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Abstract: The development of tourism in historical villages has a certain impact on the native
environment, which leads to visitors occupying community public spaces relatively frequently. The
design of rural public spaces, especially in relation to the street network’s spatial configuration,
significantly affects how villagers interact with one another. This research investigated the influence
of street network space on the regional social interaction preferences of rural community populations
by applying space syntax theory. Three typical villages in southern Anhui, China, were the subject
of an observation analysis of social behaviors and pedestrian volumes on street networks. Using
a segment model, it was possible to determine seven spatial configuration attributes of streets,
including depth to the village entrance (DtoE), connectivity, curvature, the normalized angle choice
(NACH) and integration (NAIN) with two radii. A considerable joint effect of street spatial type and
spatial layout attributes on the regional social interaction preferences of rural community populations
was found by MANOVA and stepwise regression analysis. The sampled community tends to engage
in social activities in branch streets, and the pedestrian volume contained 67.1% of all the observed
people in the street networks. Streets’ spatial attributes with lower NACH or NAIN levels (less
usability or accessibility) and higher DtoE or curvature levels (more privacy or deformation) have
greater influences on community pedestrian volumes. Regarding street type, the in-between space
was found to have the most significant effect on the pedestrian volume of the branch streets, which
are the preferred zones of community populations in the context of social activities.

Keywords: street networks; social interactions; behavior mapping; pedestrian preference; space syntax

1. Introduction

The preservation of historic heritage and the sustainable reorganization of tourist
spaces has become a common agenda of urbanists [1–3]. However, there is also a glaringly
evident conflict between the native environment and tourism development. In developing
countries [4], especially in rural areas far away from cities, the original environment of many
traditional villages has been damaged by extensive tourism development due to a lack of
professional spatial planning for tourism and heritage protection funds. Due to the pressure
of population growth and the pursuit of local economic goals, the tourist population often
occupies the social activity space of the community population [5]. Therefore, analyzing
the spatial factors affecting pedestrian preferences can help reveal the association between
rural street networks and the social activities of communities and improve the sustainable
reorganization of tourist spaces.

The term “street vitality” is generally used to represent the intensity of human activities
in an urban street network, and the term is widely used in the field of urban spatial
planning and design. As early as the beginning of the 20th century, several studies began
emphasizing the importance of street vitality. Some scholars believe that in a vibrant street
network, streets should adapt to each other in terms of length, functional mix, spatial
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layout, pedestrian volume and building density [6,7]. Other contemporary researchers
have suggested that the factors affecting street vitality may include the detailed texture
of street spaces, the humanity scale and street connectivity [8]. The impact of urban open
space on street vitality from the perspective of social interaction has also been an active
topic of research [9].

Currently, it is commonly known that a variety of elements can make people’s activi-
ties in urban street networks easier [10,11]. According to previous studies, the accessibility
of street space is one of the key factors promoting pedestrian preference and social in-
teractions [12–14]. Social activities are more likely to occur when street space is more
accessible [15]. Moreover, the different spatial types of urban street networks play an impor-
tant role in promoting social activities [16], and they are of important value in promoting
outdoor activities for children and the elderly [17,18]. In addition, as the morphologi-
cal attributes of street space [19], sidewalk width [20], landscape characteristics [21] and
sight connection values [22] change, pedestrian preference related to the street network
also changes.

Recently, further data have emerged suggesting that characteristics of spatial arrange-
ment may also encourage social activities in urban street networks [23,24]. As a street’s
spatial configuration attributes can provide a clear spatial positioning system for outdoor
design factors, such as mini-squares, recreational fitness equipment and other supporting
facilities, they can lead to necessary structural suggestions for the design of urban open
spaces. Therefore, quantitative analyses of spatial configuration attributes can provide
valuable guidance for urban designers aiming to improve the utilization of street networks.
Space syntax has been widely used to quantitatively analyze the spatial characteristics of
urban street networks [25,26]. In space syntax, a detailed city space can be shaped as an
axis, and the morphological attributes of urban space can be analyzed mathematically [16].
In this context, some exploratory studies have revealed a relationship between the spatial
configuration attributes of a given region and social interactions. Soares et al. researched
the possible links between campus layout frameworks and social activities [27]. Can and
Health found that in-between spaces are important for long-term activities and social
behaviours [28]. Zerouati and Bellal took residential communities of different spatial types
as examples to point out that social activities are related to spatial connectivity, finding that
social interactions are significantly higher in the least-connected areas [29]. In addition to
urban ground spaces, the development of tourism has also influenced the design of urban
underground projects. With the improvement in the utilization of urban underground
spaces, tourism promotes the optimization of the urban underground spaces’ layout while
making use of this underground network’s spaces [30], thus reducing the carbon dioxide
emissions of the city [31].

The pertinent research, however, mostly focuses on the general use of the urban
network’s spaces. The association between spatial configuration attributes and social
interactions in rural contexts remains in question. Moreover, relevant studies have not
extended the relationship between urban open spaces and outdoor activities, especially the
association between sustainable design and rural public space design embodied therein.
Previous studies have shown that pedestrian preference is often positively correlated with
the frequency of social activities [32–34]. Therefore, this study explored the connection
between pedestrian volumes and the spatial configuration attributes of street networks
to expose the social activities’ influencing variables in rural contexts. The method of
measurement used for people’s social activities, pedestrian volumes and space syntax
analysis is presented in Section 2. Sections 3.1 and 3.2 investigate the distributions of social
activities, pedestrian preferences and spatial attributes of street networks. In Section 3.3,
variance analysis and regression analysis are used to show the association between street
network spaces and residents’ social activities in tourist villages.
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2. Methodology
2.1. Study Cases

This study was carried out in three tourist villages (Yuliang village, Tangyue village
and Gaoyang village) in She County, southern Anhui, China (Figure 1). The three villages
are distributed across different areas of She County with different environments: the village
of Yuliang was founded in the Tang Dynasty, is located close to the Xin’an River and covers
an area of approximately 8.2 hm2; the village of Tangyue was founded in the Southern
Song Dynasty near the market center and covers an area of approximately 7.1 hm2; and
the village of Gaoyang was founded in the Southern Tang Dynasty and is located in the
mountainous part of northern She County, covering an area of approximately 6.3 hm2. The
cases selected in this study are listed in Chinese Famous Towns and Villages in History and
Culture, which is issued by the Ministry of Housing and Urban-Rural Development of the
People’s Republic of China, and their native environments have been preserved relatively
well. Moreover, the three villages are all tourist hot spots, with large numbers of historical
heritage sites, and each exhibits an obvious phenomenon in which the tourist population
occupies the social interaction spaces of the community population during holidays.
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2.2. Data Acquisition and Processing

With the rapid development of big data technology, numerous data acquisition and
visualization methods have been applied to urban public space research [35–37]. Previous
studies have shown that multisource big data analysis is usually relatively suitable for
large-scale urban public space analysis at the macro level [38,39]. However, this approach
requires networking through mobile devices, and many elderly people and children do
not have access to mobile phones or computers. Moreover, some remote rural areas are
not covered by the internet; thus, big data analyses fail to obtain detailed information
on human activities in these areas. Therefore, traditional on-site observation is more
suitable for studying human activities in microscale spaces such as rural villages. On-site
observation method is frequently employed to assess people’s behavior in local public
spaces in both urban and rural environments [40–42].
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2.2.1. Observations of Social Interactions in the Street Networks of Villages

A snapshot observation is a space syntactic observation tool that is used to record
the activities of stationary or moving people in a specified space [29]. This method can
provide an understanding of such a space from the aspects of activity type, the distribution
of people in space and the movement of people. The observed objects of this study were
divided into three categories: children, adults and elderly people, and the observed people
belonged to the community population. As the street networks of traditional villages are
complicated, we selected some of them for observation. The observed social activities
were divided into two categories: a personal group, which included talking, shopping and
playing with ≤2 people, and a social group, which included the above activities with ≥3
people. These activities were recorded on an observation map. Each activity was replaced
with a specific color, and different groups of people were replaced with different symbols.
Each person was represented by a symbol, and the interactive groups were represented by
lines. Each village was observed for 2 days, and each day was divided into two periods,
namely, from 9 to 10 am and from 3 to 4 pm. The objective of the observation period was to
determine the community populations’ preferred zones of social activity.

2.2.2. Measurements of the Pedestrian Volume in the Street Networks of Villages

In this study, the movements of the sampled community population were observed for
one week, and each sample was observed for two days. The observation periods were 9 to
10 am, 1 to 2 pm and 4 to 5 pm. For safety reasons, observations were not made at night. To
ensure the integrity and continuity of the data, the observation space we selected comprised
combined spaces, namely, the streets, which included the main road leading outside the
village, the branch streets, which connected the residential area to the main road, and the
in-between spaces, which connected the houses to the branch streets. The observation site
was the intersection of streets of different types, with a total of 10 observations.

Based on the observation method used, we measured the number of pedestrians
passing through each intersection within a certain time period. The number of pedestrians
at the intersections of the in-between spaces and branch streets was the second-order
pedestrian volume (PV-II), and the number of pedestrians at the intersections of the branch
streets and main roads was the first-order pedestrian volume (PV-I). Each person observed
continuously for 5 min from one observation point and then moved to the next observation
point until the observation round was completed. At the beginning of the next round of
observation, each observer started from the final observation point of the last round in
reverse order to reduce the statistical error caused by different observation sequences.

In the calculation, each observation point represented the pedestrian volume of the
observation section. For example, the intersection of a section of branch streets and a section
of a main road served as an observation point, and the observation value corresponding
to this observation point represented the PV-I of this section. To facilitate statistical cal-
culations, if multiple sections of branch streets intersected with a section of a main road,
the average value of the multiple observation points was taken to represent the PV-I of
this section. Therefore, in the street network, each observation point corresponded to the
pedestrian volume of a certain section of a certain type of street. The average of the sum
of the observed values of each section of a certain type was the total average pedestrian
volume of that street type. According to the calculation, the average pedestrian volume of
an observation point corresponding to one observation and the total average pedestrian
volume of an observation point were obtained successively, as shown in Figure 2.

The formula is as follows

aijk =
1
n

n

∑
i=1

pv (1)

Equation (1) denotes the average pedestrian volume of one observation at an ob-
servation point, where i is a certain observation period, j is one observation in a certain
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observation period, k is a certain observation point, n is the number of observation points
and pv is the sum of the pedestrian volume corresponding to an observation point.

MPVk =
n1

∑
i=1

n2

∑
j=1

aijk/n1n2 (2)

Equation (2) represents the total average pedestrian volume at a certain observation
point, where n1 is the observation period and n2 is the total number of observations within
a certain observation period.
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2.2.3. Spatial Configuration Attributes of the Street Networks of Villages

As a theoretical tool to analyze space, space syntax has both quantitative and quali-
tative advantages related to revealing the relationship between human behavior and the
built environment [43]. In space syntax, the spatial structure of an actual street network
can be represented by a “segment map”, so the quantitative measurement of the spatial
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configuration attributes of street networks can be realized through a segment model. In this
study, the complex street networks of villages were modeled with a series of continuous
segments. Four variables included in the segment analysis and one spatial parameter that
represented the curved street networks were analyzed in this study:

1. Depth represents the topological distance between a starting node and the terminal
node in a system, and it is a basic measure of space syntax [44]. In addition, after the
connection angle between nodes in a spatial network is considered, angular depth
is used to determine the shortest distance between them [45]. In this study, the
metric step depth (MSD) calculated by following the shortest angular path between
nodes is used to evaluate the shortest distance from a starting node to the village
entrance (DtoE).

2. Connectivity reflects the number of nodes in a system that are directly connected
to the starting node. After the weight of the turn angle is added (0 = 0◦, 0.5 = 45◦,
1 = 90◦), angular connectivity can relatively accurately describe the spatial relationship
between nodes. In this study, the calculation of spatial connectivity followed the rules
of angular connectivity.

3. Integration represents the accessibility of a spatial node [46]. A higher integration
value indicates that the corresponding spatial node is more accessible in the system.
Normalized angle integration (NAIN) can be used to compare the accessibility of
spatial systems at different scales [47] and analyze the local integration of a system
through different calculating radii to reveal the association between people’s activity
and spatial systems [48,49]. According to the range of studied village scales, two
radii of 100 and 500 m were used in this study to indicate walking accessibility. The
calculation of NAIN is demonstrated in Formula (3)

NAIN =
NC1.2

TD + 2
(3)

where NC is the total number of nodes, and TD is the total angular depth of a node in
a system.

4. Choice is used to measure the availability of nodes in a system, and it reflects the
potential of each node to be selected as the shortest path [50]. The higher the choice
value of a spatial node is, the more easily it can be used in the system. This study
uses the normalized angle choice (NACH) with a similar calculation radius (R) (100
and 500 m) as that of NAIN to represent the usability of street network’s spaces. The
calculation of NACH is demonstrated in Formula (4)

NACH =
log(CH + 1)
log(TD + 3)

(4)

where CH is the angular choice value of a node, and TD is the total angular depth of
that node in a system.

5. Curvature describes the street form based on the degree of curvature of the street
network, where the term straight refers to the absence of curvature. Therefore, cur-
vature can be used to identify the degree of street network deformation exhibited by
a village. It is represented by the ratio of the number of axial lines to the number of
streets [51]. Therefore, the curvature of a zigzag street is higher than that of a straight
street when the number of streets is equal, as shown in Formula (5)

CurA = L/S (5)

where L is the number of axial lines in a given street network A, and S is the number
of streets in the network.
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3. Results
3.1. Social Interactions and Pedestrian Preference Observed in the Street Network

During the snapshot observation, a total of 175 people in the observation zones of the
three villages were observed, as shown in Table 1. Social groups were more active than
personal groups (79, 45%), according to the higher percentage of participants (96, 55%).
Yuliang village had the fewest social contacts (42, 24%), and 18 people (18.7%) participated
in 4 (16%) social groups. In Tangyue village, 25 people (26%) participated in 7 (28%) social
groups out of a total of 55 people (31.4%), while the total number of social contacts (78,
44.6%), the number of people (53, 55.2%) participating in social groups and the number of
social groups (14, 56%) were the greatest in Gaoyang village. It was observed that although
the social intensities differed, most of the social activities took place in branch street spaces
with lower visual integration in the street network (Figure 3), indicating that the more
irregular a space was, the more conducive it was to the development of social activities.

Table 1. Number of social interaction activities and people observed in the three villages.

Categories Personal Group (People) Social Group (People/Group) Total

Yuliang village 24 18/4 42 (24%)
Tangyue village 30 25/7 55 (31.4%)
Gaoyang village 25 53/14 78 (44.6%)

Total 79 (45%) 96 (55%) 175 (100%)

Since pedestrian volume is often positively correlated with the frequency of social
activities, the pedestrian volume in the street network spaces of the three villages was
calculated, and we verified whether branch street spaces were the real socially preferred
area of the community population by comparing the pedestrian volumes of streets with
different spatial types. The observation results show that PV-I is lower than PV-II for
all three villages (Table 2). A total of 2793 people were observed in Yuliang village over
two days, including 1053 people (40%) corresponding to PV-I and 1740 people (60%)
corresponding to PV-II. In Tangyue village, a total of 3085 people were observed over
two days, including 1059 people (34%) corresponding to PV-I and 2026 people (66%)
corresponding to PV-II. The overall population (3070) of Gaoyang village observed over
two days included 831 people (30%) corresponding to PV-I and 2239 (70%) corresponding
to PV-II.

By measuring the pedestrian volume in the street network and presenting the results
of each observation point in the form of kernel density, it was found that there were more
pedestrians in branch streets (Figure 4). Among the seven high-density areas formed by
Yuliang village, six were located in the branch street area, and one was located in the
intersection area between the branch streets and the main road. In Tangyue village, we
identified five high-density areas, and three were located near branch streets, while two
were located in the intersection area of the branch streets and the main road. In Gaoyang
village, the high-density areas were mainly scattered across the south of the village, while
the other two high-density areas were located in the middle and northern parts of the
village. Then, the observation results were compared with the space syntax simulation
results. As shown in Figure 4, the pedestrian volume of the branch streets was similar to
that of the main road, and it was even higher than that of the main road in some sections.
As the main road is the primary pathway leading out of the village, it is generally a mixed
space for people and vehicles, and the participation of noncommunity populations is not
excluded from the traffic groups. Therefore, the simulation results are similar with the
observation results, indicating that community populations tend to conduct social activities
in branch street spaces.
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Table 2. Number of pedestrians observed in the three villages.

Categories Observation Days Observation Periods PV-I (M ± SD) PV-II (M ± SD)

Yuliang village

Day 1

09:00–10:00 159 (4.08 ± 2.03) 285 (4.672 ± 3.13)
13:00–14:00 177 (4.54 ± 1.79) 266 (4.361 ± 2.53)
16:00–17:00 195 (5 ± 1.92) 284 (4.66 ± 2.9)

Total 531 (40%) 835 (60%)

Day 2

09:00–10:00 172 (4.41 ± 2.07) 304 (4.98 ± 2.88)
13:00–14:00 166 (4.26 ± 1.53) 307 (5.03 ± 2.77)
16:00–17:00 184 (5.11 ± 2.16) 294 (5.07 ± 3.04)

Total 522 (37%) 905 (63%)

Tangyue village

Day 1

09:00–10:00 158 (4.27 ± 1.79) 369 (5.86 ± 2.28)
13:00–14:00 178 (4.34 ± 1.51) 309 (5.24 ± 2.4)
16:00–17:00 185 (4.74 ± 1.62) 335 (5.49 ± 2.04)

Total 521 (34%) 1013 (66%)

Day 2

09:00–10:00 195 (4.76 ± 1.66) 310 (5.25 ± 2.15)
13:00–14:00 162 (4.63 ± 1.59) 376 (5.79 ± 1.9)
16:00–17:00 181 (4.76 ± 1.7) 327 (5.74 ± 2.03)

Total 538 (35%) 1013 (65%)

Gaoyang village

Day 1

09:00–10:00 138 (3.94 ± 1.51) 381 (5.86 ± 2.75)
13:00–14:00 129 (4.03 ± 1.94) 397 (5.84 ± 2.76)
16:00–17:00 136 (3.78 ± 1.51) 356 (5.56 ± 2.65)

Total 403 (30%) 1134 (70%)

Day 2

09:00–10:00 136 (4.25 ± 1.41) 390 (5.74 ± 2.16)
13:00–14:00 153 (4.03 ± 1.88) 338 (5.45 ± 2.75)
16:00–17:00 139 (3.76 ± 1.5) 377 (5.98 ± 2.56)

Total 428 (30%) 1105 (70%)
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3.2. Spatial Configuration Characteristics of Street Networks

Figure 5 displays the distribution of seven configurational attributes, including depth
to village entrances (DtoE), connectivity, the NACH (R = 100/500 m), NAIN (R = 100/500 m)
and curvature for three different spatial street network types. Some tendencies were similar
across the three villages. The DtoE values were found to be higher in the in-between spaces
and the branch streets than in the main road because the distance between the street space
and the village entrance is relative to these values. However, connectivity was found to be
lower in the in-between spaces than in the branch streets or main roads because fewer path-
ways are connected to one another in these areas. Usability and accessibility are represented
by the NACH and NAIN, respectively. It was demonstrated that the calculation radius
(R) had a considerable impact on both variables. When a small radius (R = 100 m) was
employed, the computed values showed local walking behavior (<5 min), which resulted in
higher values in the high-density pathway (branch streets and in-between spaces) network
areas. With an increase in the radius (R = 500 m, approximately 8–10 min walk), long
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pathways that connected the entrances of villages, for instance, the main road directly
linked to the gate of a village, produced higher NACH and higher NAIN.
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The differences in location across the three types of street space led to significant
differences (p < 0.05 in two-sample t-test) in all of the spatial attributes, as depicted in
Figure 6a–c. In terms of global space (R = 500 m), larger connectivity, NACH and NAIN
values and smaller DtoE and curvature values were found in the main roads than in the
branch streets and in-between spaces because main roads are more usable and accessible
in the street network. As the radius decreased, the spatial configuration attributes of the
street network changed. With small radii, the pathway density inside the villages mostly
determined the NACH and NAIN (R = 100 m). As a result of their denser and more
intricate pathway networks, branch streets and in-between spaces may have higher average
values. Moreover, different radii indicate different travel purposes. In a rural context,
when walking distances are greater than 500 m, more trips are taken for activities outside
the village. Therefore, the main road, which is closer to the gate of the village and has a
straighter shape and greater availability and accessibility, is the preferred pathway to reach
the outside of the village. When walking less than 100 m, people’s travel purposes mainly
comprise local activities (shopping, social interactions and entertainment) in their villages.
Therefore, branch streets or in-between spaces with greater deformation and privacy that
are close to home are people’s preferred pathways.

As shown in Figure 6a–c, there was no independent relationship between any of the
seven spatial configuration variables. To learn more about the connections between these
attributes, a correlation study was conducted. The results shown in Table 3 demonstrate
that two NACH and two NAIN indices were highly correlated (Pearson coefficient: r ≥ 0.5,
Sig. < 0.01). Moreover, the NACH and NAIN indices were all weakly correlated with the
same radius (r > 0.2, Sig. < 0.05). Moreover, curvature and the two NACH indices were
significantly correlated (r > 0.3, Sig. < 0.01). Spatial locations in the village were represented
by DtoE and connectedness, respectively, as were their connections to the local pathway
network. Although they had low negative correlations with NAIN-100 (r > 0.3, Sig. < 0.01),
they were mostly independent of the other attributes.

3.3. Relationship between the Space Characteristics and Pedestrian Volume of Street Networks

A multivariate analysis of variance (MANOVA) was applied to detect the associations
between the pedestrian volume (MPV-I or MPV-II) and spatial configuration attributes
(DtoE, connectivity, curvature, NACH and NAIN with two radii) of the street network.
The results (Table 4) showed that all seven spatial attributes had significant influences
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on the pedestrian volume of the street network (p < 0.05). The partial eta square (η2
p)

indicates the effect size of each factor. As shown in Table 4 and Figure 7, the effects of
DtoE (0.118) and NAIN-500 (0.123) on MPV-I were found to be much more significant than
those of DtoE (0.047) and NAIN-500 (0.05) on MPV-II. Moreover, the effects of connectivity
(0.006), NACH-100 (0.032), NAIN-100 (0.08) and curvature (0.02) on MPV-I were much
less significant than those of connectivity (0.176), NACH-100 (0.214), NAIN-100 (0.186)
and curvature (0.105) on MPV-II. In contrast to the pedestrian activity on the main road,
which is intended for traffic, most social interaction activities were found to take place in
the denser and more complex pathways of branch streets; thus, the impacts of NACH and
NAIN with a larger street radius on MPV-II were weaker, while the impacts of connectivity,
curvature, NACH and NAIN with a smaller radius were more significant.
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Table 3. Results of a correlation analysis between the spatial configuration attributes.

DtoE Connectivity NACH-100 NACH-500 NAIN-100 NAIN-500 Curvature

DtoE 1
Connectivity −0.048 1
NACH-100 −0.004 0.214 1
NACH-500 0.182 0.128 0.788 ** 1
NAIN-100 −0.363 ** 0.205 0.354 ** 0.173 1
NAIN-500 −0.210 0.122 0.006 0.267 * 0.5 ** 1
Curvature 0.130 0.017 0.347 ** 0.317 ** −0.080 −0.059 1

Note: * and ** represent significance at the 0.05 and 0.01 levels, respectively.
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Table 4. MANOVA of the street spatial configuration attributes on pedestrian volume in the street
networks.

Dependent Variables Source SS df MS F Sig. η2
p

MPV-I

DtoE 5.297 2 2.649 5.238 0.007 ** 0.118
Connectivity 0.264 2 0.132 0.231 0.794 0.006
NACH-100 1.451 2 0.725 1.307 0.276 0.032
NACH-500 0.954 2 0.477 0.85 0.431 0.021
NAIN-100 2.583 2 1.291 2.39 0.098 0.08
NAIN-500 5.501 2 2.751 5.469 0.006 ** 0.123
Curvature 0.907 2 0.453 0.807 0.45 0.02

MPV-II

DtoE 10.994 2 5.497 1.940 0.151 0.047
Connectivity 40.849 2 20.424 8.335 0.001 ** 0.176
NACH-100 49.72 2 24.86 10.639 0.000 *** 0.214
NACH-500 22.566 2 11.283 4.203 0.018 * 0.097
NAIN-100 43.136 2 21.568 8.909 0.000 *** 0.186
NAIN-500 11.665 2 5.832 2.065 0.134 0.05
Curvature 24.255 2 12.128 4.554 0.013 * 0.105

Note: *, ** and *** represent significance at the 0.05, 0.01 and 0.001 levels, respectively.
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The different spatial forms of the street network served as control variables in the
second stage of the analysis, which used regression analysis to identify the relationship
between the street’s spatial configuration attributes and pedestrian volume. A stepwise
algorithm was used to minimize collinearity due to a substantial correlation between the
spatial configuration attributes.

A significant joint influence of the street’s spatial configuration attributes (DtoE, the
NACH, NAIN and curvature) on pedestrian volume in the street network was found,
as shown in Table 5. Small VIFs for all the predictors (<1.5) indicated that there was no
significant collinearity. On the basis of space features, all five regression models were
significant (p < 0.01) in explaining the pedestrian volume of the street network.
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Table 5. Stepwise regression of the pedestrian volume with spatial characteristics.

Controlled Variables Predictor Variables Coef. (B) SE Sig. VIF Overall Model

Main roads MPV-I NAIN-500 1.38 0.388 0.001 ** 1.000 R2
adj = 0.127; Sig. = 0.001 **

Branch streets
MPV-I

NAIN-500 1.314 0.545 0.018 * 1.094 R2
adj = 0.145; Sig. = 0.001 **DtoE −0.215 0.094 0.025 * 1.094

MPV-II
NAIN-100 7.227 1.119 0.000 *** 1.432 R2

adj = 0.332; Sig. = 0.000 ***NAIN-500 −4.262 1.256 0.001 ** 1.432

In-between spaces

MPV-I DtoE −0.212 0.079 0.009 ** 1.000 R2
adj = 0.072; Sig. = 0.009 **

MPV-II
NACH-100 5.218 0.710 0.000 *** 1.263

R2
adj = 0.708; Sig. = 0.000 ***NAIN-100 7.467 0.953 0.000 *** 1.066

Curvature 0.142 0.061 0.023 * 1.228

Note: *, ** and *** represent significance at the 0.05, 0.01 and 0.001 levels, respectively.

For the pedestrians in the branch streets, which are primarily intended for interactions
or traffic (MPV-II), a significant influence of the spatial characteristics was found with a
high percentage of explained variance (33.2–70.8%). For the pedestrians on the main road,
which is mainly intended for traffic (MPV-I), 7.2–14.5% of the variance was explained by
the street network’s spatial configuration attributes. By examining the different types of
street space, we revealed the influence of the main road’s spatial attributes, along with
the proportion of explained variance (12.7%), on MPV-I; however, no significant effect
of the main road’s spatial attributes on MPV-II was found. For the branch street spaces,
the influence of their spatial attributes on MPV-I was revealed along with the proportion
of explained variance (14.5%), and 33.2% of the variance was explained by the effect on
MPV-II. Moreover, the influence of the in-between space’s configurational attribute on
MPV-I was revealed to have the lowest proportion of explained variance (7.2%), while that
on the on MPV-II had the highest proportion of explained variance (70.8%).

It can be seen that the effects of different street spatial types on the pedestrian volumes
in the two areas are different. For main roads, NAIN-500, which denotes global accessibility,
was found to have a more significant impact on MPV-I. For branch streets, NAIN-500 and
DtoE were found to have more significant influences on MPV-I, where the impact of DtoE
was negative. Moreover, NAIN-100, which denotes local accessibility, and NAIN-500 were
shown to have significant effects on MPV-II, of which the impact of NAIN-500 was negative.
Moreover, regarding the in-between space, DtoE was found to have a negative influence
on MPV-I, while NACH-100 (local usability), NAIN-100 and curvature, which indicate the
degree of space deformation, were shown to have the greatest positive effects on MPV-II.

In all five models, only the in-between spaces with smaller radii for the NACH
and NAIN were found to have a highly significant effect (B = 5.218–7.467, p < 0.001)
on pedestrian volumes in the branch streets (MPV-II), which are preferred areas of the
community population in terms of social interaction activities.

4. Discussion and Conclusions

By examining three tourist villages in the Huizhou area, China, this study investigated
the association between street network spatial attributes and the community population’s
pedestrian preferences using the space syntax tool. Moreover, the influence of street net-
work spaces on the regional social interaction preferences of rural community populations
was explored.

The examined street network spatial attributes (DtoE, the NACH, NAIN and curvature)
were found to have a joint influence on pedestrian preferences. The results showed that
more pedestrian volume can be found in branch streets (social activities preference areas)
with relatively low levels of walking accessibility (NAIN) and the highest deformation
(curvature). While main roads have the highest levels of walking accessibility (NAIN)
and usability (NACH) in rural contexts, roads located close to village entrances (DtoE) are
not effective in promoting social interaction activities among community populations. In
contrast, in-between spaces with the lowest levels of walking accessibility (NAIN) and
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usability (NACH) and relatively high levels of deformation (curvature) that are located far
from village entrances (DtoE) tend to enhance community residents’ social interactions.

The results of this study suggest that village street networks have an impact on
people’s activities. The lower choice, connectivity and integration and higher depth and
curvature of in-between spaces were identified as influential space factors for the social
activity preference areas of community populations, which is different from the situation
in urban contexts [12–15]. Lower integration, choice and connectivity and greater depth
to entrances lead to less visitor accessibility. In contrast, a lower depth to a person’s own
house and higher curvature lead to more privacy and the lower cost of use for community
populations, preventing possible interruptions. Therefore, branch street spaces are likely to
be preferred by community populations for social interactions.

Inspired by the study of urban open space, this paper applies the association between
urban open space and social activities in the rural context, and obtains different results from
those of urban studies, which is meaningful. The present findings can be used to inform
the design and planning of rural tourism to improve the situations of visitors who often
interrupt the social interactions of community populations. First, the findings of this study
lead to recommendations for designing open spaces and street networks in rural areas.
Street space type and pathway configuration were shown to determine the accessibility of
social interaction zones. To enhance social activities in general, more open spaces should
be planned near in-between spaces and spaces connected to less-accessible pathways to
reduce the cost of use for community populations. To decrease interruptions from visitors,
social interaction zones should be connected to pathways with less accessibility and more
curvature to improve space privacy. Therefore, the lower the relative accessibility of a
rural street network is, the more conducive it is to the development of community social
interactions. In addition, by using Depthmap software, more thorough optimization of
street networks can be carried out. On the other hand, the results of this study can be
applied to improve the spatial distribution of support facilities, such as benches, tables,
and entertainment and fitness facilities. During the design phase, pathways and areas that
are more conducive to social interaction can be identified through an analysis of spatial
attributes. To accommodate the needs of social interactions, more support facilities should
be built.

However, there are still some limitations in this paper. On the one hand, compared
with the numerous traditional villages in the Huizhou area, this study only selected three
typical samples, which may lead to some deviation in the results due to the small size. On
the other hand, field observations are often limited by the weather and time, so they cannot
be conducted continuously. Therefore, the results may deviate from the real situation to
some extent. Despite its limitations, this study adds to our understanding of the association
between street networks and social interactions in rural contexts. Subsequent studies can
further improve the credibility of the research conclusions by expanding the sample size
and introducing cases from different zones. Moreover, big data analysis can be introduced
into the study of rural spaces to enhance the efficiency and reliability of such research with
diversified analysis methods.
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