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ABSTRACT

Visual perception and sentimental expression are interconnected cognitive processes that shape environmental interaction,

functioning at different levels across populations. Despite their inherent connection, prior studies have examined them in isola-

tion, focusing on physical environments and overlooking diverse populations. To address this gap, we investigate the connection

between urban visual perception and residents’ sentiment, with particular attention to income disparities and social inequalities.

Deep learning models are used to analyze street view images and social media data to quantify visual perception and sentiment,
while separate CatBoost models are trained for each income-level group and compared using interpretability methods. Our find-
ings show that only moderate visual perception enhances sentiment, while low or high perceptual stimulation reduces sentiment.

Furthermore, although economically vulnerable residents are exposed to lower-quality perceptions, enhancements in street con-

ditions and income yield greater improvements. These results highlight social inequalities in the urban environment and suggest

that unplanned urban sprawl may harm overall well-being.

1 | Introduction

According to the United Nations World Happiness Report,
life satisfaction and happiness are essential measures of na-
tional well-being, reflecting progress and success of a country
(Helliwell et al. 2023). At the individual level, prior studies show
that residents’ sentiments are closely linked to happiness and life
satisfaction, with positive emotions enhancing subjective well-
being and negative emotions such as sadness and anxiety having
detrimental effects (Rui 2023; Ma et al. 2024). These sentiments
are shaped through everyday interactions between people and
their surrounding environments, making them a meaning-
ful reflection of place-based well-being (Fredrickson 1998).
Traditionally, this field emphasizes geographic variations in
happiness across countries or regions (Easterlin 1995; Wang
et al. 2022). With rapid global urbanization and population
growth posing challenges to social equality and sustainable de-
velopment, researchers are increasingly focusing on the spatial
heterogeneity of sentiment and well-being within cities.

Ongoing research has documented various factors influencing
individual happiness, including economic status (Easterlin 1995;
Easterlin 2001), personal characteristics (Alesina et al. 2004;
Dolan et al. 2008), and the built environment (Tella et al. 2003;
Pfeiffer and Cloutier 2016). Among these, the street-level built
environment plays a crucial role in shaping residents’ sentiments
in urban life. For instance, urban greenery helps restore mental
fatigue and alleviate stress, thereby reducing negative emotions
and benefiting mental health (Grahn and Stigsdotter 2010; Beute
et al. 2023).

However, prior work typically adopts a mechanical assess-
ment of street-level environments, relying on semantic seg-
mentation of Street View Images (SVIs) to quantify physical
elements (Rui 2023; Liu et al. 2025). Although valuable, they
ignore the inherent connection between sentimental expres-
sion and residents’ subjective experiences toward the urban
environment, known as urban visual perceptions. These
perceptions capture cognitive responses that are strongly
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linked to emotional behaviors, as evidenced by findings in
neuroscience and psychology (Dolan 2002; Pessoa 2008).
Acknowledging this connection is essential for developing a
more comprehensive understanding of residents’ sentiment.
Moreover, vulnerable residents often endure poorer living
conditions and degraded street environments, which may
influence not only their emotions but also how they visually
perceive and interpret their surroundings (Shaw 2004). Their
experiences may be disproportionately affected by the street
environment, requiring a more detailed and focused analysis
to capture these disparities (Mitchell et al. 2015; Lucas 2012).
This suggests the necessity of considering social inequality in
the analysis of the perception-sentiment relationship.

In response to these research gaps, this study investigates the
relationship between urban visual perception and residents'
sentiment, with particular attention to the economically disad-
vantaged residents. Three specific research questions (RQs) are
proposed and answered in this study: (1) Do residents of differ-
ent income levels experience varying qualities of urban visual
perceptions? (2) How does urban visual perception influence
sentiment, and do its effects differ between low-income and
high-income groups? (3) What role does income play in the rela-
tionship between perceptions and sentiment?

To answer these questions, an analytical framework is devel-
oped to integrate social media data with machine learning-
based assessments of street-level environments. Specifically,
geotagged Twitter (X) data are adopted to assess residents’ senti-
ments, while urban visual perceptions are measured using SVIs.
To better capture the experiences of local residents, major hous-
ing estates (MHEs) serve as the study units and are categorized
by median monthly household income (MMHI) to facilitate
comparative analysis. Finally, separate nonlinear regression
models are developed for each group and explained relying on
interpretable techniques. This framework enables us to examine
and compare the contributions of various features, providing in-
sights into how urban visual perceptions contribute to sentiment
and how these relationships differ by income level. Building on
these insights, this study aims to propose actionable recommen-
dations for more efficiently improving the living environment,
enhancing vulnerable people's well-being, and promoting social
fairness.

2 | Literature Review

2.1 | The Relationship Between Residents’
Sentiment and Urban Perception

As urban populations grow and urban sprawl increases, urban
issues such as overcrowding and environmental degradation in-
creasingly diminish the quality of the urban environment, neg-
atively affecting residents’ health and well-being. Consequently,
researchers have turned their attention to understanding how
the built environment influences residents’ happiness and im-
proving their experiences of urban spaces. For example, studies
evaluating accessibility to open and green spaces show that these
areas help restore attention and reduce stress, thereby improving
residents’ sentiment (Grahn and Stigsdotter 2010). In contrast,
factors like high building density (Guo et al. 2022; Li et al. 2023)

and inadequate public facilities (Lucas 2012) are associated with
increased mental stress and reduced life satisfaction.

However, these studies treat urban environment indicators
mechanically, focusing on physical features like point of in-
terest (POI) density or pixel counts in SVIs, while ignoring
the subjective human experience of the urban environment.
Numerous studies demonstrate the strong relationship between
subjective perceptions and human behaviors, including crime
patterns (Salesses et al. 2013; Zhang et al. 2021) and urban vi-
tality (Ma 2023; Wu et al. 2023). Thus, given that sentiment is
a complex aspect of human behavior, it is likely closely linked
to urban perception, which reflects the perceptive experience of
the urban environment and captures qualities that traditional
physical indicators cannot.

From another perspective, research in neuroscience and psy-
chology also shows that perception and cognition are not purely
sensory but deeply entangled with sentiment (R J. Dolan 2002;
Ochsner and Phelps 2007). Cognitive-emotional interactions
are regulated through highly connected brain regions, called
hubs, which facilitate the integration and flow of information
across different brain systems (Pessoa 2008). These findings
highlight the close connection between sentiment and human
perception, motivating our investigation into how urban percep-
tions influence residents’ sentiment.

2.2 | Social Inequality in Urban Environment
and Residents’ Sentiment

With urbanization, the spatial distribution of the urban envi-
ronment becomes intertwined with socio-economic inequali-
ties among residents. These inequalities contribute to increased
class conflict and reduce the life chances and happiness of vul-
nerable populations, making them a crucial subject of academic
investigation.

In particular, economic disadvantages can negatively impact
happiness through disparities in both the physical built envi-
ronment and perceived neighborhood characteristics (Drukker
and van Os 2003; Mouratidis 2020). Compared to neighborhood
characteristics, the built environment, such as green spaces,
local amenities, and transport accessibility, tends to differ more
significantly between poor and affluent communities (Mitchell
et al. 2015; Mohai et al. 2009). Such disparities indicate that vul-
nerable residents are more likely to experience poorer urban en-
vironments, which can undermine their well-being and further
deepen social inequality.

Despite these challenges, the “equigenesis” theory suggests that
improvements in public infrastructure and urban facilities can
yield greater benefits for vulnerable groups, as they tend to rely
more heavily on public services and open spaces than affluent
populations. Urban green space is a prominent example, with
extensive evidence showing stronger mental health benefits
among individuals with lower socio-economic status (Mitchell
et al. 2015; Smith et al. 2016). However, existing studies largely
attribute social inequalities in well-being to disparities in physi-
cal facilities, while paying limited attention to the role of subjec-
tive visual perceptions in shaping unequal urban experiences.
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As a fundamental human response to the built environment,
visual perception provides a direct means of understanding
how vulnerable residents experience and interpret urban space
(Salesses et al. 2013; Ito et al. 2024). Accordingly, this study in-
vestigates social inequalities embedded in the relationship be-
tween urban visual perception and sentiment, with a particular
focus on vulnerable populations. We aim to provide guidance for
efficiently improving the street environment and enhancing the
happiness of vulnerable populations.

2.3 | Sentiment in Social Media

Traditionally, the investigation of happiness and life satisfac-
tion has relied on manual data collection methods, such as
interviews and questionnaires (Kahneman and Deaton 2010;
Mouratidis 2020). While these methods often yield accurate
results, they are labor-intensive and unsuitable for large-scale
and spatiotemporal analysis. Nowadays, with the rise of plat-
forms like Twitter and Facebook, social media data has emerged
as a valuable resource as it offers easy access and provides rich
information on spatial interactions and place semantics (Liu
et al. 2015; Shi et al. 2022). Numerous studies demonstrate
its utility as crowd-sourced data reflecting the real world and
human behaviors, such as predicting pandemics (Chunara
et al. 2012; Sinnenberg et al. 2017) and capturing urban activity
(Chang et al. 2022; He et al. 2023). Accordingly, residents’ senti-
ment, as an essential component of human behavior interacting
with the urban environment, is frequently analyzed using social
media data (Zheng et al. 2019; Wang et al. 2022).

Recent advances in Natural Language Processing (NLP) and
Deep Learning (DL) have further strengthened the use of social
media data for sentiment analysis. DL-based approaches trans-
form textual content into numerical representations and employ
predictive models to estimate sentiment probability scores. Due
to their ability to achieve high accuracy and offer more reliable
outcomes when trained on large datasets, model-based methods
have become a common approach for estimating happiness and
life satisfaction (Zheng et al. 2019). Therefore, this study em-
ploys Twitter data and DL methods to estimate residents’ senti-
ment levels in Hong Kong communities.

3 | Data and Methodology
3.1 | Study Area

The study area for this research is Hong Kong, a densely popu-
lated metropolitan city with a unique cultural blend. As of 2023,
Hong Kong's population of 7.5 million is concentrated within
a 1,100km? territory. As a cultural melting pot of Asian and
Western influences, Hong Kong offers a diverse streetscape and
varied lifestyle practices, making it an ideal case for studying
the link between urban visual perception and sentiment.

Our analysis focuses on 540 MHEs, illustrated in Figure 1. These
MHEs are defined as residential communities with at least 3000
residents or 1000 domestic households (C&S Department 2021).
In the Hong Kong context, MHEs primarily consist of high-
density residential estates, including both public rental housing

and large-scale private housing developments. They function as
relatively self-contained residential units with shared facilities
and relatively homogeneous housing conditions, making them
an appropriate spatial unit for examining socio-economic dif-
ferences in everyday urban experiences. Accordingly, MMHI at
the MHE level, as reported in government census data, is used
as a reliable indicator to classify MHEs into income groups.
Approximately 65% of Hong Kong citizens currently reside in
MHESs, underscoring their representativeness of local residen-
tial patterns and their widespread use in urban studies (Sit
et al. 2025; Lou et al. 2024). By focusing on MHESs, we minimize
the irrelevant data, such as tweets from tourists at popular travel
sites, allowing us to concentrate on residents’ sentiment.

To analyze how the urban environment surrounding residential
areas affects sentiment, we create different buffer zones around
MHE:s to evaluate street environments and urban visual percep-
tions at varying scales. Smaller buffers are inadequate for cap-
turing residents’ potential activity spaces, while larger buffers
risk diluting the unique streetscape features within each MHE
(Holliday et al. 2017). Thus, based on the typical scope of resi-
dent activities, we select buffer distances of 500, 800, and 1000m
to identify the most appropriate neighborhood scale.

3.2 | Data Collection

In this study, we construct a cross-sectional dataset integrating
Twitter data, SVI data, POI data, and sociodemographic char-
acteristics information. The dataset contains 20 common fac-
tors summarized in Appendix Table Al, including their data
sources, descriptions, and references, along with six urban vi-
sual perception factors. We summarize the values of these fac-
tors at the MHE scale to represent the overall characteristics of
each MHE community.

3.2.1 | Twitter Check-In Data

We utilize geotagged Twitter data from Hong Kong as a pri-
mary source of sentiment information. To build the Twitter da-
tabase, we employ Twitter's streaming API to collect all tweets
containing precise latitude and longitude information within
the boundaries of MHEs. No topical keywords were used in the
data collection process, allowing the dataset to reflect residents’
spontaneous and general sentiment without topic-specific bias.
The dataset includes information such as timestamp, tweet text,
user ID, language, and geotags.

To ensure data quality, we perform extensive data cleaning fol-
lowing a standard filtering process, including removing repeti-
tive advertisement messages, as well as deleting hyperlinks and
special characters (e.g., #, @xxx) (Hao et al. 2023). After process-
ing, our dataset includes 61, 080 tweets posted between January
1, 2020, and October 30, 2022. Approximately 70 % of the tweets
are in English or Chinese, and their number and distribution
align with findings from previous studies on Twitter data in
Hong Kong (Hao et al. 2023; Chang et al. 2022). Due to privacy
protections and data access constraints imposed by the Twitter
(X) API, the available dataset is restricted to anonymized user
identifiers and tweet-level metadata. Detailed individual-level
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FIGURE1 | Spatial distribution of MHEs in Hong Kong.

demographic attributes, such as age, gender, or income, are not
accessible for geolocated tweets.

3.2.2 | Street View Images

We collect 414,436 SVIs from Google Platform between 2020
and 2022, sampled at 50m intervals along Hong Kong's street
network. Figure 2 illustrates the spatial distribution of the sam-
ple points across the city. Due to Hong Kong's land-use patterns,
where over 60 % of the area is designated as country parks, the
sample points exhibit spatial clustering, justifying our focus on
MHEs for this analysis. At each sample point, we capture four
SVIs with a resolution of 640 x 640 pixels, facing directions of
0°, 90°, 180°, and 270°, to provide a comprehensive view of the
surrounding street environment.

3.2.3 | Census and POI Information

Population and income data, as sociodemographic characteris-
tics, are drawn from the 2021 Census (C&S Department 2021)
to support the analysis of residents’ sentiments and tweeting
behaviors (Winters and Li 2017; Duan et al. 2022). We also col-
lect POI data, detailing geographic location, address, and type,
from Amap (https://Ibs.amap.com/api) for analysis. In total, our
dataset includes 299, 692 POTs, categorized into 21 main classes.

For this research, we focus on POI classes relevant to public ser-
vices and daily convenience, such as public facilities, commer-
cial services, leisure services, education facilities, and financial
services. These POI classes are frequently used in studies on
sentiment and have been shown to strongly correlate with hap-
piness (Benita et al. 2019; Dong et al. 2024). Finally, we calculate
the POI density within MHEs using different buffer zones for
analysis.

3.3 | Methodology

We develop a comprehensive framework to analyze the relation-
ship between residents’ sentiment and urban visual perceptions,
as outlined in Figure 3. In this framework, residents’ sentiment
is selected as the dependent variable, while independent vari-
ables include sociodemographic characteristics, built environ-
ment indicators, objective street environment features, and
subjective urban visual perceptions. Following prior studies,
residents’ sentiment is widely used as a behavioral and percep-
tual proxy for subjective well-being and happiness, which are
treated interchangeably. Residnts' sentiment is derived from
sentiment analysis of Twitter data, street environment fea-
tures are quantified from semantic segmentation of SVIs, and
urban visual perceptions are predicted using a prediction model
trained on the Place Pulse 2.0 dataset. To assess the differences
between economically vulnerable and affluent residents, MHE
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180°

FIGURE 2 | Process for downloading SVIs: (A) Sample points distributed along the street network in Hong Kong, (B) Street sampling points
spaced at 50m intervals, (C) Example SVI captured in four directions at a sample point.

communities are categorized into two groups based on income
levels. CatBoost is employed to separately train and test models
for the two groups. Finally, we use SHapley Additive exPlana-
tion (SHAP) and Partial Dependence Plots (PDP) for interpre-
table analysis, identifying the contribution of variables to the
predicted sentiment scores.

3.3.1 | Tweet Sentiment Analysis

To calculate tweet sentiment scores, we use TweetNLP for
sentiment analysis (Camacho-collados et al. 2022). Trained
specifically on Twitter data, TweetNLP is well-suited for pre-
dicting sentiment in our multilingual dataset. Its design ac-
counts for multilingual Twitter text, mitigating biases that
might otherwise arise from linguistic and cultural variations.
By learning general-purpose multilingual representations,
it achieves high accuracy across multiple languages (Hu
et al. 2020). It classifies sentiment into three categories: posi-
tive, neutral, and negative. Sentiment scores are computed by
subtracting the probability of a negative sentiment from the
probability of a positive sentiment, resulting in a scale from
—1 (most negative) to +1 (most positive). These individual
tweet scores are then aggregated by averaging the sentiment

scores of all geotagged tweets within each MHE, providing a
community-level sentiment measure.

3.3.2 | Objective Street Environment Measurement

Measuring the street environment relies on the Pyramid Scene
Parsing Network (PSPNet), a deep convolutional neural net-
work trained on the ADE20K dataset, to segment SVIs (Zhao
et al. 2017; Zhou et al. 2017). This segmentation enables us to
quantify the street environment by calculating pixel ratios for
key environmental features, such as sky, buildings, and trees.
Since the ADE20K dataset includes 150 categories spanning
both indoor and outdoor elements, we follow established meth-
odologies and consolidate segmentation outputs into indicators
of street visual quality, such as enclosure, walkability, vitality,
and street obstacle (Rui 2023; Ma et al. 2024; He et al. 2023). To
further capture the richness of visual information in the street
environment, we calculate Shannon Entropy of the top 50 seg-
mentation categories to reflect the variety of visual elements
residents encounter in their surroundings (Liu et al. 2022; Chen
et al. 2024). The results are then summarized at the community
level by mapping them to their corresponding MHEs with dif-
ferent buffer zones.
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FIGURE 3 | Methodology framework of the study. The sentiment score serves as the dependent variable.

3.3.3 | Subjective Visual Perception Measurement

In this study, we develop our newly trained urban visual per-
ception prediction models for six perception categories using
supervised classification. The models are trained using the pub-
lic Place Pulse 2.0 dataset as labeled training data, covering the

dimensions of safe, lively, wealthy, beautiful, boring, and de-
pressing (Dubey et al. 2016).

3.3.3.1 | Training Data Processing. Following the meth-
odology proposed by Salesses et al. (2013), we first convert pair-
wise comparison outcomes in Place Pulse 2.0 into perception
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FIGURE4 | Comparison of evaluation results for different machine learning models. Panels (A), (B), and (C) display the results for MAE, MSE,
and (pseudo) R? respectively. Across all plots, the model utilizing MHESs with a 1000m buffer (solid line) and the CatBoost algorithm demonstrates

the best performance, achieving the lowest MAE and MSE while attaining the highest pseudo-R2.

scores on a 0-10 scale. Then, due to the inherent subjectivity
and uncertainty in human perception, we formulate the predic-
tion task as a binary classification problem instead of aregression
task, which ensures more stable categorization of perceptions
within intervals (Ordonez and Berg 2014).

For each perception category v, we compute the mean p, and
standard deviation o, of perception scores. Samples with scores
higher than u, + o, are labeled as positive, while samples with
scores lower than u, — o, are labeled as negative:

-1 ifQ/<u,~o,
Yi = . ™
1 ifQ/>u,+o,

here, positive labels (1) represent strong perceptions (e.g., very
beautiful), while negative labels (-1) indicate weak perceptions
for the corresponding category.

3.3.3.2 | Prediction Model Construction. In the training
process, visual features are extracted from SVIs in the Place
Pulse 2.0 dataset using a pretrained ResNet-50 network, which
converts each 2D image into a 1D feature vector (He et al. 2016).
We use these feature vectors, together with the corresponding
perception labels, as inputs to train a separate Support Vec-
tor Machine (SVM) classifier for each perception category v.
Then, the trained classifiers are applied to the study-area SVI
dataset. In this process, SVIs are similarly converted into fea-
ture vectors and classified to produce the probability that a given
image belongs to the positive perception class (e.g., very beauti-
ful or very safe). This probability is used as the predicted percep-
tion score (Zhang et al. 2018).

The training data and prediction framework adopted in this
study follow widely used approaches in urban visual perception
research. To evaluate model performance within the Hong Kong
urban context, we restrict the validation samples to Place Pulse
2.0 SVIs geotagged in Hong Kong, comprising 15, 641 human
pairwise comparisons. Model performance is evaluated using
pairwise agreement accuracy. This metric examines whether
the model correctly reproduces human pairwise judgments.
Using this metric, the accuracies range from 66.80% to 73.22%

across the six perception categories. Given the inherently subjec-
tive nature of visual perception and the difficulty of the pairwise
prediction task, these results indicate robust and comparable
performance relative to existing perception prediction models
(Dubey et al. 2016; Yu et al. 2026).

Finally, perception scores are aggregated at the community level
by mapping each SVI to its MHE buffer and averaging scores
across categories. Appendix Figure C1 illustrates the spatial dis-
tribution of six urban visual perceptions, summarized within
MHESs using a 1000m buffer.

3.3.4 | Regression Model for Analysis

We apply CatBoost, an optimized gradient boosting algorithm
that builds ensemble predictors, to analyze the relationship
between urban visual perception and residents’ sentiment
(Prokhorenkova et al. 2018). CatBoost is selected through an
empirical comparison with several commonly used regression
methods and is chosen because it achieves the best predic-
tive performance on our data. This data-driven model selec-
tion strategy is commonly adopted in related urban analytics
studies (Lian et al. 2026; Chen et al. 2025). Specifically, we
evaluate CatBoost against multiple linear regression (MLR),
random forest regression (RF) (Breiman 2001), eXtreme
Gradient Boosting (XGBoost) (Chen and Guestrin 2016), and
Light Gradient-Boosting Machine (LGBM) (Ke et al. 2017). All
models are trained on 70 % of the data, with the remaining 30 %
reserved for testing, and optimized hyperparameters are ap-
plied to ensure a fair comparison.

In Figure 4 and Appendix Table B2, we present the results of
model training. The “Total” group represents the outcomes
when the entire dataset is used in the training process. In the
empirical comparison, model performance is assessed using
Mean Squared Error (MSE), Mean Absolute Error (MAE), and
(pseudo) R? on the testing set. MAE and MSE jointly reflect
the magnitude and stability of prediction errors, whereas R?
captures the model's explanatory power. Among the evaluated
models, CatBoost demonstrates the best performance, achieving
the lowest MAE and MSE and the highest pseudo-R? across all
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three test groups. The consistent superiority of CatBoost across
metrics indicates that it provides both accurate and robust re-
gression, making it well-suited for capturing the non-linear re-
lationships examined in this study. Furthermore, we observe
that larger buffer zones for summarizing street environments
and perceptions improve model performance, with the 1000m
buffer zone producing the most favorable results. Based on these
findings, we select the CatBoost model with a1000m buffer zone
for further analyses and experiments. Because all variables are
standardized and the gradient-boosted methods inherently per-
form recursive feature selection, our CatBoost models effectively
mitigate multicollinearity issues (Chen and Guestrin 2016).

3.3.5 | Analysis of Nonlinear Relationship

Machine learning methods often function as “black boxes,”
making their predictions difficult to interpret. To enhance the
interpretability of our model, SHAP is primarily used to quan-
tify feature importance and explain model predictions at both
global and local levels, demonstrating the contribution of each
feature to model predictions. A positive SHAP value indicates
that a feature increases the predicted sentiment score, whereas
a negative value indicates a suppressing effect (Lundberg and
Lee 2017). In addition, PDP is employed to visualize the mar-
ginal effects of features and their nonlinear relationships with
the predicted outcome.

Firstly, we conduct both global and local SHAP analyses to eluci-
date the prediction process and outcomes. Global SHAP analysis
is performed by averaging the absolute SHAP values across all
observations to assess the overall importance of each variable in
the prediction model. To facilitate comparison across variables,
these aggregated values are further normalized as percentage
shares of the total contribution. Local SHAP analysis is used to
examine how the contribution of individual urban visual per-
ception variables varies with their feature values, allowing us to
explore detailed and nonlinear relationships between the street
environment and residents’ sentiment.

Based on Shapley values in Game Theory, SHAP calculates the
contribution ¢; of each feature i as follows:

SIT(FI =S| = 1)!
b= 2 L ||F||!| ) Usorn (Ksurn) =S5 (xs)]
@

here, F is the set of all features, fg ,; represents the model trained
with feature i included, and fg represents the model trained
without it. The terms xg and xg ; denote the input feature values
for sets S and S U i, respectively.

Then, PDP is used to analyze the marginal effects of urban vi-
sual perceptions (Greenwell et al. 2018). The partial dependence
function fp is calculated across the dataset using a Monte Carlo
approach:

S

fP(xP) = %

M-

—

P (% x2) ®

i=

= n
In this equation, {Xé‘) } represents the observed values of fea-
tures not of interest, wﬁzﬂe Xp contains the features of interest.
We apply two-way PDP (| P | =2), pairing income level with
urban visual perceptions to analyze their interaction marginal
effects on the prediction of residents’ sentiment.

4 | Experiments and Results

In subsequent experiments, we summarize the objective street
environment and urban visual perceptions within MHEs using
a1000m buffer zone and then apply CatBoost to develop nonlin-
ear regression models.

4.1 | Spatial Patterns of Residents’ Sentiment

Figure 5 presents the spatial distribution of sentiment scores.
The dataset's average sentiment score is 0.311, reflecting an over-
all positive sentiment. In terms of spatial distribution, inland
residential communities, such as the central area of Kowloon
(Figure 5C), tend to exhibit lower sentiment levels. Conversely,
communities in traditionally affluent areas, such as Hung Hom
in eastern Kowloon and the Eastern District (situated in the
lower-left corner of Figure 5D), exhibit higher sentiment levels.

We first conduct a global Moran's I analysis to measure the spa-
tial clustering of residents’ sentiment. The result shows Moran's
I value of 0.5420 with p < 0.001, demonstrating significant spa-
tial clustering of sentiment. To pinpoint specific clusters, we
then perform Local Moran's I (LISA) analysis (Anselin 1995).
As shown in Figure 6, “low-low” clusters are primarily located
in underdeveloped areas, such as Sham Shui Po and Kwun Tong.
In contrast, “high-high” clusters are concentrated in affluent
coastal regions, such as Sha Tin and the Eastern District, where
property prices are higher and poverty rates are below the Hong
Kong average (C&S Department 2024). The findings from the
LISA analysis highlight a potential spatial alignment between
sentiment clustering and income levels, with low-sentiment clus-
ters in economically disadvantaged areas and high-sentiment
clusters in wealthier regions.

4.2 | Comparison of Different Income-Based
MHE Groups

By examining spatial patterns, we observe potential differ-
ences in residents’ sentiment between lower-income and
higher-income groups. However, these patterns provide only
qualitative insights. To enable quantitative analysis, we divide
the MHE dataset into two groups based on MMHI: MHEs
above the overall median (upper MMHI group) and those
below the median (lower MMHI group). The median MMHI
is 29, 845HKS, closely matching Hong Kong's official MMHI of
30,000HK$ (C&S Department 2024), which supports the rep-
resentativeness of our MHE data. Figure 7 presents the spa-
tial distribution of the two groups, with the lower and upper
MMHI groups shown in brown and dark green, respectively.
The accompanying histogram shows that the upper MMHI
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FIGURES5 |

Spatial distribution of summarized sentiment scores into MHEs with 1000m buffer. (A-E) show the details of main residential areas

in Hong Kong: (A) Tin Shui Wai and Yuen Long, (B) Tuen Mun, (C) Kowloon Area (including Sham Shui Po, Kowloon City, Wong Tai Sin, and Yau
Tsim Mong), (D) Kwun Tong and Sai Kung (including Tseung Kwan O), (E) Tai Po.

group follows a right-skewed income distribution, as com-
monly observed in the typical income distribution. Consistent
with the LISA results in Figure 6, areas such as Sham Shui Po
and Kwun Tong exhibit higher concentrations of lower-MMHI
MHES, corresponding to “low-low” sentiment clusters.

Next, we compare perceptions and sentiment levels between
the two income groups to explore whether social inequality
is reflected in both the living environment and well-being.
Figure 8 shows that the upper MMHI group perceives more
beautiful but more boring street environments, likely due
to better greenery, uniform architectural style, and lower
building density in wealthier areas (Zhang et al. 2018).
Furthermore, streetscapes in the upper MMHI group are per-
ceived as safer and less depressing, reflecting the superior
street environments often associated with wealthier com-
munities. In contrast, the lower MMHI group experiences a
livelier street environment, possibly due to bustling yet cha-
otic streets lined with small shops in low-income communi-
ties. These observations highlight social inequalities, where
wealthier residents tend to enjoy a higher-quality urban envi-
ronment and perceptions.

Interestingly, despite this, the average sentiment score shows no
significant difference between the two groups. In fact, the lower

MMHI group exhibits a marginally higher average sentiment
score—just 0.0002 more than the upper MMHI group. This re-
sult contrasts with the patterns observed in the spatial analysis.
Thus, we further explore the differences by training separate
nonlinear models for the upper and lower MMHI groups.

4.3 | Nonlinear Models for MHE Groups
4.3.1 | Global Contribution Analysis

After analyzing the differences in urban visual perceptions and
sentiment levels, our results reveal notable social inequalities be-
tween the two income-based groups. However, these disparities
are not fully supported by basic comparisons. To investigate, we
train separate nonlinear models for the upper and lower MMHI
groups and then apply SHAP to evaluate the global contribution
of independent variables in each model.

Figure 9A,C displays each feature's percentage of the total
global SHAP value, highlighting the relative importance of
each feature in the model. Figure 9B,D shows violin plots that
visualize the variation in SHAP values for each feature across
all samples. For the lower MMHI group, depressing, safe, and
beautiful perceptions rank first, fourth, and seventh, with
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500m buffer zones, respectively.

percentage SHAP contributions of 8.42%, 6.21%, and 5.78 %,
respectively. Relative to findings in prior studies, these values
are notably large, particularly considering the inclusion of 26
variables in our model (Rui 2023; Jin et al. 2025). The violin
plot highlights the negative contribution of depressing percep-
tions and the pronounced positive contribution of beautiful
perceptions, highlighting the critical role of perceptions in
predicting sentiment in lower-income communities. Sea view
emerges as the second most significant factor (7.60 %), show-
ing higher proportions of sea view in the street environment,
correlating positively with sentiment levels.

For the upper MMHI group, the factors influencing sentiment
differ markedly. Walkability and vitality rank very high, with
percentage SHAP contributions of 12.49 % and 10.05 %, respec-
tively. Low walkability has a minimal impact, with SHAP
values clustered around 0.02, but excessive walkability shows
a negative contribution to the prediction of sentiment. This
outcome may be attributed to suburban small roads, which
often feature large pavements that enhance walkability but
can also evoke fear of crime, thereby reducing residents’ sen-
timent (Cheng and Smyth 2015; Pfeiffer and Cloutier 2016).
Vitality enhances sentiment, and its contribution is more
pronounced in the upper MMHI group. This is likely be-
cause its positive contribution is diminished in lower-income
areas, where dilapidated and overcrowded streets reduce the
quality of living space for vulnerable residents (Mouratidis
and Yiannakou 2022). Safe perception remains a significant
contributor in the upper MMHI model, with a percentage of

10.10%. Conversely, other perception factors play a consider-
ably smaller role, with all contributing under 5%.

To facilitate comparison, we create a bipartite graph (Figure 9E)
that contrasts the rankings of factor contributions between two
groups, with perception factors represented in black and com-
mon factors in gray. Safety consistently ranks high in both mod-
els, emphasizing the universal importance of personal security
and aversion to crime across income levels. On the other hand,
remaining perceptions shift to lower ranks in the upper MMHI
group, indicating that sentiment in this group is less associated
with perceptions.

4.3.2 | Local Contribution Analysis

Based on the global contribution analysis, urban visual percep-
tions show a strong contribution to the prediction of sentiment,
particularly among lower-income residents. To further explore
this nonlinear relationship, we narrow our focus to percep-
tions in the models. Specifically, we focus on the three highest-
ranking perceptions, namely depressing, safe, and beautiful, as
features with minimal contributions tend to produce flat trends,
making the results less meaningful.

Figure 10 presents the results of the local SHAP analysis. The
smoothed trend of SHAP values highlighted by the red curve
reveals pronounced nonlinear relationships. The blue vertical
markers denote the points at which the contribution shifts,
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FIGURE 10 | Local SHAP analysis for the three highest-ranking perceptions in the nonlinear models of the lower MMHI group and the upper

MMHI group. (A-C) are depressing, safe, and beautiful perceptions, respectively. The red curve represents a LOWESS-smoothed trend of SHAP

values as perception scores change. Blue vertical lines indicate the points where the trend crosses zero, marking transitions between positive and

negative contributions to the prediction of sentiment.

identifying critical thresholds beyond which the same percep-
tion begins to exert an opposite contribution to the prediction
of residents' sentiment. Since all variables are standardized
during training to align with the requirements of gradient
boosting algorithms (Chen and Guestrin 2016; Prokhorenkova
et al. 2018), the values of variables in the results are rescaled
to their original ranges for interpretation. In the lower MMHI
group, perceptions exhibit non-monotonic trends: they show
positive contributions at medium levels but negatively con-
tribute to the prediction of sentiment at both low and high
levels (Figure 10Ai,Bi,Ci). For example, a depressing visual
perception, ranked as the most important factor, is associated
with lower sentiment levels when high, as dense buildings and
narrow streets obstruct visual openness and sunlight (Guo
et al. 2022; Li et al. 2023). Yet, when depressing perception
becomes very low, overly empty and spacious streets with
few elements can also diminish sentiment. Likewise, safe
and beautiful perceptions follow similar patterns, reinforcing
the idea that residents tend to prefer a “moderately perceived
environment.”

For the upper MMHI group, perception-related contributions
are smaller. Trends for depressing and beautiful perceptions
are less distinct, with most observations clustering near the x-
axis (| SHAP | < 0.02). Safety still plays a notable role, suggest-
ing that concerns about security are shared across both groups.
Despite the reduced contribution overall, the patterns largely
mirror the non-monotonic relationships observed in the lower

MMHI group (Figure 10Aii,Bii). This similarity suggests that
the preference for a “moderately perceived environment” is con-
sistent across income levels.

4.3.3 | Interaction Analysis of Income and Perceptions

While comparing the two models highlights that urban visual
perceptions play a greater role in the sentiment of economically
disadvantaged residents, the role of income within the per-
ception-sentiment relationship still needs further analysis. To
address this, we employ PDP analysis to assess the interaction
marginal effects between income level and perceptions. PDP is
based on partial dependence functions, allowing all perception
variables to be included in the analysis. The results are shown in
Figure 11 for the nonlinear model of the lower MMHI group and
Figure 12 for the upper MMHI group.

In the lower MMHI group, as shown in Figure 11A, the con-
tribution of income level exhibits an increasing trend. When
MMHI is below approximately 22, 000HK$, income level neg-
atively contributes to the prediction of sentiment, but this
negative contribution diminishes as MMHI increases. Once
MMHI exceeds 22, 000HKS, the contribution becomes increas-
ingly positive. This trend aligns with prior studies that link
recessions and unemployment to reduced well-being and fi-
nancial success to greater happiness (Dolan et al. 2008; Tella
et al. 2003).
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FIGURE 11 | Two-way PDP analysis of income levels and urban visual perceptions within the nonlinear model for the lower MMHI group. (A)
illustrates the nonlinear contribution of MMHI income to sentiment levels. (B-G) shows the interaction marginal effects between MMHI and vari-
ous perceptions, including depressing, safe, beautiful, boring, lively, and wealthy, respectively. Yellow areas indicate high partial dependence values,

representing positive and strong interaction marginal effects at specific MMHI values and perception scores. Conversely, deep blue areas represent

low partial dependence values, highlighting negative or weaker interaction marginal effects.

When urban visual perceptions are incorporated, the trends
become more nuanced. Depressing perception exhibits an an-
tagonistic relationship with the income level: as streetscapes be-
come more depressing and income levels remain low, sentiment
significantly declines (Figure 11B). A similar antagonistic pat-
tern is observed for boring perception (Figure 11E), suggesting
that negative perceptions generally have adverse contributions
to the sentiment of residents in the lower MMHI group. On the
other hand, positive perceptions, such as beautiful, lively, and

wealthy, exhibit synergistic relationships with the income level
(Figure 11D,F,G). These results demonstrate that high-quality
urban environments, combined with increased income, contrib-
ute to enhanced happiness among residents. Safe perception, by
contrast, does not display significant interaction with MMHI
(Figure 11C), as its consistently positive contribution to senti-
ment remains unaffected by changes in income. This finding
aligns with the results of SHAP analysis, confirming that safety
is a universal concern across all income levels.
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FIGURE 12 | Two-way PDP analysis of income levels and urban visual perceptions within the nonlinear model for the upper MMHI group. (A)
illustrates the nonlinear contribution of MMHI income to sentiment levels. (B-G) shows the interaction marginal effects between MMHI and vari-
ous perceptions, including depressing, safe, beautiful, boring, lively, and wealthy, respectively. Yellow areas indicate high partial dependence values,
representing positive and strong interaction marginal effects at specific MMHI values and perception scores. Conversely, deep blue areas represent
low partial dependence values, highlighting negative or weaker interaction marginal effects.

When MMHI exceeds the median income, the trend shifts sig-
nificantly. As shown in Figure 12A, the local SHAP values of
the income level in the upper MMHI group reveal a decreas-
ing trend. In this affluent group, higher income levels do not
enhance happiness; rather, they detract from well-being. This
result supports research suggesting that, beyond a certain in-
come threshold, happiness is more closely linked to social re-
lationships than financial success (Diener and Seligman 2004).
Interestingly, the interaction marginal effects between income

and perceptions in the upper MMHI group are less significant
than those in the lower MMHI group. Most perceptions contrib-
ute consistently to sentiment regardless of the income level.

5 | Discussion and Conclusion

Visual perception and sentiment are deeply interconnected
in human cognition, often integrating to jointly influence
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behaviors (Dolan 2002; Pessoa 2008). This interplay highlights
the complexity of human sentiment and emphasizes the im-
portance of exploring the connection between visual percep-
tions and sentimental expression in the urban environment.
Moreover, considering the uneven urban development that char-
acterizes urbanization, social inequalities highlight the need for
greater attention to the well-being of vulnerable communities in
the analysis.

In this study, we use Twitter data and SVIs to examine how
urban visual perceptions shape residents’ sentiment across
different income-level groups. To explore RQ1, we categorize
communities in Hong Kong into two income-level groups. Our
findings reveal that wealthier communities experience signifi-
cantly better urban visual perceptions, uncovering a notable
dimension of social inequality in the urban environment. To
gain deeper insights, we train separate nonlinear models for
each group, revealing that urban visual perceptions play a more
prominent role in sentiment among lower-income residents.
Specifically, only urban environments with moderate percep-
tion scores, referred to as “moderately perceived environment,”
positively contribute to the prediction of sentiment, addressing
RQ2. When analyzing the role of income levels to investigate
RQ3, we find that income growth enhances sentiment among
economically vulnerable communities and amplifies the posi-
tive contributions of urban visual perceptions. Conversely, for
wealthier residents, additional income growth may diminish
sentiment levels.

These results further highlight the social inequalities, where vul-
nerable communities often lack the resources needed to improve
their surroundings, even though the quality of the urban envi-
ronment plays a more crucial role in shaping their well-being.
This underscores the importance of prioritizing improvements
in street environments and living conditions in vulnerable com-
munities to achieve more equitable well-being outcomes.

5.1 | Urban Visual Perceptions and Residents’
Sentiment

In this study, we observe a positive contribution of a “moderately
perceived environment” on residents’ sentiment. This finding
reveals a non-linear relationship between urban visual percep-
tion and sentiment: rather than being maximized under extreme
conditions, residents’ sentiment appears to benefit most from a
balanced and contextually appropriate visual environment.

Poor visual perception often reflects deteriorated or disorderly
environments, which can evoke stress, insecurity, and negative
affect. For instance, perceptions of unsafe environments in-
crease fear of crime and are consistently associated with lower
sentiment levels (Cheng and Smyth 2015; Salesses et al. 2013).
Similarly, the contribution of beautiful perception increases
from negative to positive as the perception score rises, suggest-
ing that residents favor more aesthetically pleasing urban en-
vironments, such as urban parks with better greenery and art
elements (Grahn and Stigsdotter 2010; Mitchell et al. 2015).

However, excessively high-quality visual perception also does
not necessarily enhance sentiment. One possible explanation

lies in cognitive overload: environments with very high safety or
visual order are often characterized by crowded streets and rich
visual stimuli, which may increase mental fatigue and reduce
emotional comfort (Mouratidis and Yiannakou 2022). Another
explanation relates to social interaction and perceived social
inclusion. Highly curated or “over-perfect” streetscapes may
emphasize visual order and regulation. Such environments can
signal exclusivity or implicit social norms, potentially intensi-
fying feelings of social exclusion or non-belonging, particularly
among vulnerable residents. As a result, high visual quality
alone may not translate into higher sentiment.

Our results also suggest that unplanned urban sprawl, char-
acterized by single land use, leapfrog development, and low-
density patterns, is detrimental to well-being (Calthorpe and
Fulton 2001). Both crowded and dilapidated old city centers
and disorderly urban expansion areas often feature excessively
stimulating perceptions, which diminish residents' sentiments.
Thus, our study emphasizes the importance of regulating urban
sprawl and designing street environments to foster a “moder-
ately perceived environment.” Proper urban planning in the
process of urban sprawl can contribute to more harmonious
streetscapes, enhancing well-being and achieving sustainable
development goals.

5.2 | Social Inequality in Sentiment

Vulnerable residents are more likely to encounter substandard
housing conditions, deteriorated living environments, and re-
stricted access to public services (Mouratidis 2020). Our findings
confirm this social inequality, as wealthier communities exhibit
higher-quality urban environments compared to lower-income
communities. This results from the clustering of vulnerable
residents in deprived neighborhoods due to limited financial
means, a form of self-selection that reflects socio-spatial injus-
tice (Shaw 2004; Sampson 2019).

Despite wealthier residents experiencing superior street envi-
ronments, our study reveals that urban visual perceptions have
a more substantial impact on economically vulnerable residents.
This result aligns with the “equigenesis” theory, which suggests
that vulnerable groups often gain more from improvements in
social, physical, or service environments than affluent groups
(Mitchell et al. 2015; Lucas 2012). As an essential component
of public services, the street environments, particularly the lev-
els of visual perceptions, also play “equigenesis” roles in the
well-being of vulnerable residents, although their contributions
are not uniformly positive. To further investigate the role of in-
come level, we examine (1) the association between income and
predicted sentiment and (2) the role of income in the percep-
tion-sentiment relationship. We find that in the lower MMHI
group, income contributes increasingly positively to sentiment
as income rises, whereas in the upper MMHI group, additional
income gains are associated with diminishing sentiment. This
pattern is consistent with the “Easterlin Paradox,” which sug-
gests that happiness increases with income at low-income levels
but shows weak long-term correlation with income in wealth-
ier contexts (Easterlin 1995; Easterlin 2001). For economically
vulnerable residents, limited financial resources are closely
linked to emotional distress, and income growth helps satisfy
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basic needs, thereby enhancing sentiment (Blanchflower and
Oswald 2004; Kahneman and Deaton 2010). In contrast, the cor-
relation between income and well-being becomes less in wealth-
ier societies, as illustrated by a reported correlation of 0.45 in the
slums of Calcutta compared to 0.13 in the United States (Biswas-
Diener and Diener 2001; Diener et al. 1993). It may result from
social comparison, which diminishes the happiness gained from
additional income (Dolan et al. 2008; Easterlin 2023).

Additionally, our results demonstrate that income growth am-
plifies the positive association between urban visual percep-
tions and sentiment for lower-income residents. This further
confirms the “equigenesis” role of urban visual perceptions and
demonstrates the stronger aspirations of economically vulner-
able residents for better living environments. We believe our
results highlight the necessity of building equitable street envi-
ronments and emphasize the importance of prioritizing invest-
ments in vulnerable communities.

5.3 | Research Contribution

In this paper, our contributions are threefold. First, our find-
ings demonstrate the crucial role of urban visual perception in
shaping residents’ sentiments. Specifically, a “moderately per-
ceived environment” positively contributes to higher sentiment,
whereas excessive sensory stimulation is associated with lower
sentiment. This highlights the potential of unplanned urban
sprawl to reduce residents’ well-being. Second, rather than treat-
ing all residents as a homogeneous group, we account for inher-
ent social inequalities in urban environments. Our results show
that urban visual perceptions play a more important role in
shaping sentiment among lower-income residents, even though
they experience lower-quality environments. This research un-
covers social inequality from a perception-based perspective and
provides empirical support for the “equigenesis” theory. Third,
we investigate the role of income levels in shaping sentiments.
For economically disadvantaged residents, income growth not
only improves well-being but also strengthens the positive asso-
ciation between urban visual perceptions and sentiment. These
results underscore the necessity of prioritizing investment in
vulnerable communities to efficiently enhance overall well-
being and reduce urban disparities.

Together, these contributions advance the understanding of the
non-linear relationship between urban visual perceptions and
residents’' sentiment, particularly in the context of social inequal-
ity. By uncovering the unequal distribution of perceptual expe-
riences and their disproportionate contribution to vulnerable
groups, our study emphasizes the need for perception-sensitive
and equity-oriented urban design. These insights offer prac-
tical guidance for policymakers and planners aiming to im-
prove well-being and promote social fairness through targeted
interventions.

5.4 | Policy Implication
The findings of this study have several policy implications.

First, our findings underscore the need to control unplanned
urban sprawl. In particular, strategies should aim to prevent

overdevelopment in city centers and poorly integrated suburban
growth by promoting mixed land use, visual coherence, and
more balanced streetscapes. Such planning approaches can help
create “moderately perceived environments” that support well-
being. Second, high-quality urban visual perceptions are partic-
ularly important for vulnerable residents. Thus, decision-making
and planning departments should focus on improving the living
and street environments in lower-income communities. For ex-
ample, practical measures could include repairing deteriorated
buildings to enhance safety perceptions and designing more
open spaces to alleviate feelings of depression in these areas. By
focusing on the needs of vulnerable communities, policymakers
can move away from resource allocation strategies based solely
on average metrics, leading to more effective improvements in
overall well-being. Third, by examining the role of income in
shaping sentiment, our research underscores the importance of
promoting economic fairness. Income growth is associated with
higher predicted sentiment among vulnerable residents and ap-
pears to strengthen the positive association between urban vi-
sual perceptions and predicted sentiment, whereas this pattern
is weaker among wealthier residents. These findings suggest
that governments should make more efforts in creating eco-
nomic opportunities for low-income populations and narrowing
income disparities.

5.5 | Limitation and Future Work

A potential limitation of this study concerns the representative-
ness of sentiment data. Previous studies have shown that social
media users tend to exhibit specific demographic characteris-
tics, such as being younger and more digitally engaged (Ilieva
and McPhearson 2018). As a result, certain population groups
may be underrepresented, particularly residents in low-income
MHESs, where individuals are less likely to actively post geolo-
cated content. This sampling bias may lead to an overestima-
tion of residents’ sentiment in low-income communities, which
could in turn weaken the observed strength of the relationship
between urban visual perception and sentiment in the lower
MMHI group (Ferrara and Yang 2015).

However, this limitation is partially mitigated in the context
of Hong Kong. As one of the most digitally connected cities
globally, Hong Kong exhibits high levels of smartphone own-
ership and internet penetration across socioeconomic groups.
Notably, 81.8% of individuals aged 65 and above use the inter-
net, and 96.1% of them participate in online social activities
(C&S Department 2023). Thus, while demographic bias can-
not be fully eliminated, we believe that the sentiment data still
provide meaningful insights. Despite these considerations, an
important limitation remains: this study is unable to directly
compare the demographics of social media users with census
or survey data. Future research could address this limitation by
integrating manually collected data, such as household surveys
or interviews, with social media data. Such integration would
enable a more accurate evaluation of potential demographic bias
and help strengthen the interpretability and policy relevance of
sentiment-based urban analytics.

Another limitation of this study is that it investigates associa-
tions rather than establishing causal relationships between urban
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visual perception, income, and residents’ sentiment. Sentiment
is influenced by various unobserved contextual factors, such as
social comparison, personal experiences, and environmental con-
ditions (e.g., weather, noise, air pollution). For example, hedonic
adaptation and social comparison may partially explain why in-
creases in absolute income do not always correspond to higher
happiness. Future research could incorporate these broader
environmental and social factors to more precisely capture the
relationship between urban visual perceptions and residents’
sentiment. Also, applying causal modeling approaches, including
causal machine learning techniques with time series data, would
help move beyond associative relationships and provide more ro-
bust evidence on the determinants of sentiment.
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Appendix A

Factor Information

The regression models are developed using 20 control variables encompassing socio-demographic characteristics, built environment attributes, and
objective environmental factors, along with six subjective perception variables. Details of control variables, including their descriptions and refer-
ences, are provided in Table Al. Residents’' sentiment serves as the dependent variable. The models are trained on 70 % of the data, with the remaining

30 % reserved for testing.

TABLE A1 | Neighborhood environmental variables and definitions.

Variables

Description

References

Socio-demographic
factor

Proportion of children
Proportion of elderly
Population density

Education level

Median income

Built environment
factor

Building height
Public facilities density

Commercial service
density

Leisure service density

Educational facility
density

Financial service density

POI diversity

Street furniture density

MTR distance
Street environment Sea view
factor
Enclosure
Walkability

Street obstacle

Vitality

Visual complexity

The proportion of people who are under 15years old (%)
The proportion of people who are aged 65 or above (%)
Number of residential populations per km?

The proportion of people whose highest level of
education is post-secondary (%)

The median of monthly domestic household income
(HKS)

The average building height in the community (m)
Number of public facilities POIs per km?

Number of commercial POIs per km?

Number of leisure service POIs per km?

Number of education facilities POIs per km?

Number of financial services POIs per km?

Diversity level of POI facilities using Shannon Entropy,
C is a set of all POI categories and D; means density of
the ith category:

POI Diversity = — . D,In(D;)

ieC
The average number of street furniture (e.g., traffic light,
street light, pole) observed across all SVIs in the area.

Shortest time to the nearest metro station via path
finding algorithm (min)

The sea view in the SVIs captures elements of the
coastal landscape:
Sea View = Pwater + Psea + Pbrldge

How the street environment encloses pedestrians:

Enclosure = Pruitding + Prree
road + Ppavement + Pfence

The overall level of support provided by the outdoor
environment for walking:
Walkability = “2=2

road

How inaccessible and visually obstructed the street is:
Obstacle = Pfence + Prailing + Pwall + Pcolumn

Traffic flow reflects the vitality of the street and
community:
Vitality = Pvehicle + Pperson

The richness and diversity of visual elements or details
within a street scene. We use Shannon Entropy to

express diversity:
Complexity = — Y, PIn(P.)

- €seg

Winters and Li (2017); Duan
et al. (2022)

Benita et al. (2019); Dong
et al. (2024)

Ma et al. (2024)

He et al. (2023); Rui (2023)

Ma et al. (2024); Rui (2023)

Chen et al. (2024); Rui (2023)

Chen et al. (2024)

Liu et al. (2022); Chen
et al. (2024)

Note: P.denotes the pixel ratio of - segmentation category. Note, vehicle including car, bus, and truck; pavement includes sidewalk, path, and stair. The pixel ratio is

calculated by the proportion of category pixels in total pixel.
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Appendix C

The Spatial Distribution of Urban Visual Perceptions
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FIGURE C1

beautiful, lively, wealthy, boring, and depressing perceptions, respectively. Each subfigure highlights major residential areas in Hong Kong: (A) Tin
Shui Wai and Yuen Long, (B) Tuen Mun, (C) Kowloon Area (covering Sham Shui Po, Kowloon City, Wong Tai Sin, and Yau Tsim Mong), (D) Kwun

)

Tong and Sai Kung (including Tseung Kwan O), and (E) Tai Po.

(vi)

| Spatial distribution of urban visual perception scores within MHEs using a 1000 m buffer. Subfigures (i)-(vi) correspond to safe,
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