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ABSTRACT

The rapid development of information and communications technology (ICT) in recent years leads
to the emergence of cyber space and results in the fragmentation of human activities to some
extent. Nevertheless, few studies focused on the exploration of fragmentation, the new character-
istic of human activities, partially due to the limited access to proper datasets. In this work, massive
Call Detail Records (CDR) data and Uniform Resource Locator (URL) data from millions of mobile
phone users are used to extract the activity fragmentation in both cyber and physical spaces. The
relationships between activity fragmentation in the two spaces and built environment factors are
further examined at different geographical scales. The results show that: 1) the spatial distributions
of physical human activity fragmentation (PHAF) and cyber human activity fragmentation (CHAF)
are inversely correlated; 2) compared with PHAF, CHAF are less associated with the built environ-
ment, probably because cyber activities are less restricted in time and space; 3) CHAF are more
influenced by physical fragmentations and the relationships are stable across different cites,
indicating that cyber space cannot be completely detached from physical space; and 4) the impact
of built environment on CHAF and PHAF are different across different cities. The findings not only
shed deeper light on activity fragmentation, but also enlighten the future exploration of its
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association with both cyber and physical spaces.

1. Introduction

With the rapid development of information and commu-
nication technologies (ICTs) and their penetration into
everyday life, there has been a fundamental shift in
human behaviour and lifestyle in recent years (Liu et al.
2022). For example, the use of ICT devices such as lap-
tops and smartphones enables synchronous and asyn-
chronous communication among individuals from any
location and at any time (Alexander et al. 2011). These
changes (e.g. new methods to deliver and obtain infor-
mation) are creating a new kind of spatiality (Ash 2009),
which is generally called cyber space. Cyber space allows
users to generate digital footprints and can be viewed as
an extension and complement of physical space to some
degree (Ash, Kitchin, and Leszczynski 2015; Kwan 2002).
Various human activities, such as shared mobility (i.e.
Uber, e-scooters, and shared bikes), communicating
through APPs (i.e. WeChat or WhatsApp), and website
browsing, can be conducted in cyber space, and
regarded as part of human behaviour that shares the
same inherent social logic of human in physical space

(Hillier and Hanson 1989). Another manifest change
brought by ICTs is the emergence of activity fragmenta-
tion, which is also a distinctive feature of contemporary
human activities. Activity fragmentation refers to the
decomposition of activities into smaller tasks that are
performed at different times and different locations
(Couclelis 2003, 2004). The concept of fragmentation
has been widely used in the field of ecology (Didham
et al. 1996; Fahrig 2019). In urban studies, given that
activity fragmentation is highly correlated with the
degree of ICT development, activity fragmentation indi-
cators may serve as proxies to measure the extent of ICT
advancement, and further be interpreted as an indicator
of digital development, particularly at the urban scale.
For example, activity fragmentation can be utilized to
assess the digitalization levels of different cities and
compare disparities among them, while temporally, it
can help analyse trends during urban digitalization.
Furthermore, activity fragmentation poses challenges
to traditional transportation planning. For instance,
activity fragmentation means that individuals can work
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from any location at any time. Consequently, the tradi-
tional rush hours during weekdays, marked by signifi-
cant traffic congestion resulting from commuting, may
no longer be as prevalent, potentially rendering conven-
tional transportation planning obsolete.

As awareness of human impact on society grows,
there has been a notable shift in policies and planning
approaches, transitioning from traditional place-based
perspectives to human-based views (Couclelis 1998),
leading to a surge in studies focusing on human activ-
ities. Among the massive studies on human activities,
the relationship between human activities and the built
environment has been widely explored using regression
models based on various datasets such as Point of
Interest (POI), and trip-related data (Ballantyne,
Singleton, and Dolega 2022; Yin and Chi 2022). These
research findings also confirm that the built environ-
ment could impact human activities, and provide policy-
makers with valuable guidance on wurban and
transportation planning (Yang et al. 2018; Zheng and
Zhou 2017). However, to the best of our knowledge,
there is a limited body of literature focusing on human
activity in cyber space, particularly regarding its interac-
tion with the built environment, which provides valuable
information from the academic perspective. While some
studies have investigated correlations between cyber
and physical mobility, and others have delved into the
influence of the built environment on cyber visiting
preferences (Zhang et al. 2022; Zhao et al. 2014).
However, none have specifically examined the relation-
ship between human activity fragmentation and the
built environment in cyber or physical spaces.
Furthermore, there is a notable absence of research
directly comparing fragmentation in these two spaces.
Additionally, acquiring spatial datasets that include
simultaneous information in both cyber and physical
spaces is a considerable challenge.

To fill the abovementioned gaps, this study firstly
expands the concept of human activity fragmentation
into cyberspace. Moreover, the association between
cyber human activity fragmentation and the built envir-
onment is also investigated with the corresponding
results in physical space as a benchmark. Using tens of
millions of Uniform Resource Locators (URL) and Call
Detail Records (CDR) of mobile phones, we quantify
activity fragmentation from three aspects (e.g. the num-
ber of fragments, distribution of different sizes of frag-
ments, and the configuration of fragments) for each user
in both cyber and physical spaces. Then, based on the
physical trajectories, four groups of built environment
indicators have been proposed and quantified using
Point of Interest (POl) data, OpenStreetMap, and
MYD13Q1 products from Moderate Resolution Imaging

Spectroradiometer (MODIS). Finally, two groups of OLS
regression models are built. The first group is conducted
across the entire study area (Jilin Province, China), aim-
ing to investigate the influence of the built environment
on activity fragmentation and discern disparities
between cyber and physical spaces. The second group
focuses on various secondary cities within Jilin Province,
aiming to explore spatial discrepancies of such
relationships.

The main contributions of this study are threefold:
First, we expand the concept of human activity fragmen-
tation to cyber space and further quantify it, which are of
great value from an academic research perspective.
Second, we further investigate the influence of the
built environment on activity fragmentation in both
cyber and physical spaces, highlighting the distinctions
between cyber and physical spaces. Finally, besides pre-
senting an analysis covering the entire study area, we
delve into the variances among different geographical
regions, intended to unravel the spatial heterogeneity
inherent in these relationships.

The rest of the paper is organized as follows: Section 2
provides a brief literature review, Section 3 introduces
the study area and datasets used in the study, and
Section 4 presents the indicators and models. Section 5
presents the results, followed by a discussion of the main
findings, conclusion, and suggestions in Section 6.

2. Literature review

The rapid development and extensive adoption of ICTs
have contributed to significant changes in human activ-
ity, which provides urban planners with significant impli-
cations. One of the most important changes is that ICTs
provide us with more flexible methods of conducting
activities (Kwan 2002; Shaw and Yu 2009). For instance,
the substitution of traditional landline phones with
mobile devices eliminates geographical constraints dur-
ing communication. Furthermore, ICTs afford individuals
a set of options; for instance, individuals can shop online
via platforms like Amazon and Taobao or engage in
offline shopping at local stores. Additionally, individuals
can also compare prices online before making purchases
either online or at local stores. These activities, facilitated
by ICTs, collectively constitute cyber space. While pre-
vious studies on cyber space are primarily within the
field of computer science, utilizing complex network
theory to analyse cyber networks based on website
hyperlinks (Adamic et al. 2001; Pastor-Satorras,
Véazquez, and Vespignani 2001). Some human geogra-
phers have also investigated cyber space. For example,
the lack of place and the irrelevance of geographical
distance have been hot topics for a long time and are



still unsolved (Batty 1997; Boos 2017; Dodge 2001; Kwan
2001; Shaw and Sui 2020). In addition to studies solely
focusing on cyber space, some research concentrates on
the relationship between cyber and physical spaces,
identifying their interdependence and complex interac-
tions. For instance, some findings suggest that e-shop-
ping has changed traditional individual travel and
freight shipment patterns (Rotem-Mindali and Salomon
2007). Moreover, research indicates that individuals with
limited access to local shops are more inclined to
engage in e-shopping (Ren and Kwan 2009).
Furthermore, various conceptual frameworks of network
visualization have been proposed to explore human
interactions between cyber and physical spaces (Gao
et al. 2018). Salomon (1986) synthesized four potential
relationships between cyber and physical activity: sub-
stitution (i.e. cyber activities completely replace original
physical activity), generation (i.e. cyber activities increase
physical movements), modification (i.e. cyber activities
change part of physical activities), and neutrality (i.e.
cyber activities have no impact on physical activities).
Historically, due to data constraints, much of this
research has been theoretical or supported by limited
datasets. Additionally, given that cyber space is a newly
emerging field, research remains insufficient, leaving
room for ongoing debates and exploration.

Activity fragmentation is another consequence of the
widespread adoption of ICTs (Shaw and Yu 2009). The
wide availability of mobile devices such as phones and
laptops allows individuals to perform activities flexibly,
almost from anywhere and at any time. Initially rooted in
ecological studies, fragmentation has been extensively
explored such as habitat and forest fragmentation
(Fahrig 2019; Rutledge 2003). Then, Couclelis (2003)
firstly used the concept of activity fragmentation to
assess the reorganization of activities in time and space
due to the influence of ICTs, which were later used in
exploring the shift in work patterns (Alexander et al.
2011; Saxena and Mokhtarian 1997). Acknowledged as
a fundamental theoretical concept, various attempts
have been made to quantify and evaluate fragmenta-
tion. The first attempt was made by Lenz and Nobis
(2007), who identified four types of fragmentation
based on a sample of 1,612 German works with seven
ICT-related variables. More comprehensive and accepted
indicators were developed by Hubers et al. (2008) and
Alexander et al. (2011), who also suggested the potential
impact of the surrounding environment on activity frag-
mentation. They categorized activity fragmentation into
temporal and spatial dimensions and proposed three
indicators for each dimension: the number of activity
fragments (such as an activity that is broken into 50
smaller tasks is more fragmented than an activity broken
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into 5 smaller tasks), the distribution of fragment sizes
(such as an activity consisting of one 10-hour at the
office and one 40 minutes at home is less fragmented
than one 5 hours and 20 minutes both at the office and
home), and the configuration of fragments (such as
smaller tasks that are located nearby is less fragmented
than the tasks that are separated far away). While activity
fragmentation has gained increasing attention, few stu-
dies have expanded this concept to cyber space or con-
ducted comparisons between cyber and physical spaces.

In recent years, numerous studies have focused on
human activities, with a key concern being their relation-
ship with the built environment, which serves as one
representation of various urban structures. A growing
body of studies indicates that the built environment
could influence human activity. For example, Etminani-
Ghasrodashti and Ardeshiri (2015) investigated the
impact of the built environment on human behaviours
using social survey data. Zheng and Zhou (2017)
revealed an association between trip frequency derived
from taxi data and Point of Interest (POI) density. Ye et al.
(2018) explored the relationship between the presence
of catering calculated from Dianping data and the urban
morphology, concluding that ‘block’ and ‘strip’ types
were positively related to catering activities. Lu et al.
(2019) found that the public transport and facility diver-
sity, derived from POI data, could increase Weibo geo-
tagged check-ins. Zhang et al. (2022) examined the rela-
tionship between visiting activity in cyber and physical
spaces and the built environment, asserting that land-
marks and urban nodes could contribute to cyber visits,
while physical visits are more associated with the built
environment. Many studies have explored the relation-
ship between the built environment and various aspects
of human activity, such as frequency and check-ins.
However, fragmentation, another characteristic of
human activity, has yet to be examined in connection
with the built environment.

3. Study area and datasets
3.1. Study area

Jilin Province is selected as the study area. It is located in
the northeast of mainland China, sharing borders with
Heilongjiang, Neimenggu, and Liaoning provinces to the
north, west, and south, respectively. Moreover, it shares
borders with North Korea and Russia. Covering approxi-
mately 191,202 km?, Jilin Province had a population of
around 24.07 million by the end of 2020. As shown in
Figure 1, the province is divided into nine second-level
administrative regions, each exhibiting significant varia-
tions in socioeconomic status, according to government
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Figure 1. The study area Jilin Province, China, and the distribution of more than 10,000 cellular towers within the province, as denoted

by red points.

statistics. The red points in Figure 1 denote the locations
of over 10,000 cellular towers across the study area.

3.2. Datasets

There are five types of data used in this study: Uniform
Resource Locator (URL) data, Call Detail Record (CDR)
data, Point of Interest (POI) data, OpenStreetMap, and
remote sensing imagery data. Noticeably, in URL and
CDR data, to protect the privacy of users, all of the
personal information including user name, phone num-
ber, and other data items are masked. In addition, only
domain names are extracted from the URLs, and no
content of web domains is used in the analysis.

3.2.1. Uniform Resource Locator data

Uniform Resource Locator (URL) data are automatically
saved on the server computer when a user accesses the
Internet via mobile internet. URL data used in this study
were collected on 20 December 2016, with the earliest
record at 00:00:00 and the latest record at 23:59:59.
While Jilin Province has a population of 24 million inha-
bitants, a significant proportion of this population is
unable to utilize mobile devices, such as individuals
under the age of 18, the elderly who lack proficiency in
smartphone usage, and those with specific medical

Table 1. The HTTP URL sample data.

conditions. For instance, according to the 2016
Statistical Yearbook of Jilin Province, there are approxi-
mately 1,051 individuals under the age of 18 per ten
thousand inhabitants. Moreover, the dataset utilized in
this study was sourced from China Unicom, one of
China’s three major mobile operators. The correspond-
ing official reports indicate that by the end of 2016,
China Unicom held a market share accounting for one-
seventh of all mobile users. Based on statistical principles
applicable to large datasets, a sampling ratio exceeding
10% is considered representative. Therefore, the dataset
consisting of 84,052 internet users and around 20 million
online records within the study area is regarded suffi-
cient and representative for researching human activity
fragmentation. According to the records, the number of
web pages visited by users within the day follows
a heavy-tail distribution, indicating that a significant pro-
portion of users browsed a relatively low number of
website domains. Moreover, it is found that fewer than
20,000 internet users have browsed more than the aver-
age of 228 websites. Further examination of these highly
active users revealed that factor such as geographic
location may contribute to the high frequency of web-
sites browsing, such as long waiting time at public
transportation. Additionally, the high frequency of web-
site visits might also be associated with users’ socio-

User ID Cell ID Request Time URLs
46002XXXX619081 1716314811 12/20/2016 00:39:08 wx.glogo.cn
46002XXXX345223 1736722202 12/20/2016 00:38:05 gcn.happyelements.cn
46002XXXX279030 1721714071 12/20/2016 00:38:37 r6.mo.baidu.com
46000XXXX283987 172257162 12/20/2016 00:39:07 weixin.qg.com
46007XXXX500041 1720440083 12/20/2016 00:39:03 mmsns.qpic.cn




economic status. For example, programmers who speci-
fied in mobile applications may generate a significant
volume of browsing records. Thirdly, based on our prac-
tical experience with internet usage, when a user clicks
on a website, they also access multiple embedded
domains within that website, all of which are recorded,
and consequently result in a high average number of
website visits per user. Some examples of HTTP URL data
users in the study are presented in Table 1, including
user IDs, cell IDs, request times, and URLs.

3.2.2. Call Detail Record (CDR) data

When a user accesses the Internet, the physical location
of the user can be approximately inferred based on the
location of the connected cellular tower. In this study,
the locations of the connected cellular tower are
straightforwardly used to estimate users’ locations,
because users’ communication records are only stored
when he/she is within the service range of the con-
nected cellular tower, as shown by the Cell ID in
Table 2. In addition, when a mobile phone communi-
cates with the cellular tower station (signal connection,
phone call, or text message), attributes such as phone
number, time, and status are automatically documented,
which constitute what we call CDR data. However, to
protect the privacy of users, only the information in
Table 2 is used in the study. In total, there are 12,800
cell towers in the study area, and 84,052 users that are
same as the URL data.

3.2.3. Point of Interest (POI) data
Due to their extensive coverage, ease of access, and rela-
tively high accuracy, Point of Interest (POI) data have

Table 2. The Call Detail Record sample data.
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emerged as primary tools for representing the built envir-
onment and investigating its relationship with human
behaviours. In the study area, a total of 527,567 Points of
Interest (POls) were collected and recategorized into eight
commonly used categories, based on the sectoral classifi-
cation standard of Amap (Li et al. 2022), as shown in
Table 3.

3.2.4. OpenStreetMap

The street network data used in this work were extracted
from OpenStreetMap, which is used for the calculation of
independent variables in Subsection 4.1. OpenStreetMap
is an open-access and volunteer geographic information
platform, which can provide massive geodata around the
world for a long time. This study uses the road network
updated on 1 January 2017, which is temporally closest to
the CDR records.

3.2.5. Moderate Resolution Imaging
Spectroradiometer (MODIS)

The Normalized Difference Vegetation Index (NDVI) pro-
duct from MODIS MYD13Q1 is used in this study for the
calculation of landscape indicators in Subsection 4.1. The
NDVI data is generated every 16 days with a spatial reso-
lution of 250 metres. We selected the image on
19 December 2016, which is the closest to the acquired
date of CDR records.

4, Methodology

This section delineates the framework (Figure 2) proposed
in this study, comprising three primary stages. The initial
stage involves extracting indicators to characterize

User ID Cell ID Start Time Longitude Latitude
46002XXXX619081 1716314811 12/20/2016 00:39:08 125.3786111 43.8361111
46002XXXX345223 1736722202 12/20/2016 00:38:05 126.040001 41773333
46002XXXX279030 1721714071 12/20/2016 00:38:37 1253678701 43.8210001
46000XXXX283987 172257162 12/20/2016 00:39:07 126.54569 43.84513
46007XXXX500041 1720440083 12/20/2016 00:39:03 124.07962 44.94448

Table 3. Reclassifying POl based on the sectoral classification standard of Amap.

Reclassification Secondary sectoral classification from Amap API Numbers
Food Restaurant, snack, sweets and dessert, coffee shop, teahouse, and bar 93,090
Shopping Malls, supermarkets, and different stores, such as house building materials, clothing, shoes, hats, leather, sports, and 173,621
electronics.
Life service Beauty salons, bathing, and massage, courier, lottery sales, agencies, laundry, repair, photography and printing stores, 133,799
telecommunication, funeral facilities, post office, baby service, housekeeping, automotive services such as repair, rental,
and sales
Tourist Scenic spots, relics, natural scenery, park, zoo, amusement park, museum, aquarium, beach, and church 10,455
attractions
Leisure Cinema, KTV, sports, fitness center, bath and massage, golf 13,130
Institution Office building, workplace, and institution 70,351
Transit Bus stop, subway station, shuttle, train, port terminal, airport, and transit port 11,334
Lodging Star hotel, apartment hotel, guesthouse, and motel 21,787
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Figure 2. The workflow of the proposed analytical framework.

human activity fragmentation. The second stage includes
defining and quantifying built environment factors, ser-
ving as independent variables in the regression models.
The third stage consists of building two groups of regres-
sion models to investigate the impact of the built envir-
onment on human activity fragmentation.

4.1. Definition of fragmentation

The computation of human activity fragmentation indi-
cators is performed on the individual level, aiming to
reflect the varying degrees of fragmentation in indivi-
duals’ activities. Therefore, the indicators proposed in
this study are universally applicable across different geo-
graphical regions, as long as suitable data is available.
The analytical indicators employed to characterize
human activity fragmentation in this study include
three dimensions: (a) the number of fragments; (b) the

distribution of fragment sizes; and (c) the configuration
of fragments (Alexander et al. 2011; Hubers, Schwanen,
and Dijst 2008). Accordingly, the three dimensions of
activity fragmentation in physical (upper part in
Figure 3) and cyber spaces (lower part in Figure 3) are
illustrated by the three parts (a), (b), and (c).

In physical space, the first dimension of fragmenta-
tion describes that one user’s activity within one day
divided into four locations (Scenario Il of the first dimen-
sion (a) in the upper part in Figure 3) is more fragmented
than another user’s activity consisting of only two loca-
tions (Scenario | of the first dimension (a) in the upper
part in Figure 3). Regarding the second dimension,
although the two scenarios have equal visits, the num-
ber of visits varies for each location. The visits in Scenario
| of dimension (b) in the upper part in Figure 3 are
concentrated in a relatively small number of locations,
which makes the activity in Scenario | less fragmented.



ANNALS OF GIS 423

.....................

.....................

.....................

Physical Space
(a) Number of fragments (b) Distribution of sizes of fragments
Je T Jo T el ‘e o T ‘o e e}
T R S 1 AT B I
I II I 11
(c) Configuration of fragments
e @ . e e TTTTTTTTYH ) [ I i
) / ° A ) / [ X '® ;
[ e’e S o I % L ee T e o
1. Clustering 11. Spread I1I. Multiple local V. Global cluster V. Multiple loca
clusters with outlier clusters and outlier
: Cyber Space
E (a) Number of fragments (b) Distribution of sizes of fragments
Je T Jo T e/ ‘o o i jo e e
i (e e e AT A T S I
] I 1T I II

II. Spread

®  One visit to the given location (website) o

o Three visits to the given location (website) o

Two visits to the given location (website)

Nodes (websites) in cyber mobility networks

Figure 3. The illustrations of the three dimensions of human activity fragmentation in physical and cyber spaces: (a) Number of
fragments; (b) Distribution of fragment sizes; and (c) Configuration of fragments.

Concerning the third dimension (c) in the upper part in
Figure 3, the five scenarios have the same number of
visits. However, from Scenario | to Scenario V, the five
locations into which an activity is divided become
increasingly spread, resulting in more fragmented repre-
sentations of the activity in the scenarios.

To make the indicators suitable for cyber space where
there is no locational reference, some adjustments are
made in this study (lower part in Figure 3). Analogous to
physical space where people visit different locations for
various purposes such as shopping, in the cyber space,
people visit different website domains for different pur-
poses such as watching videos. Thus, analogous to phy-
sical space, the calculation of fragmentation in cyber
space is based on website domains. The calculation of
the first and second dimensions in cyber space are simi-
lar to the physical space with the locations replaced by
websites (lower part in Figure 3(a,b). However, due to
the inherent characteristics of cyber space, characterized
by its timelessness and placelessness (Boos 2017),
directly applying the calculation method of the third
dimension in physical space to cyber space is not feasi-
ble. Therefore, to capture a similar concept of the dis-
persion of visited locations represented by the third
dimension, the clustering coefficient derived from cyber

mobility networks is utilized as the third dimension of
cyber fragmentation. As depicted in the lower part of
Figure 3(c), the activities become more spread and frag-
mented from Scenario | to Scenario Il. The detailed pro-
cedure for computing and constructing cyber mobility
networks is described below.

Cyber mobility networks are directed and weighted net-
works constructed from URL records. The website
domains visited by users are regarded as ‘digital loca-
tions’, which are the nodes of networks. These consecu-
tive ‘digital locations’ are then connected in chronological
order as digital trajectories, which are the edges of net-
works. A cyber mobility network is generated for each
individual using all their records. Subsequently, the clus-
tering coefficient of these networks is computed for each
individual, serving as the measurement for the third
dimension of cyber fragmentation.

The following delineates the specific computational
procedures and provide detailed explanations for each
activity fragmentation indicator in both cyber and phy-
sical spaces. Table 4 presents a comprehensive summary
of these indicators. Initially, the dimensions of physical
fragmentation are elucidated. The mathematical defini-
tion of the first dimension, the number of fragments in
physical spaces, is shown in Equation (1), where L is the
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Table 4. The descriptions of fragmentation indicators in cyber and physical space.

Physical Space

Cyber Space

Dimension Description Symbol Value Description Symbol Value
Number of Total number of visited locations L L>1  Total number of visited websites w W=>1
fragments
Distribution size ~ To measure the distribution ofvisited P-index 0< To measure the distribution of V-index 0<
of fragments number across different locations P-index visited number across different websites V-index
<1 <1
Configuration of ~ To measure the dispersion of work PDy, PD,, > 0 Clustering coefficients based on networks: VD, VDy >0

fragments locations

to measure the dispersion of
websites

number of unique locations visited by the user, n is the
total number of activities performed by the user within
the day, /; represents the number of unique locations
visited in the j activity. The interpretation of this mea-
sure is quite straightforward: a larger value indicates
a more fragmented activity pattern. The second dimen-
sion, the distribution of sizes of fragments, is measured
by the P-index, which is defined in this manner: the
pattern is more spatially fragmented (i.e. the P-index is
close to one) if every location has equal visits rather than
some locations have the vast majority of visits. The
mathematic definition of the second dimension is dis-
played in Equation (2), where n represents the total
number of visiting activities performed by the user,
and pfi,pfy...pf, is the frequency of visiting the 1
2" .. and L™ locations in physical space. The third
dimension represents the configuration of fragments.
A fragment’s configuration is reflected by the standard
distance in physical space (Bachi 1963), which can repre-
sent the distribution of visited locations. The interpreta-
tion is straightforward: the larger the standard distances
are, the wider the dispersion of the visited locations is.
The mathematical definition is shown in Equation (3),
where L; is the i unique location among all visited
unique locations within the day by the user, MC refers
to the mean center of all visited locations, and dj yc is the
distance between the i unique location and the mean
center of all visited locations.

’

n

L=> | (1)

=

The three dimensions of cyber fragmentation are
explained as follows. The mathematical definition of
the first dimension in cyber space is similar to the phy-
sical space, as displayed in Equation (4), where W is the
total number of unique visited websites, n is the total
number of activities performed by the user within
the day, and w; is the number of unique websites visited
in the j™ activity. The second dimension in cyber space,
the distribution of fragment sizes, is measured by
V-index, as shown in Equation (5), wheren represents
the total number of visits conducted by the user, and
cfy, cfy ... cfy is the frequency of visiting the 1%, 2™ ..
and W™ websites in cyber space. This indicator is inter-
preted as follows: a larger V-index indicates a more frag-
mented cyber activity, suggesting that visits to websites
are evenly distributed across all websites rather than
being concentrated on a few. The third dimension of
cyber fragmentation, the configuration of fragments, is
estimated by the average clustering coefficient calcu-
lated from cyber mobility networks, which represents
an overall quantification of the clustering of all websites.
The average clustering coefficient is calculated based on
Equations (6-8), where deg™!(v) is the sum of in-degree
and out-degree of node v,T(v) is the number of directed
triangles through node v, and N is the number of nodes
(Fagiolo 2007). deg” (v) is the reciprocal degree of node
v, representing the number of bilateral edges between
node v and its neighbours, as displayed in Equation 7,
where ay, = 1 if there is a directed edge from node k to
node v and zero otherwise.
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In this study, our emphasis is not on examining every
dimension of human activity fragmentation individually.
Rather, we focus on obtaining an overall estimation of
fragmentation in both cyber and physical spaces. To
achieve this, we conducted principal component analysis
(PCA) separately for the two spaces, which allowed us to
derive overall fragmentation indicators for further investi-
gation. The aggregated indicators resulting from PCA are
defined as cyber human activity fragmentation (CHAF) and
physical human activity fragmentation (PHAF) in the follow-
ing sections. Notably, the first dimension in both cyber and
physical spaces, as well as the third dimension in physical
space, are presented in logarithmic form. Additionally, stan-
dardization was applied to all fragmentation indicators to
ensure comparability.
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4.2. Built environment factors

Fragmentation, as a characteristic of human activity, is also
influenced by the surrounding built environment. However,
since fragmentation describes human mobility, we quantify
the built environment along individuals’ trajectories as
independent variables for regression models. Initially, we
computed the Voronoi diagram of 12,800 cellular towers in
the study area to delineate the coverage area of each tower.
Subsequently, we selected four groups of the built environ-
ment: form, function, landscape, and centrality (Li et al.
2022). The calculations of these variables are based on the
Voronoi diagram, and the detailed computation process is
described in Table 5. Then, the average of the logarithmic
form of these variables along the trajectories can be calcu-
lated, except for tourist attractions (such as scenic spots and
relics), lodgings (such as star and apartment hotels), transit
(including bus stops, subway stations, and shuttles), institu-
tions (such as government and major companies), and
leisure (such as cinemas, KTVs, and fithess centres). Due to
the sparse distribution of these categories, we employed
dummy variables for them. A dummy variable, represented
by binary values of 0 or 1, is utilized to indicate the absence
or presence of a categorical effect that may influence the
outcome. In this study, the dummy variables for the five
categories denote whether a user’s trajectory passes

Table 5. Description of built environment indicators along people’s trajectories.

Std.
Name Definition Data source Min. Max. Mean. deviation Abbreviation
Form
Street length  The average length per square kilometer along people’s OpenStreetMap  —1.121 11.060 5.965 3.019  Ave_length
trajectories (Km/Kmz2)
Street The average number of junctions per square kilometer along OpenStreetMap -7.066 6.932 0.786 1.728  Ave_junctions
junctions people’s trajectories (/Km2)
Function
Food The average percentage of food locations within cells in the  Amap —5.293 0.000 -1.163  0.958 Ave_food
Voronoi diagram along people’s trajectories
Shopping The average percentage of shopping locations within cells in  Amap —4536 0.000 —0.935 0.725 Ave_shop
the Voronoi diagram along people’s trajectories
Life service  The average percentage of life service locations within cells in  Amap —-5.635 0.000 —-1.006 0.716  Ave_life
the Voronoi diagram along people’s trajectories
Leisure Dummy variable: equal to 1 if there exists leisure along the ~ Amap 0.000 1.000 0577 0.494 Dummy_leisure
trajectories; else equal to 0
Tourist Dummy variable: equal to 1 if there exists tour attraction Amap 0.000 1.000 0391 0.488 Dummy_tour
attractions along the trajectories; else equal to 0
Institution Dummy variable: equal to 1 if there exists institution along ~ Amap 0.000 1.000 0.848 0359 Dummy_institution
the trajectories; else equal to 0
Transit Dummy variable: equal to 1 if there exists transit along the ~ Amap 0.000 1.000 0520 0500 Dummy_transit
trajectories; else equal to 0
Lodging Dummy variable: equal to 1 if there exists lodging along the Amap 0.000 1.000 0583 0.493 Dummy_lodge
trajectories; else equal to 0
Landscape
NDVI The average degree of vegetation index per pixel along the ~ Modis 0.000 0.568 0.033 0.046 NDVI
trajectories
Centrality
Betweenness The average betweenness of street junctions per square OpenStreetMap —32.391 0.000 —4.778 7.652  Betweenness
centrality kilometer along people’s trajectories
Closeness The average closeness of street junctions per square kilometer OpenStreetMap —19.102 0.000 —-6.043  5.055  Closeness

centrality along people’s trajectories
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through these five types of built environments. Taking the
tourist attractions category as an example, if a user’s trajec-
tory intersects with tourist attractions such as landmarks,
the indicator representing the tourist attractions category
for that user would be assigned 1; otherwise, the corre-
sponding indicator will be 0.

4.3. Regression models

Ordinary least squares (OLS) regression models have
been selected to examine the associations between
human activity fragmentation (the dependent variable)
and the built environment (independent variables).
There are two dependent variables considered: Cyber
Human Activity Fragmentation (CHAF) and Physical
Human Activity Fragmentation (PHAF). In Model |,
only the built environment indicators are utilized as
independent variables. Conversely, Model Il incorpo-
rates not only the built environment but also the effects
of physical activities, aiming to account for potential
interactions between cyber and physical activities.
Consequently, additional four indicators are intro-
duced: three from physical fragmentation and one
representing the diversity of physical activities.
Specifically, the diversity indicator is determined using
Shannon entropy, a commonly employed measure in
ecology and biogeography (Yue et al. 2017). The spe-
cific calculation formula is shown in Equation (9), where
L denotes all locations visited by the user, f(/) repre-
sents the frequency of visits to the /' location and the
S(f) is the diversity indicator. Models Ill and IV were
designed to explore the spatial heterogeneity of the
relationship between the built environment and
human activity fragmentation, with Model Il focusing
on the physical space and Model IV on the cyber space.
In both models, separate OLS models were constructed
for every city in Jilin Province, based on its administra-
tive divisions. Concerning the degrees of freedom in
models I-1V, the total user sample size exceeds 80,000,
and Baishan city has the smallest user sample of 3,037,
which also substantially exceeds the number of inde-
pendent variables in the OLS models. Hence, the mod-
els are ensured to have enough degrees of freedom.

S(f) =Y _f(l) = In(f (1)) (9)
leL

To address the multicollinearity issues, variance inflation
factor (VIF) and Pearson correlation analysis are per-
formed among the independent variables. Since multi-
collinearity can lead to bias and greatly influence the
results, variables with correlation coefficients larger than
0.7 or VIF greater than 10 are removed (Pan et al. 2020;
Yu and Liu 2021).

5. Results
5.1. Distribution of fragmentation indicators

In Figure 4, every blue point represents the overall frag-
mentation in cyber and physical spaces for one user,
extracted from the URL and CDR records. The X-axis
represents the overall cyber fragmentation (i.e. CHAF),
and the Y-axis represents the overall physical fragmenta-
tion (i.e. PHAF). The two overall fragmentation indicators
(i.e. CHAF and PHAF) are outcomes of principal compo-
nent analysis (PCA), which has condensed the normalized
three dimensions of fragmentation (i.e. number of frag-
ments, distribution of fragment sizes, and configuration of
fragments) into a single dimension. The PCA results indi-
cate that the total explained variation ratios of principal
components in cyber and physical spaces are 83% and
80%, respectively. In cyber space, the factor loadings of
the three dimensions are 0.61, 0.51, and —0.60, respec-
tively; in physical space, the factor loadings are 0.61, 0.57,
and 0.55. The high total explained variation ratios and
high factor loadings in both spaces suggest that the
obtained principal components can effectively capture
the characteristics of the original three dimensions.
Therefore, CHAF and PHAF can provide an overall evalua-
tion of the fragmentation of individuals’ activities in cyber
and physical spaces, guiding subsequent regression ana-
lyses. The histograms in Figure 4 depict the distributions
of CHAF and PHAF, with the top histogram representing
CHAF and the right histogram illustrating PHAF.
Additionally, the two straight lines in Figure 4, a vertical
and a horizontal line, symbolize two distinct user profiles.
The vertical line represents individuals with relatively low
cyber fragmentation but varying degrees of physical frag-
mentation, whereas the horizontal line represents those
with minimal physical fragmentation but varying degrees
of cyber fragmentation.

Using the geographic locations of cellular towers to
approximate users’ physical locations, users are categor-
ized into nine groups corresponding to the nine admin-
istrative cities within Jilin Province. Subsequently, the
average CHAF and PHAF of all users in each administra-
tive city are calculated separately, as depicted in
Figure 5. This visualization reveals an inverse spatial
distribution pattern: cities in the southeast exhibit high
average CHAF and low average PHAF, while cities in the
northwest display the opposite trend.

5.2. Regression results

The indicator representing the number of fragments in
physical space is removed due to the high correlation
with the configuration of fragments in physical space.
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Figure 4. Scatter plot of Cyber Human Activity Fragmentation (CHAF) versus Physical Human Activity Fragmentation (PHAF) for every
user, with histogram at the top showing the distribution of CHAF values, and histogram on the right showing the distribution of PHAF
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Figure 5. (a) Spatial distribution of average fragmentation indicators in physical space (PHAF), and (b) cyber space (CHAF).

The correlation results show that the correlation coeffi-
cients between the rest variables are less than 0.7, and the
VIF values for the rest variables are less than 4, as dis-
played in Figure 6. These findings indicate that multicolli-
nearity is not a significant concern in the models, thereby
enhancing their reliability.

5.2.1. Regression results in physical space

Based on the results of Model | (Table 6), the form
indicators and betweenness centrality are all negatively
associated with PHAF, which means that long roads with
high street junction density and betweenness centrality
reduce PHAF. In general, long roads characterized by
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Figure 6. (a) The Pearson correlation coefficients among the built environment indicators. (b) The Variance Inflation Factor (VIF) values

for the built environment indicators.

high street junction density and betweenness centrality
typically represent the main roads within urban centres,
rather than those situated in peripheral areas. One plau-
sible interpretation for this result is the notable concen-
tration of diverse functions and services within urban
centres. Within these central zones, individuals often
find their needs satisfactorily fulfilled within a single
Voronoi polygon, thereby reducing the necessity to tra-
verse across multiple polygons. Nevertheless, it is also
apparent that individuals may engage in significant
mobility within a single Voronoi polygon, which sug-
gests that the relationship between human activity frag-
mentation and the built environment is correlated with
the spatial scale. Regarding the function indicators, it is
noted that all regression coefficients exhibit a positive
association with PHAF. In essence, the presence and
proportion of these functions can contribute to the
degree of physical fragmentation, especially for tourist
attractions, institutions, transit, and lodging. These four
indicators are typically closely linked to travellers and
individuals at work, who frequently move between loca-
tions for sightseeing or daily work-related activities.

5.2.2. Regression results in cyber space

In terms of cyber space, the form indicators exhibit
a consistent negative correlation with CHAF, as deli-
neated in Table 6. Analogous to the regression findings
observed in physical space, the long roads with high
street junction density reduce CHAF. Typically, such
roads are predominantly situated in urban centres rather
than suburban areas, which are often surrounded by
a variety of facilities like shopping malls or cinemas.

Consequently, individuals on these main roads are
more inclined to engage in physical activities rather
than cyber activities. Regarding the function indicators,
the results exhibit diversity: the shopping and transit
indicators are insignificant, the life service and institu-
tion indicators are negatively correlated with CHAF.
Conversely, the food, leisure, and tourist attraction indi-
cators are positively correlated with CHAF. Among these
function indicators, the leisure and tourist attraction
indicators have the largest regression coefficients, sug-
gesting that leisurely people are more willing to conduct
cyber activities compared with those preoccupied with
other engagements. In sum, compared to physical space,
the number of significant indicators in cyber space is
comparatively fewer, a trend that aligns with the pre-
vious study (Zhang et al. 2022).

As for physical fragmentation (the second and the third
dimensions in physical space) and diversity of physical
activities, the indicators are all significantly associated
with CHAF, of which the configuration of fragmentation
indicator in physical space has the highest regression
coefficient. The significant influence of physical indicators
on CHAF suggests that there exists a notable interaction
between cyber and physical activity, which might mani-
fest as a form of interaction between cyber and physical
spaces (Castells 2020; Zook 2008).

5.2.3. Comparison between cyber and physical
spaces

According to Table 6, the built environment had
a stronger explanatory value for PHAF (R*=0.29) than
CHAF (R?=0.25). Since some cyber activities are inspired
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Table 6. Regression coefficients for Jilin province.

Variables CHAF PHAF

Form

Street length —-0.0091* —0.0835***

Street junctions —0.0209*** —0.0484***
Function

Food 0.0090** 0.1759***

Shopping 0.0004 0.1195***

Life service —-0.0077* 0.1677***

Leisure 0.0222%** 0.1746%**

Tourist attractions 0.0257%*** 0.2318%***

Institution —0.0161*** 0.2477%**

Transit —-0.0013 0.1957***

Lodging 0.0120*** 0.2215***
Landscape

NDVI 0.0022 —0.0008
Centrality

Betweenness centrality 0.003 —0.0066*

Closeness centrality 0.0062 0.0499***
Physical fragmentation

Pf2 —0.0569*** -

Pf3 0.3359*** -
Diversity

Diversity of phy_activity 0.2676*** -

Adjusted R2 0.25 0.29

Notes: All coefficients have been standardized for cross-comparison. *, **, and *** refer to significance levels
for the two-tailed tests at p < 0.1, p < 0.05, and p < 0.01, respectively. Pf2 and Pf3 refer to the second and
third dimensions of physical fragmentation, which also apply to the following figures and tables.

by the surrounding built environment, such as recording
beautiful sights, sharing interesting insights, and search-
ing specific stores, these activities typically occur when
individuals are situated in particular physical locations,
such as tourist attractions or unfamiliar locations.
Consequently, certain built environment indicators, like
tourist attractions, indirectly influence cyber activities by
influencing human mobility in physical space, which
accounts for the relatively lower explanatory power of
the built environment for CHAF. However, even for
PHAF, the explanatory power remains comparatively
lower compared to other studies examining built environ-
ments. The results might indicate that human activity
fragmentation is not only attributable to the built envir-
onment but is also influenced by subjective factors such
as individual choices, preferences, and demands. As
depicted in Figure 7, there exist additional disparities in
the regression coefficients: relative to physical space,
street junctions hold greater influence than the street
length in cyber space; certain function and centrality
indicators either lack significance or exhibit a negative
correlation with CHAF; and all significant indicators in
cyber space have smaller coefficients. Regarding the con-
sistency between cyber and physical spaces, the most
notable observation is the insignificance of NDVI in both
spaces. Given that indicators such as Tourist attractions
and Leisure areas, which also include greenness, exhibit
significance in both spaces, we cannot conclude the lack

of correlation between greenness and human activity
fragmentation. On the contrary, the findings suggest
that human activity fragmentation is more significantly
influenced by distinctive and notable forms of greenness,
such as scenic landscapes, rather than the ordinary green-
ness encountered along trajectories.

5.2.4. Model lll and Model IV regression results

To delve deeper into the potential spatial disparities in
the relationship between human activity fragmentation
and the built environment, a series of OLS regression
models were conducted using the nine administrative
cities as distinct study areas (Table 7 and Figure 8).
Firstly, according to Table 7, the ranking of internet
users in each city correlates with population rankings
derived from the Jilin Province census, thereby affirming
the spatial representativeness of the datasets utilized in
the study. From a holistic view, the explanatory power of
every model in physical space surpasses the correspond-
ing models in cyber space, consistent with the findings
of Models | and Il. Moreover, the number of significant
variables also follows the same trend, with more signifi-
cant built environment indicators observed in physical
space compared to cyber space.

Looking at the R? values of the regression models
from a localized perspective, the nine cities within lJilin
Province exhibit varying rankings in cyber and physical
spaces. For example, Changchun holds the fifth position
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Figure 7. Regression coefficients for Models | and II. (Notes: All coefficients were standardized for cross-comparison, and variables that

are not statistically significant are not presented in the figure.).

Table 7. The statistical descriptions for Model Ill (for PHAF) and Model IV (for CHAF).

Changchun  Tonghua Jilin Baishan  Siping  Liaoyuan  Yanbian  Baicheng  Songyuan
Adjusted R2 CHAF 0.254 0.237 0.241 0.234 0.271 0.302 0.204 0.285 0.26
PHAF 0.266 0.291 0.338 0.355 0.324 0.355 0.336 0.361 0.305
The number of internet users 32079 5110 13317 3037 9015 3059 4546 5276 8613
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Figure 8. Regression coefficients for Model Il (left) and Model V (right). (Notes: All coefficients were standardized for cross-
comparison, and variables that are not statistically significant are not presented in the figure).

based on the R? of regression models in cyber space,
while it ranks ninth based on the R? of regression models
in physical space. The inconsistency of the city’s rankings
regarding R? values across cyber and physical spaces
implies spatial discrepancies in the explanatory power
of the built environment on human activity fragmenta-
tion. Furthermore, the findings suggest the existence of
additional factors influencing human activity fragmenta-
tion beyond those considered in this study. Moreover,
variations are observed in the correlations between

certain built environment indicators and fragmentation
indicators across the nine cities. For instance, between-
ness centrality exhibits a negative association with PHAF
in Changchun, a positive association with PHAF in
Tonghua, and no association with PHAF in Baishan.
These differences in correlations across cities suggest
that the impact of certain indicators on PHAF varies
with changes in cities. Additionally, the types of signifi-
cant indicators differ across cities, indicating that human
activity fragmentation and its influencing factors are



spatially heterogeneous. Regarding the crucial indicator,
NDVI, two notable findings are observed. Firstly, irre-
spective of cities, NDVI demonstrates a negative influ-
ence on CHAF. This phenomenon might be attributed to
the presence of green spaces in the physical environ-
ment, which redirects individuals’ focus towards tangi-
ble surroundings, consequently reducing their
engagement in cyber activities and leading to decreased
cyber human activity fragmentation. Secondly, within
the context of two specific cities, Jilin and Baicheng,
NDVI exhibits significance in both cyber and physical
spaces. In the physical space, NDVI exhibits a negative
influence on PHAF in Jilin, while it positively impacts
PHAF in Baicheng. In cyber space, NDVI exhibits
a negative influence in both cities. Jilin and Baicheng
are two representative cities with varying degrees of
urbanization. It is plausible that Baicheng’s ongoing
urbanization has led to substantial land conversion for
construction purposes, resulting in comparatively lower
greenness within the city. Consequently, even routine
green spaces along trajectories may attract attention
and stay, thereby increasing PHAF.

6. Discussion and conclusion

Cyber space, shaped by ICTs, has emerged as a crucial
place for communication and engagement with the
world. Understanding the dynamics of human activities
in cyber space is important for further exploring the new
spatiality of cyber space and the complex interactions
between cyber and physical spaces. This study delves
into this issue by investigating fragmentation, a key
characteristic of human activity, and its relationship
with the built environment across different geographical
locations. Based on CDR and HTTP URL data generated
concurrently, we can also explore human activity frag-
mentation in cyber space, with physical space as the
benchmark. Our findings are summarized as follows.
According to Figure 5, the overall human activity
fragmentation in cyber and physical spaces (i.e. CHAF
and PHAF) is inversely distributed in space. This disparity
suggests that cities situated in the southeast exhibit
relatively higher average CHAF, while those in the north-
west demonstrate higher average PHAF. One plausible
explanation for this phenomenon is the variation in
economic and technological development across these
regions. Coastal cities tend to have more advanced eco-
nomic and technological infrastructures compared to
their northwest counterparts. Consequently, the wide-
spread and mature adoption of ICTs in these areas likely
facilitates cyber activities and potentially increases CHAF
levels. Furthermore, our analysis reveals that CHAF exhi-
bits a weaker correlation with the built environment
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compared to PHAF, consistent with findings from pre-
vious studies on visiting activities in cyber and physical
spaces (Zhang et al. 2022). Similar to visiting activities,
the small R? of the regression model in cyber space may
result from the indirect influence of certain built envir-
onment indicators on cyber activities. For instance, indi-
viduals typically use map services, such as Google Maps,
only when navigating unfamiliar locations in physical
space. Additionally, the findings presented in Table 6
underscore the largest influence of the configuration of
physical fragments on CHAF, confirming the existence of
interactions between cyber and physical activity.
Moreover, compared to the results observed in physical
space, cyber space exhibits fewer significant variables
and smaller regression coefficients for built environment
indicators. This discrepancy may be attributed to the
unique usage of cyber space, which transcends the tra-
ditional geographical constraints inherent in physical
space. For instance, contemporary communication tech-
nologies like WeChat have revolutionized interpersonal
interactions, making physical distances less consequen-
tial. Finally, the findings highlight the spatial heteroge-
neity in the correlations between built environment and
fragmentation across the nine cities in lJilin Province,
while the relationships between physical fragmentation
indicators and CHAF is not influenced by geographical
locations. For instance, the impact of the life service
indicator on CHAF varies, exhibiting a negative associa-
tion in Tonghua and a positive association in Liaoyuan.
Conversely, the indicator representing the configuration
of physical fragments consistently exhibits a positive
correlation with CHAF across all nine cities. One plausi-
ble explanation for the consistent relationship between
physical fragmentation indicators and CHAF across var-
ious cities is their intrinsic association as attributes of
individuals. This relationship is likely more influenced by
the individual’s sociodemographic characteristics, such
as gender and occupation, rather than external environ-
mental indicators (Ren and Kwan 2009).

Based on our findings, human activity fragmentation
in cyber and physical spaces can be regarded as new
features for characterizing and categorizing individuals.
Individuals with different socio-economic statuses exhi-
bit distinct orientations towards cyber space. For exam-
ple, some individuals view cyber activities as substitutes
for physical engagements, such as online communica-
tion and e-commerce, while others perceive them as
indispensable tools for professional endeavours. These
disparities in people’s perceptions and utilization of
cyber space contribute to the significant divergence in
human activity fragmentation between the two spaces.
For instance, programmers typically exhibit higher levels
of cyber human activity fragmentation compared to
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physical fragmentation, owing to the extensive website
navigation required to solve code bugs. In contrast, real
estate agents often display relatively higher levels of
physical human activity fragmentation, resulting from
the need to showcase multiple properties to prospective
buyers until a suitable option is identified. Conversely,
Uber drivers may demonstrate comparable fragmenta-
tion indicators in both spaces, as each new driving des-
tination generates a corresponding cyber search record
for navigation purposes. Moreover, the observed frag-
mentation patterns may also exhibit correlations with
regional socio-economic disparities, as depicted in
Figure 5 when projected onto a geographic map.

Moreover, our findings could also enlighten the
future exploration of the association between cyber
and physical spaces. As proposed by Liu et al. (2022),
cyber and physical spaces are interacting and commu-
nicating through people, thereby underscoring the sig-
nificance of studying human activity in cyber space. As
our findings indicate, the impact of built environment in
physical space on cyber fragmentation is relatively minor
compared to the impact of physical fragmentation.
However, fragmentation is not the only characteristic
of human activity, there are many other features whose
relationships between cyber and physical spaces remain
unclear, such as the frequency and spatial distribution of
human activity. As stated by Salomon (1986), there exist
four different relationships between cyber and physical
spaces: substitution, generation, modification, and neu-
trality. Additionally, the research conducted by Zhang
et al. (2022) suggested that cyber visiting activities exhi-
bit stronger associations with landmarks, urban nodes,
and main roads compared to physical visiting activities.
Therefore, the relationships of other human activity
characteristics may differ from fragmentation and
require more exploration, which could also benefit the
further investigation of cyber space.

Concerning the applicability of the proposed human
activity fragmentation framework, it can be easily and
widely applied to other public social media data as long
as the utilized data includes essential components.
Firstly, the data must have a temporal sequence, as the
configuration of fragments in cyber space relies on
establishing directed networks. Secondly, the data
should capture human activity concurrently in both
cyber and physical spaces to ensure comparability
between the two spaces. Thirdly, the data should include
geographic locations of physical activities for computing
physical human activity fragmentation. Fourthly, our
study employs website domains as proxies for geo-
graphic locations in cyber space. However, since cyber
activities are not confined to browsing website domains,
alternative data representing cyber activities, such as

app usage, Twitter posts, and Weibo content, can serve
as substitutes. For instance, geographic location in
Twitter data can be used to compute physical fragmen-
tation, while post content can be used to quantify cyber
fragmentation. Assigning each post a keyword through
semantic analysis allows treating posts with identical
keywords as equivalent, similar to identical website
domains in our study.

There are several limitations in our study that need
further exploration in future research. Firstly, although
POI, OpenStreetMap, and MODIS can reflect the sur-
rounding built environment (Chen et al. 2019; Larkin
et al. 2021; Mooney and Minghini 2017), the inclusion
of emerging data sources, such as street images, could
provide more detailed information for a comprehensive
analysis (Wang and Vermeulen 2021). Secondly, the lack
of a longer-term dataset might influence the robustness
of the results. However, considering the high regularities
of human behaviour (Leng, Santistevan, and Pentland
2021; Oliveira et al. 2016), fragmentation indicators cal-
culated from one-day data are assumed sufficiently
representative. Moreover, the increasing availability of
cyber and physical data sources holds promise for
addressing this limitation. Thirdly, future studies could
explore cyber and physical spaces as an integrated entity
using other effective methods such as discriminant
analysis.
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