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Abstract: The emotional health of urban residents has been seriously threatened by frequent and
normalized heat waves. This study constructed the VI-level assessment standard for emotional health
risk using data from satellite images, meteorological sites, questionnaire surveys, and statistical
yearbooks to assess the effect of high temperatures on negative emotions in Hangzhou. The results
showed that the morphological changes of urban high-temperature areas were aggregated from a
cross-shape to a large patch shape, then dispersed into cracked patch shapes. Additionally, the health
risk of daytime negative emotions peaked at the VI-level from 1984 to 2020, and the influence level
of the typical period risk increased by 1–2 levels compared with the daytime. Additionally, driven
by urban spatial structure policies, the risk pattern of emotional health expanded outward from a
single center into multiple centers. The emotional health risk level rose and then descended in urban
centers, and the innovation industries drove the variation tendency of hot spots. Furthermore, high
educational background, employment, and couples living together were critical variables that could
alleviate the emotional health risk to the middle-aged and elderly population. This study aimed to
optimize the urban spatial structure and alleviate residents’ emotional health hazards for healthy
urban planning.

Keywords: high temperature; negative emotion; emotional health risk; cold and hot spots; middle-
aged and elderly population

1. Introduction

Due to rapid urbanization and global population growth, cities are seriously threat-
ened by severe eco-environmental issues, such as global warming, storms and floods, and
air pollution [1–3]. In particular, urban heat waves, a recognized public health hazard [4–6],
may be caused by global warming. According to the Sixth Assessment Report of the
Intergovernmental Panel on Climate Change (IPCC), worldwide extreme heat waves will
increase in both frequency and intensity in the future [7], and the health of urban residents
will be greatly threatened [8,9]. Furthermore, extremely high temperatures can easily cause
public health emergencies, such as heat exhaustion and heat stroke [10,11], as well as in-
crease morbidity and mortality rates among those with chronic diseases, such as respiratory
and cardiovascular diseases [12–15]. The average annual death toll from the negative
effects of heat waves is much higher than that of other extreme weather events [16]. More
than 70,000 additional deaths occurred in Europe during the summer of 2003 [17]. The
death toll from Australia’s heat waves in 2013 exceeded that of natural disasters, such as
floods and forest fires [18]. In 2019, up to 26,800 deaths in China resulted from heat-related
diseases [19]. Meanwhile, urban residents’ emotional health also requires attention, as
they are likely to experience negative emotions such as anxiety, anger, and depression
after prolonged exposure to a high temperature [20]. Noelke et al. found that, when the
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ambient temperature exceeds 21 ◦C, especially above 32 ◦C, residents’ emotional happiness
significantly drops [21]. Tan et al. proposed that affective disorder would increase consider-
ably in a living environment above 35◦C [22]. Consequently, high temperatures, combined
with high population density and the age of the population in East Asia, severely threaten
residents’ health and safety, a fact made even more serious in the Yangtze River Delta in
China, considering its significance and rapid economic growth [23].

However, studies about high temperatures affecting human health tended to be di-
vided into physical or mental aspects. Most of the studies were based on the correlation of
data analysis, such as morbidity and mortality [5,24], emergency frequency [25,26], or social
service survey of physical or mental diseases from the medical perspective [27]. Studies are
rare in the field of the effects of high temperatures on human emotions. Gopinathan et al.
found from experiments that when the human body evaporates 2% heat or more, people’s
mental function would dramatically deteriorate [28]. Liu et al. probed into the summer
high temperatures and the daily medical treatment of patients with mental disorders in
Jinan City, China, in 2010 and demonstrated a positive correlation between heat waves
and mental disorder risk [29]. Using the social media data from the United States and
Mexico, it was reported by Burke et al. that, as the average monthly temperature rose,
residents’ ability to control their emotions declined, and the usage of negative language
and suicide rates increased [30]. Younan et al. pointed out that, as the average annual
temperature rises, teenagers in cities may exhibit increasingly aggressive behaviors [31]. All
of these studies revealed the significant correlation between high temperatures and mental
health, and proved the relevance between critical temperature thresholds and emotional
experience. However, some difficulties still exist in assessing the intensity and form of
high temperatures’ effects on emotions. In one study of adolescent aggressive behavior,
behavioral records and hourly meteorological data from a 6-month period were used [31].
There was a lag effect in emotional surveys, and the instantaneous temperature for negative
behavior was not measured. In a telephone survey of emotional well-being, based on the
emotional performance on the day prior to the day of the interview, binary variables were
used to recode well-being [21]. It had a short-term lag effect, and the binary variables
were not ordered variables and could not present the intensity of emotion. Therefore,
the negative emotion scale must be used to measure the emotional intensity of residents
exposed to high temperatures and to construct a health-risk-level standard to evaluate the
high temperatures’ emotional damage.

In terms of the emotional risk caused by high temperatures, the perception and
resistance vary between different people. It was generally believed that, due to the weak
physiological regulation function, the elderly and children were more vulnerable to high
temperatures [32]. In previous studies, children and teenagers (up to 14 years old), the
elderly (not less than 65 years old), and adults with chronic diseases were treated as
vulnerability indexes in assessing high-temperature disasters [33–35]. Li et al. studied the
cross-sectional data in China and found that meteorological factors were associated with
the blood lipid levels, and the risk was higher in middle-aged women, elderly people, and
urban residents [36]. The middle-aged and elderly people in cities were less sensitive to
high temperatures and more prone to fatigue and discomfort [37,38]. However, the entire
middle-aged and elderly population has not been covered in the current research.

Additionally, urban residents’ socioeconomic status had a positive linear causality
with their health condition, which was useful for predicting people’s adaptive behaviors
during heat waves to alleviate the impact of high temperatures on human health [39].
Hence, the relationship between socioeconomic factors and the emotional health of the
middle-aged and elderly population needs to be assessed. Principal Component Analysis
(PCA) was used by Xie et al. to evaluate social vulnerability, and they found that the
greater the proportion of the population with less than high school education, the higher
the vulnerability [40]. Murage et al. found that higher income and higher vegetation
coverage in the living area could be beneficial in reducing heat exposure through a Logistic
Regression Model [41]. The Ordered Probit Model was applied by Zhou et al. and demon-
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strated that different living arrangements were significantly correlated with the health
of the elderly population [42]. In the present study, education background, employment
status, and living arrangements were used to represent socioeconomic factors, and the
effects of socioeconomic factors on the middle-aged and elderly population were evaluated.

A standard for assessing high temperature’s influence on emotional health was con-
structed based on sample data from satellite images, meteorological stations, subjective
emotions, and tools, such as ENVI, MATLAB, and ArcGIS. Taking Hangzhou City as an
example, this study evaluated the form and intensity of high temperature on negative
emotions and analyzed the evolution of urban residents’ health risk patterns. Then, the
influence of socioeconomic factors on middle-aged and elderly populations was studied.
The study’s conclusions provide some strategies and advice on optimizing the urban spatial
layout and alleviating emotional health damage in residents. The theory of healthy urban
planning can thus be enriched, and more cases for empirical research can be provided.

2. Materials and Methods
2.1. Study Area

Hangzhou is one of China’s first international metropolises with a smart and healthy
governance system. This city is located at 29◦11′–30◦34′ N,118◦20′–120◦37′ E, south of the
Yangtze River Delta metropolitan area of China, in the eastern part of Asia. Hangzhou
is in the subtropical monsoon climate zone, which is hot and rainy in the summer, with
the highest temperatures in the past two decades surpassing 38 ◦C, especially in 2017,
when it reached 41.3 ◦C. As the city sprawled and the economy grew, permanent urban
residents reached 83.29 percent of the population in 2020 [43], and this rapid urbanization
led to drastic changes in land development, greatly altering the thermal environment’s pat-
terns [44]. Moreover, high temperatures brought direct and indirect health risks to residents,
elevating their incidence and mortality, and damaging their mental health. The vulnerable
population finds it more difficult to cope with hot temperatures [45]. Additionally, in 2020,
the number of residents over or equal to 60 years old surpassed 2 million, accounting for
16.87% of the total population [43], which further expands the area of health risk. Therefore,
this study chose Hangzhou as the study area (Figure 1), covering an area of about 4520 km2,
including Shangcheng District, Gongshu District, Xihu District, Linping District, Yuhang
District, Binjiang District, Xiaoshan District, Qiantang District, and Fuyang District.
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Figure 1. Location of the study area in Hangzhou, China.

2.2. Data
2.2.1. Remote Sensing Data

This study applied Landsat TM/OLI image data from 4 August 1984, 11 August 1998,
and 8 September 2020, provided by the United States Geological Survey (USGS) [46]. The
Landsat data from these three different periods covered the socioeconomic change stages
of the study area well, which was conducive to the analysis of urban space and surface
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temperature changes. When the remote sensing image was taken, it was a hot summer,
no precipitation occurred 72 h before the imaging time, and the average wind velocity
was less than 2.3 m/s. Hence, the image data were relatively accurate due to the sound
climatic conditions, which benefited temperature retrieval. WGS 1984 is currently the most
popular geographic coordinate system, and all data were based on WGS 1984 data to ensure
data consistency.

2.2.2. Meteorological Data

In this study, Hangzhou City’s surface meteorological hourly observation data in
July and August of 1984–2021 were collected from the China Meteorological Data Service
Center (CMDC) [47]. The instantaneous temperature of the questionnaire survey was
taken via small WS-30 handheld weather stations 1.5 m above-ground (±0.3 ◦C in accuracy,
±3% in humidity, ±0.3 m/s in wind velocity), which was appropriate for the urban
outdoor environment.

2.2.3. Negative Emotions and Socioeconomic Data

Negative emotions and socioeconomic data were collected from the questionnaire
survey. The questionnaire was composed of two parts: background information and
emotional measurement, in line with the emotion scales suitable for Chinese and elderly
people [48–50]. Specifically, the background information form was about the residents’
personal characteristics, including age, gender, living arrangements, education background,
employment status, outdoor travel time, and activity type (Table 1). The emotion scale was
a survey of negative emotions, containing four factors: distressed, hostile, irritable, and
nervous. Respondents were asked four questions “Do you feel distressed, hostile, irritable
or nervous now?”, and they could answer “never” “almost never”, “sometimes”, “almost
always”, or “always”. This study recoded the negative emotions into ordered variables
and assigned scores to the answers accordingly, from the score of “1” for “never” to the
score of “5” for “always”. Inspection showed that the Cronbach’s α of our questionnaire
was over 0.71 and the KMO value was 0.715, indicating sound reliability and validity.

Table 1. Background information of the questionnaire.

Personal Characteristics Options

Environment state Date, Time, Place, Solar Radiation
Gender Male, Female

Age 40–49, 50–59, 60–69, 70–79, >80
Education background Primary school and below, Junior and senior high school, College and above

Employment status Employed, Retired, Always unemployed
Living arrangements Couples living together, Living alone, Living with family members

Outdoor activity time 0–10 min, 10–20 min, 20–30 min, 30–40 min, 40–50 min, 50–60 min,
1–1.5 h, 1.5–2 h, 2–2.5 h, 2.5–3 h, >3 h

Activity type Chatting, Exercising, Walking, Resting, Accompanying children, Working, Other

This study selected open spaces in the daily lives of residents, including residential
areas, city squares, and green spaces, for the interviews. These survey areas covered the
city’s high-temperature, medium-temperature, and low-temperature areas, and the three
areas accounted for 59%, 33%, and 8% of the total, respectively. The temperature sample size
was adequate, and it had a typical representative of emotions in these temperature ranges.
The survey period was from 31 July 2020 to 14 August 2020. The questionnaire survey
followed these principles: (1) no precipitation 48 h before the survey day; (2) subjects were
over or equal to 40 years old; (3) subjects were in a good mood and willing to cooperate;
(4) people who were shortly exposed to high temperatures were excluded; and (5) no
question-and-answer, less interference from the interviewer. A total of 563 questionnaires
were distributed, and 552 valid questionnaires were finally obtained after excluding invalid
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questionnaires, such as those that were blank, incomplete, or where the participant was
under 40 years old.

2.3. Methodology
2.3.1. Land Surface Temperature Retrieval

Figure 2 shows the research framework of this study. The Split-Window algorithm was
used for land surface temperature (LST) retrieval in ENVI. ArcGIS was easily combined
with ENVI for coupled analysis. First, the digital number (DN) was transformed into the
corresponding heat radiation intensity for radiometric calibration, then for atmospheric
correction via the FLAASH model based on MODTAN [51]. Next, the brightness tempera-
ture was obtained through the thermal infrared band. The normalized vegetation index
(NDVI) and proportion of vegetation were calculated, and the land surface emissivity (LSE)
was obtained from these two factors. Finally, the LST was calculated by substituting the
brightness temperature and LSE into the Formula TL [52]:

TL =
T

1 + (λT/ρ) ln ε
− 273.15 (1)

where λ is the central wavelength of the TM 6 band (11.5 µm), and ρ = h× c
σ = 1.438×

10−2 K (where the Stefan–Boltzmann constant σ = 1.38 × 10−23 J/K, Planck constant
h = 6.626× 10−34 Js, and speed of light c = 2.998× 108m

s ).
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2.3.2. Calculation of Urban Thermal Fields

A sound relevance could be built between the LST and the near-surface air temperature
(NSAT), two critical parameters that reflect the interaction mechanism of urban thermal
fields [53]. Studies have shown that the LST is highly correlated with temperature in all land
types, especially during the daytime [54]. It was of great practical significance to identify
the factors impacting urban thermal fields and connect them with spatial patterns for
alleviating high temperatures [55,56]. According to on-site measurements, solar radiation
is the strongest at 07:00–18:00. Xu et al. found that one of the periods when the impact
of hourly high temperature on residents peaks is 11 a.m. [57]. Based on these findings,
this current study selected the daytime (8:00–18:00) and typical periods (11:00–15:00) to
establish the relationship between the average temperature and LST.
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The calculation of the average temperature in the daytime (8:00–18:00) was based
on the hourly temperature of 154 surface weather stations. The corresponding LST was
obtained by extracting the site location from ArcGIS. Then, SPSS was used for correlation
analysis, the Spearman rank correlation coefficient was 0.739, and the p-value (Sig.) was
less than 0.05, indicating a strong correlation between the average temperature in the
daytime (8:00–18:00) and LST. Therefore, MATLAB was employed to formulate a regression
equation, with R2 = 0.55 and RMSE = 0.7:

TD = 17.89 + 0.39TL (2)

where TD is the average temperature in the daytime (8:00–18:00), and TL is the LST.
Similarly, SPSS was used to analyze the correlation between the average temperature

(11:00–15:00) in typical periods and the LST. The Spearman rank correlation coefficient was
0.699, and the p-value (Sig.) was less than 0.05, indicating a strong correlation between
them. Finally, the regression equation was established, with R2 = 0.66 and RMSE = 0.7:

TP = 14.54 + 0.54TL (3)

where TP is the average temperature in typical periods (11:00–15:00), and TL is the LST.

2.3.3. Method for Evaluating the Effects of High Temperature on Negative Emotions

The instantaneous temperature measured by the WS-30 handheld weather station
was encrypted. The temperature value was obtained by dividing the temperature interval
corresponding to the instantaneous temperature, and then taking the average value of
each interval. Negative emotions were obtained by equal weight superposition of the
impact scores of distressed, hostile, irritable, and nervous. First, cross tabulations analysis
in SPSS was used to obtain the proportion of scores “1–5” of negative emotions in each
temperature value. Then, the negative emotion index was a weighted summation of the
ratio of scores “1–5”. Finally, a model of the temperature value and negative emotion index
was established in MATLAB (Figures 3 and 4), with R2 = 0.88 and RMSE = 0.3:

f (x1) = 3.654× sin(0.09296x1 + 3.556) + 6.034× sin(1.09x1 − 2.396)
+1.483× sin(0.1361x1 + 5.153) + 5.881× sin(1.096x1 + 13.11)

(4)

where f (x1) is the negative emotion index, and x1 is temperature value.
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The trend of the negative emotion index affected by daily average temperature was
calculated using the linear trend estimation method [58]. The daily average temperature
was obtained by averaging the hourly temperatures of the Chinese meteorological stations.
The mean value of the negative emotion index was obtained by substituting the hourly
temperature into the model (4). Finally, a fitting curve equation of the daily average
temperature and negative emotion index was established (Figure 5), with R2 = 0.97 and
RMSE = 0.4:

f (x2) = 0.1662x2 − 4.5396 (5)

where f (x2) is the negative emotion index and x2 is the daily average temperature.
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According to the fitting curve Equation (5), an influence diagram of high temperatures
on negative emotions in Hangzhou was obtained using ArcGIS. Medical meteorological
experiments set the upper limit of human heat tolerance at 32 ◦C [59]. Meanwhile, referring
to Noelke et al.’s proposed threshold temperature to affect emotion [21], the threshold
of emotional health risk was based on a temperature of 32 ◦C (negative emotion index
was 0.8). As the temperature increased by 1 ◦C, the negative emotion index rose by 0.2.
Consequently, an assessment standard of I to VI health risk levels of high temperature’s
influence on negative emotions was constructed (Table 2).
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Table 2. Assessment standard of high temperatures’ emotional health risk.

Health Risk Level Temperature Range Negative Emotion Index Range Emotional Expression

Level I <32 ◦C <0.8 No risk, stable
Level II 32–33 ◦C 0.8–1 Low risk, sensitive
Level III 33–34 ◦C 1–1.2 Low risk, emotional
Level IV 34–35 ◦C 1.2–1.4 Medium risk, restless
Level V 35–36 ◦C 1.4–1.6 High risk, anxious and hostile
Level VI >36 ◦C >1.6 High risk, irritable

2.3.4. Optimized Hot Spot Analysis

Hot spot analysis is efficient for studying the changes in regional spatial patterns.
Therefore, the Getis-Ord G∗i index was applied to identify the cold and hot spots of emo-
tional health risk during the process of urbanization in order to clarify the features of their
spatial evolution. The formula is as follows [60]:

G∗i =
∑n

j=1 wi,jxj −
∑n

j=1 xj
n ∑n

j=1 wi,j√
∑n

j=1 x2
j−(X)

2

n

√
n∑n

j=1 w2
i,j−

(
∑n

j=1 wij

)
n−1

(6)

where xj is the attribute value of factor j wi,j is the spatial weight between factors i and
j, and n is the total number of all factors. The spatial correlation of G∗i was calculated
with |z| > 2.58 level of significance p < 0.01, and confidence level 99% of the statistical
significance standard, to identify if there is spatial agglomeration and spatial structure, and
to prove that certain basic spatial processes are exerting an influence.

3. Results
3.1. Spatiotemporal Evolution of Urban Thermal Environment

Based on the regression equations and surface meteorological hourly observation data
during daytime and typical periods in Hangzhou, the spatial–temporal distribution map of
the urban thermal environment from 1984 to 2020 was drawn (Figures 6 and 7). According
to the temperature range of the health risk assessment standard, Hangzhou’s thermal
environment was divided into six levels: low-temperature zone, lower-middle-temperature
zone, middle-temperature zone, higher-middle-temperature zone, high-temperature zone,
and extreme-high-temperature zone. On the whole, the high temperature risks intensified
in Hangzhou, showing an overall pattern of gathering first and then scattering. Higher-
middle-, high-, and extreme-high-temperature zones increased in both influence area and
influence level, aggregating from a cross-shape to a large patch shape, and then dispersed
into cracked patch shapes.
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In detail, the daytime results showed that, from 1984 to 1998 (Figure 6a,b), high-temperature
zones gathered in the center and had a trend of diffusion around, whereas higher-middle- and
high-temperature zones were located in the downtown area of Shangcheng District, Gongshu
District, and Xihu District, increasing by 273.3 km2. From 1998 to 2020 (Figure 6b,c),
higher-middle-, high-, and extreme-high-temperature zones scattered as cracked patches,
expanding by 0.9 times in the area. In the meantime (Figures 6b and 7b), higher-middle-,
high-, and extreme-high- temperature zones in the same districts had a larger area and a
stronger expansion tendency during the typical periods than during the daytime. In 2020,
the thermal environment deteriorated the most during typical periods, and the total area
of high-middle-, high-, and extreme-high-temperature zones broadened fourfold than the
area during the daytime (Figures 6c and 7c). Extreme-high-temperature zones were mainly
distributed in Hangzhou’s eastern and northern parts along the Qiantang River. The land
cover type was urban construction land and commercial and industrial land, which were
more likely to gather heat (Figure 8).
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3.2. Assessment of the Health Risk of High Temperature on Negative Emotions
3.2.1. Analysis of the Patterns of Emotional Health Risk

Based on the thermal environment spatial–temporal pattern and emotional equation,
the distribution of high temperature’s influence on negative emotions in three years (1984,
1998, and 2020) is shown in Figures 9 and 10. To sum up, the analysis demonstrated that in
Hangzhou, residents’ emotional health risk rocketed, peaking at the VI-level in 2020. In
the same districts, compared with the emotional health risk during the daytime, the risk
during the typical periods increased by 1–2 levels. The evolution of the emotional health
risk patterns responded to spatial policy changes in Hangzhou, as seen in the distribution
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of V and VI levels in Figure 10b,c, with high-risk patches shifting from urban centers to the
emerging construction areas on the outskirts.
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Analysis of the daytime results showed that, during 1984–1998 (Figure 9a,b), the
emotional health risk level of urban centers reached IV and V levels, and the III-level
area gradually expanded towards the peripheral Yuhang District, Binjiang District, and Xi-
aoshan District, with its area increasing by 4.73 times. The main reason was that Hangzhou
adopted a “concentric circles” development model, in which urban centers served commer-
cial functions and were transportation hub-based, and with the increasing building density,
the surface temperature rose [61]. As a result, residents who commuted and worked there
were vulnerable to negative emotions due to the high temperatures. During 1998–2020
(Figure 9b,c), VI-level risk, the highest level, occurred in the national-level development
zones in Xiaoshan District and Qiantang District, the IV-level area scattered, and the I-level
area broadened. The result of unplanned and poorly managed urban sprawl was declining
agricultural and natural land, resulting in remarkable landscape fragmentation [62]. Res-
idents were more likely to develop irritability as impervious areas in emerging built-up
areas increased and plant patches decreased. Additionally, on Fuchun Mountain, West
Lake, and Xixi Wetland, non-risk zones formed, indicating that the ecological environ-
ment could effectively alleviate high urban temperatures, simultaneously easing residents’
negative emotions.

Comparisons of the daytime results in 1984 showed that the proportion of the IV-level
area in the typical periods in 1984 increased by 43.07% (Figures 9a and 10a). The V- and
VI-level areas gathered in a fan shape in the northern Qiantang River in 1998, with the area
proportion of typical periods rising by 5.76% more than the daytime (Figures 9b and 10b).
Compared with the daytime in 2020, the proportion of V- and VI-level areas in the typical
periods rose by 24.89% (Figures 9c and 10c). With the urban integration of the Hangzhou
metropolitan area, residents would cover a larger commuting area, resulting in exposure
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to high temperatures for a longer time. In urban construction activities, more building
materials would be consumed, and the coverage rate of high-density buildings would
increase, resulting in a significant reduction in the natural surface coverage of cultivated
land, woodland, and lakes. The mitigation effect on the thermal environment was limited,
and emotional health risk increased.

3.2.2. Hot Spot Analysis of Emotional Health Risk

This study made clear the distribution of the hot spots (high value) and cold spots
(low value) of statistical significance with 99% confidence in the evolution of emotional
health risk during the two periods of 1984 to 1998 and 1998 to 2020 (Figure 11). Overall,
hot spots first gathered in the northeastern part and kept deteriorating, and then became
scattered all over the study area with multiple centers, whereas cold spots shifted from
the west to urban centers and the east. Both cold and hot spots tended to fragment into
smaller patches.
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From 1984 to 1998 (Figure 11a), hot spots were mostly concentrated in urban centers
and the east, presenting a large, concentrated area. The Fifth Master Planning of Hangzhou
City linked the urban centers with its sub-center in the northeast into a cluster. Therefore,
the hot spot area of negative emotions was closely related to the spatial structure pattern of
“one master and three sub-centers”. In the 1990s, Hangzhou’s Economic and Technological
Development Area took the lead in terms of urbanization. Yanan Road in Shangcheng
District and Hubin Road in Xihu District took on the roles of commerce, business, traffic,
and tourism. Xiaoshan Economic and Technological Development Zone and Jiangdong
Industrial Park in Qiantang District were responsible for economic radiation and expan-
sion [63]. As a result, it was relatively likely for industry, logistics, and warehousing in
urban centers and sub-centers to cause a loss of ecosystem functions, exacerbating heat
waves, thereby reducing residents’ comfort and worsening their emotional health risk.

From 1998 to 2020 (Figure 11b), hot spots shifted to the suburbs, with residents’
emotional health risk elevating in the north of Yuhang District, central Fuyang District,
and Linping District. According to the Hangzhou Territorial Spatial Planning (2021–2035),
the city will progress with multiple urban centers, with each sub-center being built with
a unique and innovative positioning, such as Hangzhou Cloud City and Future Sci-Tech
City in Yuhang District, Jiangnan New Precinct and Huanggongwang Leisure Resort in
Fuyang District, and Qingshanhu Sci-Tech City in Linping District. These spaces with
growth potential inside Hangzhou City have significantly impacted the patterns of the
urban thermal environment [64], enlarging the area of deteriorated health risk towards the
outskirts. In the meantime, cold spots gathered in the urban centers as relatively smaller
patches, showing a positive potential for future improvement and upgrade. Moreover,
innovative service industries have appeared on urban land, thus alleviating the emotional
health risk of residents living in some parts of urban centers.
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3.3. Analysis of the Socioeconomic Status of the Middle-Aged and Elderly Population
3.3.1. Education Background

This study carried out Crosstab Analysis on the correlation between negative emotions
and socioeconomic status. After the questionnaire data were collected and cleaned, negative
emotions were obtained by equal weight superposition of the impact scores of distressed,
hostile, irritable, and nervous. Among scores “1–5”, the sample size of scores for “5” was
too small to be eligible for Crosstab Analysis. Therefore, the impact scores of the high
temperatures used in the analysis of the negative emotions of the middle-aged and elderly
population were adjusted to “1–4”.

According to the cross-tabulation of education background, as shown in Figure 12a,
the proportion of Primary School and Below and Junior and Senior High School increased
from 78% (score “1”) to 92% (score “4”). Junior and Senior High School constituted the
largest portion, accounting for over 50% of the negative emotion rating of all four levels.
However, the percentage of College and Above gradually reduced, plummeting to only 8%
in score “4”.
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The results showed that the more educated residents were, the less likely they were
to face serious emotional health risks, and vice versa. The reason was that being more
educated meant having stronger adaptability to the living environment, and being more
likely to receive medical and healthcare resources [65]. On the other hand, middle-aged
and elderly people who were less educated faced higher emotional health risk. Due to low
economic income, the accessibility of community service centers, pocket parks, healing
gardens, and other places for cooling, emotional regulation was low, and the awareness of
precaution was weak.
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3.3.2. Employment Status

The cross-tabulation of employment status showed that the higher the negative emo-
tion level was, the fewer employed people were influenced, as the proportion of score
“4” negative emotions was 51% lower than that of score “1” (Figure 12b). As the retired
population rocketed in proportion, the percentage of score “4” negative emotions also rose
up to 67%. At the same time, as the unemployed population grew slightly, the percentage
of score “4” negative emotions climbed to 8%.

The results showed that large proportions of the employed middle-aged and elderly
population were exposed to high temperatures in Hangzhou, but fewer people continued to
be threatened by emotional health risks. The retired people were mostly over 65 years old,
prone to chronic diseases, weaker in their ability to adjust to body temperature, and had
difficulty controlling their emotions when exposed to high temperatures. The unemployed
middle-aged and elderly population considered their expense in avoiding the summer
heat and electricity costs, and there were few adaptive measures to resist heat waves.
Moreover, unemployment could also mean fewer social contacts and weaker neighborhood
relationships [66], leading to a much higher possibility of emotional health risk.

3.3.3. Living Arrangements

According to the cross-tabulation of living arrangements shown in Figure 12c, the
emotional health risk of couples living together gradually declined from 37% (score “1”) to
8% (score “4”). In contrast, for living with family members, their negative emotions risk
rose from 18% of score “1” to 42% of score “4”. For those living alone, their risk also rose
from score “1” to score “4”, with the risk of the middle-aged and elderly population always
accounting for about 50%.

According to the results, the middle-aged and elderly couples living together faced
lower emotional health risks because their life partners could help protect their physical and
mental health [67], and living together could help these couples better deal with or adjust
to threats from high temperatures. The middle-aged and elderly population living with
family members faced a relatively greater threat, since most of them had high life pressure,
and complicated and tense family relations, and faced much higher mental pressure from
exposure to high temperatures. On the other hand, the middle-aged and elderly population
living alone had difficulty in receiving high-temperature warnings or information on
healthcare and protection, resulting in a weaker ability to regulate negative emotions.

4. Discussion

A questionnaire survey and other psychology-related research methods were applied
in the present study. To avoid errors from the time lag of the survey, the residents’ real-time
emotional expressions and emotional intensity were obtained. Watson et al. comprised
the Positive and Negative Affect Schedule (PANAS), in which negative emotions included
feeling distressed, upset, hostile, irritable, scared, afraid, ashamed, guilty, nervous, and
jittery [48]. According to existing studies on temperature and emotion, a rise in anxiety
and stress increases the usage of negative language and aggressive behavior [20,30,31]. In
addition, too many issues would hinder emotional performance when the questionnaires
were distributed in a hot environment. Finally, four simplified factors (distressed, hostile,
irritable, and nervous) closely related to the influence of the urban thermal environment
were chosen to efficiently reduce the possibility of questionnaires being rejected in high
temperatures. Meanwhile, scores of “1–5” were taken in this study’s emotion scale to make
sure that the weighted summation of the negative emotion index was ordered variables. The
results of this study showed that a theoretical relational model with a high degree of fitting
could be established between the daily average temperature and negative emotion index.

Previous studies analyzed the correlations between temperature and emotion via
an overview of the statistics [68,69]. The present study evaluated the spatial distribution
of emotional health risk on the urban scale. It found that residents’ emotional health
risk was increasing, which was more severe in the typical periods. Regarding the spatial
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distribution, each level of risk area changed from concentrated to dispersed groups. For
the risk evolution, hot spots shifted from urban centers to suburbs, reducing the risk level
of urban centers. The results mentioned above were in line with previous studies on
how Hangzhou’s polycentric development influenced the urban thermal environment and
proved that urban functional zones could affect the thermal environment and improve
residents’ comfort [64,70]. Based on Hangzhou’s thermal environment, this study dug
deeper into the risk of residents experiencing elevated negative emotions. The significant
correlation between Hangzhou’s space policies and the patterns of emotional health risk
was proven. The research methods employed in this study can be applied to other studies
in related fields.

The emotional health risk due to high temperatures evaluated in the present study was
influenced by the education background and living arrangements of the middle-aged and
elderly population, consistent with previous studies. However, in terms of employment
status, previous studies showed that occupational burnout would likely trigger negative
emotions [71], but the results found in this study could help to reduce the emotional health
risk. The difference is mainly that the employed people interviewed in this study had not
worked in high temperatures, and they went outside during the daytime mostly for leisure
or exercise.

Negative emotional hazards need to be mitigated in multiple ways. According to the
characteristics of emotional health risk in Hangzhou, the key to lowering emotional health
risk is to increase the proportion of green space and water in high-risk areas. Large wetlands,
water, and other resources around Hangzhou could be used to build urban ventilation
corridors. At the same time, it is urgent to control the risks of emerging development
zones, and policies should encourage ecological and intelligent industries. Community
management should focus on vulnerable groups with low education levels who are living
alone or have discord in their family. According to the individual needs of the middle-
aged and elderly population, the community should increase the emotional risk education
propaganda and construct nearby public cooling places.

There were also some limitations in the present study. First, climate change will also
affect the mental health and emotions of children and adolescents. In the future, it will be
necessary to conduct differential analyses on the emotional health risks of different groups.
Additionally, the emotional state of urban residents can also be affected by outdoor thermal
comfort. How to build an outdoor healing garden to improve the local climate zone and
enhance the emotional health of residents remains to be explored. Finally, the collection of
data from different districts of Hangzhou was limited. As a result, the questionnaire survey
was only used to obtain specific groups of people to rate their emotions subjectively and
report their socioeconomic state without carrying out a space-based difference analysis on
the emotional health risk of residents in the different district of Hangzhou. Further research
could be conducted on the coupling of natural and socioeconomic data on the small scale
of the community.

5. Conclusions

Taking Hangzhou City as the study area, the patterns and socioeconomic driving fac-
tors of the effect of high temperatures on negative emotions during the daytime and typical
periods from 1984 to 2020 were analyzed. The following conclusions could be drawn:

(1) From 1984 to 2020, the thermal environment in Hangzhou showed an evolution
pattern of first gathering and then scattering. Higher-middle-, high-, and extreme-high-
temperature zones increased in both area and influence level, aggregating from a cross-
shape to a large patch shape, then dispersed into cracked patches.

(2) Over the span of these 35 years, residents’ emotional health risk from high tem-
peratures kept rising, peaking at the VI-level during the daytime. In the same districts,
compared with the emotional health risk during the daytime, the risk during typical pe-
riods increased by 1–2 levels. The risk level for urban center residents first rose and then
descended during the daytime and typical periods.
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(3) The evolution patterns of the effect of high temperatures on negative emotions
responded to spatial policy changes in Hangzhou. They were concentrated in urban
centers first, then moving along main roads towards the emerging construction areas
in the outskirts. The current polycentric spatial structure of Hangzhou promoted the
fragmentation and spread of high-risk patches.

(4) During the period spanning 1984 to 1998, hot spots of negative emotions were
mainly located in urban centers, the economic and technological development zone, and
industrial parks. From 1998 to 2020, cold spots were concentrated in urban centers, and hot
spots were mostly located in development zones, sci-tech cities, higher education parks,
and leisure resorts.

(5) Middle-aged and elderly people in Hangzhou, if they were well educated, em-
ployed, or living with life partners, had lower emotional health risks under high tempera-
tures. Meanwhile, those who were less educated, retired, always unemployed, living with
family members, or living alone had increased risk.

This study explored the effect of high temperatures on negative emotions and used
it as a feasible standard to assess residents’ emotional health risks. It could also lay a
theoretical foundation for large cities to recognize high-emotional-risk areas and give
emotional health precautions. In the next step, specific protective measures could be
implemented for particular groups based on their socioeconomic status. Further studies
need to be conducted to quantify health risks within cities more accurately.
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