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The emergence of Event-based Social Network (EBSN) data that contain both social and event information has cleared
the way to study the social interactive relationship between the virtual interactions and physical interactions. In existing
studies, it is not really clear which factors affect event similarity between online friends and the influence degree of each
factor. In this study, a multi-layer network based on the Plancast service data is constructed. The the user’s events belong-
ingness is shuffled by constructing two null models to detect offline event similarity between online friends. The results
indicate that there is a strong correlation between online social proximity and offline event similarity. The micro-scale
structures at multi-levels of the Plancast online social network are also maintained by constructing 0k—3k null models to
study how the micro-scale characteristics of online networks affect the similarity of offline events. It is found that the
assortativity pattern is a significant micro-scale characteristic to maintain offline event similarity. Finally, we study how
structural diversity of online friends affects the offline event similarity. We find that the subgraph structure of common
friends has no positive impact on event similarity while the number of common friends plays a key role, which is different
from other studies. In addition, we discuss the randomness of different null models, which can measure the degree of
information availability in privacy protection. Our study not only uncovers the factors that affect offline event similarity

between friends but also presents a framework for understanding the pattern of human mobility.
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1. Introduction

Online social network services have become the fastest
growing applications on the Internet. On these virtual net-
works, users communicate with each other and share all kinds
of information. Actually, the newly appeared data sources, like
Event-based Social Networks (EBSNs) datal'l and Location-
based Social Networks (LBSNs) data,?! contain not only on-
line virtual interactions as traditional social networks,but also
offline physical interactions of users, which make it possi-
ble to combine virtual interactions with physical social ones.
How to make use of this kind of interactive relationship to
provide users with more convenience is one of the hotspot
researches in recent years. As of March 2017, Plancast had
more than 50 million registered users and published an aver-
age of 10* events a day. An event is a special case that is
caused by many reasons and conditions, occurs at a certain
time and place, and may be accompanied by certain inevitable
results. Understanding event similarity has direct potential ap-
plications for recommending all kinds of services,*! building
smart cities,[*! and relieving traffic pressures!®!. Therefore, the
relevant studies of social networks and their applications are of
great significance. 0]

The traditional calculation of event similarity is based on
event six-section definitions, which only involve the action,
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object, environment, assertion, language expression, and time

1101 However, this neglects the

influence of other external factors on event similarity. There-

factor of the event element itself.

fore, the results are not comparable between different studies.
In this work, we use the method by constructing null mod-
els, which accurately uncovers the factors that influence the
offline event similarity between friends.!'"-'?! Null networks
can provide an accurate reference for the original network,
and can accurately describe the non-trivial characteristics of
the original network combined with the statistic indicators,
which can help us to reveal the origin and the level of com-
plexity. The term ’null model’ was proposed by Colwell et
al. in a conference. Generally, a randomized network with
some of the same properties as the real-life network, is called
a null network of the original network.!'3 Null networks have
been widely applied in analyzing clustering coefficient,!!*!3]

degree distribution,!'®! link prediction,!!7:!8
19,20

I'and community
detection.!®2%1 In this study, all null networks are generated
by a random rewiring algorithm, which randomly shuffles the
edges of the original network and makes the original network
as random as possible.2!-??]

EBSNs contain not only online social relationship of
friends but also their offline events information in actual life.

The Plancast is a typical event-based network and the dataset
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is big enough for our purposes. The online social network con-
tains 76665 nodes and 1702058 edges, and the offline network
contains 401634 events. In existing studies of the Plancast
network, it is not very clear which factors affect event simi-
larity between friends and the influence degree of each factor.
For example, we do not know whether there is a relationship

If so, how
23]

between online friends and their offline events.
the online social network affects offline event similarity. !
Furthermore, the influence of the number and subgraph struc-
ture of common neighbors on offline event similarity is not
clear.?+23]

In this study we constructed a double-layer network by
utilizing the Plancast data, and measured offline event simi-
larity by Hub Promoted Index (HPI).[?%?”! The offline event
similarity in Plancast was first detected by constructing two
null models which changed the belongingness of events and
calculated HPI of each null model. We found that the events
of friends showed a strong similarity; that is, once we changed
the belongingness of events, and the event similarity of friends
would be greatly reduced, which was indicated that there is a
strong correlation between online social proximity and offline
event similarity. Then, the micro-scale structures at multi lev-
els were maintained by constructing 0k—3k null networks to
study how these characteristics (average degree, degree distri-
bution, assortativity, and clustering coefficient) affected offline
event similarity. We found that average degree and degree dis-
tribution (Ok and 1k characteristics) were not enough to main-
tain offline event similarity, but assortativity (2k characteristic)

(a)

following links:

users:

events:

Plancast service

is a significant characteristic for maintaining offline event sim-
ilarity. Finally, by calculating the HPI of different number and
structure of common friends, we found that the subgraph struc-
ture of common friends had no positive impact on event simi-
larity while the number of common friends played a key role,
which was different from the results reported in Ref. [25]. In
addition, we discussed the randomness of different null mod-
els, which can measure the degree of information availability
in privacy protection.

2. Detecting offline event similarity in Plancast
2.1. Constructing the multi-layer Plancast network

Recently, event-based online social services, such as
Plancast and Eventbrite, have experienced rapid growth. From
these services, researchers observe a new type of social net-
work, which makes it possible to combine virtual and physi-
cal social interactions. Figure 1 depicts the constructing prin-
ciple of EBSN based on the online social services data. In
Fig. 1, A, B, C, and D represent four users of Plancast ser-
vices, and {ej,e2,e3} are the events that these users participate
in. The social relationships between users in Plancast service
in Fig. 1(a), forming the online network of the Plancast EBSN,
are mapped to green links of Fig. 1(b). Meanwhile, the same
events that users co-participate in Plancast service in Fig. 1(a),
deriving their offline social connections, collectively form an
offline social network in the Plancast EBSN, denoted as blue
edges in Fig. 1(b).

(b)

Plancast
event-based social network

Fig. 1. An example of event-based social service and its corresponding EBSN: (a) the Plancast service, and (b) its corresponding Plancast EBSN.
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Fig. 2. A schematic illustration of a multi-layer network: (a) the relationship between users and their events in Plancast service, and (b) its
corresponding toy model of a special multi-layer network. The online layer represents the social relationship between friends, and the offline

layer indicates the chain of events that they participate in.
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In this study a multi-layer network is constructed by
utilizing the Plancast data, and the constructing principle is
shown in Fig. 2. In Fig. 2(a), every user can participate in
many different events, while one event can be participated by
multiple users. For example, {1, es,e7,e10,€13} are the events
that user A participates in, and e; is also participated by user
B. A toy model of the special multi-layer network is shown in
Fig. 2(b). The Plancast is divided into the online and offline
layers. In the online layer, A, B, C, D, and E represent five
users. If two users are friends, then there is an edge between
them. The offline layer is composed of user events, while the
dotted line indicates the corresponding relationship between

online users and their event chains.[28-30]

2.2. Indexes to measure offline event similarity

If two users are involved in more events together, then
they will be considered to be more similar. In recent years,
researchers have developed a number of indexes to measure
similarity, such as Jaccard index, Hub Depressed Index (HDI),
and Hub Promoted Index (HPI).[2%27] These are common in-
dexes in analyzing user similarity. For a node x, let k, represent
the degree of x and I"(x) denote the set of neighbors of x. The
definition of Jaccard, HDI, and HPI are as follows:

Jaccard __ |F(x)ﬂr(y)|
S T Fmuro)) M
Sgpl _ |IT(x)NI(y)] ?)

Vik,

(a) onlim
s

GHPI _ IC(x) NI (y)l

Y7 min{keky} 3

2.3. Null models of exchanging trajectory

Like conventional online social networks, EBSNs provide
an online virtual world where users exchange thoughts and
share experiences. What distinguishes EBSNs from conven-
tional social networks is that EBSNs also capture the effect
of face-to-face social interactions in participating events in the
offline physical world. To study the relationship between on-
line social proximity and offline event similarity, we introduce
two kinds of null models, which can not only change offline
event chains but also maintain the social relationship in online
social networks.

The construction of the null model of exchanging trajec-
tory is shown in Fig. 3. Two users from all users are randomly
selected. Then, the two event chains of users are obtained. Fi-
nally, the offline event marked by them is interchanged. For
example, we randomly select two users A and B, and obtain
their events in Fig. 3(a), and then we interchange the event
chain marked by them. The result of the reconnection is shown
in Fig. 3(b), in which the events of A are changed to {e|, ez,
€6, €3, €12} and the events of B are changed to {ej, e4, €7, €10,
e13}. The process of randomly rewiring should be repeated
until a completely randomized null network is gained.

(b)
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Fig. 3. Constructing the null model of exchanging trajectory: (a) the original toy model, and (b) its corresponding null model of exchanging

trajectory.

2.4. Null models of exchanging user events

The construction of the null model of exchanging user
events is shown in Fig. 4. The first step is the same as the null
model of exchanging trajectory. Then, we obtain the event
chains of two users and the number of events that users par-
ticipate in, respectively. Finally, we randomly select events
which have the same number as the original two users from
all the events to them respectively. For example, two users A
and B are randomly selected, and then we obtain that A has

five events {e, es, €7, €10, €13} and B has five events {e|, ez,
€6, €3, €12}, and all of the event information contain 9 events.
Finally, we randomly select five events from all the events to
A and randomly select five events to B. The result of the re-
connection is shown in Fig. 4(b), and three events {ey, eg, €12 }
of A and four events {eu, €7, €19, €13} of B are different from
their original events. The process of randomly rewiring should
be repeated until a completely randomized null network is ob-
tained.
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Fig. 4. Constructing the null model of exchanging user events: (a) the original toy model, and (b) its corresponding null model of exchanging

user events.

The null model of exchanging trajectory does not change
the order of the event sequence but shuffles the ownership of
the whole trajectory for each user. The null model of exchang-
ing user events not only changes the ownership of a whole tra-
jectory but also shuffles the set of events belong to each user.
Both null models can change the offline event characteristics,
and detect the correlation between offline events similarity and
online social proximity. This correlation plays an important
role in coordinating online and offline resources, such as rec-
ommending offline events based on online relationships.

2.5. Offline event similarity between friends

In this study, the indexes above-mentioned (Jaccard,
HDI, and HPI) have been applied and the results are similar.

1 0(]
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Fig. 5. (a) HPI distribution of null models of exchanging trajectory and
(b) HPI distribution of null models of exchanging user events. The x
coordinate represents HPI values, and the y coordinate represents the
probability of HPI values.

HPI is more observable, so the result of event similarity is
shown by HPI in this study. The HPI distribution of the orig-
inal network and its null models of exchanging trajectory are
shown in Fig. 5(a). The blue-dotted line represents the HPI
distribution of the original network, and the grey lines indicate
the results of 100 null models of exchanging trajectory. To
demonstrate the experimental results more clearly, we com-
pute the average HPI value of 100 null models and expressed
the HPI distribution with the square line. All of the HPI distri-
bution of null models are less than that of the original network
because this type of null model changes the belongingness of
the original event chains. The results indicate that there is a
strong correlation between online social relationship and of-
fline event similarity. The same method is used to get the
HPI distribution of the original network and null models of
exchanging user events, which is shown in Fig. 5(b). We ob-
tained the same conclusion as the null models of exchanging
trajectory.

3. The impact of online subgraph structures on
offline event similarity

The traditional methods have simply studied event simi-
larity by calculating the similarity between the factors of event
itself. However, these methods cannot meet the research re-
quirements of actual complex systems because event simi-
larity is often affected by other factors, such as micro-scale
structures of online social networks. Actually, 0k—3k null net-
works can maintain different micro-scale characteristics (such
as average degree, degree distribution, assortativity, and clus-
tering coefficient) of the original network. = The null net-
works of different orders are interrelated, that is, Ok O 1k D
p) ZEREES (n— 1)k 2 nk. Any nk null network will contain the
characteristics of (n— 1)k null network.[®19 Therefore, we un-
cover how micro-scale structures affect offline event similarity
by constructing 0k—3k null networks.

3.1. Ok null network of EBSN

The 0k null network is the simplest and most randomized
null model, which only possesses the same number of nodes
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and the average degree as a given graph G(V,E). Here, V rep-
resents the set of nodes, and E represents the set of edges. The
average degree refers to the average value of all the nodes’
degrees. Suppose n (n = |V|) as the number of nodes and m
(m = |E|) as the number of edges, and the definition of the
average degree (k) is as follows:

“4)

(a) Tin
X
@“94 | /
|

While constructing the Ok null network for EBSN, the links in
the offline network remain unchanged while those in the online
network should be shuffied. For example, we randomly select
a link C-D in the original network and disconnect it as shown
in Fig. 6(a). We then randomly select two nodes C and E. If
the two nodes are not connected, we then connect them. The
result of the reconnection is shown in Fig. 6(b). The process
of randomly rewiring should be repeated until a completely
randomized null network is achieved.
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Fig. 6. The constructing process of the Ok null network. We remove link C-D, then add link C-E in the online network: (a) the original toy

model, and (b) its corresponding Ok null network.

3.2. 1k null networks of EBSN

The 1k null network possesses the same degree distribu-
tion (or sequence) as the original network. The degree distri-
bution refers to the probability of nodes’ degree in the original
network. If n(k) is the number of nodes with degree k, then
the degree distribution p(k) is defined as

While constructing the 1k null network of EBSN, links in the
offline network remain unchanged while those in the online
network should be shuffled. For example, referring to the con-
straints of generating 1k null network, we randomly select two
links A—D and C-E in the online network and disconnect the
links as shown in Fig. 7(a), and then we connect A—E and C—
D. The result of the reconnection is shown in Fig. 7(b). The
process of random rewiring should be repeated until a com-
pletely randomized null network is obtained.

online
, '
|

offline
2

offline

Fig. 7. The construction process of the 1k null network. We remove links A—D and C-E, and then add links A-E and C-D: (a) the original toy

model, and (b) its corresponding 1k null network.

3.3. 2k null network of EBSN

The 2k null network possesses the same joint degree dis-

tribution as the original network. The joint degree distribu-

tion refers to the number of degree values (probability) of the
nodes connected at both ends of each edge. Suppose that k
represents the degree of a node and that m(k,k;) is the total
number of edges of the nodes whose degrees between k; and
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ky., If k1 = ko, ,LL(kl,kQ) = 2; otherwise, [,L(kl,kz) = 1. The
joint degree distribution p(k;,k7) is

plki ko) = W (6)
While constructing the 2k null network of EBSN, links in the
offline network remain unchanged while those in the online
network should be shuffled. The steps of the 2k null network
are the same as those of the 1k method, except that the degree

value of four nodes which are connected by the two edges is

required to remain the same before and after shuffling. For ex-
ample, as shown in Fig. 8(a), only when nodes D and E have
the same degree value can the edge exchanging be carried out
to ensure that the joint degree distribution of the whole net-
work remains unchanged. We disconnect two links A—E and
C-D, and we then connect A—D and C—-E. The result of the re-
connection is shown in Fig. 8(b). The process of randomly

rewiring should be repeated until a completely randomized

null network is achieved.
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Fig. 8. The construction process of the 2k null network. We remove links A—E and C-D, and then add links A-D and C-E: (a) the original toy

model, and (b) its corresponding 2k null network.

3.4. 3k null network of EBSN

The 3k null network possesses the same joint edge-degree
distribution p(kj,kz,k3) as that of the original network, which
means the same number of open triangle and close triangle
exists between the original network and its 3k null network.
The joint edge-degree distribution takes into account the in-
terconnectivity between three nodes, mainly in two cases:
the first is an open triangle where three nodes are connected
by two edges, which is called p(k;,kz,k3); the second is a
closed triangle where three nodes form a ring, which is called
palki, k2, k3).

While constructing the 3k null networks, links in the of-

fline network remain unchanged while those in online network

(a) online
*@/
|

should be shuffled. Two edges are randomly select in the origi-
nal network to ensure that the joint degree distribution remains
the same; that is, the basic properties of the 2k characteristics
remain the same. The number of open triangle and close tri-
angle for each node on both ends of two links and its neighbor
nodes are then calculated before and after shuffling, respec-
tively. If the numbers are the same, then we can conclude that
the shuffling is successful. For example, referring to the con-
straints of generating the 3k null network, we disconnect two
edges A-B and C-D. If the pairs of nodes A-D and B—C are
not connected, then we connect them. The result of the re-
connection is shown in Fig. 9(b). The process of randomly
rewiring should be repeated until a completely randomized
null network is obtained.
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Fig. 9. The construction process of the 3k null network. We remove links A—B and C-D, and then add links A-D and B-C: (a) the

original toy model, and (b) its corresponding 3k null network.

068901-6



Chin. Phys. B Vol. 28, No. 6 (2019) 068901

3.5. The impact of online social micro-scale structures on
offline event similarity

The HPI distribution of the Plancast network and its Ok—
3k null networks are shown in Fig. 10. The red quadrilateral
line represents the HPI distribution of the original network,
and the grey lines denote the results of 100 null networks. To
make the experimental results more clear, the average HPI val-
ues of the 100 null networks is computed and we give the HPI
distribution in the black-star line.

10-1 (a) (b)
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T 103 .. ..
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R 0k 1k
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101 (c) ()
~
T 103 .. -
~ @ origin B-@ origin
~ 2k 3k
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10-1 100 10! 100
HPI HPI

Fig. 10. The impact of online social micro-structures on offline event
similarity. The HPI distribution of (a) Ok null networks, (b) 1k null
networks, (c) 2k null networks, and (d) 3k null networks.

We find that the HPI distribution of Ok and 1k null net-
work are less than that of the original network. Compared
with Ok and 1k null networks, the HPI distribution of 2k
null networks are very close to the original network because
they maintain more micro-scale structure characteristics of the
original (i.e., assortativity). Furthermore, the HPI distribution
of 3k null networks are more similar to that of the original
network because 3k null networks keep the clustering charac-
teristic of the original. These results suggest that the average
degree (Ok characteristic) and degree distribution (1k charac-
teristic) are not enough to maintain event similarity between
friends, but assortativity (2k characteristic) and clustering co-
efficient (3k characteristic) are significant micro-scale struc-

tures to maintain event similarity between friends.

(a)

@ 2
cc=3|]
-
@ 2
cCc=4
-

4. The impact of structural diversity of online
friends on offline event similarity

4.1. Indexes to measure online structural diversity

Studies on network structure characteristics can help us
to reveal the nature of complex systems, and the relationship
between network structure and its function. Therefore, more
researchers are devoting themselves to study the diversity of

25311 Actually, the number and subgraph

network structures.|
structure of common neighbors are the important indexes to re-
flect the structural characteristics of social networks.?*! How-
ever, these two factors have different effects on real networks
in existing studies. For example, the researchers in Ref. [31]
have shown that the number of common neighbors has greater
impact on the similarity of network structure. In contrast, it is
found in Ref. [25] that the number of common neighbors has
no influence on social networks while the subgraph structure
of common neighbors has a positive influence. In this chap-
ter, we study the influence of these two factors on offline event
similarity between friends.

Common Neighbors (CN) index is a common indicator
to explore the structural similarity of two users in social net-
works. The definition of CN is

SN =T (x)NT ()], %

where I"(x) denotes the set of neighbors of node x. The higher
CN is, the more similar two users are.

The other index that can explore the structural diversity
is the subgraph structure of common neighbors. We measure
this index by the Number of small Connected Components
(NCC) in the induced subgraph of common neighbors. For
example, in Fig. 11(a) the nodes A, B, C, and D are com-
mon neighbors of the nodes U; and U, and they are wholly
connected. Therefore, these four common neighbors are sep-
Figure 11(b) shows all of the
possible scenarios that four common neighbors may cluster

arated into one component.

into one, two, three or four connected components with differ-

s.125

ent formations.[>>! A higher NCC indicates more groups and

higher structural diversity. 3%

L RADNOE

ce=NJT JIN

Fig. 11. An illustration of the subgraph structures of common neighbors: (a) the topology of two users and their common four
neighbors and (b) an illustration of the subgraph structures of four common neighbors.

068901-7



Chin. Phys. B Vol. 28, No. 6 (2019) 068901

4.2. The impact of the number of common neighbors

We calculate the number of common neighbors in the
original network and its corresponding 1k—3k null networks
respectively to study event similarity between friends, and the
corresponding HPI results are shown in Fig. 12. Here, sim-
ulations have been repeated 100 times independently for null
models to achieve the average result. We use different types
of lines to represent the original network and its correspond-
ing 1k-3k null networks. The original network and its corre-
sponding null networks show a similar tendency; that is, the
HPI values increase gradually as the number of CN increases.
In addition, the HPI values of users without common neigh-
bors are less than those with common neighbors. The results
indicate that there is a strong correlation between online so-
cial proximity and offline event similarity, while the number
of CNs has a positive impact on the event similarity between
friends.

0.04}

0.03f]

HPI

0.02

0.01F

mmorigin 9 1k #¥2k *+3k

0 2 4 6 8 10 12 14
CN

Fig. 12. The event similarity for different number of common neigh-

bors. The x coordinate represents the CN values, and the y coordinate
represents HPI values.

4.3. The impact of the subgraph structure of common
neighbors

The results in Fig. 12 inspire us to study event similar-
ity from the perspective of the subgraph structure of common
neighbors.

0.04~

G TR
0.03f 3 |

~ »— origin &0 1k
T > 2k oo 3k
0.02} E
o— ° o [TT——
0.014 i : : : L
1 2 3 1 2 3 4
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Fig. 13. Event similarity for the different NCC in the induced subgraph
of common neighbors: (a) the HPI of NCC of three common neighbors,
and (b) the HPI of NCC of four common neighbors. The x coordinate
represents the NCC values, and the y coordinate represents HPI values.

In Fig. 13(a), in the case of CN =3, we calculate the HPI
values of different NCC of the original network and its cor-
responding 1k—3k null networks, and find that not only the
original network HPI values but also null models do not show
any regularity. It is indicated that the subgraph structure of

common neighbors (motif diversity) has no positive impact on
offline event similarity. The same method is used to get the re-
sults of the case of CN =4, which is shown in Fig. 13(b). We
can gain the same conclusion as the case of CN =3.

Figures 12 and 13 show that the subgraph structure of the
CN has no positive impact on offline event similarity while the
number of CNs plays a key role. This is different from the re-
sults in Ref. [25]. From our point of view, the reason for this
result may be due to social influence.3!!

4.4. Randomness of offline event similarity

The event data bring not only huge benefits to people but
also the harm of personal information leakage.!33! This hap-
pens because event data not only directly contains user privacy
information but also implies personality habits, health status,
social status, and other sensitive information about the users.
Once event data are improperly used, all aspects of users’ pri-
vacy will be seriously threatened. Actually, the randomness
of different null networks corresponds to the degree of infor-
mation available for privacy protection. We calculate the HPI
values of six null models, and the results are shown in Fig. 14.
Experimental results show that the HPI values of online null
networks are higher than those of offline null networks, indi-
cating that the randomness of online null networks is less than
that of offline null models. We also find that the HPI values of
online null networks go down as the order decreases, and the
randomness of online null networks goes down as the order in-
creases. When the construction method combines online and
offline networks, the HPI values are closer to those of the of-
fline. This indicates that the offline characteristic has a greater
impact on event similarity than online network structures.

0.04} mmm origin
’ == online
offline

0.03 == both

HPI

0.02

0.01 f

Oorigin 3k 2k 1k Ok ET EU OKET OKEU

Null models

Fig. 14. The influence degree of online social factors and offline event
factors. The x coordinate represents the random method, and the y co-
ordinate represents the HPI values. ET denotes the null networks of
exchanging trajectory, and EU represents the null networks of exchang-
ing user events. OKET represents the null networks combining Ok and
exchanging trajectory, and OkEU represents the null networks combin-
ing Ok and exchanging user events.

5. Conclusion

In summary, we use Plancast data to build a double-
layer network. By constructing null models of the EBSN net-
work, we study the factors that affect event similarity between
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friends and the influence level of each factor. First, two null
models of exchanging trajectory and exchanging user events
are proposed to change the user’s events belongingness to de-
tect offline event similarity between friends. Our experimental
results show that there is a strong correlation between online
social proximity and offline event similarity. To be specific,
the events of friends show a similarity; that is, once we change
the belongingness of events, the event similarity of friends will
be greatly reduced. This correlation can help us to make of-
fline event recommendations based on online social interac-
tions.

Second, the influence of micro-scale network structures
on the event similarity between friends is studied by construct-
ing 0k—3k null networks of the original network. Our results
indicate that the average degree and degree distribution (Ok
and 1k characteristics) are not enough to maintain offline event
similarity between friends, but assortativity (2k characteris-
tic) and high order features (such as clustering coefficient)
are significant micro-scale characteristics for maintaining of-
fline event similarity between friends. This is helpful for re-
searchers who wish to understand the pattern of human mobil-
ity from online network topology.

Finally, we study the influence of structural diversity of
online friends on offline event similarity. Our experimental re-
sults show that the structural diversity of common neighbors
has no positive impact on event similarity, while the number of
common friends plays a key role. In addition, the randomness
of different null models that can measure the degree of infor-
mation availability in privacy protection are discussed. Our
study not only uncovers the factors that affect offline event
similarity between friends but also presents a framework for
understanding the pattern of human mobility in cities.
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