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the past decade. The purpose of this research is to systematically review Accepted: June 28, 2023

the evolution of big data's role in revealing social dimensions of urban Available online: November 16,
mobility and discuss how they have contributed to various research 2023

domains from early 2010s to now. Six major research topics are detected
from the selected online academic corpuses by conducting keywords-
driven topic modeling techniques, reflecting diverse research interests
in networked mobilities, human dynamics in spaces, event modeling,
spatial underpinnings, travel behaviors and mobility patterns, and
sociodemographic heterogeneity. The six topics reveal a comprehensive,
research-interests, evolution pattern, and present current trends
on using big data to uncover social dimensions of human mobility
activities. Given these observations, we contend that big data has two
contributions to revealing social dimensions of urban mobility: as an
efficiency advancement and as an equity lens. Furthermore, the possible
limitations and potential opportunities of big data applications in the
existing scholarship are discussed. The review is intended to serve as
a timely retrospective of societal-focused mobility studies, as well as a
starting point for various stakeholders to collectively contribute to a

desirable future in terms of mobility.

1 Introduction

Ranking top as the uppermost value and the freedom to move and reflecting a profound stratifying
factor for modern time, mobility represents individuals” social capital and contributes to social differ-
ences (Cwerner et al., 2008; Elliott & Urry, 2010; Kaufmann, 2014; Larsen et al., 2006;). In modern
research paradigms, scholars no longer simply consider mobility as transportation flows of humans in
space and time; rather, mobility implies the evidence of change or of growth, the tool for understanding
city dynamics, the pulse of the community, and essentially, the metabolism of the city itself (Burgess,
1926). In a recent review from , et al. (2022), mobility is conceptualized as “spatial movements, social
phenomenon, policy tool and indicator for economic activities.”
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Alongside the evolving connotations of mobility, the advent of new technologies, faster and higher
capacity modes of transport, and innovative mobility tools have profoundly shaped social dimensions of
urban mobility. With finer data granularity, a greater volume of data quantity, as well as more extensive
coverage, human mobility big data has demonstrated great potential to reveal more sophisticated travel
behaviors of different socio-economic groups, marking a leap forward when compared to small-sample
travel survey data collected via traditional approaches (Hasan & Ukkusuri, 2014; Gkiotsalitis & Statho-
poulos, 2016; Luo et al., 2016; Y. Wang et al., 2018; Zhou et al., 2021). Alongside these studies that
based on traditional data-collection approaches, studies based on passive big data sources entered as a
game-changer that allow researchers diving into more complex interactions and network mechanisms.
For instance, cellular network data allow authors to capture the nearly entire population of mobile users
(Poorthuis et al., 2021; Puura et al., 2018; Sun et al., 2013). This was hardly imaginable before.

Based on papers identified through a keyword-driven selection which has been conducted on two
comprehensive online academic databases (Web of Science and Scopus), this review article aims to ad-
dress the following research questions:

1) To what extent has the utilization of big data broadened the research scope within the field of

human mobility studies? and what novel topics have been expedited as a result of its application?

2) what are the opportunities and limitations faced by the identified papers, which are a sample of

the increasingly enlarging body of literature on social dimensions of urban mobility facilitated
by big data?

A quick answer to the proposed question is that big data’s contribution to different research arenas
is heterogeneous and the focused research topics driven by big data evolved from time to time, for ex-
ample, papers focusing on networked mobilities have long been a subject of enduring research interest,
whereas studies related to event modeling have emerged more recently and constitute a niche research
area. The ensuing text is organized as follows to elaborate this. Section 2 reviews big data’s evolving roles
in accelerating information richness of sophisticated human mobility activities across various disciplines,
i.e., from simple toolkit advancement to bridging interdisciplinary dialogues. Section 3 presents the
methods underpinning our systematic literature review, including database selection, search criteria,
screening processes, and analytical method. Section 4 discusses the detected topics and topic evolution
from time to time, which helps us answer the research questions. Section 5 concludes.

2 Big data in urban mobility studies: A systematic review

The term “big data” was originally used to describe datasets that were too large or complex to be pro-
cessed by traditional analytical tools (Manovich, 2015), with volume, variety, and velocity as three main
attributes. Nowadays, the term tends to appertain to sophisticated behavior analytics, predictive analyt-
ics, and other related methods. While big data’s extensive usage has a rather short history, the observa-
tion, and evaluation of human mobility and derived societal investigation are long-lasting. Even without
any data, whether small or big, scholars from various backgrounds have authored seminal works by
observing urban street activities (Jacobs, 1961; Whyte, 1988), shooting photos or time-lapse videos
(Milgram, 1977; Whyte, 1988), and/or conducting onsite field studies (Blau, 1977; Simmel, 1995).
Their works laid fertile ground for researchers interested in general urban sociology as well as mobility-
focused studies.

With big data’s arrival, some scholars have made seminal advancements in revealing new and in-
sightful social dimensions of urban mobility (Noulas et al., 2012; Sun etal., 2013; Q. Wang et al., 2018)
whereas others have questioned concerning the collection, analysis, and ethical issues of big data applica-
tions in social science domain (Crompton, 2008; Goldthorpe, 2015). The consensus reached by both
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sides is that some fields are more suitable to be boosted by big data (e.g., social network analysis), and
others are not (e.g., entity recognition or subjective perceptions) (Halford & Savage, 2017).

Looking beyond the advanced algorithms and improved data analytics, the societal fabric reflected
by more recent scholarship on mobility differentiate broaden our horizons of mobility, which now go
far beyond physical transport or movements. This is similar to how Burgess discerned the differences
between money and capital (1926), which was attended and examined by Marx (1867) before. There-
fore, living in a technological and data-rich era, it is an opportune time to review how the studies born
in a big data era can be connected to previous paradigms. This section aims to systematically review the
evolution of big data’s role in revealing social dimensions of urban mobility and discuss how they have
contributed to different research domains.

2.1 Empowering traditional mobility research with big data’s capacity

Prior to the arrival of big data, the scholarship on mobility heavily relied on travel journals and surveys,
which are typically costly, untimely, and limited to a small sample size (Stopher, 2009; Stopher &
Stecher, 2006). Since the beginning of this century, rapid information technology developments have
provided more cost-effective data resources, which could be exploited to facilitate innovative research
approaches to complex human behaviors and travel dynamics.

The emergence of fine-granularized, time-stamped, and geo-coded data has greatly extended the
studies on human mobility dynamics, which used to be confined by travel survey analysis. On the one
side, an important advancement of this stream of studies is that they have validated a wide range of
existing knowledge from those survey-based studies. This has demonstrated the inherent consistency of
knowledge, regardless of data types, big or “small.” For example, Chudyk et al. (2015) used travel jour-
ney data from 150 participants collected in 1 to 7 days to reveal senior adults’ trip preferences and found
the most relevant destinations were grocery stores, malls, and restaurants/cafés; later, researchers utilized
millions smartcard data records in Beijing and reached comparable conclusions (Shi et al., 2021). On
the other side, big data allows researchers to investigate some nuanced and subtle travel behaviors that
are likely to be neglected in traditional travel journey surveys. For instance, Zhou et al. (2020) took
advantage of smartcard data in Beijing metropolitan area and identified “familiar strangers” in the metro
transit system who shared a portion of similar trajectories and reflected potential proximity in social sta-
tus and daily routine regularity; Long et al. (2016) recognized commuters with extreme travel behaviors
(defined as very early or late, or long or frequent trips) and identified their jobs-housing distribution.
Due to the limited sample sizes of conventional datasets based on small samples, such nuanced travel
behaviors and related social groups are very likely to be neglected, therefore, big data have enlarged the
existing research scope and allowed more studies on subpopulations. This could result in more innova-
tive clustering analyses or categorization and sophisticated and nuanced findings.

While a series of innovative works emerged, the common pitfalls in big data also led to some re-
search deficiencies. First, most big datasets are not multivariate, especially at the individual level, which
forces researchers employ multiple data sources by different organizations, for different spatiotemporal
resolutions, and in different statistical units. The lack of multivariate nature pushes researchers to fuse
big data from various sources or even link big data and “small” data without common keys. This could
possibly lead to inferior data quality and misleading results.

Second, big data is often predominantly collected from specific social groups and for particular
business purpose, which could result in overrepresented populations or biased sampling. This could
neglect or even possibly harm the underrepresented social groups (Howe & Elenberg, 2020). Studies
utilizing big data to investigate different research questions (senior mobility, street walkability, willing-
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ness to travel, etc.) report common research limitations that their findings suffer from biased samples
and limited curation for long-term research purposes (Gkiotsalitis & Stathopoulos, 2016; Kandt &
Leak, 2019; Su et al., 2019)

Third, due to the unequal information, technology, and communication (ITC) infrastructure de-
velopment across the globe, the tendency of big data dominance in academia would riskily exacerbate
research inequality since the most underdeveloped countries could hardly collect, process, and analyze
big data to meaningful engage in related research dialogues.

In sum, the first two decades of this century have witnessed rapid ITC advancements, which had a
profound impact on mobility research. The emergence of multi-format, fine-granularized, large-sample,
and nearly real-time big data sources greatly extended the research scope and depth of traditional mobil-
ity studies, allowing scholars to re-validate existing knowledge as well as investigate more social issues
and topics concerning mobility. This stream of studies also reflects scholars’ dilemma in using “small”
data and/or big data. This remains a hot and overarching debatable topic hitherto.

2.2 Embracing uncertainty and complexity of big data

Human mobility data could be categorized into two types: one is recorded and stored on a massive level
to depict population’s characteristics, while another is a vector format and recorded on an individual
basis to reflect human movement dynamics (Haraguchi, 2022). Traditional datasets (e.g., travel surveys
and censuses) enable scholars to understand population distribution and its sociodemographic features;
however, with the advent of multidimensional big data, researchers are able to understand more dy-
namic human movement and activity patterns (Birenboim et al., 2015; Etter et al., 2013; Gonzélez et
al., 2008; Huang et al., 2015; Rashidi et al., 2017; Shoval et al., 2015; Song et al., 2010; Xu et al., 2018).
Since most emerging (big) data are not collected purposedly for the scholarship on human mobility,
there remain many uncertainties and complexities in terms of their appropriate role in advancing the
scholarship.

Emerging data’s sources could be categorized as follows: a) financial activity logs to reveal indi-
vidual’s movement and consumption activities (Brockmann et al., 2006; Singh et al., 2015; Sobolevsky
etal,, 2014), b) call detail records (CDRs) to reflect both individual and interpersonal movement pat-
tern (Gonzalez et al., 2008), ¢) vehicle trajectory data to demonstrate fine-granularized spatio-temporal
dynamics of a specific type vehicles, for example, taxi trajectories as a popular data source (Yuan et al.,
2013), d) public transit smart-card data (SCD) which records massive detailed boarding and alighting
activities of huge number of transit users (Hasan, Schneider et al., 2013), and ¢) location-based social
media platform (e.g., twitter posts, Flicker photos, Weibo tags, etc.) to characterize geographic places
as well as recognize human mobility pattern (Cheng et al., 2011; Cho et al., 2011; Hasan, Zhan et al.,
2013). Besides, some studies also investigated innovative data sources, for example, wireless network
visits (Liang et al., 2016; Traunmueller et al., 2018), internet browsing (Y. Wang et al., 2018), and
linguistic data (Wu et al., 2016). Table 1 summarizes the characteristics of different emerging data that
have been exploited in the existing scholarship on human mobility.

AsTable 1 presents, big data firstly emerged in the latter half of the first decade of the 21st century
and were widely exploited in the scholarship. They have threefold impacts on the scholarship. To begin,
more connotations of human mobility patterns are defined. Mobility is no longer narrowly defined by
common daily travel or occasional long trips but is also linked to credit card transactions, social media
checked-ins, phone calls with friends, or a Wi-Fi network visits. The linkage disclosed new issues that
have not been examined before. Theoretically, some new relationships related to human movements and
the environment have been hypothesized and tested, for example, the interplay between travel behaviors



Revealing social dimensions of urban mobility with big data: A timely dialogue 441

and weather conditions or air-pollution degrees (Chen, Chen et al., 2021; Wei, 2022; Xu et al., 2020;
Zhao et al., 2018) Methodologically, interdisciplinary dialogues have been introduced, participants of
these dialogues including scholars from fields such as computer sciences, geography, computational
social science, and urban studies.

In the dialogues, participants also faced the inevitable complexities underlying emerging big data
and their linkage to existing “small” data (see Table 1). As noted by Chen et al. (2016), a vast number
of studies utilized the aggregated data, which therefore resulted in a risk of ecological fallacy. The miss-
ing or weak linkages between the aggregated mobility data and individual-level socio-economic data
sources remain a long-lasting research challenge. Furthermore, data enrichment to complement lacking
information in big data sources has gained increasing attention. For example, many transit systems only
record the boarding or alighting activities of travellers rather instead of both. This forced developments
of tools to tackle related issues through deep-learning architecture (Jung & Sohn, 2017), supervised
machine learning (Shalit et al., 2020), and probabilistic model (Cheng et al., 2021). Eventually, it could
be better off for the scholarship advancements if transit systems collected more information regarding

passengers’ boarding or alighting.

Table 1. Advantages and complexities of different types of human mobility data

sample size

Type Definition Advantages Complexities Studies
Financial activity logs | Data collected when | 1) Richer socio- 1) Privacy concerns re- | Brockmann et al.,
purchases or transac- economic attributes lated to individual | 2006; Singh et al.,
tions made by users (e.g., citizenship) financial status 2015; Sobolevsky et
2) Longer-term cover- | 2) Often used in al,, 2014.
age transcontinental
3) Unique attribute mobility analysis,
related to con- samples are biased
sumption activities | 3) Often limited

CDRs

Data collected when
cell phones commu-
nicate with mobile
phone networks

1) Reports cell
timestamps and
the geolocations of
users

2) Provides a large
amount of data

3) Spatial coverage is
large

1) Cell tower density
can affect the accuracy
of locations

2) Privacy concerns if
data are not anony-
mized

3) Biases in mobile
phone ownership

Gonzalez et al., 2008;
Huang et al., 2018;
Jiang et al., 2016.

Vehicle trajectories

Data collected when
vehicles with GPS

tracker are in motion

1) Consecutive re-
cords of movement
paths, including
speed and direc-
tions

2)Efficient in traffic

situation evaluation

1) Time intervals af-
fect data quality

2) Sensor infrastruc-
ture may affect data
collection

3) Difficulty to con-
nect with other big
data sources

Hu, Gao, et al., 2021;
Zhang et al., 2017;
Zheng et al., 2016.




442 JOURNAL OF TRANSPORT AND LAND USE 16.1
Type Definition Advantages Complexities Studies
SCD Data collected when 1) Massive data quan- | 1) Geo-coded by sta- | Briand et al., 2017;
users enter/exit transit tity tion, cannot reflect | Zhao et al., 2018;
stations 2) Spatial coverage is real origin/destina- | Zhou etal., 2021 .
large tion
2) Transfers remain
unknown
3) Some systems only
report onboard
data
4) Public transits
could be a small
fraction of all trips
Location-based social | Data collected when 1) Provides the 1) Coverage limited Candipan et al., 2021;
media users post or check-in geolocations, 2) Only locations Gkiotsalitis & Statho-

on various platforms

timestamps, and
content of social
media posts

2) Provides a large
amount of data

3) Reports high-reso-

lution geolocations

posted by users can
be detected

3) Positioning indoors
is less precise

poulos, 2016; Hasan
& Ukkusuri, 2014.

Others Data collected when 1) Reflect certain 1) Limited sample size | Su et al., 2019; Wang
users log-in a Wi-Fi groups’ behaviors 2) Often collected in a | & Vermeulen, 2021.
network, Camera 2) Limited sample size short period
signaling or browse 3) Limited sample 3) Lower degree of
specific contents on reproducibility
Internet

23 Revisiting spatial and mobility elements of social dimensions

Moreover, the social dimensions of transport and mobility have emerged as an increasingly contentious
area (Lucas, 2012). Travel activities, behaviors, and mode choices are utilized as innovative research
lenses to reflect complex social, economic, and spatial interactions (Jensen, 2013; Sheller, 2014). Re-
search streams adopting these lenses based on our review of the refereed articles collected are synthesized
as follows.

Firstly, using mobility information to infer spatiotemporal and demographic features of social
groups has gained increasing research interest over the decades (Cranshaw et al., 2010; Liben-Nowell et
al., 2005; Toole et al., 2015). As Kaufmann noted (2014), mobility “reflects and creates differences in a
society,” and a vast number of literatures have used mobility-related data as a new toolkit to uncover such
differences across social groups. For example, Luo et al. (2016) extracted users space-time trajectories
from geo-tagged Twitter contents and identified their home and activity locations. By combining user’s
demographic information (extracted from user’s profiles) and their mobility characteristics, they found
that race/ethnicity was the dominant attribute that affects urban human mobility patterns. Similarly,
Wang et al. (2018) compared mobility behaviors of groups with different internet browsing habits. They
found that travellers' internet usage preferences could significantly predict their destination choices,
even though such datasets hardly contain any socioeconomic attributes. Alongside the empirical stud-
ies, some scholars contributed to the methodological advancements that capture different social groups’
mobility behaviors. For example, Yoo (2019) proposed a robust approach to the temporal aspect of hu-
man mobility and suggested a benchmark of 11 to 14 days as the minimum observing period to capture
people’s daily mobility routines.
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While the first category of studies emphasizes on social groups or/and individuals, the second
category zooms into the linkages among them. The latter investigated how existing social network influ-
enced people's travel patterns (Carrasco et al., 2008), and how linkages among people's online/ offline
activities predicted their potential social interactions (Calabrese et al., 2011). Toole et al. (2015) coupled
human mobility and social ties by linking people’s mobility similarity and their predicated visitation
patterns. Findings suggested that the strengths of social ties among people were highly correlated with
their mobility similarity, and such a relationship was capable of conducting empirical measurements in
different urban contexts. The massive and fine-grained bigdata also enables scholars to investigate some
more nuanced social ties, such as the familiar stranger phenomenon in urban transit systems (Sun et al.,
2013; Zhou et al., 2018a, 2018b). By analyzing the transit riders who share a portion of trajectories for
multiple times, they validated and revised the familiar stranger phenomenon that was originally defined
and discussed by sociologist Stanley Milgram in 1977. With the assistance of transit smartcard data, this
small set of studies contributed to a better understanding of social life in transit systems and the probable
attitudes and personalities of urbanites that shape social life and are shaped by social life (Geng & Yang,
2017; Wu et al., 2022).

The third category emphasizes on the inequality and segregation reflected in collective travel pat-
terns. Zhang and Zhao reviewed a series of studies on urban transport equity in the context of China
and re-conceptualized the concept of transport equity, which is characterized by the equitable accessibil-
ity distribution. This distribution is mediated by the local institutional architecture, which is supposed
to achieve equality in social opportunities (2021). In the Western context, there existed more and more
studies on the socio-spatial segregation or exclusion across urban communities and/or groups, with
the assistance of mobility big data (Davidson & Ryerson, 2021; Trasberg & Cheshire, 2021; Xu et
al., 2018). Age (Kandt & Leak, 2019), ethnicity (Jarv et al., 2015; Zhai et al., 2021), gender (Bocker
et al., 2020; Ooi et al., 2021), disability (Grisé et al., 2019), and access to innovative transport modes
(Lovelace et al., 2020; Zhang et al., 2021) are widely discussed research focuses. These studies reflected a
wide range of research scales, from individuals to regions and even the world.. They produced practical
insights into public health measures development, infectious diseases containment, and general social
policymaking.

Studies assessing urban vitality and vibrancy using human mobility patterns as proxies lie closer to
the practice end of the research spectrum and are the fourth stream. Largely inspired by Jan Gehl and
Jane Jacob’s concepts, numerous attempts have been made to identify, evaluate, and analyze human
dynamics through the lens of diversity. The fine-grained big data concerning mobility trajectories across
various transport means have opened the possibility of utilizing those trajectories as an efficient proxy to
measure urban vitalities, which can be measured by the spatiotemporal diversity of human movement
activities (Kang et al., 2021), temporal variations of mobility flows (Sulis et al., 2018), human-land in-
teraction intensity and diversity (Liu etal., 2020), and home-cantered activity coverage (Xu et al., 2015).
This stream of studies enlarged Jacob’s concept that pedestrian flows on streets represent vitality in cities;
moreover, massive mobility data revealed the diversity of people’s movement from limited street observa-
tions to large-scale data computations. Corresponding findings assist in the evolution of New Urbanism
and smart growth strategies in a modern urban context (Lan et al., 2020).

Lastly, Covid-19 has spurred researchers to apply the above concepts under a specific pandemic con-
text. Subsequently, a series of works emerged, contributing to a better understanding of the pandemic, con-
tainment strategies, and corresponding mobility impacts (Hu, Xiong, etal., 2021; Kim and Kwan, 2021).
However, Given the limited room of one paper, we do not separately consider these works as a fifth stream.



444 JOURNAL OF TRANSPORT AND LAND USE 16.1

24 Summary

Since its advent in the early 2010s, big data has penetrated into various research domains and practices.
Its cherished expectations and questioned deficiencies stirred up heated discussions (Aiden & Michel,
2013; Buhl et al., 2013; Walker, 2014). From a fashionable dictum to a leading topic across various
research domains and practices, big data’s applications in human mobility attracted extensive research
interests as well. Figure 1 shows a simple uptick of published research articles themed on both “big data”
and “human mobility” by year, according to the Scopus database. Alongside the general accelerating
research outputs, we are also interested in how different research realms demonstrated (possibly) various
focuses and whether interdisciplinary dialogues have been initiated by the tool advancement of big data.
We aim to answer the above questions in the ensuing sections

Documents by year
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1994 1997 2000 2003 2006 2009 2012 2015 2018 2021 2024
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Figure 1. The number of published research articles themed in “big data” and “human mobility” by year in Scopus

3 Methods

In this section, a stepwise procedure of review methodology is presented, guided by the PRISMA guide-
lines (Page et al., 2021). Besides the methods, a detailed PRISMA checklist is available in Appendix.

3.1 Defining the keyword search strategy

To ensure an effective searching output, each research article is expected to cover the following three
aspects of information, including at least one elements of social dimension attributes, at least one urban
mobility attributes, and at least one application of big data sources. The Boolean logic operator AND is
used between these three sets of search keywords, and logic operator OR is applied inside each keyword
set. Three sets of search terms are identified as below.
* Keyword set A: those denote social dimension attributes, including: social ties, social network,
social relationship, social interaction, human activity, social connection, social group, segregation,
inclusion, exclusion, pr inequality
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* Keyword set B: those denote urban mobility attributes, including: urban transport, urban tran-
sit, bus, public transport, metro, rail, bicycle, subway, automobile, walking, carpooling tram, ride-
hailing or shared mobility.

* Keyword set C: those denote big data related technologies, including: big data, smartcard data,
call detail record, location-based services, GPS data, geotagged data, mobile data, signal data or

crowdsource
3.2 Identifying corpus collections

After a comprehensive review of available online bibliographic databases, Web of Science (WoS) and
Scopus are selected as the two major search databases, considering both comprehensive coverage and
consistency in advance search features. The same searching strategy has been employed in these two da-
tabases to detect specific keywords in the publication title, abstract, and keywords. Only research articles
published in English have been screened in this review.

As a result, WoS reported 119 papers covering all three sets of keywords, and Scopus reported 180
papers in total. To ensure that all papers in the corpus discuss the application of big data in revealing
the social dimensions of human mobility activities, rigorous screening of titles and abstracts has been
conducted to exclude papers indexed with the search keywords but unrelated to the intended topic. For
instance, the definition of the keyword “vertical mobility” could be either one’s social hierarchy move-
ment or the vertical take-off and landing transport means. To avoid this confusion between keywords
written in a similar way but with different meanings, we pre-processed the corpus by manually screening
as the previous section presents, then input the manually fine-tuned corpus into the further analytical
process. After this screening, 85 papers remained from WoS and 77 remains from Scopus. At last, 31
duplicate papers are found and removed, and 130 unique papers from two databases are prepared for
machine learning powered topic modeling. Figure 2 presents the screening process.

Keyword-driven Machine learning powered
paper screening & preprocessing topic modeling

e b( Data cleaning )

Same sea

applied

rching criteria

Scopus
119 papers 180 papers
identified

Corpus for
topic modeling

identified

Y

il Detected research topics &
n ‘( N 137 papers factor scores of each topic
Ecreching excluded : ‘

31 duplicates :
— o o b 5
excluded : Score analysis & interpretation
y :

Corpus:
130 papers identified

Based on topic modeling

( Review findings )

Figure 2. Screening process of the corpus
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33 Topic modeling: Latent Dirichlet Allocation

The Latent Dirichlet Allocation (LDA), one of the most widely accepted unsupervised, probabilistic
modeling methods in natural language processing, was selected as the research tool. First proposed by
Pritchard et al. in 2000 and introduced by Blei et al. in 2003, the LDA analyses the given corpus to
extract the latent topics by modeling the corpus as discrete distribution across topics (Blei, 2012). By
using a matrix decomposition technique, LDA assumes each document is a mixture of topics, and is
capable to visualize the topical clusters. Thus, it allows users to better understand the latent topics pre-
sented through different documents has gained popularity in the literature review (Asmussen & Muller,
2019), content recommendation (Younus et al., 2014), search engine optimization (Mavragani et al.,
2018), consumer complaint analysis (Bastani et al., 2019), and a wide range of other applications. For
the implementation of LDA in this study, coding and visualization were conducted on Python 3.

4 Results

4.1 Optimal number of detected topics

As one of the challenges in applying LDA analytics, determining appropriate number of detected topics
is of great importance to ensure the quality and interpretation of the resulting topics. Although there
is no single established method for determining the optimal number of topics (Gan & Qi, 2021), sev-
eral commonly accepted evaluation tools are helpful in providing insights on topic number solutions,
including perplexity measurements, coherence analysis, and visualization evaluations. In this review, a
coherence analysis is conducted before topic modeling to identify the number of topics that results in
the most cohesive theme and reports a highest coherence score of 0.333 with topic number as 2, and
a second high coherence score of 0.322 with topic number as 6. The results are presented in Figure 3.

According to the coherence analysis results, the optimal number of detected topics for the corpus is
identified as 6. This determination takes into careful consideration both interpretation and visualization
aspects, signifying that a model encompassing six topics is anticipated to effectively capture the most
coherent themes and representative patterns for this corpus.

Coherence Score vs Number of Topics
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0.325 -

0.320 4

0.315 A
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T T T

2 3 4 5 6 7 8 9 10
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Figure 3. Coherence analysis to determine optimal number of detected topics
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4.2 Topic detection, interpretation, and visualization

With the assistance of the LDA, 6 major topics were detected from the pre-processed corpus. Table 2
reports the key terms of each detected topic, topic label, count of related research papers to this topic,
and top 5 high loading documents contributing to the detected topic. It is worth noting that labelling
each bag of key terms from the modeling results can be a challenging task, as it requires researchers to
subjectively grasp the main concepts represented by a set of key terms. To proceed the labelling process,
both manual inspection and word frequency analytics are combined to formulate a set of conclusive

topic labels.

Table 2. Topic modeling results

Topic Key terms and weightings Count | Topic label Top 5 high loading
documents

T1 0.011*"network" + 19 Networked mobilities | Liu & Engels, 2012;
0.011*"data" + 0.008*"mo- W et al., 2011;
bility" + 0.007*"study” Eftelioglu et al., 2022;
+0.007*"analysis" + Lietal., 2022;
0.007*"gps" + 0.006*"urban" Stipancic et al., 2018.
+0.006*"transportation” +
0.006*"road" + 0.006*"time"

T2 0.015*"urban" + 0.013*"data" | 15 Human dynamicsin | Woo & Suh, 2020a;
+0.011*" activity" + spaces Hu et al., 2016;
0.010*"city" + 0.010*"space” Xu, Santi, & Ratti, 2022;
+0.009*"behavior" + Szell, 2018;
0.008*"system" + 0.008*"pub- Hu etal., 2023.
lic" + 0.007*"mobility” +
0.007*"human”

T3 0.016*"data" + 0.012*"event" | 12 Event modeling Cabhill et al., 2022;
+0.007*"model" + Fan & Stewart, 2021;
0.006*"passenger” + Cottrill, 2020;
0.006*"travel" + 0.005*"func- Aoki et al., 2021;
tional" + 0.005*"bus" + Nguyen & Armoogum,
0.005*"traffic" + 0.005*"trans- 2020.
port” + 0.005*"mode"

T4 0.023*"data" + 0.011*"spa- 43 Spatial underpinnings | Liu & Shi, 2016;
tial" + 0.011*"urban" + Woo & Suh, 2020b;
0.009*"study” + 0.008*"social" Jietal., 2021;
+0.008*"city" + 0.006*"mo- P. Wang et al., 2021;
bility" + 0.006*"network" + Nelson et al., 2021.
0.006*"big" + 0.006*"using"

T5 0.012*"travel" + 0.010*"data" | 21 Travel behaviors and | Kang, 2019;
+0.008*"activity" + mobility patterns Hu & Cheng, 2021;
0.008*"time" + 0.007*"ur- Herrera et al., 2016
ban" + 0.007*"model" + Behrens & Newlands,
0.006*"traffic" + 0.006*"trans- 2022;
portation” + 0.006*"user" + Suciu et al, 2017.
0.006*"trip"

T6 0.011*"data" + 0.009*"social" | 28 Sociodemographic Sajeevan, 2019;
+0.007*"city" + 0.007*"mod- Heterogeneity Weth et al., 2017;
el" + 0.007*"activity" + Badji et al., 2021;
0.006*"people” + 0.006*"user” Suetal, 2017; Zhao et
+0.006*"study” + 0.005*"net- al,, 2019
work" + 0.005*"transport”
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Figure 4 (a-f) presents the visualized topics patterns and their most relevant terms. Each circle on
the left represents one major topic detected, and their sizes reflect the proportions of the topics across the
N total tokens in the given corpus. Accordingly, blue bars represent the overall frequency of each term
in the corpus, while red bars represent the estimated number of times a given term was generated by a
given topic. More technical details are available in Sievert and Shirley (2014).
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Figure 4a. Networked mobilities (Topic 1)
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Figure 4b. Human dynamics in spaces (Topic 2)
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Topic 5: Travel Behaviors and Mobility Patterns
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Figure 4f. Sociodemographic heterogeneity (Topic 6)

Among the six detected topics, Networked mobilities (T'1) reflects a wide range of research inter-
ests in utilizing emerging big data sources to recognize and analyze the complex transport networks,

thus, it is labelled Networked mobilities, with 14.2% of tokens captured under this topic. Representative
terms include “network,” “fow,” “centrality,” “railway,” etc. Various transport modes and their derived

networks have been discussed, including public transit (Liu & Engels, 2012), railway (Li et al., 2022),
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and innovative shared mobilities (Zhang et al., 2021). Research papers in Topic 2, which we labelled
Human dynamics in spaces, mainly discuss the details and features of human travel activities, including
travel mode, daily ridership, temporal dynamics, and transit usage. This stream of studies are conducted
in various case cities across the globe, such as Beijing, China (D. Xu et al., 2022), Seoul, Korea (Park &
Chang, 2020), and Rio de Janeiro (Costa, 2022), etc. Event modeling (T3) is rather a niched research
area that represents thematic studies on the early detection of major events from mobility activities (Aoki
et al., 2021) or human’s collective movement patterns during large-scale events (Fan & Stewart, 2021).
Papers categorized in Topic 4 are labelled as Spatial underpinnings, which deal with the geographical
infrastructure’s impact on urban mobility and associated spatial equality. Representative terms include
“spatial,” “network,” “area,” “region,” “station,” etc. Topic 4 is also the largest circle visualized in Figure 4,
as 31% of tokens are captured under this topic, reflecting a long-lasting research interests on this topic.
Topic 5 is labelled as Travel behaviors and mobility patterns, and papers contributing to this topic mainly
analyze the spatial and temporal patterns of travel activities and the derived collective movement pat-
terns are discussed; representative terms include “time,” “trip,” “user,” “passenger,” “cluster,” “service,” etc.
This stream of studies highlight the common usage of big data sources in assessing public transit usage
(Deng & Zhao, 2022; Hu & Cheng, 2021; Sohn, 2016). At last, Topic 6 represents thematic studies
on Sociodemographic Heterogeneity, and it covers a wide range of research topics exploring socio-
demographic differences arising from human mobility. As an illustration, a notable study examined
the correlation between public transit accessibility and healthcare utilization among individuals aged
18-60, both with and without disabilities, in Australia (Badji et al., 2021). The findings of this study
emphasized that enhancing public transport availability could potentially mitigate certain obstacles to
healthcare access experienced by individuals with disabilities.

In sum, the visualized LDA results showcased an efficient way to classify major research streams
with a given corpus, and provide a powerful means to comprehend and interpret the outcomes of the
analysis by offering an intuitive representation of the main topics, and highlighting connections between
topics. Obviously, some detected topics are proximate to one another and even share some top relevant
terms, indicating a stronger logical linkage and shared research interests between these two separate stud-

ies identified by the LDA.

5 Discussion

5.1 Research question 1: Big data’s role in urban mobility studies’ evolution

The first proposed research question aims to reveal whether and to what degree has big data helped us
better reveal the social dimensions of urban mobility across different disciplines. More specifically, what
kind of related studies are more significantly accelerated by the usage of big data across the review period.
It is evident that big data’s influence on human mobility studies is evolving as it develops, and impact
different research domains from time to time. Table 3 summarizes count of papers of each detected top-
ics from 2012 to 2023. The darker the red, the greater number of papers contributing to that topic has
been identified in the specific year.
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Table 3. Topic evolutions from 2010 to 2023

Topicl Topic2 Topic3 Topic4 Topic5 Topic6
2010 0 0 0 0 0 0
2011 1 0 0 0 0 0
2012 1 0 0 0 0 0
2013 0 0 0 1 0 1
2014 0 1 0 1 1 0
2015 1 0 0 1 1 2
2016 0 2 0 3 2 0
2017 0 2 0 2 2 3
2018 3 1 2 2 2 2
2019 1 2 4 7 4 6
2020 4 3 0 7 0 0
2021 2 2 1 10 5 2
2022 6 2 2 3 3 4
2023 1 1 0 2 0

The presence of big data application in the scholarship on human mobility started in the early-
2010s, with a focus on uncovering mobility network attributes (Topic 1) and spatial underpinnings of
human movement (Topic 4) at its early stage. For example, Wu et al. (2011) utilized global positioning
system (GPS) to collect time-location data of participants’ exposure to air pollutions in various scenarios;
Wang et al. (2013) analyzed the complex behavior of 10,000 frequent users of Location Based Social
Networks (LBSNs) and examined the recommendation system based on user’s temporal regularities.
At this stage, major big data sources employed in these studies were either GPS or mobile phone signal
datasets, trying to extract mobility patterns by analyzing the spatial and temporal patterns of different
human activities, namely, GPS trajectories of invited volunteers or Twitter footprints of specific social
groups. Later on, Networked mobilities (T1) shows a more consistent presence in the research domain,
with a peak in 2022, and Spatial Underpinnings (Topic 4) presents a trending research direction since
2019 . A wider range of emerging big data sources have been employed, and the identification of precise
human activities or assessment of derived mobility networks are the dominant topics. For example,
Eftelioglu et al. (2022) proposed a novel deep neural network architecture is to infer modalities of GPS
points in a trajectory with frequent activity changes. Zhang et al. (2021) examined the network of bike
sharing in Shenzhen, China, and found the specific networks are assortative and positive autocorrelated
with evident communities.

Human dynamics in spaces (Topic 2), Travel behavior and mobility patterns (Topic 5), and Sociode-
mographic Heterogeneity (Topic 6) initially show a rather modest presence in early 2010s, and then
increasingly attract research interest since 2017. These three topics share an overlapped interests in the
direction to understand mobility as an important metric for evaluating spatial inequity, as well as policy
tool for mitigating inequity in future development. For Human dynamics in spaces (Topic 2), some schol-
ars examined accessibility to care facilities for ageing people (Yoon & Park, 2022), and some utilized
the crowdsourced data to validate the prevalent imbalance between different transport modal share and
urban surface space allocation in 23 cities across the globe (Szell, 2018); another interesting research in-
terests lie in the specific context of Coronavirus of 2019, rising research interest has been seen to uncover
the social disparities that are (sometimes implicitly) reflected in mobility behaviors, especially under an
uncertain and risky context rendered by the pandemic (Hasselwander et al., 2021). Travel behavior and
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mobility patterns (Topic 5) presents a view to utilize human mobility indicators as proxies to understand
the spatial inequity of accessibility for urbanites with different levels of resources. Qiao et al. (2023)
used mobile phone trajectories of gig drivers working for the ride-hailing platform and mapped their
residential locations. Findings suggest that ride-hailing drivers demonstrate a higher propensity to origi-
nate from neighborhoods characterized by lower income levels and limited access to stable employment
opportunities. Similarly, Chen, Yan, et al. (2021) conducted an investigation on the "last mile problem"
utilizing the Google Map API as a tool. Their findings revealed a clustering of "last mile problem" areas
in economically disadvantaged regions of Chicago. Moreover, the study identified positive associations
between income levels, housing sale prices, and last mile performance scores. Sociodemographic Heteroge-
neity (Topic 6) reflects a new understanding of sociodemographic heterogeneity as innovative mobility
options emerged, and goes further to capture the unequal access to various resources and opportunities
across social groups, for example, food (Su et al., 2017), health care facilities (Badji et al., 2021), public
transit (Kandt & Leak, 2019), etc. Notably, the big-data-driven urban mobility studies in these research
domains reflected a deeper linkage between empirical applications and classic geography theories.

Among the diverse range of topics under scrutiny, Event modeling (Topic 3) emerges as a distinctive
and specialized realm of inquiry. It involves the meticulous examination of human movement patterns
during specific events, including sports events, religious ceremonies, festivals, even natural disasters.
With the assistance of five-month long bus data collected from Beijing, China, Aoki et al. (2018) pro-
posed a framework to detect mega events in advance without incurring any privacy invasion. Compared
to traditional small datasets, big datasets collected from long-span continuous vehicles are typically re-
corded in real-time or near real-time, enabling researchers to analyze human movement patterns as
events unfold. Such important feature facilitates timely decision-making, rapid response planning, and
the ability to adapt strategies based on evolving situations. Nevertheless, the current body of literature
in this stream of studies remains scarce, albeit imbued with optimistic prospects in practical transport
planning and management.

To sum up, we have witnessed an evolution of research topics and an enhancement of analytical
tools employed over time. Inevitably, the corpus analyzed in our paper could not reflect the full scope
of human mobility studies in the past decade due to the limited sample size; for example, some impor-
tant topics were not detected by conducting the LDA, including but not limited to gender inequalities
in mobility (Gauvin et al., 2020), health services (Fu et al., 2021), education (Moreno-Monroy et al.,
2018), and different public facilities (Tahmasbi et al., 2019), and mobility as a service (MaaS) and re-
lated policy studies (Butler et al., 2021). Through this section, it is hoped that studies from various disci-
plines could benefit from our work and further enlarge the research scope by taking advantage of the as-
sistance of advanced analytical tools and multi-sourced big datasets. Together, they contribute more to a
more holistic and up to date understanding of efficient, inclusive, green, and sustainable urban mobility.

5.2 Research question 2: Opportunities and limitations

To date, a series of review papers have examined the big data applications in the existing scholarship on
human mobility, for example, Tao et al. (2021) classified big data utilization into five categories: 1) data
enrichment and travel behavior mining, 2) travel behavior variability, 3) transport system assessment
and planning, 4) evaluating urban structure and function, and 5) environmental and social implica-
tions; Wang et al. (2022) attempted to understand cities by reconceptualizing human mobility as spatial
movements, a social phenomenon, a policy tool, and an indicator for economic activities; and more
reviews are conducted by focusing on a specific topical area, for instance, public transportation (Welch
and Widita, 2019), urban transport equity (Zhang & Zhao, 2021), smart city development (A. Wang
etal., 2021), data mining techniques (Zhao et al., 2016), and Covid-19 related analytics (Hu, Xiong, et
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al., 2021). Few papers zoomed into the social dimensions of human mobility, although mobility itself
is an important slice of urban daily life, and creates differences everywhere and every time (Kaufmann,
2014). Based on the above review, this section aims to respond to the previously proposed research
questions that what are the opportunities and limitations faced by the identified papers, and which are a
sample of the increasingly enlarging body of literature on social dimensions of urban mobility facilitated

by big data?
5.2.1 Big data as efficiency advancement

As discussed earlier, the massive, fine-granularized, time-stamped, and geocoded big data not only help
scholars to validate classic concepts investigated by traditional surveys and observations before, but also
enlarge the research scope by supporting some research questions previously considered not possible,
such as the revelation of global multi-layer network of human mobility (Belyi et al., 2017) or the de-
tailed substructures and spatiotemporal flows characterizing human mobility (Bagrow & Lin, 2012).
From the information richness theory's viewpoint, big data enriches human mobility research by pro-
viding a more comprehensive and granular understanding of individuals' mobility patterns, however,
it also emphasizes the importance of matching the richness of the communication channel with the
complexity and ambiguity of the information.

More specifically in urban mobility research context, some research areas are naturally more data-
sensitive and could accumulate more advantages as the data sources improve. For example, network
studies in the small-data era heavily rely on exquisite experimental design, such as the small-world exper-
iment conducted by sociologist Stanley Milgram to examine the average path length and social networks
in the United States (Travers & Milgram, 1967). Compared to the original research procedures, which
was tracking and analyzing the postcards mailing between Nebraska and Kansa, the big data-driven
replication of it involved over 24,000 emails chains and extended the geographic scope to the entire
earth (Dodds et al., 2003). Zoomed into more recent studies, the network attributes of human mobility
patterns attracted great research interest and contribute greatly to accelerating interdisciplinary dialogues
(Alessandretti et al., 2020; Sun et al. 2013;). On the contrary, some research areas focus on the mobility
attributes that could hardly be captured by big data, for example, the subjective perception in a transit
environment, the individual life event changes, or the socio-economic features of individuals. Therefore,
the significance of small data in the era of big data remains irreplaceable, and more big-and-small data
integrations are expected in human mobility studies (Chen et al., 2016).

Furthermore, some innovative transport modes are intrinsically data-driven. The boosting of shared
mobility since 2017 has attracted scholars’ interest and promoted a vast number of relevant studies. Due
to the nature of modern shared mobility, every action of the user is recorded digitally, and the compa-
nies exploit data analytics as a key tool to enhance their services. On the one hand, a series of works on
shared mobility behaviors emerged (Raux et al., 2017; Saberi et al., 2018; Zhou, 2015); on the other
hand, privacy concerns over shared mobility data usage are flagged. Section 5.2.3 will further discuss
such limitations and pitfalls of big data applications.

5.2.2  Bigdata as equity lens

Alongside technological advancement, big data provide new avenues for our understanding of societal
fabric of cities through the lens of equity. In Section 4, three equity-concerned research topics were
detected from the corpus; they are Human dynamics in spaces (T2), Travel behaviors and mobility
patterns (T5), and Sociodemographic Heterogeneity (T6). This reflects increasing research efforts by
authors to reveal the inequality in various forms of urban mobility and potential mitigations. The major
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contributions of big data in equity-oriented mobility research are twofold.

Firstly, big data enable scholars to unravel those “invisible groups” that could hardly be investigated
in “small” data from traditional sources. For example, extreme commenters, who have particularly bur-
densome commutes, can imply the existence of social and geographic inequalities. These specific groups
might account for a minor share of the entire commuting population, which means they could possibly
be neglected in traditional travel surveys. However, understanding their behaviors is of great importance
in revealing linkages between mobility and well-being, and mental health. With the assistance of a tra-
ditional travel survey and census data, researchers identified a series of explanatory factors of extreme
commuters, such as sex, age, occupation type, mode of transportation, migration, employment status,
etc. (Maoh & Tang, 2012). In a later study using one-week smartcard data of Beijing transit system,
Long et al. (2016) identified 188.9 thousands of riders who have at least one pre-defined extreme travel
behaviors. On the one hand, their findings are consistent with previous studies using traditional travel
surveys; namely, the ratio of extreme commuters to total commuters (Rapino & Fiedls, 2013) and the
explanatory socioeconomic attributes for those behaviors (Maoh & Tang, 2012). On the other hand,
the application of big data enabled Long et al. (2016) to depict the detailed spatiotemporal patterns
of the extreme commuters in a one-week timeframe and detected the job and housing places of them.
Besides extreme commuters, big data also contributed to the study on other disadvantaged groups, such
as the seniors (Kandt & Leak, 2019; Liu et al., 2021), the disabled (Ferrari et al., 2014), and the general
vulnerable population (Zhang et al., 2021). In sum, big data enable researchers to identify, detect, and
understand more subgroups, which can deepen our understanding of transport justice.

Secondly, the trajectories of individuals reflect their “real use of the city” (Ahas et al. 2010), and
empower a series of transport performance assessments, transportation demand management (TDM),
real-time simulation, and policy construction in the short or long term. g et al. (2022) summarized the
“mobility-as-a-policy-tool” studies in four categories: monitoring and mitigating traffic anomaly, under-
standing and predicting urban crimes, understanding and relieving disaster impacts, and predicting and
mitigating the spread of pandemics. This series of studies examined mobility as a source of improving
potential urban practices, and a majority of them have discussed equity issues in their research contexts.
For instance, human mobility data serve as the key input in understanding evacuation movements
after natural disasters (Solmaz & Turgut, 2017), post-disaster recovery in cities (Yabe et al., 2020), and
vulnerability across different social groups (Martin et al., 2020). Similarly, a series of studies have been
conducted in the context of Covid-19 to uncover the heterogeneous adaptions and responses of various
social atoms and groups (Loo et al., 2021; Pan & He, 2022; Zhou et al., 2021), and contribute to more
efficient disease containment strategies and more inclusive policies.

5.2.3 Limitations and opportunities

Given the above-mentioned progresses, multi-source we could tell that big data have greatly unleashed
the research potential to better understand various social dimensions in human mobility in the past de-
cade or so. Although the contributions it brings to different scholars and practitioners are heterogeneous,
big data have generally promoted interdisciplinary dialogues and given rise to a better understanding of
urban social fabric through the lens of urban mobility.

As noted by Chen et al. (2016), the validation and representativeness of big data remain unresolved
in the research domain, and we further argue that these problems have not been adequately addressed
to date. For the majority of big-data-driven human mobility studies we identified and reviewed, the big
data utilized were aggregated at different levels, which therefore poses the danger of making an ecological
mistake and causes problems in integration with other big or small datasets (Chen et al., 2016). Fur-
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thermore, even though the size and amount of such mobility datasets could be massive, they could only
represent the groups using a particular transport mode (e.g., subways or shared bikes) or living in a spe-
cific region (e.g., urban center or suburban areas); therefore, biased sampling remains challenging to be
addressed in future studies. Besides, it's worth noting that the boom of big data-facilitated research could
possibly accelerate digital inequality in academia, especially for regions with weak digital infrastructure,
e.g., the global south. As the importance of digital infrastructure in daily lives and urban practices in-
creases, it generates profound implications for related human mobility studies; therefore, such awareness
of the inequality and divide in digital infrastructure across the globe could be beneficial to create a more
inclusive research agenda. Finally, privacy has been constantly discussed in related studies and scholars

argued the application and employment of big data should be used for “social good” (Poom et al., 2020).

6 Conclusions

Big-data-driven human mobility has attracted considerable research interest in the past decade across
various academic fields. This paper has systematically reviewed the social dimensions discussed in this
arena by conducting a keyword-driven literature selection and the LDA method on the corpus collected
from two widely used academic databases (Web of Science and Scopus). The results suggest six major
topics and assist in re-conceptualizing the social demission reflected in human movement patterns,
including Networked mobilities, Human dynamics in spaces, Event modeling, Spatial underpinnings,
Travel behaviors and mobility patterns, and Sociodemographic Heterogeneity.

Through the review, an evolution of focused research topics from time to time has been observed.
As the analytical techniques developed and the understanding of the societal fabric of human mobility
deepened, the nexus of the studies evolved accordingly. Drawing upon the evolution of research top-
ics, this paper identifies Networked Mobilities as a resilient and enduring area of research, providing a
solid foundation for future studies on human mobility. In addition, Spatial underpinnings and Travel
behaviors and mobility patterns provides valuable insights into the intersection of social justice and hu-
man mobility. These topics have emerged as prominent areas of research, reflecting the current trends
in scholarly inquiry. Among the various topics explored, Event modeling stands out as a specialized area
of investigation. This particular field delves into the intricate analysis of human movement patterns,
leveraging the power of big data. The implications derived from such analyses hold significant practical
relevance.

The review also identifies a few prospective directions that call for additional work. First, active
transport (e.g., walking or bicycling) and the linkages between active human mobility and health, well-
being, and a sustainable environment deserve more focus. Due to the data collection difficulty, few stud-
ies have been seen to explore such relationships with the assistance of big data. Recently, several works
have attempted to understand pedestrian’s satisfaction with traffic flow by using Internet of Things
connected sensors (Carter et al., 2020), or analyzing pedestrian’s route preferences with the assistance
of walking trajectories collected from an activity-based smartphone application (Sevtsuk et al., 2021).
These explorations serve as a good starting point for more work in this field. Furthermore, more integra-
tive analysis of multimodal transport modes is expected. To date, most empirical studies rely on a single
source of mobility datasets and data fusion across different transport modes or analytical scales is still
scarce. Lastly, understanding attitudinal factors and individual perceptions of travel behaviors serve as a
promising field for better transport service operation and policy making (van Acker et al., 2010). Text
analysis on travel blogs (Haris & Gan, 2021; Wang et al., 2019), image recognition (Desjardins et al.,
2021), and internet content related to transport services analysis (Sarram & Ivey, 2022) are considered
as some beneficial attempts at this stage.
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When looking back, we can see a multidisciplinary discussion attempting to elucidate the many
socioeconomic components of human movement patterns. It is hoped that this article will serve as a
starting point for academics, planners, policymakers, and professionals who are interested in collective
efforts on a more supportive, inclusive, and sustainable urban living environment.
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