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Urban rail development can increase land value, reduce commute time, and increase accessibility, as reported in
the literature. However, little is known about the impact of opening urban rail transit stations on people’s
sentiment, particularly in the context of large metropolises where population density is significantly high. This
paper investigates such impact by studying six new transit stations opened in Hong Kong. People’s sentiment and
activity in station nearby areas are estimated by tweet sentiment and tweet activity. We use the difference-in-
difference model to study the impact of opening new transit stations. Tweet sentiment, tweet activity, tweet
content, and footprints of people who visit the station-influenced area ‘before and after’ the opening of transit
stations are analyzed. The results suggest that, in general, the introduction of transit stations causes a positive
change in tweet activity, and the change is statistically significant after six months. Regarding tweet sentiment,
new transit stations tend to pose a mixed effect in a short-term, a positive influence on areas with high-density
residential places, yet a negative influence on areas with a large proportion of nature reserve areas. These short-
term effects, positive or negative, become not significant in the long term (after twelve months). Our analysis also
confirmed that the introduction of new transit stations increased accessibility from (to) other parts of the city to
(from) the station’s nearby area, which was shown by the expanded locations sustaining users visited. These
findings indicate that the urban rail transit system in Hong Kong promotes more active neighborhoods yet does
not always promotes positive influence on people’s sentiment. Further studies are needed to make future urban
rail transit systems promoting active and happy neighborhoods. The study is relevant to the Belt and Road
Initiative (BRI) in methodologies, data, and findings. The social media analysis method used in this study,
including text mining and sentiment analysis, can be easily extended to multiple language analysis for Singapore,
Malaysia, as well as other regions in the belt and road plan. The developed tools could contribute to analyzing the
influence of cross-country projects on local neighborhoods in the belt and road plan.

1. Introduction

Urban rail transit systems have been employed to improve mobility
in cities worldwide. In some large high-density cities, such as Hong
Kong, the transit system is well developed and continuously expanding
to more neighborhoods and districts. Previous studies have been con-
ducted to support and guide such development, focusing on the impact
of mass transit on factors including economic activity (Canales et al.,
2019; Credit, 2018; Dubé et al., 2014; Yu et al., 2018), transit ridership
(Lee et al.,, 2013; Ryan and Frank, 2015), and environmental

sustainability (Cervero and Sullivan, 2011; Loo and du Verle, 2017).
However, the experience of city users who live, work or visit the urban
transit stations’ influenced area has been overlooked. Since intangible
human life aspects, such as happiness, are gradually becoming impor-
tant evaluation factors of successful urban planning (Krefis et al., 2018).

Most studies about rail transit system impact on urban form and
people’s life are related to the concept of transit-oriented development
(TOD), which is an urban development type that maximizes residential,
business, and leisure space within walking distance from public trans-
port. Traditionally, TOD focused on suburban areas and greenfield sites
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Fig. 1. Hong Kong’s Mass Transit Railway (MTR) system map as of 2016 (Wikimedia Commons contributors, 2020).

where new towns or communities were being developed together with (Cervero and Sullivan, 2011; Freilich, 1998; Loo and du Verle, 2017;
the transit system. Currently, TOD also includes urban development in Zhang, 2010). Furthermore, some studies aimed to identify natural
large metropolitan cities that present well-developed transit systems groupings in TODs with similar characteristics (Cervero and Murakami,
already (Cervero and Murakami, 2009; Lee et al., 2013; Loo et al., 2010). 2009; Kamruzzaman et al., 2014; Loo and du Verle, 2017).
Moreover, TOD is a core concept in recent transportation and urban A few studies examined the impact of TOD on city users’ living
planning studies (Brown and Werner, 2008; Nilsson and Delmelle, experience; some researchers argued that gentrification could be a result
2018). The five “Ds”, which denote density, land use diversity, of TOD and may cause disruptions in low-income communities (Jones
pedestrian-oriented design of neighborhoods, distance to transit, and and Ley, 2016; Rayle, 2015; Soursourian, 2010). Other studies linked
destination accessibility, are commonly considered as the planning the development around transit access with pedestrian congestion (Lam
principles of TOD (Cervero and Murakami, 2008, 2009). Classic urban etal., 1999; Ryan and Frank, 2015; Wang et al., 2013), pedestrian safety
design principles, such as those proposed by Jacobs (1961), are also (Gonzalez et al., 2019), traffic noise increase (Lam et al., 2009), air
often used in TOD planning to cultivate community and vibrant city life. quality (Borrego et al., 2006), and the loss of open space (National
The impact of transit access on property values has been well Academies of Sciences, Engineering, and Medicine, 2005). However,
documented (Bowes and Ihlanfeldt, 2001; Cheshire and Sheppard, 1995; whether the opening of new urban transit stations influences people’s

Debrezion et al., 2011; Duncan, 2011; Hess and Almeida, 2007; Seo
et al., 2014); the benefits of TOD on transit efficiency, ridership, traffic
congestion, and carbon emissions have also been studied extensively
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Fig. 2. Language distribution of the collected Twitter data.

happiness in surrounding neighborhoods or not remains unclear.

Meanwhile, emotional well-being' has received significant research
interest in the field of economics, psychology, and other social science
fields (Campbell et al., 1976; Graham, 2011; Helliwell and Putnam,
2004; Layard et al., 2014; McGillivray and Clarke, 2006; Oswald and
Powdthavee, 2008). To measure emotional well-being and determine
the factors that contribute to it, Layard et al. (2014) developed a
state-of-the-art predictive model of well-being. Moreover, some studies
focused on the effect of housing and residential conditions on people’s
happiness (Lu, 1999; Mohan and Twigg, 2007; Parkes et al., 2002;
Permentier et al., 2011). However, only one study has been conducted to
examine people’s happiness near urban transit stations, which evaluated
the effects of better rail access on homeowners’ happiness using survey
data (Wu, 2014).

Traditionally, researchers relied on self-reported subjective happi-
ness and life satisfaction; however, the data collection process is costly,
difficult to perform for large samples (Csikszentmihalyi and Larson,
2014), and controversial in reliability (Andrews and Withey, 2012;
Krueger and Schkade, 2008). Currently, the rise of social media analytics
provides new opportunities to study the relationship between people
and their living environment. Despite sample bias, geocoded tweets
have been found to be a useful tool for urban research (Hamstead et al.,
2018; Lansley and Longley, 2016; Lloyd and Cheshire, 2017; Longley
et al., 2015; Shao et al., 2017). Some studies focused on the spatial or
temporal patterns of tweet activity and its relationship with urban forms
and functions (Longley et al., 2015; Nadai et al., 2016). Some other
studies employed text mining to analyze the content of social media data
(Bertrand et al., 2013; Frank et al., 2013; Huang et al., 2016; Lansley and
Longley, 2016; Quercia et al., 2012). Correlations between social media
sentiment and the built environment have been found; strong sentiments
were found near parks, transport hubs, and polluted areas in New York
City (Bertrand et al., 2013). Outside the urban research field, many
studies used Twitter data to investigate large-scale social problems,
including happiness on a national level or large social networks (Dodds

! In this paper, we use the words "happiness" and "well-being" interchange-
ably, because the concept of subjective well-being (SWB) is used in the litera-
ture as a substitute for the term "happiness" (Diener et al., 2003).
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et al., 2011; Durahim and Coskun, 2015; Frank et al., 2013), epidemic
diseases (Fung et al., 2014; Nagar et al., 2014), election results (Bollen
et al., 2011), terrorist attacks (Gruebner et al., 2016), etc.

The objective of this research is to gain a better understanding of how
the urban transit system influences people’s activity and sentiment as
reflected on social media, in order to build more people-centric urban
transit systems in the future. In this paper, tweet analysis is used to es-
timate people’s social media sentiment and activity near urban transit
stations. A quasi-experiment is then adopted to estimate the causal
impact of the opening of new urban transit stations on tweet sentiment
and activity in nearby neighborhoods. Moreover, we select the social
media users who ever posted messages before and after the opening of
transit stations as the station influenced users. We show how new transit
stations change their daily lives by analyzing and comparing their tweet
sentiment, tweet content, and tweet footprints before and after the
introduction of a transit station.

The study is relevant to the “Belt and Road Initiative” (BRI) in
methodologies, data, and findings. The data analysis methods developed
from this study can serve as a novel assessment tool to evaluate the
degree of success of BRI projects, a large proportion of which being
urban rail infrastructure and TOD. The novelty of our methods allows for
comprehensive monitoring of the emotional and behavioral impact of a
BRI project, which is efficient and statistically more powerful, which can
supplement, if not in replacement, of traditional survey-based ap-
proaches. Second, the choice of social media platform, Twitter, is rele-
vant for key BRI countries and cities. Twitter has high penetration rates
outside of mainland China, compared with alternative platforms such as
Weibo. Lastly, findings from our study sites in Hong Kong are considered
transferable to the key belt and road countries. Hong Kong is perceived
globally as a success story of the compact and transit-driven city.
Findings from the Hong Kong study sites are sentinel to TOD projects in
other cities within the BRI policy priorities.

This paper is organized as follows. Section 2 introduces the study
area, the general information about the social media data, and the
census data we collected. Section 3 illustrates the methodology used to
gauge the influence of the newly built transit stations on tweet sentiment
and tweet activity; sentiment analysis and tweet text content analysis
methods are also presented. Section 4 and Section 5 presents the results
and discussions. Finally, Section 6 gives the conclusions.

2. Study area and data used
2.1. Study area: Hong Kong

Fig. 1 presents an overview of the Hong Kong Mass Transit Railway
(MTR) service system. Hong Kong is an appropriate city for this study.
Firstly, Hong Kong has been recognized as a successful case of rail transit
investment and urban development integration (Cervero and Murakami,
2009); the city’s significantly high urban density and intensive railway
service render it a suitable place for this study. Moreover, the city uti-
lizes limited land resources by promoting intensified development above
or near railway stations. Secondly, public transport, particularly rail
transit, plays a significant role in almost everyone’s life in Hong Kong:
more than 90% of all motorized trips in Hong Kong are performed by
public transport, which is the highest figure in the world (Lam and Bell,
2002). Moreover, 5.46 million people used the MTR system each
weekday by the end of 2014 (MTR, 2015), accounting for 77.2% of the
city’s population (Census and Statistics Department, 2011). Thirdly,
MTR has applied the “Rail + Property” development program model
extensively (Cervero and Murakami, 2009); buildings surround most of
the metro stations, amounting to 13 million square meters of floor area
(MTR, 2015). Based on this strategy, the Hong Kong government in-
tensifies the relationship between urban transit stations and people,
which also renders Hong Kong an appropriate city to study the rela-
tionship between the urban transit system and people.
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Fig. 3. Tweet time span distribution of Twitter users who are not bot and verified accounts.

Table 1
Tweet filtering process.

Number of Number of unique
tweets users
Raw dataset general information
Whole dataset 4,206,921 249,912
Filtering process
Keep geocoded tweets 1,201,270 103,400
Use ArcMap to find tweets posted in 887,429 83,634
Hong Kong
Consider tweets in Chinese and English 590,143 63,459
only
Remove verified accounts 562,578 62,820
Delete bots 409,626 29,023
Remove Temporary Visitors 341,775 15,984
Dataset used
Filtered dataset 341,775 15,984

2.2. Social media data

Hong Kong has high internet penetration (79.5%), smartphone
penetration (85.8%), and mobile internet usage (96.5%) rates (Census
and Statistics Department, 2016a). Popular social media platforms in
Hong Kong include Facebook (85% penetration rate), YouTube (83%),
WhatsApp (82%), Instagram (57%), WeChat (53%), Facebook
Messenger (50%), LINE (29%), Twitter (26%), and Skype (24%) (Sta-
tista, 2019). Although Twitter does not have the highest penetration
rate, Twitter is the biggest data source that offers open social media data
in Hong Kong. Twitter releases an easy-to-use streaming API, which
allows researchers to download the tweets posted in one specific study
area. Other studies have shown that Twitter has gradually become a
central site where people share their views with others, which makes it a
great platform to study public opinions (Qi et al., 2020). Therefore, we
chose Twitter as the data source to estimate people’s sentiment and
activity on social media.

&
@ Filtered Tweets

Fig. 4. Filtered tweets posted in Hong Kong from May 2016 to Dec 2018.
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Fig. 6. Treatment area and control area for Whampoa & Ho Man Tin.

We constructed our Twitter database using Twitter’s streaming API
and collected 4,206,921 tweets posted from May 7, 2016 to December
18, 2018. The collected Twitter data included time, tweet text, user ID,
language, etc. Some tweets are also tagged with accurate latitude and
longitude information. Fig. 2 shows the language distribution of the
collected tweets. English and Chinese tweets account for nearly 60% of
all collected tweets.

After data collection, we filtered the tweets by keeping the geotagged
tweets and remove tweets from bot accounts. Then we kept the Chinese
tweets and English tweets in this study. At last, we removed tweets from
temporary visitors. We computed the time span between the first tweet
and the last tweet of each user after removing the bot and verified ac-
counts. Fig. 3 shows the distribution of the time span. Users with a time
span less than or equal to 7 days are likely to be temporary visitors. In
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this study, we removed the tweets posted by temporary visitors and only
considered the other Twitter users who were likely to stay in Hong Kong
for a longer time. The tweet filtering process is detailed in the appendix.
Finally, we obtained 341,775 geocoded tweets posted by 15,984
unique Twitter users (Table 1). Fig. 4 shows the locations of the filtered
geocoded tweets collected from May 2016 to December 2018.

2.3. Census, land use and point of interest (POI) information

Factors such as population, income, and local land use of an area
might influence tweet sentiment and tweet activity. Hence, we extracted
population and median monthly income data from the 2016 census data
collected by the Census and Statistics Department of Hong Kong (Census
and Statistics Department, 2016b), and collected the land use from the
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Table 2
Twitter data collected for each influenced area.

Study Areas Area type Number of Number of unique
tweets users
Whampoa & HoMan Tin ~ Treatment 2356 648
group
Control group 6231 2487
South Horizons & Lei Treatment 948 322
Tung group
Control group 6295 3351
Ocean Park & Wong Treatment 3988 1625
Chuk Hang group
Control group 6248 3341
Table 3
Population and median monthly income of each study area.
Study Areas Area type Number 2016 2016 Weighted
of TPUs Population ~ Average of Median
Monthly Income
(HK$)
Whampoa & Treatment 3 111,454 16,691.64
Ho Man Tin group
Control 5 109,764 19,549.64
group
South Horizons Treatment 1 86,752 17,500.00
& Lei Tung group
Control 2 61,367 17,426.68
group
Ocean Park & Treatment 1 14,465 18,750.00
Wong Chuk group
Hang Control 2 9613 62,433.68
group
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Hong Kong Land Department (Land Department, 2016) and the
Point-of-interest (POI) data from OpenStreetMap (OpenStreetMap
Contributors, 2017).

3. Methodology
3.1. Experiment design

The objective of this study is to gain a better understanding of how
the opening of urban transit stations influences people’s activity and
sentiment as reflected on social media. A quasi-experiment is adopted to
estimate the causal impact of the opening of new urban transit stations
on tweet sentiment and activity in nearby neighborhoods. We selected
three areas with new MTR transit stations and assessed nearby area’s
sentiment and activity change after the introduction of these stations. In
2016, two new line extensions—Kwun Tong Line Extension and South
Island Line Extension—and six new MTR stations—Whampoa, Ho Man
Tin, South Horizons, Lei Tung, Ocean Park, and Wong Chuk Hang—were
opened. The location of all MTR stations, the studied line extensions,
and the names of the influenced areas are presented in Fig. 5. The whole
Hong Kong has been divided into many Tertiary Planning Units (TPUs).
The TPU is the census tract used by Hong Kong’s Census and Statistics
Department to collect socio-demographic information (Census and Sta-
tistics Department, 2011, 2016b).

The sentiment level of the study areas was evaluated by subtracting
the percentage of negative tweets from that of positive tweets, as per-
formed by Durahim and Coskun (2015). The number of tweets posted in
a study area, called tweet activity, is used to estimate how many people
would like to visit this area. Previous studies have demonstrated that it is
appropriate to estimate people’s mobility using Twitter data, including
park visitation (Hamstead et al., 2018) and the mobility pattern analysis
(Hawelka et al., 2014) as examples.

Difference-in-difference (DID) analysis was used to determine the
influence of MTR transit station introduction on tweet sentiment and
tweet activity. The treatment group and control group were selected
carefully, as the prerequisite for DID analysis is the parallel trend
assumption between the treatment group and control group before the
introduction of the MTR stations. In this study, we employed the
following strategy to define the treatment group and control group of
each influenced area:

1. Treatment group: a TPU is assigned as the treatment group if the
TPU’ centroid falls within a 500-m radius circle of a MTR station
(Baker and Lee, 2019; Bardaka et al., 2018), as shown in Figs. 6-8.
The 500-m criterion is commonly used in related studies, such as in
Cervero and Murakami (2009).

2. Control group: a group of TPUs that intersect with a 1000-m (or
1500-m) radius circle around a MTR station but do not intersect with
the 500-m circles derived from six new transit stations. The range,
1000- or 1500-m, was set based on which setting meets the parallel
trend assumption better.

Based on the above criteria, the treatment group and control group
for Whampoa & Ho Man Tin are shown in Fig. 6, the ones for South
Horizons & Lei Tung are shown in Fig. 7, and those for Ocean Park &
Wong Chuk Hang in Fig. 8.

The number of Twitter messages and unique Twitter user IDs for the
treatment and control groups of three influenced areas are shown in
Table 2.
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1 year starting from 12
months later

Whole
Research
Periods

Study Areas Condition  Analysis time span
Immediate 3-month period 6-month period 12-month period Whole research
periods
Whampoa & Ho Man Tin Before May 2016 — May 2016 — May 2016 — May 2016 — May 2016 —
Sep 2016 Sep 2016 Sep 2016 Sep 2016 Sep 2016
After Nov 2016 — Feb 2017 - May 2017-Apr Nov 2017-Oct Nov 2016-Dec 2018
Oct 2017 Jan 2018 2018 2018
South Horizons & Lei Tung; Ocean Park & Wong Before May 2016 — May 2016 — May 2016 — May 2016 — May 2016 —
Chuk Hang Nov 2016 Nov 2016 Nov 2016 Nov 2016 Nov 2016
After Jan 2017-Dec Apr 2017-Mar July 2017-June Jan 2018-Dec Jan 2017-Dec 2018
2017 2018 2018 2018
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Fig. 10. Tweet activity change over time for three MTR station-influenced areas.
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Table 5
Overall tweet activity difference-in-difference analysis results.

Transport Policy 120 (2022) 139-155

Immediate

3-month period

6-month period

12-month period

Whole research period

T; x POST;,

T;

POST;,

In(Pop;)

In(Income;)

Area Fixed Effect

No. of observations
AIC
Adjusted R-squared

0.1447 (0.125)
—1.2932*** (0.137)
—0.1447 (0.088)
—2.1322%** (0.404)
—1.3287*** (0.130)
Yes

96

43.20

0.858

0.0865 (0.122)
—1.2713*** (0.131)
—0.1825** (0.086)
—1.8164*** (0.389)
—1.1650*** (0.125)
Yes

90

28.49

0.867

0.0470 (0.131)
—1.3256%** (0.141)
—0.2681*** (0.093)
—1.6016%** (0.419)
—1.1631*** (0.135)
Yes

90

41.99

0.854

0.2400* (0.137)
—1.3086*** (0.148)
—0.7352*** (0.097)
—1.7662%** (0.440)
—1.2190*** (0.142)
Yes

90

50.73

0.846

0.1731 (0.155)
—1.2928*** (0.169)
—0.4192*** (0.110)
—2.1021*** (0.422)
—1.3106*** (0.136)
Yes

168

179.28

0.754

Notes: *, **, and *** indicate statistical significances of 0.1, 0.05, and 0.01, respectively. Standard errors are presented in parentheses. AIC stands for Akaike In-

formation Criterion. The area fixed effect has been added to the model.

Table 6

Tweet activity difference-in-difference analysis results for three MTR station-influenced areas.

Influenced area

Immediate

3-month period

6-month period

12-month period

Whole research period

Whampoa & Ho Man Tin

T; x POST;; 0.1678 (0.141) 0.1545 (0.181)
T; —1.1517*** (0.118) -1.1517 (0.152)
POST;, 0.0212 (0.099) —0.0625 (0.128)
Num 34 34
AIC —13.83 3.36
Adjusted R-squared ~ 0.888 0.827

South Horizons & Lei Tung T; x POST;, ~0.0746 (0.239) 0.0985 (0.226)
T; —1.9339*** (0.190) —1.9339%** (0.180)
POST;,; —0.2061 (0.169) —0.3354** (0.160)
Num 38 38
AIC 33.11 28.79
Adjusted R-squared  0.889 0.890

Ocean Park & Wong Chuk Hang T; x POST;, 0.0842 (0.192) 0.0412 (0.152)
T; —0.5463*** (0.152) —0.5463*** (0.121)
POST;,; —0.1890 (0.136) —0.3140*** (0.107)
Num 38 38
AIC 16.27 —-1.49
Adjusted R-squared ~ 0.430 0.628

—0.2067 (0.168)

34

21.73

0.763

0.1211 (0.266)
—1.9339*%** (0.212)
—0.5021** (0.188)
38

41.20

0.854

0.0425 (0.199)
—0.5463*** (0.158)
—0.4685*** (0.141)
38

19.17

0.556

0.2303 (0.305)
—1.1517*** (0.256)
—0.6673*** (0.216)
34

38.81

0.650

0.2454 (0.213)
—1.9339*** (0.163)
—0.8115*** (0.151)
34

19.65

0.909

0.1669 (0.203)
—0.5463*** (0.161)
—0.8158*** (0.144)
38

20.55

0.654

0.2466 (0.317)
—1.1517*** (0.290)
—0.3727 (0.224)

62

83.16

0.519

0.0708 (0.243)
—1.9339*** (0.211)
—0.4813*** (0.172)
58

60.84

0.856

0.1255 (0.244)
—0.5463** (0.214)
—0.5024*** (0.172)
62

66.56

0.327

We have also included two social-demographic control variables that
may affect twitter activity and sentiment: population and income. The
population and median monthly income of the treatment group and
control group of each study area are summarized in Table 3. Here we
estimated the median monthly income of each TPU group by computing
the weighted average of the median monthly income of TPUs in this TPU
group using each TPU’s population as the weight.

To determine whether the introduction of new MTR transit stations
significantly changes tweet sentiment and tweet activity in nearby areas
or not, we built the following DID models for the study areas using or-
dinary least squares (OLS) regression:

Activity;;, was computed for the number of tweets posted in TPU
group i in month ¢
e POST;; and T; are binary indicator variables. POST;; = 1 represents
after the opening of the corresponding MTR stations; POST;; = 0
represents before. T; is an indicator for the TPU group i being the
treatment group or not; T; equals to one if treatment group, and zero
if control group.
In(Pop;) represents the natural log of the total population of the TPU
group i. In(Income;) denotes the natural log of the approximated
median monthly income of the TPU group i. We approximated the
median monthly income of each TPU group by computing the

Senti;, =y + P, T; + poPOST;; + p;T; x POST;, + p,In(Pop;) + Bsin(Income;) + Area; + €;, (¢})

In(Activity;,) = By + P, T; + p,POST;, + p;T; x POST;, + p,in(Pop;) + Psin(Income;) + Area; + €;, 2)

where:

e i denotes a TPU group (treatment group or control group of a study
area) and t represents month.

e Senti;, represents the sentiment of tweets posted in the TPU group i in
month t, while In(Activity;,) is the natural log of the tweet activity of
the TPU group i in month t. Since the DID analysis was conducted
monthly, Senti;, was computed as the percentage of positive tweets
minus the percentage of negative tweets in TPU group i in month t;
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weighted average of the median monthly income of TPUs in this TPU
group using each TPU’s population as weight.

e Area; denotes the study area fixed effect (Whampoa & Ho Man Tin,
South Horizons & Lei Tung, or Ocean Park & Wong Chuk Hang).

e f35 is a difference-in-difference estimator given by the integration of
T; and POST;; and is the coefficient of interest. It measures the tweet
sentiment and tweet activity effect owing to the introduction of the
MTR stations. If this coefficient is statistically significant in the DID
models, the changes in the variables of interest of the treatment area
are significantly different from those of the control area after line
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Fig. 11. Tweet sentiment change over time for three MTR station-influenced areas.

Table 7
Overall tweet sentiment difference-in-difference analysis results.

6-month period 12-month period Whole research period

Immediate 3-month period

T: x POST;; 0.0030 (0.012) 0.0014 (0.015)
T; —0.0313** (0.014) —0.0321** (0.016)
POST;, 0.0108 (0.009) 0.0099 (0.01)
In(Pop;) 0.0945** (0.04) 0.0749 (0.047)
In(Income;) —0.0087 (0.013) —0.0188 (0.015)
Area Fixed Effect Yes Yes
No. of observations 96 90

AIC —398.87 —352.66

Adjusted R-squared 0.101 0.101

0.0071 (0.018)
—0.0214 (0.019)
0.0090 (0.013)
0.0668 (0.057)
0.0003 (0.019)

0.0224 (0.021)
—0.0346 (0.023)
0.0132 (0.015)
0.1856*** (0.067)
0.0386* (0.022)

0.0091 (0.016)
—0.0265 (0.017)
0.0126 (0.011)
0.1020** (0.043)
0.0058 (0.014)

Yes Yes Yes

90 90 168
—315.75 —287.37 —584.77
—0.018 0.100 0.038

Notes: *, **, and *** indicate statistical significances of 0.1, 0.05, and 0.01, respectively. Standard errors are presented in parentheses. AIC stands for Akaike In-

formation Criterion. The area fixed effect has been added to the model.

extension. The sign of 5 indicates whether the influence of the new
transit stations is positive or negative.
e ¢, is a random error term.

To exam the time lag effects of the influence of new transit stations,
we performed the DID analysis using the time settings shown in Fig. 9.

The involved months in the DID analysis are shown in Table 4:

In addition to the above DID analysis, since the social media data
contains a rich source of information, we further conduct the following
analysis to check how new transit stations affect tweet activity and tweet
sentiment by two different types of tweet users, people who posted
tweets in the station-influenced areas both before and after the opening
of new stations (which are referred as “sustaining users” in this paper)
versus people posted tweets in the station-influenced areas only before

or after the opening of new stations (which are referred as “other users”
in this paper). To ensure a relatively fair comparison, we use the 6-
month Twitter data before and after the opening of MTR stations to
conduct the following analysis.” On tweet activity, we test whether new
transit stations could expand accessibility on a city level. We focus on
the users who posted tweets in the treatment group of each influenced
area both before and after the opening of transit stations. On tweet
sentiment and content, we investigated whether there is a significant
difference in tweet sentiment of people who experienced the change of
MTR transit stations and people who visited the station-influenced area
only before or after. Moreover, in each influenced area, we also analyzed

2 It should be noted that, owing to data availability limitations, only 5 months
of tweets were collected before the operation of Whampoa and Ho Man Tin
MTR stations, while 7 months of tweets were collected before the operation of
South Horizons, Lei Tung, Ocean Park, and Wong Chuk Hang MTR stations.
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Table 8

Tweet sentiment difference-in-difference analysis results for three MTR station-influenced areas.

Transport Policy 120 (2022) 139-155

Influenced area

Immediate

3-month period

6-month period

12-month period

Whole research period

Whampoa & Ho Man Tin

T; x POST;, 0.0272* (0.014) 0.0295* (0.017) 0.0394* (0.020) 0.0386 (0.030) 0.0300 (0.022)
T; —0.0463*** (0.012)  —0.0463*** (0.014)  —0.0463*** (0.017)  —0.0463* (0.025)  —0.0463** (0.020)
POST;, —0.0001 (0.010) 0.0054 (0.012) 0.0003 (0.014) 0.0108 (0.021) 0.0064 (0.016)
Num 34 34 34 34 62
AIC -170.83 -156.52 —147.00 -119.54 —246.84
Adjusted R-squared 0.406 0.325 0.217 0.126 0.132

South Horizons & Lei Tung T; x POST;, —0.0578%* (0.024) —0.0610%** (0.022)  —0.0276 (0.043) 0.0163 (0.042) —0.0241 (0.034)
T; 0.0364* (0.019) 0.0364** (0.017) 0.0364 (0.034) 0.0364 (0.032) 0.0364 (0.03)
POST;, 0.0126 (0.017) 0.0132 (0.015) 0.0228 (0.030) 0.0148 (0.030) 0.0136 (0.024)
Num 38 38 38 34 58
AIC ~141.99 —-148.73 —98.26 —-90.43 -167.25
Adjusted R-squared 0.113 0.165 —0.043 0.089 -0.017

Ocean Park & Wong Chuk Hang ~ T; x POST;, 0.0174 (0.019) 0.0184 (0.022) —0.0053 (0.021) 0.0059 (0.021) 0.0117 (0.019)
T; 0.0057 (0.015) 0.0057 (0.017) 0.0057 (0.017) 0.0057 (0.016) 0.0057 (0.017)
POST;, 0.0118 (0.014) 0.0107 (0.015) 0.0211 (0.015) 0.0136 (0.015) 0.0127 (0.013)
Num 38 38 38 38 62
AIC -157.76 —-150.03 -151.97 -153.33 —250.11
Adjusted R-squared 0.128 0.096 0.006 0.015 0.071

Notes: *, **, and *** indicate statistical significances of 0.1, 0.05, and 0.01, respectively. Standard errors are presented in parentheses. AIC stands for Akaike In-

formation Criterion.
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Fig. 12. Footprint comparison of sustaining users in Whampoa & Ho Man Tin.
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Fig. 13. Footprint comparison of sustaining users - South Horizons & Lei Tung.

the positive tweet text content with respect to two types of users before
and after the operation of transit stations.

3.2. Social media data analysis

3.2.1. Tweet sentiment analysis

To determine tweet sentiment, we used a three-class text classifica-
tion approach, i.e., the sentiment of a tweet could be positive, neutral, or
negative. This was performed using VADER (Hutto and Gilbert, 2014), a
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lexicon and rule-based sentiment analysis tool specifically attuned to
social media data. Besides estimating the sentiment of words, this tool
can also extract sentiment information embedded in special tokens, such
as emojis and emoticons, which are significantly popular on social
media platforms. For the collected tweets, we firstly used Google
Translate’s API to translate all the Chinese tweets into English tweets. In
the translation process, this API can take both the word meaning and the
sequence of words into account. Then, we used ekphrasis (Baziotis et al.,
2018), a text preprocessing tool designed for social media text, to
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Fig. 14. Footprint comparison of sustaining users - Ocean Park & Wong Chuk Hang.
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lowercase all the words and delete and normalize all non-informative
tokens, including URLs and numbers. Next, we used VADER to analyze
the sentiment of each tweet. VADER could provide the probability that a
tweet is positive, neutral, or negative. To determine the sentiment of
each tweet, we chose the sentiment label with the highest probability as
the sentiment of the studied tweet.

3.2.2. Tweet text content analysis

We used word clouds to obtain a general view of the words discussed
by social media users. A word cloud is a visual representation of text
data typically used to depict the word frequency of a large text corpus;
the frequency of a word is related to its size in the word cloud.

4. Results and analysis
4.1. Influence of new transit stations on tweet activity

Fig. 10 presents the change in tweet activity level versus time in three
influenced areas; it should be noted that the tweet activity for each
month is recorded as the number of posted tweets per square meter. The
horizontal axis represents the time starting from May 2016 to Dec 2018.
The black vertical lines indicate the opening month of new MTR line
extensions. It should be noted that we remove the last two months of
data in South Horizons & Lei Tung since less than ten tweets were found
in the treatment group.

From Fig. 10, we observe that before the introduction of MTR sta-
tions, the tweet activity of treatment groups of Whampoa & Ho Man Tin,
South Horizons & Lei Tung is lower than the control groups. On the
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contrary, the tweet activity of the treatment group of Ocean Park &
Wong Chuk Hang is higher than the control group. However, the dif-
ferences between treatment and control groups reduce after the opera-
tion of MTR stations. Also, the tweet activity of the treatment group
remains relatively stable in the studying period, while that of the control
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group declines dramatically after the opening of transit stations. These
results might indicate that the introduction of MTR stations poses a
positive impact on nearby area’s tweet activity.

To quantify the relationship between the introduction of new MTR
stations and tweet activity, we conducted the DID analysis for three
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influenced areas. Table 5 shows the result of an overall DID analysis on
tweet activity with three influenced areas combined, and Table 6 reports
the results of three separate DID analyses, one for each influenced area.
The results in Table 5 show that the introduction of new MTR stations
has a positive effect on the tweet activity in the nearby area, and the
effect is statistically significant after a year of the opening of a new
station. The results are controlled for population, income, and area ef-
fect. The control variables have negative correlations with tweet
activity.

Furthermore, when we separate the analysis into three areas, the
results are shown in Table 6. The T; x POST;, variable appears to have a
positive coefficient in most time settings, yet no statistical significance
has been found. It is also observed that the level of tweet activity
decreased gradually for both the treatment group and the control group.
This result implies that new transit stations positively influence tweet
activity, reverting the downward trend. In these analyses, the control
variables, population and income, can no longer be considered because
they become constant offset for the control group and the treatment
group.

Notes: *, **, and *** indicate statistical significances of 0.1, 0.05,
and 0.01, respectively. Standard errors are presented in parentheses. AIC
stands for Akaike Information Criterion.

4.2. Influence of new transit stations on tweet sentiment

The changes in tweet sentiment versus time in three influenced areas
are shown in Fig. 11. The tweet sentiment is measured by the percentage
of positive tweets minus the percentage of negative tweets. The hori-
zontal axis represents the time starting from May 2016 to Dec 2018. The
black vertical lines indicate the opening month of new MTR line ex-
tensions. The horizontal red lines show the sentiment level of all the
filtered tweets posted in Hong Kong. These figures show that the
introduction of MTR stations has a mixed effect on nearby areas.

The results of the DID analysis for the three areas combined are
presented in Table 7. The treatment effect is positive but not significant
for the whole study time, suggesting that the introduction of MTR sta-
tions has a positive but not significant impact on tweet sentiment of
nearby areas. We also found that the tweet sentiment level is higher in
areas with a larger population. The difference in income has a limited
influence on the tweet sentiment.

To further exam the effect of new MTR stations on tweet sentiment of
nearby areas, we conducted the DID analysis between tweet sentiment
and the introduction of MTR stations separately for each area. The re-
sults are shown in Table 8. In the Whampoa & Ho Man Tin area, the
opening of MTR stations has a positive effect on tweet sentiment in the
short term, as shown in tests with the time setting of “Immediate”, “3-
month period”, and “6-month period.” The treatment group is associated
with lower tweet sentiment before the opening of MTR stations, and this
trend is reverted right after the opening of MTR stations. However,
opposite effects are found in South Horizons & Lei Tung. The tweet
sentiment is lowered after the opening of MTR stations in the short term.
These short-term effects, positive or negative, become not significant in
the long term. In the area of Ocean Park & Wong Chuk Hang, new transit
stations pose a positive but no statistically significant impact on the
tweet sentiment of station-influenced areas.

4.3. Differences in the effect of new transit stations by user type

We further conduct the following analysis to check how new transit
stations affect tweet activity and tweet sentiment by two different types
of tweet users, people who posted tweets in the station-influenced areas
both before and after the opening of new stations, referred to as sus-
taining users, versus people posted tweets in the station-influenced areas
only before or after the opening of new stations, referred as other users.

First, we test whether new transit stations could expand accessibility
on a city level. We focus on the users who posted tweets in the treatment
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group of each influenced area both before and after the opening of
transit stations. We found that the introduction of the MTR transit sta-
tions expands the locations that sustaining station-influenced users visit
in most cases.

Fig. 12 shows the footprint comparison of these users before and
after the introduction of Whampoa and Ho Man Tin MTR stations. We
could see that there is not a significant difference in footprints before
and after the new MTR stations’ opening date.

Fig. 13 shows the footprint comparison of these users in South Ho-
rizons & Lei Tung. More footprints were found in other places, such as
the southwest islands and Hong Kong Island. This indicates that the
introduction of South Horizons and Lei Tung MTR stations may
encourage people to visit other places in the city.

In Fig. 14, the footprint comparison of users in Ocean Park & Wong
Chuk Hang shows that after the introduction of Ocean Park and Wong
Chuk Hang MTR stations, more footprints were found in the southwest
islands, people in the nearby area visited more places in the city. This
indicates that the introduction of Ocean Park and Wong Chuk Hang MTR
stations promotes accessibility.

Moreover, to understand whether there is a significant difference in
tweet sentiment of people who experienced the change of MTR transit
stations and people who visited the station-influenced area only before
or after, we compared the tweet sentiment and content between sus-
taining station-influenced users and other users before and after the
opening of transit stations.

Fig. 15 shows the changes in tweet sentiment for sustaining users and
other users in Whampoa & Ho Man Tin. We found that these two new
stations attracted new people to visit the station-influenced area, and
these people posted more positive tweets.

We also generated word clouds of positive tweets before and after the
opening date of Whampoa and Ho Man Tin Stations (Fig. 16). After the
introduction of Whampoa & Ho Man Tin MTR stations, besides food and
popular place names, words like “festival”, “restaurant”, and MTR sta-
tion relevant information appeared in the positive tweets posted by
other users, implying that the activities of people who first visit the
station influenced area become more diverse.

Fig. 17 depicts the tweet sentiment change of sustaining station-
influenced users and other users before and after the operation of
South Horizons and Lei Tung MTR stations. There was not a big differ-
ence in tweet sentiment of other users, while the tweet sentiment of
sustaining station-influenced users was lowered after the opening of new
transit stations.

Fig. 18 presents the word clouds of positive tweets posted by two
different users before and after the operation of South Horizons and Lei
Tung MTR stations. Comparing to the sustaining users, the activities
reported by users who first visited South Horizons & Lei Tung become
more diverse after the new MTR stations’ opening date, since words such
as “adventure”, “photography”, and “store” appear.

In the area of Ocean Park & Wong Chuk Hang, the tweet sentiment
change by user type is given in Fig. 19. New transit stations positively
influenced both types of users.

Fig. 20 presents the word clouds of positive tweets posted by two
different users before and after the operation of Ocean Park and Wong
Chuk Hang stations. There was not a significant difference in the tweet
content change of positive tweets. A wide range of activities was
mentioned by two types of users in both the “before and after” time
periods.

5. Discussions and implications on new transit station
development

The analysis above suggests that the introduction of the new MTR
transit stations generally promotes more tweet activity yet has different
effects on people’s tweet sentiment for the three influenced areas. While
the tweet sentiment in Whampoa & Ho Man Tin is positively influenced
by the introduction of new MTR transit stations, the opposite is observed
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for South Horizons and Lei Tung. This may be due to the different local
characteristics of these station-influenced areas. Hence, we review the
land use and POI data in the treatment group of each study area and
check the possible reasons leading to the difference in tweet sentiment
change after the introduction of MTR stations.

In the area of Whampoa & Ho Man Tin, the land use distribution and
the number of top 8 types of POIs are given in Fig. 21. The treatment
group was mostly composed of residential areas with high density.
Moreover, there were many attractive POIs for visits, such as fast-food
restaurants and supermarkets. The introduction of MTR stations had
positive impacts on nearby area’s tweet activity, which may invite more
people to visit nearby POIs and positively influence sentiment in social
media.

Fig. 22 shows the land use and POI distribution for South Horizons &
Lei Tung. Unlike Whampoa & Ho Man Tin, except the residential area,
there was also a large proportion of forest and scrub, which had served
the local people as a great place for exercise such as walking and jogging
for years. Moreover, this area also had a limited number of POIs to serve
the local people. However, after the introduction of South Horizons &
Lei Tung MTR stations, more people came to visit this place and might
use the services provided by the local neighborhood, which may lead to
a negative influence on tweet sentiment of the station-influenced area.

The land use and POI distributions of Ocean Park & Wong Chuk Hang
are shown in Fig. 23. Unlike the other study areas, this area was mostly
composed of forests, scrub, parks, and tourist attractions. Also, Ocean
Park Hong Kong, one of the largest theme parks in Asia, is located in this
area and directly served by the Ocean Park MTR station. People who
visit here would be most likely to take recreational trips. After the
introduction of MTR stations, the type of activities in this area did not
change greatly. Hence, new MTR stations may pose a positive but not
significant impact on nearby area’s tweet sentiment.

6. Conclusions

Many studies have reported the positive effects of urban transit sta-
tions on public transit share and surrounding property value; however,
the influence on nearby area’s sentiment in social media remained un-
clear. This study is the first to evaluate the treatment effect of new
transit stations on people’s sentiment and activity using Twitter data.

Based on the case of Hong Kong, we focused on three areas influ-
enced by two new MTR line extensions opened in 2016 and estimated
whether the introduction of transit stations could lead to significant
changes in nearby area’s tweet sentiment and tweet activity. When
combining the results for the three influenced areas, we found that the
transit stations had a positive impact on influenced areas’ tweet activity,
and the positive impact became significant after six months of the
opening of a new station. Moreover, based on the footprint analysis, new
transit stations encourage people in nearby areas to visit other places,
which suggests that new transit stations can strengthen the connection
between the station-influenced areas and other parts of the city. By
checking the raw Twitter text, even though new transit stations do not
significantly change the types of activities of people who live or work
nearby, more people used MTR’s service as their travel mode after the
introduction of MTR stations.

The influence of new transit stations on tweet sentiment varies by
location. In a short term after the opening of new transit stations, some
areas showed a positive change in tweet sentiment while some areas
showed a negatve change. These short-term effects, positive or negative,
become not significant in the long term. This result indicates that the
development of the urban transit system in Hong Kong is not necessarily
welcomed by all people in nearby areas in a short term.

This study provides new insights into understanding the influence of
transit system development on local neighborhoods. The models and
tools developed in this study can offer policymakers a quick way to
check the local influence of a new transportation project and act as a
reference tool for future transportation system development.
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However, it is important to highlight the main limitation of this
study: Twitter users do not constitute a representative sample of resi-
dences in Hong Kong. In future work, traditional methods, e.g. surveys
and interviews, should be carried out to study the impact of urban transit
stations on people who are not active in social media.

Within the background of the Belt and Road Initiative (BRI), many
cross-country infrastructures such as airports and railway stations are
being built. The framework presented in this study can help policy-
makers gather opinions locally and evaluate a project’s regional impact.
The social media analysis method used in this study, including text
mining and sentiment analysis, can be easily extended to multiple lan-
guage analysis for Singapore, Malaysia, as well as other regions in the
belt and road plan. The developed tools could contribute to analyzing
the influence of cross-country projects on the local neighborhood in the
belt and road plan.
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Appendix. Tweet filtering process

The tweet filtering process used on the collected social media data in
Hong Kong is as follows:

1. Only consider tweets in English and Chinese.

2. Remove verified accounts. An account may be verified if it is deter-
mined as an account of public interest (Makice, 2009). These ac-
counts are mostly managed by governments, companies, etc., and are
not representative of people’s sentiment and an area’s people
activity.

. Only keep geocoded tweets.

. Remove bot accounts. Social media bot accounts can automatically
create posts such as advertisements and daily news, which are
irrelevant to people’s sentiment and an area’s people activity level.
These accounts should be deleted to produce more reliable results.

. Remove tweets posted by temporary visitors. In this study, we define
Twitter users as temporary visitors if the time span between their
first tweet and the last tweet in Hong Kong is less or equal to 7 days.

In the above tweet filtering process, detecting bot accounts is
significantly difficult. We firstly used Botometer (Davis et al., 2016) to
find and filter bots. Botometer, which has been used in previous studies
(Hasnat and Hasan, 2018), provides the bot-likelihood score of a user by
analyzing the user’s recent activity. A higher score implies that the user
is more likely to be a bot. However, as there is no predefined cut-off
value to classify a user as a bot, we manually reviewed a randomly
selected sample of user profiles and determined whether they were
bot/organizational accounts or humans. From our review process, we
finally set the threshold of 0.4 and, thereby, only kept users whose bot
likelihood score was less or equal to 0.4. However, after using Botometer
with a cut-off value of 0.4, we noticed the presence of some bot accounts
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in the collected data. After analyzing the bot accounts in our dataset, we
found the geolocation of tweets posted by these users was almost
identical. Hence, we chose to remove accounts which had almost iden-
tical latitude-longitude pair in their posted tweets. After testing multiple
threshold values, we determined that if 60% of the tweets posted by a
user presented almost identical latitude-longitude information, the user
was a bot and decided to delete this user.
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