019
of each subdistrict in Beijing (Fig. 2), suggesting that
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Weibo data can be used to analyze the spatial distribu-  different single or mixed functional units such as residen-

tion of residents’ sentiments (He et al., 2023a, 2023b). tial, commercial, and industrial areas. Previous studies
have shown that POI data can provide accurate informa-
3.1.2 Point of interest (POI) data tion on urban functional land use and accurately reflect

Within cities, the spatial distribution of various func- the spatial distribution of urban functional areas (Chen
tional activities creates small district differences, forming et al., 2016; Xiao et al., 2017).
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Fig. 2 Relationship between the total number of people in the 7th census and the total number of Weibo check-in in 2019 of each subdistrict
in Beijing. ** means CC (correlation coefficient) is significant at the 0.01 level
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The POI data used in this study was collected from
AutoNavi Map, which contains nearly 918,441 points
within the study area. The attributes of each POI include
the name, latitude and longitude, address, category and
administrative area. According to the type statistics, the
POI data were classified into 13 categories, including
catering services, scenic spots, public facilities, cultural
and educational services, shopping services, government
agencies and groups, car services, etc.

3.1.3 Fundamental geographic data

In addition, all the administrative boundaries on the scale
of 1:4,000,000 maps were obtained from the National
Earth System Science Data Center (http://www.geodata.
cn/). These boundaries were used to separate subdistricts
for the study area.

3.2 Method

3.2.1 Calculating SDHW based on Weibo data

This research used the Robustly Optimized BERT Pre-
training Approach (RoBERTa) method to accomplish
sentiment analysis of Weibo items (Lee & Toutanova,
2018, Liu, Ott et al. 2019). It is an improvement from the
Bidirectional Encoder Representations from Transform-
ers (BERT). It extends the key hyperparameters to train
with much larger learning rates and mini-batches (Dev-
lin, Chang et al. 2018, Barua, Thara et al. 2021). RoBERTa
was fine-tuned using the UER-py framework in large-
scale pretraining, incorporating diverse Chinese data-
sets from various domains, such as the Jingdong binary
review dataset. This resulted in outstanding performance
when adapting to sentiment analysis tasks in Chinese
social media. The model’s ability to better model the Chi-
nese social media context is attributed to its adaptability
to the unique characteristics of Chinese text. Moreover,
RoBERTa-Base excels in handling long texts and captur-
ing contextual information (Liu, Ott et al. 2019). These
factors make it an ideal choice for sentiment analysis in
Chinese social media in this study. The Chinese RoB-
ERTa-Base Model used in this research was obtained
from the Hugging face (https://huggingface.co/uer/rober
ta-base-finetuned-dianping-chinese) (Zhao, Chen et al.
2019).

Firstly, the process of performing sentiment analysis
required textual input in a machine-readable format.
Pre-processing was required, such as clean text, stop-
word removal, stemming, removal of punctuation, etc.
Subsequently, the roberta-base-finetuned-jd-binary-
chinese corpus was called to perform semantic senti-
ment analysis on the pre-processed Weibo texts. The
final score value is obtained for the sentiment of each
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Weibo post. The score ranges from 0-1, the closer to
1 the more positive the sentiment. Lastly, 2,000 Weibo
items were selected as the validation set for manual
validation, achieving an accuracy of 87%, which is basi-
cally credible.

After clipping the Weibo posts of each subdistrict
based on the administrative division, the mean value
of sentiment score within each subdistrict was sum-
marized and this value was used as the sentiment
value-SDHW for each subdistrict. The SDHW of each
subdistrict was converted into categorical data. And
then the principle of equal quantity distribution was
used to divide the values into five categories: worst,
bad, medium, good, and best (He et al., 2018). We also
use Hotspot Analysis for grid detection of SDHW on
subdistricts. Hotspot analysis in ArcGIS is a spatial sta-
tistical method designed to identify significant cluster-
ing and dispersion patterns in spatial data. It quantifies
and spatializes the identification of clustering patterns
within a region. We use hotspot analysis to detect in
which regions SDHW will be clustered with high/low
values. See specifically Sect. 4.1.

3.2.2 Calculating UFAS based on POl data

The urban function areas were mapped following Wang
and Zhang (Wang & Xu, 2012; Zhang, 2012). According to
the principle of universality and consistency of POI classi-
fication, POI data were divided into six major categories,
including residential area (RA), public area (PA), com-
mercial area (CA), industrial area (IA), green space and
park area (GPA), and traffic area (TA). It was mentioned
that POI data do not have area information of geographic
entities, and there were differences in the influence range
of different types of geographic entities. In this research,
two indicators, general area and public awareness were
introduced to give weights (Li et al, 2020; Xue et al,
2020; Zhao et al., 2011). In addition, some categories of
POls, such as public toilets and newsstands, were not sig-
nificant in functional areas and were therefore excluded.
After reorganization, the final urban functional areas were
mapped at the subdistrict scale with the percentage of the
six categories. That is, the percentage of the six functional
areas in each subdistrict were obtained: the percentage
of residential area (PRA), the percentage of public area
(PPA), the percentage of commercial area (PCA), the per-
centage of industrial area (PIA), the percentage of green
space and park area (PGPA), and the percentage of traffic
area (PTA). As with the Weibo data mentioned above, all
data were also converted to categorical variables, divided
into lowest, low, medium, high, and highest.
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3.2.3 Association rule mining based on the Apriori algorithm
Association rule analysis is one of the most impor-
tant techniques used in data mining research (Witten
& Frank, 2002). Association rules reflect the influence
of the occurrence of one thing on the occurrence of
other things. It is an unsupervised learning data mining
method to discover and extract frequently occurring or
interesting knowledge from large databases. Associa-
tion rule mining is suitable for handling data with fuzzy
relationships (Zhang & Zhang, 2002). The relationships
between sentiments and urban functional areas are
complex and influenced by many factors, therefore the
deep-seated and multi-dimensional relationship between
urban functional areas and sentimental health can be
explored by the association rules.

In this research, the classic Apriori algorithm in asso-
ciation rule mining was used to explore the relationship
between SDHW and UFAg (Agrawal & Srikant, 1994).
The algorithm involves three metrics, namely Support,
Confidence, and Lift. The indicators are explained below:

(1) Support: Support represents the frequency of
occurrence of an itemset in the entire dataset.

Transactions containing itemset X

Support(X) =
pport(X) Total transactions

(2) Confidence: Confidence represents the probabil-
ity of itemset Y occurring when itemset X occurs.

Support(X UY)

Confid X=Y)=
onfidence(X = Y) Support(X)

(3) Lift: Lift measures how much more likely itemset
Y is to occur when itemset X occurs, compared to
when Y occurs independently.

Confidence(X = Y)

LiftX = 1) = Support(Y)

To perform the Apriori algorithm, information about
the SDHW for each subdistrict was combined with UFAs
to create a database of itemset. There were a total of 327
itemsets in our research. Each itemset contains the fol-
lowing information:

I = (SDHW; PRA, PPA, PCA, PIA,PGPA,PTA)

The Apriori algorithm identifies relationships between
SDHW and UFAs (PRA, PPA, PCA, PIA, PGPA, PTA)
based on information from all subdistricts. Thresholds
need to be set before running the algorithm. In this
research, we found the minimum threshold that can
cover the basic valid rules by setting the initial minimum
confidence and support and then gradually changing
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the minimum threshold. The minimum support was
0.02 and the minimum confidence was 0.3. As a result,
we extracted a total of 128 rules, some of which were
shown in Table 2 in Sect. 4.3.2. The measures of each
rule include Support, Confidence, and Lift. Figure 3 illus-
trated the distribution of the above three metrics for all
128 rules. The Lifts were more than 1, indicating that the
rules were basically valid.

In order to clearly clarify the relationships between
urban functional areas and SDHW, all the association
rules were analyzed from two aspects. First, in Sect. 4.3.1.
we filtered out the combined UFAs with only one func-
tional area as a way to analyze the impact of a single UFA
on SDHW. We use Sankey diagrams to show the cor-
relation between single UFA and SDHW. The Sankey
diagram is a graphical tool used to visualize processes,
resource allocations, and interrelationships. Its distinc-
tive feature lies in representing the quantity of flows
through arrows of varying widths, effectively illustrating
the connections and interactions between multiple steps.
The effects of other combined UFAs with more than one
on SDHW were described in 4.3.2.

4 Result

4.1 Spatial patterns of SDHW

There were obvious spatial differences in SDHW in Bei-
jing which was shown in Fig. 4. The SDHW was averaged
within each subdistrict and then reclassified into five
categories using the equal quantity distribution, that is,
worst, bad, medium, good, and best (Fig. 4 left). The per-
centage of subdistricts with positive (good, best) SDHW
and negative (bad, worse) SDHW in each district was
counted, as shown in the right column of Fig. 4. Posi-
tive SDHW was mainly located in urban areas and far
suburbs, specifically Dongcheng, Xicheng, Shijingshan,
Yanqing, and Mentougou Districts. For example, 65% of
subdistricts in Dongcheng District had positive SDHW,
and 54% in Mentougou District. Negative SDHW was
dominated by near suburbs, respectively Changping,
Fangshan, and Tongzhou Districts. For example, 68% of
subdistricts in Changping District had negative SDHW,
and 61% in Fangshan District. Specifically, negative
SDHW occurred in the subdistricts of Xinzhen, Xiang-
yang, and Junzhuang Town.

To further explore the characteristics of its spatial
heterogeneities, the Hotspot Analysis was done for the
SDHW of Beijing, and the results are shown in Fig. 5.
Hotspot analysis helps correlate sentiment values with
their spatial distribution. Subsequently, examining their
geographical clustering patterns, such as observing
whether areas with high sentiment values form clusters,
becomes possible. By considering the spatial relation-
ships of different sentiments, trends in their distribution
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Fig. 3 Support, confidence, lift of 128 rules extracted by the Apriori algorithm
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Fig. 4 Spatial distribution and regional statistics of SDHW. *SDHW means Sentiment During Heat Waves

can be identified, contributing to a deeper understand-
ing of the spatial trends and variations in the sentiment
distribution among residents across different subdistricts
in Beijing. In the results of the hotspot analysis, hotspots
and coldspots reflect significant differences in the spa-
tial distribution of the data. As shown in Fig. 5, hotspots

indicate areas with relatively high values, while coldspots
represent areas with relatively low values. Confidence
levels of 90%, 95%, and 99% are used to denote different
statistical significance levels for hotspots and coldspots.
It can be seen that the SDHW distribution in Beijing had
a spatial clustering of high and low values of statistical
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Fig. 5 The hot spot analysis of SDHW

significance. Within the 5th Ring Road of the central city,
SDHW showed a clear clustering of high values, indicat-
ing that during heat waves, residents in these areas were
relatively more positive in their emotional performance.
Further south, Fangshan District, Daxing District, Tong-
zhou District and other subdistricts showed cold cluster-
ing of sentiments, i.e., residents’ sentiments were more
negative. In addition, the Mentougou District also exhib-
ited clustering of high values of residents’ emotions. The
northern suburbs also showed different patterns of clus-
tering, with Yanqing District being positively emotionally
clustered, while some streets in Huairou and Shunyi Dis-
tricts showed negative emotional clustering.

4.2 Spatial patterns of UFAs

Based on the UFA division of POI data, we obtained the
percentage of six functional areas for 327 subdistricts,
as shown in Fig. 6. The spatial pattern of six urban func-
tional areas was pronounced. The percentage of green
space and park areas was larger in the suburbs of Beijing,
and smaller in the urban areas. The pattern for residential

¥
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areas was far different. Industrial areas showed a pattern
of high in the southeast and low in the northwest. Pub-
lic areas also had roughly quite another spatial pattern.
Commercial areas were generally higher in the urban
areas than in the suburbs. Notably, traffic areas showed
a pattern of high suburban percentage. After that, all data
were also converted to categorical variables the same
as SDHW, divided into lowest, low, medium, high, and
highest. The interval for each range of indicator values
was shown in Table 1.

4.3 Associations between UFAs and SDHW

4.3.1 Associations between a single UFA and SDHW

The impacts of a single UFA varied for different SDHW.
We measured the impact of the six UFAs on SDHW
based on Lift values, as shown in Fig. 7. The left side
represents different proportions of urban functional
area, and the right side represents different levels of
sentiment during heat waves. The thickness represents
the correlation between the two. The thicker the cor-
relation, the stronger the correlation. The effects of
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Green space and park area

Fig. 6 Percentages of six urban functional areas of each subdistrict

Table 1 The interval for each indicator value

UFA  lowest low medium high highest

PGPA" 0-0.006 0006-0.010 0.010-0.019 0.019-0.060 0.060-0.486
PIA" 0-0.111 0.111-0.189 0.189-0.248 0.248-0329 0.329-0.618
PCA"  0-0.162 0.162-0209 0.209-0254 0254-0309 0.309-0475
PRA"  0-0.045 0045-0063 0063-0.083 0083-0.103 0.103-0.324
PTA"  0-0.158 0.158-0.194 0.194-0227 0.227-0.280 0.280-0.649
PPA"  0-0.155 0.155-0.178 0.178-0.204 0.204-0.252 0.252-0.530

" PGPA means the percentage of green space and park area, and PIA means the
percentage of industrial area, and PCA means the percentage of commercial
area, and PRA means the percentage of residential area, and PTA means the
percentage of traffic area, and PPA means the percentage of public area

green space and park areas on extreme sentiments were
greater. During urban heat waves, residents living in
subdistricts with a higher percentage of green space
and park areas had the highest possibility to show posi-
tive sentiments. The same was true for residents living
in subdistricts with the lowest percentage of industrial
areas. Meanwhile, a high percentage of industrial areas
may lead to worse-SDHW. The effects of transportation
areas on sentiments were not significant, but an over-
all higher percentage of transportation areas was more
associated with positive SDHW. Also, residents were in
more positive sentiments during heat waves when the
percentage of commercial areas was lowest or public
areas was highest. The negative sentiments during heat
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Industrial area

waves were more related to the lowest percentage of
residential areas.

4.3.2 Associations between combined UFAs and SDHW

This section focused on the effects of combined UFAs on
SDHW. Table 2 listed part of the most important rules
showing the effects of combined UFA on the five SDHW.
The combined UFAs associated with the worse-SDHW
were dominated by low percentage of residential areas, as
shown in rules 1-3 in Table 2. When there was the low-
est percentage of residential areas and traffic areas, it
was more likely to lead to worse-SDHW. Similarly, worse
SDHW also occurred when there were the lowest per-
centage of residential areas and the highest percentage of
industrial areas. In addition, the combination of the low-
est PRA, highest PPA, and lowest PCA also had a higher
likelihood of worse-SDHW when it occurs simultaneously
in the subdistrict. Subdistricts were more likely to be bad-
SDHW when the percentage of green space and park was
low while the percentage of public areas was high. There
was also a high degree of correlation between bad-SDHW
and these two UFAs: the lowest percentage of green space
and park, and highest percentage of industrial area. Good-
SDHW was more associated with two types of combined
UFAs. Good-SDHW was more likely to occur in subdis-
tricts that have a high percentage of both commercial and
traffic areas. Similarly, residents living in subdistricts with
a high percentage of residential areas and a low percent-
age of public areas mainly show good-SDHW. Meanwhile,
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Fig. 7 Associations between single UFA and SDHW
Table 2 Associations between combined UFAs and SDHW
ID Combined UFAs SDHW Support Confidence Lift
1 lowest-PRA", lowest-PTA" — Worse 0.02 064 3.15
2 lowest-PRA", highest-PIA” — Worse 0.03 043 212
3 lowest-PRA", highest-PPA”, lowest-PCA" — Worse 0.02 038 188
4 lowest-PGPA’, high-PPA” — Bad 0.02 0.58 2.89
5 highest-PIA", lowest-PGPA” — Bad 0.02 040 198
6 medium-PRA’, medium-PIA — Medium 0.02 0.50 252
7 high-PCA”, high-PTA" — Good 0.02 0.54 271
8 high-PRA", low-PPA” — Good 0.02 0.50 252
9 low-PRA", lowest-PIA" — Best 0.02 087 440
10 lowest-PIA”", highest-PGPA” — Best 0.08 056 283
11 low-PCA", lowest-PIA", highest-PGPA™ — Best 002 0.72 3.65

“ PGPA means the percentage of green space and park area, and PIA means the percentage of industrial area, and PCA means the percentage of commercial area, and
PRA means the percentage of residential area, and PTA means the percentage of traffic area, and PPA means the percentage of public area

best-SDHW occurred most frequently when the subdis-
trict had a high percentage of green space versed a low per-
centage of industrial areas. In addition, the low PCA, PIA,
and high PGPA also had a greater impact on best-SDHW.

5 Discussion

5.1 Summary of key findings

This study aims to investigate the effects of differ-
ent urban functional areas within Beijing on residents’
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sentiments during heat waves (SDHW), and the spatial
heterogeneities of these effects. By studying 327subdis-
tricts, we found a clear spatial clustering of SDHW in
Beijing, with relatively more positive affect in the central
city and more negative affect in the southern area. Green
areas and industrial areas are the functional areas with
the most significant influence on sentiment, with the
combination of a high percentage of green areas and a
low percentage of industrial areas contributing to more
positive sentiment. There was more divergence from the
impacts of commercial and traffic areas, with environ-
mental changes in different zones also leading to different
emotional experiences.

5.2 Analysis and Comparison with other studies

5.2.1 About SDHW

As mentioned above, there were obvious spatial clustering
characteristics of SDHW in Beijing, with several relatively
obvious hot and cold spot areas. SDHW in the central city
(within the 5th Ring Road) was relatively more positive.
This are consistent with a number of studies that urban
areas typically have more services and critical resources
that are conducive to helping residents cope with extreme
heat and promoting emotional stability (Harlan et al,
2007, Gallegos, Lerman et al. 2016). Previous research
documented that positive sentiments were closely related
to economic indicators, and residents may be happier in
high-income areas (Van de Vliert et al., 2004; Mitchell
et al,, 2013, He, Wang et al. 2023). But there were also
studies that point out that residents of areas with higher
economic incomes are usually more sensitive to high tem-
peratures in summer (Cheng et al., 2023).

Sentiments in the southern subdistricts were significantly
more negative during heat waves. In addition to economic
factors, southern areas, such as Daxing and Tongzhou Dis-
trict, typically face higher temperatures and humidity during
summer. It has been suggested that the compounding effects
of factors such as rainfall and humidity that accompany high
temperatures in the south may lead to relatively poor adap-
tation to extreme heat for residents of the southern region
(Cheng et al., 2023; Morrissey et al., 1996). In addition, com-
pared to several suburban districts, SDHW was more active
in the distant suburbs, such as Yanqing and Huairou Dis-
tricts. Some studies have also pointed out that staying in the
suburbs makes people happier (Adams, 1992). This may also
have more to do with the natural environment of far suburbs,
which were more mountainous and had relatively cooler
temperatures in extreme heat, and where people may have a
more positive emotional experience (De Vos & Witlox, 2016).

5.2.2 About associations between UFAs and SDHW
Subdistricts hold different site combinations and spa-
tial layouts, and the correlations between sentiments
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and combined functional areas were site-specific. Green
space and industrial areas are usually the common
functional areas that have a high and opposite impact
on mood (Klemm et al., 2015, HE, SUN et al., 2022).
We reached a similar conclusion that the combination
of a high percentage of green space and low percent-
age of industrial areas contributed to greater positive
sentiments during the heatwaves (Rule 5 and Rule 10
in Table 2). Positive sentiments during heat waves were
associated with a high percentage of green space areas,
such as in far suburban areas. In contrast, negative sen-
timents were associated with a low percentage of green
space areas. Industrial areas were usually areas with a
high concentration of factories and industrial facilities,
which were prone to noise, pollution, traffic congestion
and other problems, and usually had a negative impact
on sentiments (Cao et al., 2018). Thus, a low percent-
age of industrial areas would tend to promote the emer-
gence of more positive sentiments. For example, the low
percentage of industrial areas in Yanqing and Huairou
streets located in the northern suburbs was more asso-
ciated with best-SDHW. Most of the negative sentiments
during heat waves in the central city as well as in the
southern subdistricts was associated with high percent-
age of industrial areas.

The simultaneous presence of a high percentage of
commercial and industrial areas in Dongcheng District
could exacerbate the negative sentiments of residents
during heat waves. Positive sentiments in Yanqing and
Huairou Districts were also related to the low percentage
of commercial areas. These results seem to indicate that
people in denser commercial areas have more negative
sentiments. From the perspective of urban planning and
design, studies have shown that areas with a low percent-
age of commercial areas tend to give residents a sense of
relaxation and tranquillity. Areas with a high percentage
of commercial areas were often noisy and busy, and more
likely to produce feelings of stress and anxiety. Therefore,
many studies have shown that positive sentiments cluster
near commercial areas (Gao et al., 2022; Park et al., 2021).
However, there was disagreement about the impact of
commercial areas on sentiments (Lin et al., 2022; Yang
etal.,, 2022).

Our results show that the high percentage of traffic
areas was more associated with positive sentiments. Pre-
vious research had found that the results of using trans-
portation and residents’ well-being tend to be mixed
(Pdez & Whalen, 2010; Pfeiffer & Cloutier, 2016). The
number of bus stops may be a negative factor (Park et al.,
2021), but residents with better access to transporta-
tion may be happier (Leyden et al.,, 2011). On the other
hand, our results may be influenced by the bias of POI
data in suburban areas, where there was a lack of data for
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other functional areas and thus a high percentage of traf-
fic areas. Besides, the negative sentiments of subdistricts
in Shunyi and Miyun Districts during heat waves were
related to the lack of green space and park areas, as well
as the lack of public areas. In contrast, Changping, Dax-
ing, and Shijingshan Districts were associated with insuf-
ficient green space and park areas, but more public areas.
This indicated that the influence of functional areas on
SDHW was not absolute, but there were spatial heteroge-
neities. Different environmental changes and their poten-
tial impacts on residents should be taken into account to
develop urban planning solutions that better meet resi-
dents’ needs.

5.3 Policy implication

In an in-depth study of the impact of urban functional
areas on residents’ emotions, the following recommenda-
tions are made to enhance the overall social well-being of
the city:

For the southeastern areas of Beijing, such as Tong-
zhou and Daxing Districts, it is recommended to mod-
erately increase residential areas and strategically plan
public spaces in urban development. Equally impor-
tant is attention to the layout of industrial areas, as an
increased proportion adversely affects the emotional
well-being of residents in these regions. The govern-
ment can reduce the negative impact on residents’
sentiments and improve the quality of life by guiding
industrial upgrading and structural adjustment. In the
suburban areas, such as Changping and Shunyi Dis-
tricts, considering an augmentation of green space
proportions and judicious utilization of public areas
to create a more pleasant community environment is
advised. Additionally, in outlying districts like the Huai-
rou District, enhancing residential land and facilitating
the use of public spaces to encourage social interactions
holds promise for improving residents’ positive emo-
tional experiences during heat waves. In the central city,
a crucial focus should be placed on preserving public
areas and establishing a rational layout for residential
areas. Building upon this foundation, a modest increase
in green space could enhance the emotional experi-
ences of residents. However, caution is advised when
contemplating an expansion of commercial areas, as
the correlation between commercial districts and resi-
dents’ emotional states during heat waves is not defini-
tively established. Government planning for commercial
zones should comprehensively consider factors such as
noise levels and business activity to craft a tranquil and
habitable urban environment. These recommendations
aim to adjust land use structures and create a more liva-
ble urban environment, ultimately enhancing residents’
emotional experiences during heat waves.
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5.4 Limitation and further research

Limitations and uncertainties in this study need to be men-
tioned. First, although the sentiments expressed on social
media can reflect the underlying sentiments in real time
(Settanni & Marengo, 2015). However, social media users
were mainly young people and cannot represent all peo-
ple (Ilieva & McPhearson, 2018). Especially the elderly
and children may be sentimentally more susceptible to the
effects of bad weather (Obradovich et al., 2017). Therefore,
our results were not sufficiently comprehensive to respond
to residents’ sentiment. The negative emotional impact of
heat waves on residents may be underestimated. There-
fore, this paper is more conservative in the inference of the
results. Besides, the deep learning-based sentiment explo-
ration method in this study may not be the best choice
for measuring the sentiments expressed in social media
posts. Regarding the results of sentiment measurement, the
results can be extended to fine-grained sentiment explora-
tion in subsequent studies, such as further classifying nega-
tivity into anger, sadness, etc. In addition, future research
should consider residents’ individual characteristics such
as occupation, income, age, etc., and conduct a more in-
depth analysis of how the emotional well-being of differ-
ent demographic groups is affected by heat waves. In the
selection of influencing factors, future studies could also
explore the impact of various urban environmental factors
on residents’ sentiments during heat waves. Factors such
as urban greenery levels, air quality, noise levels, etc., could
be investigated for their short-term and long-term effects
on residents’ emotional states. The research scope could
be further extended to encompass various types of urban
environments, including but not limited to large cities,
medium-sized cities, as well as cities situated in different
geographic and climatic conditions. Such comprehensive
studies would contribute to providing a more nuanced
understanding, enabling urban planners and policymakers
to optimize urban environments effectively and enhance
residents’ emotional experiences during high temperatures.

6 Conclusion

This research explored the spatial differentiation of
Beijing residents’ sentiments during urban heat waves
based on social media big data. The associations
between them and functional areas were also analyzed
by using the association rule mining based on the Apri-
ori algorithm. This research can help identify urban
spatial problems, enhance urban emergency manage-
ment and build healthy cities.

The results show that SDHW has obvious spatial clus-
tering characteristics, with hot spots dominated by the
urban areas and far suburbs, and cold spots mainly dis-
tributed in the near suburbs. The combination of PGPA
and other functional areas (PIA, PTA, PCA) was more
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associated with positive SDHW, indicating the impor-
tance of green space and park in promoting positive sen-
timents. In contrast, the lowest percentage of residential
areas was relatively important and was frequently com-
bined with other areas to influence poorer sentiments.
In addition, the combination of green space and indus-
trial areas had a significant impact on SDHW. The fol-
lowing two combinations also had a greater impact on
SDHW: a combination of residential and industrial
areas, and a combination of residential and public areas.
This research revealed the associations between senti-
ments and a single UFA during heat waves, in addition
to revealing which kinds of combined functional areas
were associated with sentiments in different subdis-
tricts. It helps to understand the spatial heterogeneities
of residents’ sentimental health and improves the plan-
ning and governance of communities in an environment
of increased heat waves. Future research should aim to
improve the accuracy and granularity of sentiments and
provide additional insights into the heterogeneities of
associations with urban functional areas.
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