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Abstract. Innovation incubator is an emerging kind of office space
which focuses on promoting social interaction in the space. From
the perspective of environmental behavior, the complex relationship
between a particular space form and the social interactions is well
worth exploring. Based on Wi-Fi positioning data, this paper examined
the spatial and temporal behavior in innovation incubators. Using the
interdisciplinary social networks analysis, this paper further analyzed
the social interactions in this space, mining out social structures such
as gathering and community, and analyzing the relationship between
these structures and spaces. The result shows that human behavior
in innovation incubators has some interesting characteristics, and the
social structures are closely linked with the functional area of innovation
incubator. This paper provides a new perspective and introduces
interdisciplinary approaches to study the social behaviors in a particular
space form, which has great potential in future research.
Keywords. Environmental behavior study; social behavior analysis;
innovation incubator; Wi-Fi IPS; social network.

1. Introduction
Innovation incubator is an emerging kind of business incubator, which is designed
to provide a low-cost, open-sharing service platform for micro-innovation
company and freelancers from various of fields, hoping that social interaction
among users will foster innovation (Hackett & Dilts, 2004). It draws on
the inspiration of the co-working space, paying attention to the role of social
relationships in the innovation process. It is practically operated as office-renting
facilities where users hire a desk and a Wi-Fi connection (Gandini, 2015).
From the perspective of space, an innovative incubator usually consists of
various kinds of office space and extensive ranges of facilities, where the office
space is characterized by open-sharing. In theory, non-fixed working time and
non-fixed workstation in the office space means users can choose a seat by their
own preferences and take a new conversation with prospective collaborators every
day, leading to promotion of creativity (Hackett & Dilts, 2004). However, the way
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how social interaction related to specific space form has not been fully understood
yet. What kind of social interaction occurs in this new space form and how does it
take place both need to be further studied in the field of environmental behavior.
The recent development in the field of Indoor Positioning System (IPS) has
provided a wealth of data on human behavior, as well as research possibilities
on this problem. Many studies based on Bluetooth or Wi-Fi data have emerged,
focusing on the behavior patterns of people in a particular environment (Huang,
Lin, & Wu, 2017; Lin & Huang, 2017). This research method is particularly
suitable for the complex and changeable environment like an innovation incubator,
and the social network analysis tools which are widely used in sociology research
can be well integrated into it. Based on these, this paper aims to develop a research
paradigm to analyze human behaviors - especially the social interaction - in the
innovation incubator with the help of Wi-Fi positioning data.
2. Previous Research
2.1. ENVIRONMENT BEHAVIOR STUDY

Human behaviors are usually complex and dynamic, constantly changing with
the environmental factors. Understanding the interaction between environmental
factors and human behaviors - or the Environmental Behavior study - is
fundamental to architectural and urban design. Since its emergence in the early
1960s, the study of environmental behavior has contributed a lot in finding out
rules of architectural design. In recent years, this field has encountered new
opportunities. The indoor positioning system (IPS) based on smart sensors is
developed to collect information on human indoor activities quantitatively. This
information can be effectively analyzed with the help of big data technology and
machine learning algorithms, and eventually translated for scientific research.
Environmental behavior research based on IPS has made a lot of progress
recently. Behavior patterns of visitors in the Louvre Museum have been
successfully revealed by using the Bluetooth positioning system (Yoshimura et
al., 2014). The Channel State Information time series of Wi-Fi has been used to
realize human identification, which is very sophisticated and impressive (Zhang,
Wei, Hu, & Kanhere, 2016). On the city scale, Piotr Sapiezynski and his partners
(2015) succeeded in tracking human mobility using Wi-Fi signals. There are many
more studies of specific types of architecture (Yeh, Hsu, Su, Chen, & Liu, 2009;
Zeng, Pathak, & Mohapatra, 2015).
2.2. SOCIAL NETWORK ANALYSIS

A social network is defined as a social structure made up of a set of social and sets
of dyadic ties. The social network perspective provides a set of tools for analyzing
the structure of whole social entities, as well as a variety of theories explaining the
patterns observed in these structures (Wasserman & Faust, 1994). Social network
analysis is now one of the major paradigms in contemporary sociology.
On analyzing the innovative process, the social network analysis has been
playing an important role. At the company level, Gautam Ahuja (2000) has
indicated that a firm’s ego network – direct ties, indirect ties, and structural
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holes – have impacts on its subsequent innovation output. At the individual
level, the study by Coenen Lars et al. (2013) offers a theory of co-working
spaces as ‘micro-clusters’ that enable knowledge transfer among members from a
network-based perspective.
On the other hand, it is an important method to study the dynamic changes
of social networks through the positioning technology. Vedran Sekara (2016)
explored the dynamic social network of real-world person-to-person proximity
measured via Bluetooth, providing a powerful framework based on social core,
demonstrating that social behavior can be predicted with high precision. These
research methods have provided powerful tools for understanding social behavior.
3. Research Method
The indoor positioning system based on Wi-Fi has been more mature. As Huang
and Lin (2017) and has pointed out, Wi-Fi IPS is able to record the spatial-temporal
locations of lots of people (mobile devices) in certain architectural space. These
positioning data can provide abundant and valuable information on the human
trajectory for environmental behavioral study.
As a behavior study, this paper will use Wi-Fi positioning data to outlines
human behavior in innovation incubator and focus on a kind of specific human
behavior - social interaction. Considering that social interactions in the innovation
incubator are the most characteristic and most valuable part of this space
form, social network analysis will also constitute an important interdisciplinary
perspective of this article.
Besides, field surveys and interviews form the most basic understanding of
the data, while big data technology and machine learning methods constitute an
important part of the study. The analytical method will be further introduced in
the case study of Yan Jing Lane.
4. Case Study on Yan Jing Lane
Yan Jing Lane is a newly opened innovation incubator located in Chaoyang
District, Beijing (Figure 1). As an exploratory business model, it offers four kinds
of office space: ‘birdesk’ is flexible workstation rent by the hour; ‘nestudio’ is
middle-size private office for team of 3 to 6; ‘loffice’ is long-term lease loft office;
‘nubis hub’ is large shared space including many flexible workstations. Besides,
there is an extensive range of facilities offers kinds of life services, including the
coffee bar, the fitness center and so on.

Figure 1. 3D model of Yan Jing Lane.
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Currently, Yan Jing Lane offers 300 workstations in the building, and several
start-up teams have already stationed. Since the ‘birdesk’ and ‘nubis hub’ overlap
in space, we only distinguish working space as shared, medium and large space.
The first and second floor of the building are medium and shared space, the third
floor is mainly large space. The service area, including inquiry office, washroom,
and vending area, is mainly concentrated in the first and second floor. The Wi-Fi
IPS in Yan Jing Lane consists of 30 access points, providing a 110-day dataset
with 1,982,106 records of around 6872 devices. Considering that a user may bring
multiple devices at the same time, devices with the high overlap of trajectories
are merged into one. After exclusion of noise and visitors, about 500 users were
screened out. Table 1 shows some data example.
Table 1. Data example.

4.1. DATA DESCRIPTION

The accumulation of data offers us a general view of the spatial distribution of
people in the building. Figure 2 shows the accumulative distribution of data,
where different colors represent different functional areas, and the size of the circle
indicates the amount of data. Considering the popularity of electronic devices, the
amount of Wi-Fi record is a reasonable reflection of space utilization. It can be
seen that the shared area is the most popular one. Medium space has the lowest
utilization rate, which is corresponding to several meeting rooms.

Figure 2. The accumulative distribution of data.

On the other hand, the daily flow of devices can offer us information on the
temporal dimension (Figure 3a). Different markers distinguish between weekdays,
weekends and holiday, showing the highly temporal regularity by week. It could
be calculated that the flow is about 11.57% smaller on weekends and 15.34%
smaller during the holiday on average, which is consistent with common sense.
A large start-up team got financed and left the incubator in the late May, which is
intuitively reflected in the figure.
Figure 3b shows us the flow of people in a day, as well as the standard deviation
across different days. Since the non-fixed working time in the incubator, the
variation is relatively large. Compared with the working hours (8:00-12:00 &
13:00-17:00) set by most companies, the working time in Yan Jing Lane was much
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later on average. Besides, it seems the utilization rate in the night is higher than
morning, which is consistent with the living rhythm of youth people.

Figure 3. The flow of devices in full data set (left) and in a day (right).

We can further analyze the temporal variation of each functional area. Figure
4 shows us the average flow in the different area. The peak of medium-size space
can be inferred as morning/evening meeting. The lunch break time is more obvious
for large-size space, indicating that more people left during the lunch break, which
might be related to the lack of service area on the third floor.

Figure 4. The flow of devices by area.

4.2. SOCIAL NETWORK

The idea of innovation incubator is that social relations are the main factors
of productivity, and freelancers developed new production opportunities in
open-shared situations (Lange, 2011). The Wi-Fi positioning data offers us an
opportunity to track one’s trajectory for his/her social interaction, as well as an
open dynamic social network based on it. In this paper, we define individuals as
nodes in social networks and connect an edge when two individual appeared at the
same time in the same place. Taking a period of positioning data, we can deduce
a social network in the method.
As Sekara et al indicated in the research (2016), social network displays a
complex temporal behavior with dynamics spanning multiple time-scales. Figure
5 shows the social network detected in a day (left) and in 5 minutes (right). It can be
seen that the longer timescale reveals a clear social structure in the network, while
the short-term network observed a social gathering of individuals directly. Unlike
traditional business organizations, users of innovation incubator keep changing
from time to time, so it is reasonable for us to focus on short-term social gathering.
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Figure 5. Network in different time scale.

4.3. GATHERING

A social gathering can be any face-to-face social activities. It only requires that
all members be present at the same time and be in close physical proximity, which
has been met in the define of our network. However, a social gathering may last
for a while, and its members may change as well, hence a micro network from a
time slice may only reflect one slice of a gathering.
Using a matching method similar to Greene (2010), we define the distance
between gathering slices and use the Affinity Propagation Clustering Algorithm
(Frey & Dueck, 2007) to merge slice together. The distance is defined in Formula
1, where gt is the node set of a gathering slice and ∆t is the time delta between
two slices. And Figure 6 gives an intuitive example of gathering.
|gt1 ∩gt2 |
D(gt1 ,gt2 ) = 1 −
· ∆t0.5
(1)
|gt1 ∪gt2 |

Figure 6. Merge gathering slice to form gathering.

There may be a wide variety of social gatherings in an innovation incubator,
from discussions between two people to large-scale activities, from occasional
encounter to long-term cooperation, which makes the duration and size of the
gathering varied. We have mined out 32479 different gathering in total. Figure
7a and 7b show the distributions of duration and size of the gathering, which both
are typical power law distribution. Power-law distribution is a common feature in
network science, means the size of mostly gathering not long and the size of mostly
gathering is not large. In addition, gatherings occur at specific locations, which
means the characteristic of location will affect the gathering’s attributes. Figure
7c and 7d show that gatherings in different areas follow similar distribution on

SOCIAL BEHAVIOR ANALYSIS IN INNOVATION INCUBATOR
BASED ON WI-FI DATA

203

duration, but different distribution on size. The gathering occurred in large-scale
space has a relatively large scale, which is consistent with the design intent. Given
that requirement of large events, there are also more large-scale gatherings in
shared space.

Figure 7. Duration (a) and size (b) of all gathering; Gathering duration (c) and size (d) in
different area .

Using areas as groups, Table 2 shows the results of one-way Analysis of
Variance (ANOVA) on gathering attributes. They both report a p-value near zero,
which means there is significant evidence that gatherings occur at different area
have different duration and size.
Table 2. ANOVA result on gathering duration (left) and size (right).

4.4. COMMUNITY

Community detection has been a central focus of social network research. A
community is a small or large social unit who have something in common, which
is the prerequisite for co-creation. However, an individual may belong to many
different communities in this open-sharing space, and communities also keep
changing over time, which brings difficulties for traditional community detection
methods.
Hence, we used a method similar to Sekara (2016) to detect community from
the social gathering. The community is defined as a group of similar gatherings,
which allows one individual to belong to more than one community. Changes in
the community have also become easier to characterize. The distance between
different gathering is measured by the participation levels of their constituent
nodes Formula 2, where Gi is the node-wise participation values for gathering
i, and the max and min function act on each node. The Affinity Propagation
Clustering Algorithm is used again to merge gatherings into a community. Figure
8 shows a simple example of community.
∑node min (Gi , Gj )
(2)
D(Gi , Gj ) = 1 −
∑node max (Gi , Gj )
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Figure 8. Merge gatherings to form community.

A total of 805 communities are found in all gatherings. Same as gathering, we
can example the duration and size of a community (Figure 9a and 9b), where the
duration is defined as the number of slices and the size as the number of different
individuals. The duration distribution fits a logarithmic normal distribution with
a mean around 20, while the size obeys a logarithmic normal distribution with a
mean around 18. This is quite different from the characteristics exhibited by the
gathering, and the underlying dynamic mechanism remains to be further studied.
In fact, different communities choose different spaces for gathering, and
different spaces have different types of social interaction that forming different
communities. A community may include several gathering from different
locations. In this study, the location of a community is defined as the most frequent
location of its gatherings. Figure 9c and 9d examine the duration and size of the
community in different areas. It can be found out that the community based on
medium-sized space has the shortest duration and smallest size. Considering that
medium-sized spaces are mostly independent meeting rooms, the size of meeting
rooms should be the limitation on the community.

Figure 9. Duration (a) and size (b) of community; Community duration (c) and size (d) in
different area.

Figure 10 shows the dispersion of communities in the different area, where the
dispersion is the average distances between its gathering. The communities based
on shared space have the highest dispersion, meaning that these communities are
more active and unstable. Conversely, the communities based on meeting room is
more stable, indicating a better organization behind it.
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Figure 10. Community dispersion in different area.

5. Conclusion and Discussion
Innovation incubators provide a completely new form of space whose
characteristic relies on social interaction occurred in it, so the analysis of this space
is bound to be inseparable from the social relationship. Environmental behavior
study based on IPS data provides an efficient way to describe human behavior,
becoming the basis of this study.
This paper briefly analyzes the characteristics of human behavior in a
newly-opened incubator based on Wi-Fi positioning data, explores social structure
such as gatherings and communities, describes the characteristics of these social
interactions, and reveals the relationship between social interaction and spatial
functions, enriches our understanding of the space. In summary, human behavior
in innovation incubators has some interesting characteristics, and the social
gathering and community in it are closely linked with the functional area of
innovation incubator.
From the perspective of environmental behavior research, this paper studies the
relationship between social behavior and spatial function, in addition to the basic
description of spatial-temporal behavior in the innovation incubator. However,
other space attributes besides function, such as size, material or decoration, can
also affect social interaction and need to be further explored in the future. From
the perspective of social network research, the boundaries of gatherings and
communities defined in this paper are all ‘soft’, with some members participating
for the total duration and others participating only briefly. Although it is very
useful in the study of dynamic networks, the underlying fundamental structure
that can span different time scales is still quite worth exploring.
It should be pointed out that although Wi-Fi IPS data contains abundant
information of social interaction, the real face-to-face interaction is still much
more complex. Except for the possible noise in the data, there may be
systematic deviation using mobile devices to represent people. Besides, the use
of co-appearance in one place to infer the existence of social interactions also
requires careful consideration, since multiple scenarios exist where people in close
proximity do not interact and vice versa.
As a distinctive type of space, the study of social behavior in innovation
incubators offers us new research ideas. As a background element of social
activities, architecture has a profound impact on the social interaction, which is
particularly obvious in innovation incubators. The introduction of social behavior
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research has shown great potential, we hope it will be extended to other space
forms to help us understand the relationship between architecture and society.
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