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a b s t r a c t
Regions are subdivisions of the earth’s surface, and many systems of regionalization
were proposed. Recently, with the availability of geotagged data, it raises the question
of whether regions formed by human interactions agree with government districts.
Thus, using network partitioning method with spatial constraint, we derive regional
delineations at different spatial scales and examine their agreement with administrative
districts. Experiments were conducted using the social media data of Shenzhen, China.
Aggregately, the results show that the derived regions become inconsistent with administrative districts by increasing the spatial effect value, which can be largely attributed
to the involvement of long human movements. However, the regions tend to keep stable
when more long edges are included, which suggests the limitation of long movements
effect. Individually, most northern administrative districts display high inconsistency
with the derived regions, whereas most southern districts show high consistency.
Besides, regions far from the downtown are less connected to the rest of the city, regions
near the downtown are more connected, and particularly, regions in Nanshan, Futian,
and Luohu are highly connected with each other, which form the backbone of total flows
irrespective of spatial effect value. The results were finally validated at specific areas and
compared with those using other methods, another dataset, and different spatial units,
which suggest the feasibility of our regions for decision making in urban planning and
management.
© 2019 Elsevier B.V. All rights reserved.
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1. Introduction
Region in geography is usually defined as a part of the earth’s surface with some characteristics that make it unique
to other areas [1]. These characteristics are not only related to culture, economy, topography, or politics, but also are
associated with human interactions in the flow of people, information, or goods [2]. In this respect, regions are also spatial
categories, which not only help to manage public resources but also are beneficial for understanding many problems
[3]. There were many systems of regionalization proposed in a broad range of fields including geography, public health,
psychology, urban planning, and transportation. For instance, geographers investigated the area related temporal variation
and derived the regions with different land uses using GPS trajectory data [4]; the hospital service areas and referral
regions were derived with a network optimization method using inpatient flow data [5]; the cognitive regions were
investigated by the psychologists at relatively large scales [6,7]; urban planners proposed the functional economic areas
using migration flows from the UK Census 2001 [8]; transport researchers extracted the functional transport regions using
the Czech transport census 2010 [9]. As a typical example, administrative districts are mainly drawn by the government
in a top-down way [10], but it is still unclear whether they agree with the regions formed by human interactions in a
bottom-up way.
Many regionalization methods were proposed to derive the regions, and basically, they can be classified as three
types, including non-spatial clustering, spatial clustering, and network partitioning [11,12]. Non-spatial clustering method
derives regions based on attribute similarity, where a spatial process can be carried out after the regions are derived
[13] or it can be embedded into the clustering process implicitly [14]. This type of regionalization method is effective
for understanding the spatial distribution and dependence of attribute patterns, but the regions can be fragmented in
geographic space owing to the difficulty in controlling the spatial effect. Spatial clustering method derives regions by
merging adjacent spatial units with similar attribute patterns [15,16], for instance, the automatic zoning procedure method
[17,18]. This type of regionalization method can be used to derive a specified number of regions with irregular shapes,
but it cannot handle a large size of spatial units due to the high computational cost. Network partitioning method, which
is imported from network science to solve the geographical problem, aims to divide the spatial network into communities
such that vertices between different communities are less connected than expected [19–24].
With the proliferation of technologies, the network partitioning method has been widely used in various datasets to
delineate the regions, such as the social connections from check-in data [25–31], mobile phone data [11,32–34], banknotes
tracking data [35]. These studies explored the cohesiveness of derived regions and their agreement with the government
districts. On the one hand, Ratti et al. [32] reported a remarkable consistency via a direct application of the spectral-based
partitioning method [22] on a large-scale telecommunication network of the UK by ignoring the spatial arrangement of
nodes; Thiemann et al. [35] concluded that considerable geographic information encoded in the network topology can
reflect the states borders of the US; similar results were also reported by Sobolevsky et al. [33] who used large-scale
telecommunication networks in an extensive set of countries and by Kallus et al. [27] who adopted large-scale social
networks at the continent or country level. Recently, communities were also derived and analyzed at the urban scale
[28,30,36], and particularly, Yin et al. [31] derived delineations at multiple spatial scales from the country level to the
city level by restricting movement ranges using Twitter check-in data. On the other hand, Expert et al. [11] argued for a
careful treatment of spatial effect on the network topology and thereafter they proposed a modularity measurement by
incorporating the spatial effect implicitly, based on which the regions were derived and their agreement were explored.
Therefore, this study aims to derive regions at different spatial scales using a network partitioning method with spatial
constraint and further explore their agreement with administrative districts. The major differences from previous studies
are in the following aspects. (1) Our work imposes the spatial constraint on the network topology explicitly, which helps
to examine the effects of long human movements. In other words, a spatial effect value k is introduced, which is used
to constrain the network by removing edges whose topological distance are greater than k; (2) this study proposes a
network partitioning method to derive the stable regionalization at different spatial scales, which can depict the variation
of network modularity values as the number of regions decreases; (3) this study uses irregularly defined spatial units as
the network nodes, which can avoid the problem of cell size encountered in most previous studies and improve the quality
of delineation. Experiments were conducted in Shenzhen, China. We constructed the spatial networks from social media
check-in records with respect to different k values, and then our method was applied to derive the regional delineations.
On the basis of these delineations, we explored their agreement with administrative districts and characterized their
connections from the aspect of check-in flows. Lastly, our results were validated at specific areas and compared with
those using other network partitioning methods, those derived from the mobile phone data, and those using the spatial
units in terms of regular grids or random voronoi.
The remainder of this paper is organized as follows. In Section 2, we introduce the datasets and the procedure to derive
the spatial network. In Section 3, we describe the metrics and method for delineating the regions in detail. In Section 4,
we present the regional delineations and their characteristics. In Section 5, several issues are discussed. Conclusions are
drawn in Section 6.

T. Jia, X. Yu, W. Shi et al. / Physica A 531 (2019) 121719

3

2. Datasets and preprocessing
2.1. Datasets
Three datasets of Shenzhen, China are used in this study. The first dataset is social media check-in data, which is
obtained from the Sina Company via a research contract allowing the non-commercial use in academic community. The
second dataset is administrative district data, which is obtained from the bureau of Shenzhen urban planning. The third
dataset is traffic analysis zone (TAZ) data, which is obtained from the Shenzhen transportation committee.
The first dataset is composed of a total number of 1,926,262 check-in records, and it spans one entire year from January
2014 to January 2015 (c.f. Fig. 1a). Each check-in record is associated with a point of interest (POI) with geographic
location in terms of latitude and longitude. Besides, it includes the check-in time, the user ID, the place where the user
registered, the category and address of the corresponding POI. Statistical analysis on the check-in data reveals implicit
human check-in behaviors. As shown in Fig. 1b, power law distributions are reported for both the number of check-in per
user and per POI, which indicates the heterogeneity of check-in behavior among users and in space. As shown in Fig. 1c,
we can observe: (1) there are far more small values of time interval than large ones; (2) the periodic behavior in human
mobility patterns can be reflected very well, which is common in people’s daily or weekly activities, for instance, goes to
work every weekday or visits to grocery store every weekend [25].
The second dataset consists of 10 administrative districts in Shenzhen, as shown in Fig. 1a with the black line. It includes
8 traditional administrative districts of Futian, Luohu, Nanshan, Yantian, Baoan, Longgang, Longhua, and Pingshan, and 2
new functional districts of Guangming and Dapeng. The administrative districts are drawn by the government authority
in a top-down way, and it is still unclear whether they agree with the regions formed by social media user interactions
in space, which is the major question of our study. In this respect, they are directly used to compare with the regional
delineations at different spatial scales.
The third dataset consists of 491 TAZs as shown in Fig. 1d. The spatial extent varies from the largest zone (59 km2 ) in
the suburb to the smallest zone (0.39 km2 ) in the downtown, and the mean size equals to 2 km approximately, which is
very close to the grid size used in a previous study [31]. Compared with the grid used in previous studies, they can avoid
the trouble on choosing the grid size and can improve the quality of delineation. Hence, in this study, they are used as
the spatial units to derive the regions.
2.2. Data preprocessing
The raw check-in data are firstly preprocessed to filter and remove the invalid records, which are defined in the case
of information loss (which indicates the absence of check-in location, check-in time or user ID) or information invalidity
(which indicates the check-in location is out of the TAZ boundary). Secondly, the bots and single check-in behaviors are
detected, and the corresponding check-in records are removed. The bots behavior is defined as the check-in behavior
on the same POI with many times or on different POIs with the same time interval, while the single check-in behavior
denotes the situation that the user has only one check-in record during the study period. Thirdly, check-in trajectory is
obtained from the new check-in data by connecting check-in records of each user in a chronological order. After that,
check-in network can be built from the check-in trajectory, where node is the check-in location and edge is the trajectory
segment. Finally, the check-in network is overlaid with the TAZ data, and the TAZ network can be derived by removing
the within-TAZ edges and aggregating the across-TAZ edges. Specifically, in the TAZ network, node is the TAZ, edge is the
across-TAZ edge linking two different TAZs, and edge weight is the number of across-TAZ edges.
So far, the whole preprocess to extract the TAZ network has been illustrated as shown in Fig. 2a. Statistically, we have
derived a total number of 1,072,399 new check-in records from the raw 1,926,262 records. Then, they are assembled
into 175,086 check-in trajectories, which are further built into check-in network with 13,969 nodes and 125,735 edges.
Eventually, by intersecting the 491 TAZs with the check-in network, we obtain the TAZ network with 417 nodes and 31,829
edges. As shown in Fig. 2b, the TAZ edge length can be roughly approximated by a heavy-tailed distribution, which implies
the existence of significant long human movements. Besides, the TAZ edges are classified into five categories according
to their length using equal quantiles (c.f. Fig. 2c), which will be used to examine the edge composition of the derived
regions.
3. Metrics and method
3.1. Metrics
3.1.1. Network modularity
Network modularity (Q ) measures the quality of a partition of the TAZ network in terms of its deviation from a null
model. In this context, we adopted both a commonly used random null model [21] and a uniform null model [38], and
thus the corresponding network modularity are defined as:
Q random (P) = 1/2w

∑∑
C ∈P i,j∈C

Aij − ki ∗ kj /2w

(1)
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Fig. 1. The three dataset used in this study: (a) Check-in records overlaid with the administrative districts, where green dot indicates a small number
and red dot means a large number; (b) the power law distributions of the number of check-in per user and per POI, for which significance tests
are conducted with p values of 0.14 and 0.12, respectively [37]; (c) the periodic behavior in human mobility patterns, which resembles very well
with the distribution of human returning probability [25]; (d) TAZ data visualized by the number of check-in records, where green color indicates
a small number and red color means a large number.

Fig. 2. Demonstration of the data preprocessing: (a) the procedure; (b) the heavy-tailed distribution of edge length in the TAZ network; and (c) the
TAZ network with edge length classified by five categories, including very short, short, intermediate, long, and very long.
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Q uniform (P) = 1/2w

∑∑

Aij − 2w/N(N − 1)

5

(2)

C ∈P i,j∈C

Where, in the TAZ network, w is the total edge weight, C is a community of TAZs, P is a set of communities, i and j are
two TAZs, Aij is the weight of an edge between i and j, ki (or kj ) is the sum of the weight of incident edges on TAZ i (or
j), N is the number of nodes.
3.1.2. Mixing parameter
Mixing parameter [39] quantifies the extent to which the network contains certain assumed community pattern. In
this context, it is used for assessing whether the administrative partition can be uncovered in a given network with spatial
effect value k. It can be defined as:

∑

m = ∑i

kExt
i

i

(3)

ki

Where, kExt
is the number of links connecting node i to the nodes in other communities, ki is the total number of links
i
connecting to node i. Mixing parameter is typically used as a global property, and a network with m > 0.5 tends to
indicate the disappearance of the assumed community pattern [40]. This is because the community pattern in a strong
sense requires each node should have more connections within the community.
3.1.3. Adjusted rand index
Adjusted Rand Index (ARI, [41]) measures the similarity between two partitions of the data, which is adjusted for
chance partitioning of data elements. In this context, it is used for measuring the agreement between the derived regions
and the administrative districts, and high value (greater than 0.5) indicates a good consistency. It can be formulated as:
ARI(P , Q ) =

2(N00 ∗ N11 − N01 ∗ N10 )
(N00 + N01 )(N01 + N11 ) + (N00 + N10 )(N10 + N11 )

(4)

Where, P and Q are two partitions of the TAZ data (for instance, P is the partition of TAZ according to the derived regions,
and Q is the partition of TAZ according to the administrative districts), N00 is the number of pairs that are in different
clusters in both P and Q, N11 is the number of pairs that are in the same cluster in both P and Q, N01 is the number of
pairs that are in the same cluster in P but in different clusters in Q, N10 is the number of pairs that are in different clusters
in P but in the same cluster in Q.
3.2. A network partitioning method with spatial constraint
In this study, we propose a network partitioning method to obtain the regional delineations (communities) at different
spatial scales. To examine the influence of spatial constraint on regional delineation, we introduce the spatial effect value
k, which is used to spatially constrain the network by discarding edges with topological distance greater than k. Thus, a
high value indicates a weak spatial constraint on the network by removing long edges. To delineate the network, we need
to maximize the network modularity [19–21,24], and a high value means much more human interactions within regions.
Firstly, a topological distance matrix is computed for the TAZ network, where two TAZs are neighbors to each other
when they have a topological distance one. Based on the topological distance matrix, the edges with topological distance
greater than k can be removed, which leads to a TAZ network with spatial effect value k. Secondly, a Louvain algorithm
[24] is used to extract the communities, which is composed of two steps: (1) it traverses all the neighbor nodes of each
node in the TAZ network, calculates the modularity gain by assigning the node to the community of its neighbor node
using Eq. (1), and joins the node to the community with the maximum value of modularity gain. This step is repeated
until the community of each node is stable; (2) it generates a new network by taking the communities as nodes and
updating the edge weight among communities. In this unfolding step, it checks whether the new network is the same
as the previous one, and it goes to perform step (1) if they are different, otherwise, the communities are returned as the
ones with the maximum modularity value. Thirdly, many sets of communities (e.g., 1000) can be obtained by applying the
Louvain algorithm to the same TAZ network repeatedly, and these different sets of communities are used to generate a
consistent network, where the edge weight between two nodes is increased by one if they belong to the same community.
Thereafter, we again apply the Louvain algorithm using Eq. (2) to the consistent network, which can derive a stable
regional delineation. It should be noted that the nodes are gradually merged together as communities in a bottom up way,
and hence the network modularity value varies as the number of communities decreases. For convenience, the detailed
pseudo-code is provided as follows.
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4. Results
4.1. Derivation of the regional delineations with different values of spatial effect
As elaborated in our method, different regional delineations can be derived at different spatial scales with different
spatial effect values k. It should be noted that our aim is to explore the agreement between the delineation and the
administrative districts, and thus it is meaningless to derive the regions from a network if it does not contain the assumed
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Fig. 3. The values of mixing parameter (m) for networks with different spatial effect values k (Note: ND means the network diameter, and the entire
network is used if k = ND).

community pattern of administrative districts. Using mixing parameter, we firstly examine whether the networks with
increasing values of k contain the community pattern comparable to the administrative districts. As shown in Fig. 3, the
results suggest that the community pattern disappears for the network with k equals to 6. In this respect, we examine
the networks with the values of k increasing from 1 to 5.
As shown in Fig. 4, we present the regional delineations with different values of spatial effect. What these delineations
have in common is that they contain at least 99% of the total check-in records and occupy at least 68% of the spatial
extent of administrative districts owing to the absence of check-in records in a few TAZs. However, a visual comparison
with the 10 administrative districts indicates their different spatial organizations.
As shown in Fig. 4a, 33% of edges including all short ones are reserved when the value of k is 1. Meantime, a total
number of 19 regions are obtained with the maximum modularity value of 0.89. The number of derived regions is
larger than the number of administrative districts, and they show a different spatial organization of TAZs. Through a
visual comparison with the 10 administrative districts (c.f. Fig. 4b), we can see that most regions are constrained by the
administrative districts and a few regions across over the boundaries of administrative districts. For instance, 4 regions
and 3 regions are completely within Baoan and Longgang respectively; 1 region crosses over the boundary of Futian and
Luohu; and the region in Pingshan expands into Yantian. However, Guangming, the new functional administrative district,
is not completely delineated due to the absence of check-in data.
As shown in Fig. 4c, 49% of edges including a few intermediate ones are reserved when the value of k is 2. Meantime,
14 geographically cohesive regions are derived with the maximum modularity value of 0.85. However, they display a
slight dissimilarity to the administrative districts. For instance, 2 regions are roughly derived from Longhua, 3 regions are
clearly delineated in Nanshan, and 4 regions are delineated in Longgang. Again, a denser TAZ network containing 59% of
edges including all intermediate ones is achieved when the value of k is 3, and 11 regions can be derived with a maximum
modularity value of 0.77 (c.f. Fig. 4e). Importantly, a visual comparison with the 10 administrative districts suggests that
regions at this scale agree well with the administrative districts, although areas in Dapeng, Yantian and Pingshan are
merged as one region. For instance, Nanshan, Futian and Luohu can be clearly delineated, and the number of regions in
Longgang has decreased from 4 to 2 (c.f. Fig. 4f).
Lastly, with the increment of k values, long edges are gradually included and the TAZ network becomes much denser. As
shown in Fig. 4g and i, 8 regions can be derived for both k = 4 and k = 5. At these two scales, most regions tend to deviate
from the administrative districts except for the region in Longhua. For instance, areas in Dapeng, Yantian, Pingshan and
Longgang are merged as the largest region, and area in Luohu expands into Longgang to form a large region. Importantly,
we can observe that regions do not change too much from k = 4 to k = 5, which suggests that regional delineation
reaches the stability at k = 5. In fact, this conclusion can be verified using the TAZ network including all edges. Therefore,
the last two regional delineations seem to display higher inconsistency to the administrative districts, which might be
largely owing to the inclusion of long edges, but they will remain stable with the inclusion of more long edges. In other
words, the long movement effect is limited.
In addition, an in-depth investigation on these regional delineations is conducted by extracting the core regions. A core
region is defined as the aggregation of TAZs where any two TAZs belong to the same cluster irrespective of delineations.
As shown in Fig. 5, 24 core regions are extracted by intersecting the 5 delineations, and they are separated from each other
by non-core regions that lie at the boundaries and have somewhat ambiguous associations. The core regions include most
of the popular central business districts (CBD) such as Dongmen CBD in Luohu, Huaqiangbei CBD in Futian, and Shenzhen
north center CBD in Longhua. These core regions contain around 97% of the total check-in records and occupy about
60% of the spatial extent. Specifically, three core regions with the largest values of check-in density are Futian center
CBD, Dongmen CBD, and Huaqiangbei CBD, which contain about 27% of the total check-in records but occupy only 3% of
the entire area. These findings verify that human activities are much more likely to be concentrated on core regions or
particularly the CBD regions and indicate the usefulness of our regional delineations.
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Fig. 4. Regional delineations with different values of spatial effect: (a), (c), (e), (g), and (i) show the procedure of deriving regional delineations
with different k values, where the upper figures display the probability distributions of edge length for the TAZ network with k and the entire
TAZ network (insect, where the dotted line indicates the maximum edge length of TAZ network with k), and the lower figures display partitioning
procedure with k; (b), (d), (f), (h), and (j) draw the optimal regional delineations corresponding to the maximum modularity with different k value.

4.2. Agreement of the regional delineations with the administrative districts
The regional delineations have shown different spatial organizations of TAZs, and hence it is of importance to examine
their agreement with the administrative districts in detail. To do so, we use Adjusted Rand Index (ARI) to measure the
agreement between the derived regions and the administrative districts. The ARI measures the agreement by penalizing
both false positive and false negative decisions during clustering. As shown in Fig. 6a, we present the agreement between
the derived regions with different values of spatial effect and the administrative districts. It can be clearly observed that the
regional delineation with k = 3 (c.f. Fig. 4f) gives the highest agreement value of ARI (62%), while the regional delineation
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Fig. 4. (continued).

Fig. 5. The core regions extracted by intersecting the five regional delineations.

with k = 1 (c.f. Fig. 4j) suggests the lowest agreement value of ARI (48%). This finding coincides with our visual comparison
as elaborated above, and it supports the arguments in a previous study [35], which assumed that the existence of long
movements could weaken the geographical constraint on human mobility and would lead to inconsistent delineations
with the administrative districts. However, the inconsistency keeps unchanged when more long edges were included.
Besides, the finding does not mean that the delineation with k = 3 should be considered as the best one, because each
delineation reflects well the check-in movements at the current scale.
Spatially, we intersect the five regional delineations with the administrative districts to extract the core regions, which
contains a high percentage of check-in records fluctuating around 99% as k changing from 1 to 5. In this respect, we can
examine the consistency within a single administrative district by simply counting the number of core regions, and a
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large number of core regions means a low degree of consistency. As shown from Fig. 6b to e, two observations can
be reported for the northern districts (including Baoan, Longhua, Longgang and Pingshan) and the southern districts
(including Nanshan, Futian, Luohu, Yantian and Dapeng).
Firstly, most northern administrative districts show a high inconsistency with the derived regions, which can be
explained largely by the loosely distributed urban infrastructure in a relative large area. For instance, the average number
of core regions in Longhua, Baoan, and Longgang reaches around 2, 3, and 4, respectively. Particularly, the number of core
regions displays a decreasing trend owing to the concentration of TAZs into large regions. The low degree of consistency in
these districts does not necessary mean that these core regions are ineffective. Instead, they can serve as the surrogates
for a better understanding on how these administrative districts should be delineated according to social media user
interactions. For instance, the three core regions in Baoan keep stable from k = 1 to k = 5, and they coincide well the
Long-term master plan in Shenzhen [34].
Secondly, most southern administrative districts show a high consistency with the derived regions, which can be
probably due to the compact distributed urban infrastructure in a relative small area. For instance, Nanshan, Luohu,
Yantian, and Dapeng are roughly dominated by only one large core region. Particularly, the number of core regions in these
districts keeps relatively stable. However, Futian shows a slight difference from the other districts, and one core region
occurs in its eastern area along the boundary, which can be attributed to the strong connection between Huaqiangbei
CBD and Luohu district. Nonetheless, this observation suggests that the current district boundary can reflect well the
interactions of social media user in real life, although marginal inconsistency can be observed.
4.3. Characteristics of the regional delineations from the aspect of check-in flows
The derived regions have shown significant differences from the administrative districts, but it is still unknown how
they connect to the rest of the city and to each other. To measure their connectivity with the rest of the city, we compute
the intra-travel ratio, which is defined as the proportion of travels within the region. In this context, a travel is regarded as
a movement from one TAZ to a different one. Hence, the larger the value of intra-travel ratio, the much more isolated the
region is. To measure their connectivity with each other, we present a network where regions are nodes, travel flows are
edges and the width of an edge denotes the number of travel flows between two regions. Through the network analysis,
we examine how the regions are connected with each other.
Firstly, intra-travel ratio is calculated and visualized for each derived region with different spatial effect values k. As
shown from Fig. 7a to e, we can see clearly that the northern regions in Baoan, Longgang, Pingshan and the southern
regions in Yantian, Dapeng are relatively less connected to the rest of the city, although long human movements are
gradually included from k = 1 to k = 5. A potential explanation is that these regions are geographically far away from
the downtown, which might prevent the connections. On the contrary, the southern regions in Futian, Luohu and Nanshan
are relatively more connected to the rest of the city. These regions locate in the downtown, and importantly they have
the check ports departing to Hong Kong. Thus, these factors might enhance the connections.
Secondly, networks are constructed among the regions with different spatial effect values k and the inter-travel flows
are visualized into 5 categories using the natural break method. Generally, the inter-travel flow has increased dramatically
among the regions with the inclusion of long human movements from k = 1 to k = 5. Specifically, as shown from Fig. 7a to
e, very high inter-travel flows are always observed among the regions in the southern districts including Nanshan, Futian,
and Luohu. These inter-travel flows account for 65.3%, 56.0%, 45.6%, 50.9%, and 45.0% of the total inter-travel flows at
the spatial effect values of 1, 2, 3, 4, and 5, respectively. They hint the important roles that these regions might play
in Shenzhen. Actually, the Long-term master plan addresses that they belong to the central cluster out of 11 functional
clusters [34]. The concentration of inter-travel flows on the three districts also coincides with the heterogeneous check-in
behavior in space.
5. Discussions and limitations
Human interactions in space is constrained by the boundaries of administrative districts, while the boundaries at the
same time can be gradually changed by the human interactions. Hence, this study explores the agreement between the
regional delineation from social media user interactions and the administrative districts, and the regional delineations are
derived by a network partitioning method with spatial constraint.
5.1. Characteristics of this study
Our study has two characteristics. Firstly, it enriches the literature on regional delineation by using a network
partitioning method with spatial constraint. Specifically, it embeds the influence of spatial constraint on human movement
into the construction of spatial network. Thus, spatial networks with different values of spatial effect can be derived and
partitioned into regional delineations at different spatial scales. Secondly, the agreement between the derived regions and
the administrative districts is examined both quantitatively using ARI value and spatially using core regions. Importantly,
the regional delineations with different spatial effect values are geographically cohesive and provide brand new data
sources as supplementary for urban design and resource management.
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Fig. 6. Agreement between the regional delineations and the administrative districts under different values of spatial effect: (a) the change of ARI
value with k; (b) k = 1; (c) k = 2; (d) k = 3; (e) k = 4; (f) k = 5.

5.2. Discussions of this study
Firstly, this study adopts the Louvain-like method, which can improve the robustness of regional delineation compared
with the conventional Louvain algorithm [24]. Besides, there were many other types of network partitioning methods
proposed in the literature. Typical examples include the Girvan–Newman method [19], the spectral-based method [22],
and the Info-Map method [23]. The Girvan–Newman method can derive exact regional delineation, but it is computational
inefficient for large-scale network such as our TAZ network with all edges; the other two methods use heuristics strategy
to improve the computational efficiency, but the derived regional delineations might be stochastic and unstable [42].
Compared with the above methods, our method is not only computational efficient for large-scale network, but also can
derive a robust and stable regional delineation. Importantly, as shown in Fig. 8, the regional delineations with different
spatial effect values using our method seem to have larger values of network modularity than those of the other three
methods, which suggests the superiority of our method.
Secondly, this study used TAZ data as the spatial units, which is different from the grid data used in other studies
[31,43]. The analytic results from different spatial units can be inconsistent due to the modifiable areal unit problem.
Thus, to examine how it affects our results, our method was applied to the spatial units of both the grid (a regular
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Fig. 7. Check-in flow in the regional delineations with (a) k = 1; (b) k = 2; (c) k = 3; (d) k = 4; (e) k = 5.

Fig. 8. Comparative results of the network modularity values of the regional delineations using different network partitioning methods.
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Fig. 9. Agreement between our regional delineations and those derived from the grid network and the voronoi network.

Fig. 10. Agreement between our regional delineations and those derived from the mobile phone data.

decomposition) and the voronoi (a random decomposition). The size of the grid (2 km) is approximately the same as
the average size of the TAZs, whereas the number of the voronoi (491) is the same as the number of the TAZs. Compared
with our results, two facts can be observed. On the one hand, the community pattern disappears with k = 6 for both the
grid network and the voronoi network, which is similar to our TAZ network. On the other hand, the regions derived from
the two spatial units display a relative high degree of consistency with our regions from k = 1 to k = 5, although slight
fluctuations are observed (c.f. Fig. 9). The comparative analysis suggests that spatial units can indeed affect the regional
delineation via changing the network structure, but the influence is limited in our study.
Thirdly, this study adopted one day mobile phone data [44] to construct the TAZ network and further derived the
regional delineations using our method, and the aim is to examine the controversial issue of whether check-in data
can be used to represent the spatial interactions at the city level. Specifically, we verify the reliability of our regional
delineations by comparing them with those derived from the mobile phone data. As shown in Fig. 10, we can see clearly
that the regions derived from the two different types of data display a relative high degree of consistence irrespective of
the spatial effect value k, and particularly, they resemble with each other very well with ARI value as high as 0.76 when
k is 2. Besides, the results from the mobile phone data, such as the agreement with the administrative district and the
travel flow patterns, are consistent with our findings. The comparative analysis suggests that social media check-in can be
used to derive regional delineation at the city level, although slight differences can be observed using the mobile phone
data.
5.3. Limitations of this study
Firstly, the check-in data impose a limitation, although comparative results with the mobile phone data suggest the
reliability of our regional delineations. We recognize that there still remain uncertainties in the data. For instance, not
all human activities can be associated with the check-in behavior, although they display the periodic behavior of human
mobility as shown in Fig. 1c; missing activities might occur between two consecutive check-in locations, although our
results suggest that there are far more small values of time interval than large ones.
Secondly, the resolution problem is a very common issue for any community detection method with modularity
optimization [45]. In this respect, the resolution problem also exists in our study, but its influence can be limited. This
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Fig. 11. Two areas in regional delineation with k = 3: (a) the locations of the two areas; (b) percentage of POIs in Futian and Luohu as a function
of distance away from area 2.

is because our method can derive regional delineations with different spatial effect values k. For small values of k, long
edges are cut off, large regions can be hardly derived, and hence the resolution problem is limited; for large values of k,
long edges are included, large regions can be derived, and hence the resolution problem cannot be avoided.
Thirdly, the regional delineations with different spatial effect values are different from the administrative districts, but
there is a limitation on how to explain these differences and justify these regions owing to the absence of detailed human
commuting data, which might have practical implications for urban planning and management. Using only check-in data,
we attempt to give limited explanation on specific areas. Taking the regional delineation with k = 3 as an example, the
regions at two specific areas can be explained and justified. As shown the red line in Fig. 11a, Baoan district is clearly
delineated into three regions, which agrees very well with the Long-term Master plan in Shenzhen [34]; as shown the
blue line in Fig. 11a, a residential area in Futian district is assigned to the region in Luohu, because points of interest
such as shops and commercial buildings in Luohu are much more accessible for people in area 2 than those in Futian (c.f.
Fig. 11b). Therefore, to explain and justify more areas, further studies are needed.
6. Conclusions
This study explores an open question of whether regional delineations from human interactions agree with the
administrative districts. A network partitioning method with spatial constraint is employed to derive the regional
delineations from a TAZ network, where the spatial constraint is explicitly imposed on the network by discarding edges
whose topological distance are greater than k. In this respect, the regional delineations at different spatial scales were
derived and their agreement with administrative districts were examined quantitatively and spatially.
Experiments were conducted in Shenzhen, China. With the increment of k value from 1 to 5, large regions are more
likely to occur, and the derived regions and the administrative districts become much more inconsistent. This can be
attributed to the involvement of long human movements, which could weaken the geographical constraint on human
mobility and reduce the consistency. However, the regions tend to keep stable by including more long edges, which
indicates the limitation of long movement effect. Individually, the northern districts are more likely to display a higher
degree of inconsistency than the southern districts. Besides, our results suggest that the regions far from the downtown
are less connected, the regions near the downtown are more connected, and the regions in Nanshan, Futian, and Luohu
are highly connected with each other to form the backbone of the total check-in flows.
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