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Abstract: Urban vibrancy contributes towards a successful city and high-quality life for people as one
of its vital elements. Therefore, the association between service facilities and vibrancy is crucial for
urban managers to understand and improve city construction. Moreover, the rapid development of
information and communications technology (ICT) allows researchers to easily and quickly collect a
large volume of real-time data generated by people in daily life. In this study, against the background
of emerging multi-source big data, we utilized Tencent location data as a proxy for 24-h vibrancy
and adopted point-of-interest (POI) data to represent service facilities. An analysis framework
integrated with ordinary least squares (OLS) and geographically and temporally weighted regression
(GTWR) models is proposed to explore the spatiotemporal relationships between urban vibrancy and
POI-based variables. Empirical results show that (1) spatiotemporal variations exist in the impact of
service facilities on urban vibrancy across Guangzhou, China; and (2) GTWR models exhibit a higher
degree of explanatory capacity on vibrancy than the OLS models. In addition, our results can assist
urban planners to understand spatiotemporal patterns of urban vibrancy in a refined resolution, and
to optimize the resource allocation and functional configuration of the city.

Keywords: urban vibrancy; GTWR; POI; spatiotemporal pattern; tencent location-aware data

1. Introduction

Broadly speaking, urban vibrancy represents the attraction and accessibility in a place.
From another perspective, urban vibrancy can also describe the degree of interaction be-
tween people and the environment. Urban vibrancy is associated with urban development
and quality of life [1]. Therefore, in order to develop reasonable and desirable policies for
the sustainable development of a city, policy makers and urban planners must improve
the understanding of urban vibrancy that quantify the attraction and diversity of the city.
When the use of infrastructure and resources is not effective or efficient, the city is likely to
lose vitality and thereby be at risk of degenerating into a ghost town [2,3]. To reduce or even
avoid urban decay risk, many researchers have studied urban vibrancy, from definition to
influence mechanism. Urban vibrancy not only quantifies attraction and accessibility of the
city but also reflects human’s activity patterns and their interaction with space entities [4].
Moreover, urban vibrancy has three significant influence factors: urban morphology, urban
socio-economic characteristics, and urban function [5]. It offers researchers three different
perspectives to study urban vibrancy, and also allows policy makers and urban planners to
consider improvement of city by different ways.
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Meanwhile, many researchers have studied how to enhance urban vitality by opti-
mizing urban structure and abridging the gap between provision and demand in resource
allocation. Moreover, many existing literatures have attempted to reveal the relationship
between land-use and urban vibrancy [4,6]. The findings of these studies show that some
land-use categories (e.g., commercial, residential, and green land) attracting different types
of activities have a significant impact on urban vibrancy, since vibrancy can be viewed as
a proxy of human activity, and the different categories of land-use can attract the people
who have different travel intentions [7]. Therefore, the studies of the relationship between
land-use categories and urban vitality are crucial for improving city structure, constructing
a healthy and sustainable living environment, as well as enhancing the life quality of
people at a city scale. However, many existing studies focus on the influence mechanism of
urban vitality in regard to conventional parcel- or area-level land-use classifications (e.g.,
commercial land and residential land) that include a variety of points-of-interest (POIs),
while few literature take consideration into the influence mechanism regarding finer gran-
ularity of land-use classifications (e.g., entertainment, food, and education). Furthermore,
refining functional area classification can provide greater assistance for urban planning [8].
To abridge this research gap, we attempted to explore the impact of fine-grained land-use
categories on urban vitality reflecting human mobility. However, there are two significant
issues needed to be resolved before the beginning of study. On the one hand, a suitable
quantified proxy of urban vibrancy is needed to be selected. On the other hand, how to
precisely explore the underlying mechanism between urban vibrancy and fine-grained
land-use categories is extremely crucial.

In the past, the majority of studies regarding human mobility patterns were investi-
gated through the household survey. Although the survey-based approach can provide
detailed, high-quality, and high-dimensional data, it is high-cost, time-consuming, and
low-quantity. The rapid development of information and communications technology
(ICT) allows researchers to easily and quickly collect a large amount of real-time data
generated by people in daily life, and provides more opportunities for studying issues that
is not settled due to the lack of relevant data. Furthermore, the accessibility of low-cost data
enables researchers to contribute to different fields such as identification of city center [9],
exploration of travel patterns [10,11], modeling human preference [12], and classifying
land-use [7,13]. Meanwhile, benefiting from the development of ICT, many researchers
collected mobile phone data [14,15], small catering business data [6,16], night-time light
data [6,17], and social media data [18,19] as a main proxy of urban vibrancy. Meanwhile,
the spatial, temporal, and dynamic characteristics of these data render them superior over
conventional demographic data [20]. In these types of data, everyone plays a role of sensor
to sense the human daily activities in different locations and times [21,22]. However, each
of the data sources mentioned above has some limitations. The small catering business
data only represent certain categories of human activities, it lacks the indication of diver-
sity of urban vitality, the analytical results obtained from this data source will therefore
cause representative bias. Furthermore, small catering business data cannot reflect the
temporal features of the urban vitality. Same as small catering business data, social media
data such as check-in data also has the representative bias. The social media platforms
such as Foursquare, Facebook, Twitter, and Weibo are popular for researchers to collect
analytical data related to human activity trajectory. The check-in data obtained from these
social media platforms are under-represented by elderly people, since the majority of the
contributors are young people. Moreover, check-in data has a heavy tailed distribution,
since a small proportion of active users generated the majority of check-in data [23]. Al-
though mobile phone data has neither the representative bias on age group nor trajectory
incompleteness, location tracking of mobile phone data is based on signal transmitting
base station. Therefore, the locational accuracy of mobile phone data is inferior to that
of social media data relying on global navigation satellite system (GNSS) positioning. In
this study, we utilize ‘location-aware big data’ of Tencent, a Chinese giant of technology
corporation, as the proxy of urban vibrancy. This data source includes location requests
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generated by WeChat, QQ, and other location-based services offered by Tencent, wherein
QQ and WeChat (they are widely used by people in China to communicate with friends,
family members, and colleagues) are the most popular instant messaging applications.
Moreover, WeChat also offers a tool called ‘WeChat Pay’, one of the most popular online
mobile payment tools, which is being used almost everywhere in China. This means the
Tencent location-aware big data decreases the limitation of age group bias to some extent
and consequently enables researchers to obtain the more convincing analytical results.

Methodologically, a number of models have contributed to the exploration of rela-
tionship between urban vitality and explanatory variables reflecting city configuration
and function. The local indicators of spatial association (LISA), a method proposed by
Anselin [24], is adopted to explore urban vitality from different perspectives such as land-
use intensity and condition [6]. However, only one of the perspectives can be analyzed
and verified in each exploration by this method, which greatly hinders the urban planning
that requires a combination of different perspectives. Linear regression such ordinary least
squares (OLS) regression and geographically weighted regression [25] can be adopted to
respond to this issue. However, human activity not only exhibits spatial characteristics
but also reflects temporal features, since the travel purpose of people may change with
the different time to meet different demands of activity [4,26]. Therefore, in this study,
we attempted to adopt the OLS regression model to obtain overall results in the whole
city of Guangzhou, while being prepared for the model confirmation of geographically
and temporally weighted regression (GTWR) in the main districts of Guangzhou. The
adoption of GTWR can explore spatiotemporally varying relationship between land-use
and urban vibrancy to gain deeper insight into the underlying influence mechanism of
urban vibrancy.

The remainder of this study is organized as follow: Section 2 reviews the previous
related works. Section 3 introduces the study area and the data sources. Section 4 presents
the analysis framework used in the study. Section 5 presents the analysis results gained
from model. Finally, the paper presents the conclusions and future work.

2. Literature Review
2.1. Urban Vibrancy

Urban vibrancy as the name implies can represent the active degree of human in a
city. In fact, urban vibrancy is associated with economic, built environment, accessibility,
safety as well as convenience in the scale of city, street, or even smaller grid. Jacobs [27]
illustrated that urban vibrancy stems from the interaction between citizens and built
environment in daily life, which also explains the feasibility of exploring urban vibrancy
in relation to human behavior and built environment. Some researchers investigated
the pedestrian vitality calculated in terms of pedestrians’ photos in central areas and
commercial streets by considering the directly impacted factors, that can directly support
or obstacle people’s activities, such as the number of stores and parked cars as well as the
available area for pedestrian’s movement [28]. However, the measurement of pedestrian
vibrancy limits the application of this method, as the approach of measurement is high-
cost and time-consuming. Moreover, Meng and Xing [29] utilized review data as urban
vibrancy to explore the influence mechanism mainly based on indirectly impacted factors
(e.g., physical landscape characteristics and built environmental configuration) that can
indirectly reflect the function and extent of prosperity. Likewise, Wu, et al. [30] collected
24-h GNSS-trajectories of some voluntary residents with wearable tracking devices to
examine mechanism of urban vibrancy under the indirectly impacted factors (e.g., inner
physical configuration in block). Although, the indirectly impacted factor is a novel
perspective to investigate and define urban vibrancy, it is difficult to explain the urban
vibrancy perfectly. Furthermore, in the two studies mentioned above, the ways to capture
urban vibrancy also limit the large-scale applications of their models due to lack of dynamic
measurement of urban vibrancy or high-cost collection. In addition, many studies still
exist deficiencies in collecting analytical data and selecting influence factors. Therefore, it
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is necessary to propose a framework to quickly and effectively investigate urban vibrancy
for assistance of urban planners at the low-cost level.

2.2. Land Use and Urban Vibrancy

Geo-tagged user-generated data, such as social media data, phone signaling data, and
GNSS-trajectory data of taxi, contribute greatly to large-scale and low-cost collection of
high-dynamic analytical data as well as facilitate people devoted to improving their life
quality by sensing urban environment from perspective of social sensing [4,31]. Therefore,
the geo-tagged data can be treated as a significant dataset for efficiently quantifying
urban vitality.

Although the relationship between land use and urban vibrancy is not a new field
of investigation, it still is a popular topic worthy of exploration. The urban vibrancy was
initially defined by Jacobs [27] who demonstrated the association between people life of
city and mixed land use. After that, Lynch [5] concluded that the three main factors of
morphology, socio-economic characteristics, and function have significant impact on urban
vibrancy. The factor of function actually refers to land use that describes different use
purposes of various lands. Lamb [32] found mixed land-use area characterized by mix of
commercial and residential structure can attract more population. Moreover, some studies
illustrate that people who live and work in mixed land-use area are likely to have a lifestyle
free of car due to a high level of walking accessibility to various services [33,34], which
means that people from single functional areas will be attracted to the mixed land-use
area due to facility accessibility. Montgomery [1] described that increasing urban vitality
could be achieved in the place where the diversity of primary land uses is sufficiently
ensured. Based on these works, Sharkova and Sanchez [35] proposed a model to investigate
the impact of neighborhood type, land use, socio-economic characteristics, and urban
accessibility on urban vibrancy by using the OLS model. Previous studies certificate that
land use has a significant effect on urban vibrancy.

With the popularity of location-based social network (LBSN), big data generated by
LBSN is utilized to explore the correlation of land-use configuration and urban vibrancy.
The strong correlation is proved by a series of studies again [4,6,36]. Xia et al. [6] explored
the relationship of urban vibrancy and land-use, and measured urban daytime and night-
time vibrancy using small catering business and night-time light data, respectively. They
discovered that the urban vibrancy changes over time and urban vibrancy is not only
representation of catering business vibrancy. Furthermore, Yue et al. [36] proposed an
approach to measure of mixed land use and explored its impact on vibrancy based on
phone data. Wu et al. [4] utilized Weibo check-in data to increase the understanding of
impact of land use on urban vibrancy. However, the locational accuracy of phone data
is inferior to that of social media data as well as the Weibo check-in data which have a
high level of age representativeness deviation. As the most popular forms of big data,
phone data and social media data both have inherent disadvantages. It is important to
search for a new form of big data which can better balance the trade-off between locational
accuracy and user representativeness existing in the current popular forms of big data,
like phone data and social media data. As an emerging form of social media data, Tencent
location-aware big data appears to better balance the trade-off as it has a higher level of
locational accuracy than phone data and a higher level of user representativeness than
Weibo check-in data [37,38].

Therefore, in this study, we attempted to use Tencent location-aware big data, to
enhance the understanding of land-use effects on urban vibrancy. Moreover, we attempted
to use point-of-interest (POI) data instead of land-use data to refine land-use categories,
and thus to gain deeper insight into the underlying mechanism of land-use effects on
urban vibrancy.
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3. Study Area and Data
3.1. Study Area

The study area is located at the city of Guangzhou, the core city of pearl river delta
which is one of the biggest economic zones in China, with a population of 14.9 million
by the end of 2018. However, the rapid development of Guangzhou relies not only on its
location, local policy, and urban planning, but also the crucial factors for the achievement.
Guangzhou consists of 11 districts (Conghua, Huadu, Zengcheng, Baiyun, Huangpu,
Tianhe, Yuexiu, Liwan, Haizhu, Panyu, Nansha) shown in Figure 1a. Moreover, many
previous studies chose areal units constituted by conventional boundaries of blocks, streets
and traffic analysis zones as the study unit, which are usually too large to obtain fine-
grained results. Therefore, we choose the 1 km × 1 km grid as the unit of this study
to measure urban vibrancy at a finer scale because: (1) Tencent location-aware data are
gridded data after aggregating location requests of users and (2) a 1× 1 km grid is spatially
finer than the areal units used in the previous studies.
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3.2. Data Collection

The interaction of people between communities is built on the basis of the road
network that reflects the accessibility and traffic convenience of the community. The
dataset of road network gathered from OpenStreetMap has a detailed classification scheme
composed of 23 road categories. For simplicity, we merged the 23 categories into two road
types: external road (e.g., primary road, secondary road, and tertiary road) and internal
road (e.g., footway, pedestrian, and living street), due to their distinct functions and impact
on people’s travel. The external road is basically used for car, while the internal road is
mainly used for pedestrians and bicycles. As shown in Figure 1b, the distribution of POIs
is associated with the density of road network.

The amount of human activities is likely associated with the category of POI, as the
POI can represent a place to undertake a certain human activity. In order to portray this
correlation, we collected the POI dataset from Baidu Map, the most popular map service
in China. The Guangzhou POI dataset, which contains different POIs of about 1 million,
is available via application programing interface (API) of Baidu Map. The detail of POI
dataset is exhibited as Figure 2.
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The Tencent location big data collected from big data platform of Tencent (https://heat.
qq.com) recorded the number of location requests provided by location-based services
(LBSs) of Tencent, which involve the fields of social network, game, online shopping,
communication and travel. The number of location requests sent to LBSs is used as the
proxy of urban vibrancy in this study, as the number of location requests can be used to rep-
resent the number of collective human activities. It has a spatial resolution of 1 km × 1 km
and a temporal resolution of 1 h. The dataset has excellent group representativeness in
studies of dynamic urban vibrancy. Therefore, we attempted to use the number of location
requests as proxy to explore urban vibrancy of working and non-working days for a more
representative result. In order to reduce sampling bias and increase representativeness, we
collected the dataset generated from 10th to 28th November 2018, during which there are
no national holidays, to obtain average value for representing two-day patterns of working
and non-working days. In order to accurately investigate typical patterns of working and
non-working days, we selected, after a preliminary experiment, the average urban vibrancy
of all Wednesdays and Saturdays during this collection period to represent the typical
urban vibrancy of working and non-working days respectively.

The POI data is of high quality as it was downloaded from Baidu Map which is the
leading navigation service provider in China. According to a study [39], in Chinses cities,
although 71% of the OpenStreetMap (OSM) data was less detailed than the Baidu datasets,
but on average 66% of OSM data was accurate. The road network data downloaded from
OSM is reliable. According to a recent study [37], the number of location requests of
Tencent location-aware data is positively correlated with the daily number of tourists in
11 tourist attractions of China over a ~60-day period as shown by the Pearson correlation
coefficients, which range from 0.718 to 0.915 (p-value < 0.001 for all) with an average of
0.821. Moreover, there is high correlation coefficient of 0.9 between Tencent location data
and residential population [40]. This indicates that Tencent location-aware dataset could
be used as a proxy of the collective geo-tagged human activities at a short-time scale [37].
Furthermore, these three datasets have been used in many studies and achieve a series of
reliable experimental results [41–44]. All the above demonstrate that the datasets used in
this study are reliable.

4. Methodology

In order to explore the underlying correlation mechanism of urban vibrancy and POI-
based land-use configuration, we proposed an analysis framework to investigate urban
vibrancy from the perspective of multi-source social sensing. The framework shown in
Figure 3 illustrates the progressive exploration of urban vibrancy in Guangzhou. First of all,
the visualization of Tencent location-aware data of whole day on working and non-working
days after data fusion was conducted to investigate the spatial and temporal patterns of

https://heat.qq.com
https://heat.qq.com
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collective human activities and verify the feasibility of viewing Tencent location-aware
data as proxy for urban vibrancy. Subsequently, we attempted to utilize an OLS model to
illustrate the overall relationship between vibrancy and POI-based variables in the whole
city of Guangzhou. Finally, the relationship is explored in detail using GTWR models that
take into consideration the spatial and temporal heterogeneity in the main districts. The
exhibition of following sections is the detail of model used in this study.
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4.1. Geographically and Temporally Weighted Regression

In this study, GTWR extended from geographically weighted regression [45] by in-
corporating temporal dimension is applied to explore spatiotemporally varying influence
mechanism between urban vibrancy and POI-based and transport accessibility-related
variables in the main districts of Guangzhou. GTWR has been used in a variety of fields
such as modeling variation in house price [46] and estimating concentration of PM2.5 [47].
The model of GTWR can be described as Equation (1).

Yi = β0(ui, vi, ti) + ∑
k

βk(ui, vi, ti)Xik + εi (1)

where Yi denotes the vibrancy in the grid i as the dependent variable of the model.
β0(ui, vi, ti) represents the intercept value, wherein ui, vi and ti denotes the coordinates
and time respectively. Xik refers to the k-th explanatory variables (independent variables)
in location i. εi is residual error. βk(ui, vi, ti) denotes the parameters of each explanatory
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variables in space-time location i. In addition, the estimation of βk(ui, vi, ti) is essential for
the model in capturing spatiotemporal heterogeneous, it can be described as Equation (2).

β̂k(ui, vi, ti) =
[

XTW(ui, vi, ti)X
]−1

XTW(ui, vi, ti)Y (2)

where X denotes the matrix of independent variables, and Y refers to the matrix of observa-
tion (i.e., urban vibrancy). Moreover, W(ui, vi, ti) is a n× n weighting matrix conposed of
diagonal matrix. W(ui, vi, ti) = diag(Wi1, Wi2, · · · , Win) and n is the number of observations.
The calculation of W(ui, vi, ti) is a crucial step for quantifying spatiotemporal relationship
between sample i and other sample, which is also the discrimination from general regression
model. The Gauss kernel function can achieve a great efficiency and result in quantifying the
spatiotemporal correlation [4], and it can be expressed as Equation (3).

Wij = exp
(
−d2

ij/h2
)

(3)

where h is bandwidth, which produces the decay of influence with distance between loca-
tion i and location j. Cross-validation (CV) can provide the guidance for selecting optimal
parameter h. Suppose yi is actual value and ŷi(h) denotes predicted value. Therefore, the
value of CV can be described as sum of the squared error between yi and ŷi(h).

CV(h) = ∑
i
(yi − ŷi(h))

2 (4)

According to Huang, Wu and Barry [46], dij can be calculated as Equation (5).

dij =

√
γ
[(

ui − uj
)2

+
(
vi − vj

)2
]
+ µ

(
ti − tj

)2 (5)

where dij is a crucial element for capturing spatiotemporal heterogeneous between grid i
and j.

4.2. Explanatory Variables

In this article, we made use of the original classification scheme of POIs instead of the
combined classification scheme used in the data downloaded (e.g., mixing shopping, food
and entertainment to represent the type of commercial) to better classify POIs. In addition
to POI-related explanatory variables, we also took account of transport accessibility based
on road density. Table 1 lists the explanatory variables and their descriptive statistics. In
order to weaken the collinearity and transform data to normal distribution, we conducted
normalized transformation of explanatory variables. Moreover, we combined shopping
POIs and leisure POIs into entertainment POIs as they have similar functions that meet
the demand of human activities and have similar impact on temporal variations in urban
vibrancy. Similarly, commercial accommodation POIs (e.g., hotels) and residential POIs
are integrated into housing POIs, while bus stations and subway stations are united to
transportation POIs. According to the previous findings [36,48], the capability of land-
use entropy indicators based on conventionally land use parcel data is weak in accurate
measures of land use mix. Therefore, this study selected richness of POIs to represent
fine-grained land-use diversity [36].



Sustainability 2021, 13, 444 9 of 23

Table 1. Definition and descriptive statistics of explanatory variables.

Code Variable Mean Standard Deviation

V1 Number of food POIs 0.0175 0.0649
V2 Number of tourism POIs 0.0054 0.0313
V3 Number of company POIs 0.0166 0.0598
V4 Number of financial and insurance POIs 0.0047 0.0264
V5 Number of education and culture POIs 0.013 0.0547
V6 Number of life service POIs 0.0197 0.0735
V7 Number of entertainment POIs 0.0208 0.0751
V8 Number of medical and health POIs 0.0083 0.0334
V9 Number of housing POIs 0.0072 0.0301

V10 Number of transportation POIs 0.0241 0.0786
V11 External road density 0.0614 0.0943
V12 Internal road density 0.0402 0.0849
V13 Richness of POIs 0.2348 0.2923

5. Results

In this section, empirical results are shown. First of all, we mapped the spatial distri-
bution of urban vibrancy during different hours of day on weekday as well as on weekend.
Lately, we examined dynamic impact of service facilities on urban vibrancy by estimating
GTWR models. Particularly, we focused on the associations of three POI categories (i.e.,
food, housing, and transport) and urban vibrancy as these three POI categories are highly
related to sustainable development as well as the pursuit of socioeconomic vibrancy and
well-being of residents in the post-industrial era. More specifically, we firstly examined
purely temporal variations in the impact of the three variables, and subsequently examined
spatiotemporal variations in the impact of the three variables to derive some findings.

5.1. The Spatial Distribution of Vibrancy

We firstly mapped the distribution of vibrancy to explore the spatial patterns of
collective human activities during different hours of day on the working day and on the
non-working day in the study area. The visualization of result is exhibited as Figure 4
with a spatial resolution of 1× 1 km. The result of resident’s activity distribution reveal
that the concentration of human activities exists in central city districts, Guangzhou north
railway station, Guangzhou south railway station and Baiyun international airport, which
illustrates the spatial nonstationarity of vibrancy in the study area.

In terms of temporal distribution features, as the presentation of Figure 4a, the lower
frequency of human activities happens in sleeping time, and the higher agglomeration
quickly takes place in central area after the time when people need to start working until
off work. After work, people begin to gradually leave the central districts and return
to residential areas located at sub-central districts like Baiyun and Huangpu, which is
evident in Figure 4a. Unlike the time of on duty and off duty has become the obvious
dividing line between gathering in and dispersion from central areas on the working day,
there is not any obvious dividing line on the non-working day. As shown in Figure 4b,
there is not any obvious gathering of vibrancy at 9:00 in central areas on the non-working
day, and the degree of agglomeration, after obvious gathering takes place, is lower on the
non-working day than that on the working day. This can reveal that residents may prefer
to stay at home or travel to suburbs on the non-working day as there is no demand to
work in city center. Furthermore, the degree of nighttime gathering on the non-working
day is slightly higher than that of daytime gathering on working day, which illustrates
that people are likely to be more active at night on the non-working day than during the
day on the working day. This is probably because November is one of the best times for
nightlife in Guangzhou as Guangzhou usually experiences a sunny, cool, and dry weather,
with an average temperature of 20 ◦C in November. These findings potentially assist urban
managers to develop some cyclical management policy to reasonably allocate resource.
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5.2. Overall Impact Mechanism of Service Facilities and Vibrancy

In order to assess the overall relationship between urban vibrancy and POI-based
variables in a 1× 1 km grid, the ordinary least squares regression is conducted. However,
it is prerequisite to calculate the variance inflation factors (VIFs) to avoid multicollinearity
that refers to the existence of high-degree intercorrelations between explanatory variables
within the line regression model, and finally confirm the suitable explanatory variables
with a VIF value below 10 for constituting the regression model [4,14]. Consequently, the
independent variable ‘living service POI’ is removed from the model due to a high VIF
value of 18.9. Subsequently, an OLS model is estimated to explore the overall influence of
explanatory variables on vibrancy during each hour on the working day and non-working
days respectively. In total, there are 48 (24 × 2) OLS models estimated. The results are
shown as Tables 2 and 3. All the OLS models achieved a high-degree explanatory capacity
with an overall R2 of above 0.8, which illustrates that our models can greatly explain the
vibrancy during any time period.
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Table 2. The results of OLS on working day.

Period R2 Adjusted R2
Explanatory Variables

Intercept V1 V2 V3 V4 V5 V7 V8 V9 V10 V11 V12 V13

H0 0.853 0.852 −6.8 × 10(−4)

** 0.438 *** −0.02 ** 0.227 *** −0.473
*** −0.013 0.024 *** 0.083 *** 0.061 *** 0.019 *** −0.007 0.019 *** 0.016 ***

H1 0.844 0843 −3.1 × 10(−4) 0.329 *** −0.012 * 0.177 *** −0.358
*** −0.006 0.024 *** 0.067 *** 0.017 0.011 ** −0.006 * 0.012 *** 0.011 ***

H2 0.836 0.835 −1.6 × 10(−4) 0.241 *** −0.008 * 0.132 *** −0.266
*** −0.009 ** 0.02 *** 0.061 *** 0.009 0.012 *** −0.005 * 0.006 *** 0.008 ***

H3 0.826 0.826 −1.3 × 10(−4) 0.181 *** −0.006 0.105 *** −0.217
*** −0.008 ** 0.017 *** 0.059 *** 0.01 0.01 *** −0.004 * 0.005 ** 0.007 ***

H4 0.828 0.827 −1.1 × 10(−4) 0.154 *** −0.007 * 0.087 *** −0.183
*** −0.01 *** 0.014 *** 0.064 *** 0.008 0.012 *** −0.003 * 0.003 ** 0.006 ***

H5 0.831 0.831 −1.3 × 10(−4) 0.124 *** −0.006 * 0.077 *** −0.161
*** −0.008 ** 0.013 *** 0.071 *** 0.01 * 0.012 *** −0.002 0.003 ** 0.006 ***

H6 0.854 0.853 −1.8 × 10(−4) 0.134 *** −0.005 0.08 *** −0.175
*** −0.004 0.013 *** 0.092 *** 0.016 *** 0.023 *** −0.002 0.004 ** 0.009 ***

H7 0.887 0.887 −4.3 × 10(−4)

** 0.182 *** −0.006 0.117 *** −0.219
*** 0.011 ** 0.006 0.128 *** 0.035 *** 0.051 *** 0.002 0.006 *** 0.011 ***

H8 0.908 0.907 6.3 × 10(−4) *** 0.215 *** −0.011 * 0.182 *** −0.139
*** 0.048 *** −0.014

*** 0.12 *** 0.058 *** 0.08 *** 0.013 *** 0.009 *** 0.009 ***

H9 0.929 0.929 −5.7 × 10(−4)

** 0.201 *** −0.002 0.225 *** 0.059 *** 0.054 *** −0.01 ** 0.086 *** 0.065 *** 0.078 *** 0.013 *** 0.012 *** 0.008 ***

H10 0.931 0.931 −5.7 × 10(−4)

** 0.219 *** 0.003 0.205 *** 0.165 *** 0.052 *** 0.009 * 0.07 *** 0.058 *** 0.072 *** 0.016 *** 0.015 *** 0.007 ***

H11 0.93 0.93 −3.2 × 10(−4) 0.298 *** 0.002 0.261 *** 0.228 *** 0.091 *** 0.002 0.036 ** 0.05 *** 0.63 *** 0.02 *** 0.012 *** 0.003 ***
H12 0.931 0.931 −6 × 10(−4) * 0.289 *** −0.006 0.302 *** 0.284 *** 0.07 *** −0.004 0.066 *** 0.077 *** 0.074 *** 0.018 *** 0.02 *** 0.008 ***
H13 0.924 0.923 −4 × 10(−4) 0.316 *** 0.001 0.273 *** 0.129 *** 0.07 *** 0.042 *** 0.041 *** 0.046 *** 0.063 *** 0.017 *** 0.018 *** 0.005 ***
H14 0.919 0.919 −5.2 × 10(−4) * 0.285 *** 0.023 *** 0.24 *** 0.18 *** 0.051 *** 0.047 *** 0.017 0.044 *** 0.064 *** 0.024 *** 0.017 *** 0.003 ***
H15 0.926 0.926 −2.2 × 10(−4) * 0.251 *** 0.024 *** 0.244 *** 0.208 *** 0.047 *** 0.041 *** 0.042 *** 0.056 *** 0.073 *** 0.024 *** 0.018 *** 0.002 **
H16 0.928 0.928 −5.3 × 10(−4) * 0.262 *** 0.019 *** 0.236 *** 0.156 *** 0.065 *** 0.033 *** 0.062 *** 0.058 *** 0.069 *** 0.025 *** 0.019 *** 0.03 ***

H17 0.927 0.927 −5.9 × 10(−4)

** 0.295 *** 0.005 0.237 *** 0.142 *** 0.068 *** 0.024 *** 0.078 *** 0.045 *** 0.062 *** 0.025 *** 0.018 *** 0.004 ***

H18 0.927 0.927 −5.7 × 10(−4) * 0.319 *** −0.019 ** 0.255 *** 0.064 *** 0.08 *** 0.021 *** 0.094 *** 0.059 *** 0.063 *** 0.017 *** 0.013 *** 0.009 ***

H19 0.915 0.914 −5.9 × 10(−4)

** 0.364 *** −0.016 ** 0.208 *** −0.022 * 0.051 *** 0.004 0.068 *** 0.034 *** 0.059 *** 0.015 *** 0.011 *** 0.01 ***

H20 0.911 0.91 −4.6 × 10(−4) * 0.39 *** −0.027
*** 0.177 *** −0.177

*** 0.024 *** −0.002 0.084 *** 0.051 *** 0.066 *** 0.005 0.011 *** 0.012 ***

H21 0.899 0.899 −6.5 × 10(−4)

** 0.405 *** −0.022
*** 0.17 *** −0.271

*** 0.022 *** 0.014 ** 0.093 *** 0.049 *** 0.064 *** 0.004 0.011 *** 0.016 ***

H22 0.884 0.883 −9× 10(−4) *** 0.443 *** −0.018 ** 0.192 *** −0.371
*** 0.001 0.014 * 0.12 *** 0.074 *** 0.055 *** 0.003 0.015 *** 0.02 ***

H23 0.865 0.864 −9 × 10(−4) ** 0.444 *** −0.025 ** 0.236 *** −0.496
*** 0.002 0.016 * 0.133 *** 0.081 *** 0.042 *** −0.003 0.019 *** 0.019 ***

Note: *, **, *** denote corresponding p-value are below 0.05, 0.01, and 0.001 respectively.
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Table 3. The results of OLS on non-working day.

Period R2 Adjusted R2
Explanatory Variables

Intercept V1 V2 V3 V4 V5 V7 V8 V9 V10 V11 V12 V13

H0 0.861 0.861 −6.1 × 10(−4) * 0.45 *** −0.022 ** 0.222 *** −0.45 *** −0.003 0.021 *** 0.078 *** 0.049 *** 0.02 *** −0.005 0.016 *** 0.016 ***

H1 0.852 0851 −3.1 × 10(−4) 0.368 *** −0.019
*** 0.179 *** −0.376

*** −0.004 0.024 *** 0.051 *** 0.021 * 0.019 *** −0.008 ** 0.012 *** 0.012 ***

H2 0.841 0.841 −2.1 × 10(−4) 0.279 *** −0.012 * 0.143 *** −0.306
*** −0.005 0.018 *** 0.068 *** 0.008 0.014 *** −0.005 * 0.006 ** 0.009 ***

H3 0.832 0.832 −1.1 × 10(−4) 0.196 *** −0.008 * 0.104 *** −0.221
*** −0.006 0.021 *** 0.056 *** 0.004 0.014 *** −0.004 * 0.003 * 0.007 ***

H4 0.831 0.83 −1.1 × 10(−4) 0.16 *** −0.006 * 0.089 *** −0.193
*** −0.01 *** 0.013 *** 0.061 *** 0.009 0.012 *** −0.003 * 0.003 * 0.007 ***

H5 0.829 0.829 −1.1 × 10(−4) 0.135 *** −0.005 0.081 *** −0.174
*** −0.007 ** 0.013 *** 0.066 *** 0.01 * 0.015 *** −0.003 * 0.002 * 0.007 ***

H6 0.847 0.847 −2.1 × 10(−4) 0.137 *** −0.007 * 0.083 *** −0.187
*** −0.007 * 0.015 *** 0.085 *** 0.014 ** 0.024 *** −0.0001 0.003 * 0.009 ***

H7 0.875 0.874 −4.3 × 10(−4)

** 0.172 *** −0.012 ** 0.1 *** −0.218
*** 0.004 0.014 *** 0.11 *** 0.035 *** 0.039 *** 0.002 0.005 ** 0.013 ***

H8 0.903 0.902 1.5 × 10(−4) *** 0.21 *** −0.014 ** 0.135 *** −0.232
*** 0.026 *** 0.018 *** 0.119 *** 0.058 *** 0.054 *** 0.008 *** 0.009 *** 0.012 ***

H9 0.917 0.917 −1.7 × 10(−4)

** 0.216 *** −0.004 0.162 *** −0.213
*** 0.044 *** 0.03 *** 0.113 *** 0.056 *** 0.085 *** 0.011 *** 0.01 *** 0.01 ***

H10 0.923 0.923 −1.8 × 10(−4)

** 0.26 *** 0.0004 0.168 *** −0.171
*** 0.071 *** 0.038 *** 0.096 *** 0.057 *** 0.077 *** 0.016 *** 0.011 *** 0.008 ***

H11 0.927 0.926 −3.2 × 10(−4) 0.338 *** 0.006 0.186 *** −0.06 *** 0.073 *** 0.027 *** 0.068 ** 0.053 *** 0.088 *** 0.018 *** 0.013 *** 0.005 ***

H12 0.927 0.926 −5 × 10(−4) * 0.354 *** −0.0007 0.235 *** −0.104
*** 0.077 *** 0.034 *** 0.074 *** 0.059 *** 0.084 *** 0.02 *** 0.019 *** 0.007 ***

H13 0.923 0.922 −2.2 × 10(−4) * 0.31 *** 0.011 0.221 *** −0.081
*** 0.05 *** 0.042 *** 0.137 *** 0.049 *** 0.08 *** 0.015 *** 0.022 *** 0.007 ***

H14 0.915 0.915 −4.3 × 10(−4) 0.32 *** 0.015 ** 0.18 *** −0.012 0.043 *** 0.068 *** 0.038 *** 0.025 *** 0.082 *** 0.021 *** 0.019 *** 0.004 ***
H15 0.916 0.916 −2.1 × 10(−4) 0.295 *** 0.031 *** 0.164 *** −0.017 0.045 *** 0.054 *** 0.053 *** 0.042 *** 0.084 *** 0.022 *** 0.015 *** 0.002 **
H16 0.915 0.915 −4.9 × 10(−4) * 0.306 *** 0.026 *** 0.18 *** −0.006 0.038 *** 0.045 *** 0.081 *** 0.03 *** 0.07 *** 0.022 *** 0.019 *** 0.004 ***
H17 0.924 0.924 −2.1 × 10(−4) 0.343 *** 0.025 *** 0.158 *** 0.009 0.062 *** 0.053 *** 0.0166 0.048 *** 0.082 *** 0.017 *** 0.016 *** 0.004 ***

H18 0.923 0.923 −2.1 × 10(−4)

*** 0.354 *** −0.015 ** 0.2 *** −0.122
*** 0.04 *** 0.037 *** 0.061 *** 0.049 *** 0.072 *** 0.018 *** 0.019 *** 0.01 ***

H19 0.924 0.924 −4.9 × 10(−4) * 0.418 *** −0.009 0.163 *** −0.166 * 0.015 *** 0.018 *** 0.001 0.081 *** 0.067 *** 0.009 *** 0.014 *** 0.011 ***

H20 0.908 0.908 −4.6 × 10(−4) * 0.37 *** −0.009 0.144 *** −0.211
*** 0.007 0.028 *** 0.09 *** 0.053 *** 0.046 *** 0.005 0.009 *** 0.015 ***

H21 0.901 0.901 −2.1 × 10(−4) * 0.423 *** −0.016
*** 0.125 *** −0.257

*** 0.004 0.014 ** 0.093 *** 0.049 *** 0.064 *** 0.004 0.011 *** 0.016 ***

H22 0.885 0.885 −2.5 × 10(−4)

** 0.42 *** −0.023 ** 0.172 *** −0.373
*** −0.008 0.025 *** 0.125 *** 0.085 *** 0.056 *** 0.0005 0.014 *** 0.02 ***

H23 0.868 0.868 −2.8 × 10(−4)

** 0.457 *** −0.037
*** 0.206 *** −0.44 *** −0.01 0.025 * 0.122 *** 0.081 *** 0.039 *** −0.008 * 0.015 *** 0.02 ***

Note: *, **, *** denote corresponding p-value are below 0.05, 0.01, and 0.001 respectively.
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As the show of Table 2, the explanatory variables i.e., ‘number of food POIs’, ‘number of
company POIs’, ‘number of transportation POIs’, ‘internal road density’, and ‘POI richness’,
have a significantly positive impact on vibrancy throughout all the hours of working day.
Furthermore, the high attraction of food POIs can be traced back to the long-lasting Cantonese
culture making restaurant one of the most important social activity venues, which illustrates
the reason why restaurants greatly attract people in Guangzhou. The company POIs’ positive
influence is partly attributable to the concentration of companies in city center with a variety
of service facilities. Unlike ‘number of company POIs’, ‘number of financial & insurance POIs’
and ‘external road density’ have significant positive impact during only regular working
hours (e.g., from 09:00 to 17:00). In addition, ‘number of education and culture POIs’ has a
positive impact from 7:00 to 21:00 that coincide with class time, and ‘number of housing POI’
has a significantly positive influence throughout the whole day except sleeping time.

Table 3 shows that, on the non-working day, the biggest difference takes place between
the entertainment POIs and financial & insurance POIs. ‘Number of financial & insurance
POIs’ has a significantly negative impact throughout most of the day and have no statistical
significance during some hours of the day. The cause of this phenomenon is that financial
and insurance POIs are usually close on the non-working day. Meanwhile, ‘number of
entertainment POIs’ has a significantly positive impact throughout the whole day on the
non-working day; whilst it even has a negative impact during some hours on the working
day. Surprisingly, attraction of tourism POIs is unlikely to differ from working days to
non-working days. In addition, the public transportation explanatory variable still has a
significant impact throughout the whole day on the non-working day.

5.3. Spatiotemporally Varying Impact of Service Facilities on Vibrancy

In the discussion above, we gained an understanding of temporal variations in the
overall impact of POI-based explanatory variables on urban vibrancy around whole city of
Guangzhou. In order to further understand spatial and temporal variations simultaneously
in the impact of service facilities on vibrancy, we selected the main districts (Huadu,
Baiyun, Huangpu, Tianhe, Haizhu, Yuexiu, Liwan, and Panyu) for further exploration due
to data sparsity in the suburb districts of Guangzhou. In this study, the GTWR model was
adopted to examine spatiotemporal variations in the impact of service facilities on urban
vibrancy. Two GTWR models were estimated based on 2806 observations (2806 grids). The
results of GTWR model estimates for working day and non-working day are shown in
Tables 4 and 5 respectively. All selected variables’ corresponding p-values are below 0.001
except ‘V2′ (number of tourism POIs). Furthermore, the R2 achieve high values of 0.991
and 0.988, which represents that the selected explanatory variables can explain 99.1% and
98.8% of spatiotemporal variations in vibrancy on working day and non-working day with
optimal bandwidth of 0.119 and 0.121, respectively. As Tables 4 and 5 show, spatiotemporal
variations exist in the coefficients of explanatory variables. The higher the local coefficient,
the more attractive the POIs during that one-hour period or within that one-grid area. The
detail of influence mechanism is illustrated in the following.

(1) Purely temporal variations in the impact of service facilities on urban vibrancy

We firstly examined purely temporal variations in the impact of explanatory variables
on urban vibrancy on both weekday and weekend. As the exhibition of Figure 5, generally,
all POI categories have temporally varying coefficients on both weekday and weekend.
Typically, ‘number of company POIs’ and ‘number of financial & insurance POIs’ have
higher coefficients at all hours on the working day than on the non-working day; whilst
‘number of entertainment POIs’ and ‘number of housing POIs’ have lower coefficients at all
hours on the working day than on the non-working day. This indicates company POIs and
financial & insurance POIs are more attractive at all hours on weekday than on weekend;
whist entertainment POIs and housing POIs are less attractive at all hours on weekday
than on weekend. This is consistent with the expectation that residents are more likely to
stay at home or go to entertainment facilities on the weekend, whilst they are more likely
to stay in workplaces like companies or financial & insurance sites on weekdays.



Sustainability 2021, 13, 444 14 of 23

Table 4. The summary results of estimated coefficients on working day.

Variable Min First Quartile Median Third Quartile Max SD p-Value

V1 −5.767 0.038 0.203 0.423 10.715 0.505 0.000 ***
V2 −4.158 −0.102 −0.008 0.061 4.188 0.395 0.019 *
V3 −10.515 0.043 0.169 0.336 3.762 0.422 0.000 ***
V4 −16.377 −0.486 −0.063 0.294 28.838 1.374 0.000 ***
V5 −4.502 −0.073 0.039 0.202 2.696 0.366 0.000 ***
V7 −21.389 −0.106 0.015 0.151 14.116 0.892 0.000 ***
V8 −7.801 −0.155 0.072 0.287 6.212 0.604 0.000 ***
V9 −27.114 −0.106 0.131 0.494 17.956 0.963 0.000 ***

V10 −2.677 −0.043 0.003 0.063 1.791 0.142 0.000 ***
V11 −0.653 −0.001 0.007 0.023 0.501 0.05 0.000 ***
V12 −0.462 −0.009 0.001 0.011 0.456 0.044 0.000 ***
V13 −0.136 0.001 0.006 0.016 0.227 0.018 0.000 ***

Note: *, **, *** denote corresponding p-value are below 0.05, 0.01, and 0.001 respectively. R2 = 0.991
Bandwidth = 0.119 Residual sum of squares = 1.244.

Table 5. The summary results of estimated coefficients on non-working day.

Variable Min First Quartile Median Third Quartile Max SD p-Value

V1 −6.7 0.039 0.208 0.418 8.507 0.481 0.000 ***
V2 −4.07 −0.105 −0.009 0.066 3.919 0.386 0.015 *
V3 −7.283 0.02 0.138 0.292 6.507 0.385 0.000 ***
V4 −9.930 −0.531 −0.073 0.283 23.898 1.387 0.000 ***
V5 −5.316 −0.094 0.024 0.185 3.133 0.378 0.000 ***
V7 −13.846 −0.094 0.025 0.172 10.909 0.729 0.000 ***
V8 −9.848 −0.17 0.074 0.291 4.238 0.632 0.000 ***
V9 −20.474 −0.109 0.126 0.512 19.31 0.955 0.000 ***

V10 −3.0 −0.039 0.008 0.072 4.083 0.159 0.000 ***
V11 −0.681 −0.001 0.007 0.023 0.547 0.051 0.000 ***
V12 −0.427 −0.007 0.001 0.013 0.416 0.043 0.000 ***
V13 −0.167 0.001 0.006 0.015 0.228 0.018 0.000 ***

Note: *, **, *** denote corresponding p-value are below 0.05, 0.01, and 0.001 respectively. R2 = 0.988
Bandwidth = 0.121 Residual sum of squares = 1.349.

We further take a closer look at the temporal variations in coefficients of explanatory
variables on weekday and on weekend. Specifically, we take three explanatory variables
(i.e., ‘number of housing POIs’, ‘number of food POIs’, and ‘number of transportation
POIs’) as example because these three POI categories are highly related to sustainable
development as well as the pursuit of socioeconomic vibrancy and well-being of residents
in the post-industrial era. Firstly, the coefficients of ‘number of housing POIs’ are positive
during the working and non-working day, and have similar trends between weekday and
weekend. The main difference of coefficients of ‘number of housing POIs’ between working
and non-working day is evident in the morning. This illustrates that many residents are
likely to rest at home in the morning of non-working day after five days of hard working.
Moreover, the bottom on both working and non-working day appears at approximately
4:00, because few people use the Tencent location’s LBS at that time.

Secondly, temporal variations in the coefficients of ‘food POIs’ on weekday exhibit a
similar tendency with those on weekend. The first peak of the coefficients of ‘food POIs’
takes place at 12:00 when people go to have lunch, and subsequently the trend goes down,
followed by next slight peak at supper time. The attraction of food POIs still increases after
20:00 due to the popularity of night snack culture in Guangzhou.

Thirdly, temporally varying coefficients of ‘number of transportation POIs’ on week-
day and on weekend both have two peaks. Moreover, the trend of temporally varying
coefficients of ‘number of transportation POIs’ during working day is in line with the typi-
cal working time (the high value take place at 8:00 and 18:00), and the highest attractions
of transportation POIs during non-working day appear at approximately 11:30 and 16:00
when is close to the time of lunch and supper. This presumably indicates that on weekend
residents prefer to eat out with friends or relatives by public transport. Meanwhile, our
finding on the attraction of transport POIs is different from the finding of Wu et al. [4]
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in which people in Shenzhen presumably prefer to rest at home and keep away from the
noisy environment with transportation during non-working day.
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Moreover, land use mix is a commonly used indicator for quantifying urban vibrancy
in previous studies [14,36], which indicate the importance of mixed land use on urban
vibrancy. In this study, we used ‘POI richness’ to measure fine-grained land use mix. As
shown of Figure 5, the coefficient of ‘POI richness’ is positive during the whole working
day and the whole non-working day. In other words, to some extent, urban vibrancy can
be effectively increased from enhancement of the degree of POI richness. Furthermore,
the trend of POI richness indicates that nighttime activities are more diverse than daytime
activities in Guangzhou.

Apart from mixed land use, transport accessibility has a significantly positive impact
on vibrancy due to the positive coefficients of transportation POIs, external and internal
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road shown in Figure 5. Wherein the positive effects of external road and transportation
both are high throughout the whole day except sleeping time.

(2) Spatiotemporal variations in the impact of service facilities on urban vibrancy

Many previous studies have not yet examined spatial and temporal variations in
the impact of explanatory variables on urban vibrancy simultaneously [4,14]. In order
to gain more meaningful and helpful findings, we select three variables to further take
closer look (i.e., food, housing, and transportation) as these three POI categories are highly
related to sustainable development as well as the pursuit of socioeconomic vibrancy and
well-being of residents in the post-industrial era. In this study, we focus on the impact
of the three selected variables and fused spatial and temporal dimensions to scrutiny the
impact mechanism on urban vibrancy from the perspective of dynamic variations, which
can better assist policy makers to reasonably develop certain feasible and flexible policies
for public resource allocation. Figures 6–8 map the spatiotemporally varying coefficients
of the three explanatory variables respectively. Here, we applied natural breakpoint for
grouping influence parameters, and we also manually set zero to distinguish the negative
and positive impact on vibrancy. In Figures 6–8, blue and grey colours mean negative local
coefficients; whilst red, orange, and yellow colours mean negative local coefficients. The
high the local coefficient is, the attractive the POIs are during that hour of day and within
that grid. For simplicity, we derived some findings independent of hour of day or type of
day. More specifically, the findings on spatial patterns of local coefficients of explanatory
variables are fixed and stable, which are not influenced by hour of day or type of day. In
other words, spatial patterns exist during any hour of the day on weekdays as well as on
the weekend.

As the show of Figure 6a, the high popularity food POIs are located mainly located at
Baiyun District and parts of Huadu District and Huangpu District instead of the center of
city (e.g., Tianhe District and Haizhu District) irrespective of hour of day or type of day.
This finding can assist the development of food tourism and stimulation of consumption
by promoting these areas’ Cantonese food to attract tourist and the people who like food,
and simultaneously this promotion way can help to relieve the traffic pressure in city center
to some extent. Moreover, the effects of food POIs on vibrancy are mostly positive across
the study area, which illustrates optimizing the layout of food POIs is a feasible way to
effectively enhance city vibrancy in this study area. From the perspective of temporal
variation, spatially varying coefficients of food POIs do not differ largely from one time to
another during the day. However, according to the Figure 6a,b, we found that the number
of grids with positive coefficients of food POIs at 8:00 of non-working day is smaller than
that at 8:00 of working day. In other word, expansion of the grids with positive coefficients
in the morning of non-working day occurs later than that of working day, which is in
line with the phenomenon that many residents prefer to rest at home in the morning of
non-working day.

As Figure 7 shows, the housing POIs of Tianhe and Yuexiu, the new and old urban cen-
tres of Guangzhou, have the positive effects on urban vibrancy. However, high-popularity
housing POIs are located mainly at Huangpu district instead of the center of city irre-
spective of hour of day or type of day. Huangpu district, full of woodlands, has a better
greening condition than city center, and thus offers better living environment than city
center. Therefore, it is probably one cause for phenomenon of high-popularity housing
POIs being located at Huangpu district. Moreover, spatiotemporal varying coefficients
of housing POIs do not differ largely from one time to another during the day. As the
exhibition of Figure 7a,b, we found that the number of grids with positive coefficients
at 20:00 of working day is more than that at 20:00 of non-working day. In other words,
housing POIs’ attraction at 20:00 of working day is higher than that at 20:00 of non-working
day. The potentially cause is that people prefer to come back home after work at working
day, while during non-working day residents’ nightlife activities will be more abundant.
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As the presentation of Figure 8, high-popularity transport POIs are mainly in suburban
areas instead of central areas, which is consistent with the findings of Wu, Ye, Ren and
Du [4]. The cause of this finding in this study might be different from the mentions of Miles
and Song [49] and Wu et al. [30] in which the convenient traffic environment, including
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transportation of bus and metro, can facilitate people to take the long-distance travel and
thus leading to the low degree of vibrancy. One possible reason for this is that commuters
are likely to use Tencent’s location-based services (LBS) when waiting for public transport
services, leading commuters to use location-based services more frequently before getting
on than after getting off bus, subway, or train. The areas with a high density of residents
who need to commute to central areas regularly are likely to have high values of local
coefficients of transport POIs as residents in these areas are likely to use LBS when waiting
for public transport services in support of daily commuting. From the temporal varying
perspective, at working day, spatiotemporally varying impact of transport POIs on vibrancy
surges at 8:00 when commuters need to commute to workplace (see Figure 7a). However,
such a surge, the grids with highly positive effects are expanded at 8:00 of working day,
is not evident at 8:00 of non-working day. Similarly, grids with highly positive impact of
transport POIs on vibrancy at 16:00 (the time some residents leave workplaces) on working
day are more than those on non-working day (see Figure 7a,b). This finding can assist
policy makers in developing reasonable allocation measures of transportation resource
according to the spatiotemporal variations in coefficients of transport POIs.

6. Discussion

The spatiotemporal distribution of urban vibrancy shows a different pattern between
working and non-working day. Whereas the time of on duty and off duty has become
the obvious dividing line between gathering in and dispersion from central areas on the
working day, there is not any obvious dividing line on the non-working day. It means
that the quickly gathering is common in the working day. However, the many public
safety incidents will be caused by quickly gathering of people, so this regular pattern of
distribution should be paid more attention by urban managers.

Experimental result shows that there is strong relationship between urban vibrancy
and POI- and road- based variables. The POI variables of food, housing and company
show higher positive attractive to urban vibrancy. This probably demonstrates that these
three types of service facility are more easily to attract people for enhancing urban vibrancy.
From a temporal perspective, all POI categories have temporally varying coefficients on
both weekday and weekend. Specifically, the categories of housing and transportation
exhibit a different pattern, that matches the regular activities of residents, between working
and non-working day. In the morning of working days, residents are more likely to take
the public transportation for working rather than staying at home for resting. In contrast,
more residents are likely to rest at home rather than taking the public transportation
in the morning of non-working day. Moreover, according to the temporal variation of
transportation POIs, urban managers can accurately and effectively optimize the timetable
of public transportation.

From the spatial perspective, the effects of food POIs on urban vibrancy are mostly
positive across the study area, which illustrates the strong attraction of food to human
activity. For urban managers, the food is probably a feasible and effective way to enhance
urban vibrancy in short term. Moreover, the most popular housing POIs are located in
Huangpu district which has a better greening condition and higher living environment,
which illustrates that the living environment has become a more important factor for
selecting residential locations with the improvement of people’s living standards. The
finding that high-popularity transport POIs are located at suburban can better assist urban
managers to optimize the public transport allocation.

The proposed analytical framework successfully describes the impact mechanisms of
POI- and road- based service facilities on urban vibrancy. The proposed analysis framework
aims to meet the demand of increasing interest in using quantitative method to understand
urban vibrancy from the high-resolution and high-dynamic perspectives. Furthermore, the
results of our work can assist city planners and policy makers to better understand urban
vibrancy in a finer resolution. Moreover, our results can effectively help policy makers
to improve public transport services and local function configuration by considering the
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demand of residents. The findings also can be applied by people to plan their trips and
choose a better place that is suitable for their activity. Moreover, our analysis framework
can be referenced for researchers’ adoption in similar studies, and our results also can
help researchers to learn certain influence factors of interest in detail for further and
deeper studies.

7. Conclusions

In the current study, we proposed an analysis framework using multi-source data to
explore the spatial and temporal variations in the impact mechanism of urban vibrancy
and POI- and road-based variables. In our framework, we firstly explored the spatial
and temporal patterns of collective human activities by taking advantage of geographic
information systems (GIS) technology. Subsequently, an OLS regression model was es-
timated to scrutiny the overall influence mechanism between explanatory variables and
urban vibrancy in the whole city of Guangzhou. Finally, a GTWR model considering
spatiotemporal nonstationary was adopted to explain the phenomena of people aggrega-
tion in the main districts of Guangzhou, and achieved a significantly high explanatory
capacity of approximately 99% that exceeds previously similar studies. In our analysis of
spatiotemporal patterns, the temporal variations in the impact of explanatory variables on
vibrancy during 24 h were explored. Moreover, we took into consideration both the results
of temporal variation trends and the characteristic of the POIs to select three variables
for further investigating the impact mechanism of vibrancy by fusing both spatial and
temporal dimensions.

In current study, we utilized the Tencent location-aware big data as the proxy of urban
vibrancy. Hence the result is more representative in terms of people groups than the results
from check-in data. Meanwhile, according to a more representative result, planners can
better develop policies for improving the construction of the city. Moreover, we selected
POI characteristics instead of land-use characteristics as the explanatory variables to repre-
sent the function of the land more accurately, which can assist city managers to develop
policies that target specific places. In the exploration of spatiotemporal patterns of urban vi-
brancy, previous studies used GTWR models to explore either spatial or temporal patterns.
However, we fused both spatial and temporal dimensions to probe the spatiotemporal
patterns by using GTWR models. It will be easier to observe the spatiotemporal variation
tendencies of influence coefficients.

However, there are some limitations of this study, which are probably feasible im-
provement directions. First of all, in fusing temporal and spatial dimensions to probe urban
vibrancy, we only selected three explanatory variables. More explanatory variables can be
selected in the future study to obtain more valuable findings in support of urban develop-
ment. Moreover, the main date considered in the study is the working and non-working
day, while national holidays have not been considered. Therefore, national holidays can
be considered in the future to explore the spatiotemporal patterns of urban vibrancy on
holidays in support of tourism development.
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