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Abstract: The real-world system can be represented in terms of multiple complex and semantically coherent networks. The
networks have some correlation among each other and complement each other’s functionality. Such correlated networks are
termed as interdependent networks. The notion of a smart city can be represented as an integration of several interdependent
networks that can facilitate secured and efficient management of a city’s assets, such as transportation, power grids, water
supply channel, distributed sensor networks, societal networks, and other services. In this chapter, we introduce the societal
perspective of interdependent networks, where the users’ and locations’ networks are exploited to track the influential user
and location nodes.
The task of identifying and tracking influential nodes in the ever-growing information networks is crucial to real-world
problems that require information propagation (e.g., viral marketing). The exploitation of social networks for influential
node detection has been quite popular in the last decade. However, most of the studies have focused on networks with
homogeneous nodes (e.g., user-user nodes), and have also ignored the impact of relevant contexts. The information networks
have heterogeneous entities that are interconnected and complement each other’s functionality. Hence, the classical techniques
popular in modeling the spreading of epidemics in simple networks may not be efficient.
We propose a model called MITS (Multi-context Influence Tracking on Social Network) that represents the contextual
exploitation of heterogeneous nodes (i.e. user-location nodes in Location-based Social Networks (LBSN)), formulates the
locality-aware spatial-socio-temporal influence tracking problem using Brooks-Iyengar hybrid algorithm, and uses the
geo-tagged check-in data to identify and track the locality influence. The empirical evaluation of the proposed model on
two real-world datasets, using the Susceptible-Infected-Recovered (SIR) epidemic technique, coverage, and ratio of affection
metrics demonstrates a significant performance gain (e.g., 10% to 85% on coverage and 14% to 39% on ratio of affection) of the
proposed model against other popular techniques, such as degree centrality, betweenness centrality, closeness centrality, and
PageRank.
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INTRODUCTION

The notion of a smart city can be represented using different complex interdependent networks. The first volume
of this book [1] presents the investigation of complex and interdependent networks from both theoretical and
practical perspectives, including the networked control systems, graphics processing unit, smart cities, dynamic
social networks, electrified transportation networks, and sustainable campus development. There are many
interesting real-world examples of interdependent networks, such as power grid, transportation network, water
supply channel, communication network, societal network, the Internet and the World Wide Web, points-ofinterest network, phone call network, actor’s collaboration network, co-authorship collaboration and citation
network, genetic, metabolic and protein network, and many other relevant services [2–6]. An optimal and secured
operation of resources among these interdependent networks is needed to fulfill the goal of a smart city. The flow
of information among these interdependent networks can play significant role on our daily life, for instance, the
real-time tracking of traffic can be propagated on social networks, helping travelers to select alternate routes,
real-time tracking of weather from distributed sensors can help residents to plan their outdoor activities, tracking
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of information flow on social networks can help to identify current trend and influential activities (e.g., trends
on disasters, such as hurricane, trends on disease spread, trends on political activities, etc.), the contextual
analysis of distributed sensor data can help in movement of disabled individuals [7], social network analysis
(e.g., social interaction of factory workers [8], phone calls [9], communication networks on Internet [10], citation
network [11]), interdependent power and transportation networks [12], metabolic networks (e.g., understanding
cancer cell growth [13]), brain networks (e.g., study of brain dynamics [14–16]), community detection [17], island
evolution in large epitaxial systems [18], and so forth. Despite the usefulness, the structural complexity, dynamic
network and complexity, diverse nodes and connection are the major challenges behind the study of complex
networks [19]. The interdependent networks are functionally correlated and the failure of a part of one network
can have adverse impact on another. The exploration of their failures (e.g., blackouts resulting from cascading
failures of power grid, communication systems, and financial transactions) and robustness are also of great
interest [20–30] in the research community.
The graph theory [31–33] is the classical framework applied to solve many problems related to complex
networks. The shortest path between nodes, clustering index, the degree centrality [34, 35], betweenness centrality [36, 37], closeness centrality [38] and k-shell decomposition methods [39], account for local or global
topological network structures (see Sec. 2 for detail). The exploration of social interactions started on early
90s [40]. The exploration of student’s choice on the companions [41] and social interactions between factory
workers [8] are some of the early studies in social network analysis. The concept of random graphs (randomly
selecting a node to form a cluster with already selected nodes) to analyze the topology of graphs [42] was used to
model gene networks, ecosystems of disease and computer viruses [43, 44]. The scale-free networks (modeling
the connectedness of nodes) are believed to be robust to random failures [45], and were explored for therapeutic
drugs [46] and metabolic networks [46, 47]. The comprehensive studies from Boccaletti et al. [6] and Newman [48]
present different phases of development of complex and interdependent networks.
One of the interesting real-world application of complex network is the social network (e.g., Facebook1 , Twitter2 ,
Yelp3 etc.). The social networks can be exploited for different practical problems (e.g., friendship recommendation,
tag prediction, opinion-sentiment analysis, location recommendation, item recommendation, etc.). This chapter
focuses on identifying and tracking of influential nodes in LBSN. The task of influential item detection has been a
popular research problem in the past decade. The influence maximization problem in a graph G=⟨U,V⟩ selects
a set of seed nodes in such a way that the expected spread of information (i.e., influence spreads) in the graph
is maximized [49]. There are many real-world problems that exploit influence detection techniques for their
business needs. As an example, in a marketing business, one can identify few influential customers and distribute
promotional items to them. The strategy is to select a smallest possible subset of customers who can positively
influence (e.g., via word-of mouth effect) their networks towards the consumption of the promotional items, and
propagate the influence on the network (i.e. viral marketing) to an expected scale.
An interesting example is the exploitation of social networks to identify the influential candidate in U.S.
presidential election. For the 2016 election, several models predicted ∼80% winning chances of Hillary Clinton.
Most of those studies exploited user polls, activities and posts from different social networks to capture the
correlation between different parameters and to formulate the influence propagation for both candidates, and
predicted the winning likelihood using their influence scores. As the correlation need not necessarily imply
causation, the actual result was opposite of the predictions. This implies that those models should have been
impacted by some noisy information from the social networks. For instance, for any two users, having posts
in support of one candidate need not necessarily indicate their voting decision. A contextual exploitation of
information on social networks is essential to model the influential parameters and to handle the noisy information.
The influential sensor measure to project the correct measure via different sensor fusion techniques [50–52]
is another interesting application. The influence maximization can also be exploited on Point-of-Interest (POI)
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domain by exploiting the check-in preferences (e.g., likes/dislikes, tags, emoticons, reviews, stars/ratings, etc.)
shared on LBSN. The sharing of positive experience can induce the linked users towards the consumption of
relevant items. Intuitively, this gives us the formulation of influence tracking and influencer identification in
LBSN, which can be modeled to maximize the number of potential visitors to a given POI. In this paper, we study
navigation patterns of users based on LBSN data to determine influential locations (interchangeably termed as
POI in this paper).

Fig. 1. POI Grid Distance Influence

Figure 1 and Figure 2 illustrates the spatial influence of a POI and user to the nearby POIs. As shown in Figure 1,
the spatial influence of the Statue of Liberty is high to the nearby POIs. This implies most of the users who visit
the Statue of Liberty have high chance of visiting the nearby POIs. The influence decreases with the distance,
i.e. the farther POIs have less spatial influence from it. Figure 2 shows the user influence to the nearby POIs.
Whenever a user has some activity on a region or a POI, the nearby POIs have high chance of being visited by
the user. The category of POI, time of a day, and social relation of user also play crucial role in modeling the
influence of user and POIs.
There are many interesting studies that are focused on finding influential users [53], popular events [54], or
popular locations [55], but our study is focused on identifying the sets of users and POIs that have high spatial
impact on other POIs. With the growing usage of smart-phones and social networks, exploitation of spatial
information from mobile customers is essential in identifying the spatially influential entities, and tracking their
evolution over time.
The research formulation of influence maximization was first described by Domingos and Richardson [56]. It
was first formulated as a discrete optimization problem by Kempe et al. [49], who also proved it as an NP-hard
problem, and proposed a greedy optimization algorithm. However, the greedy algorithm executes a Monte Carlo
simulation to approximate the solution of influenced set size, and is computationally complex. The classical
techniques, such as degree centrality, betweenness centrality, closeness centrality, and k-shell decomposition
are quite popular in identifying influential nodes in a network. Some of the classical techniques, such as the
degree centrality [34, 35], betweenness centrality [36, 37], closeness centrality [38] and k-shell decomposition
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Fig. 2. User Grid Distance Influence

methods [39], account for local or global topological network structures, with some limitations. These techniques
mostly shine with large networks, are unable to handle small propagation probability as they can identify only few
central and overlapping nodes as the influential nodes of the network, do not handle spreading and propagation
probability, and difficult to model on multi-context and heterogeneous networks.
Furthermore, the existing studies focused on location information in influence maximization only, exploited
location as a simple user property, and did not analyze the contextually dynamic user mobility behaviors. In
this paper, we incorporate multiple contexts (e.g., categorical, social, spatial, and temporal) of user check-ins to
define the influence scores due to check-ins, and influence scores due to spatial impact. Such scores are then
exploited via optimal region technique utilizing the Brooks-Iyengar algorithm [57] to find a set of users and
POI influencers on location grids. The optimal region technique also helps to filter out the noisy nodes from the
network. An extensive evaluation on two real-world datasets demonstrates the efficiency of our proposed model
when compared to the several classical methods, such as degree centrality, closeness centrality, betweenness
centrality, and PageRank-based methods. The core contributions of our study are: (1) it formulates the location
promotion problem as influential user and influential POI tracking problem, (2) it presents a multi-context
influence formulation by incorporating the social, temporal, categorical, and spatial attributes in the influence
tracking task, and exploits an optimal region technique to find the influencing nodes in a network, and (3) it
extensively evaluates the proposed model with two real-world datasets.

2

RELATED RESEARCH

The centrality measure technique is one of the classical techniques and is focused on ranking nodes in networks.
A simple centrality measure is the degree centrality (DC) [58] of a node and is defined as the number of nearest
neighbors. This technique assumes that a node with larger degree is likely to have higher influence than a node
with smaller degree. However, in some cases, this method fails to identify influential nodes, since it considers
only very limited information. The closeness centrality (CC) [38] measure of a node v is defined as the reciprocal
of the sum of geodesic distances to all other nodes V in the network: Cc (v) = Í 1dG (v,v ′ ) , where dG (v, v ′) is
v ′ ∈(V −v )
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the geodesic distance between v and v ′. Closeness gives a measure of how long it will spread information from a
given node to other reachable nodes in the network.
The betweenness centrality (BC) [59] is a centrality measure of a node and is defined as the fraction of shortest
paths between node pairs that pass through the node of interest. It gives a measure of the influence of a node
over the information spread through the network or the expected load of a node in a transportation network.
For a network G= (V,E) with n = | V | nodes and m=| E | edges, the betweenness centrality of a node v is defined
Í σs t (v)
as C B (v) =
σs t , where σst is the number of shortest paths between nodes s and t, and σst (v) denotes
s,v,t ∈V

the number of shortest paths between s and t which pass through node v. Some studies [60–63] have shown
that the betweenness and closeness centrality measures can better quantify the influence of a node, but have
higher computational complexity. They also claimed that the centralities based on PageRank [61] are even more
relevant but more time-consuming. Though these classical techniques may work for simple networks, they have
no provision for information rich networks, such as LBSN that contains multiple contexts.
The k-shell decomposition method is another popular approach and is implemented by repeatedly deleting
the nodes with degree one, and then nodes with degree two, and so on. The first iteration of node deletion is
repeated until all nodes’ degrees are larger than one. All of these removed nodes are assigned to 1-shell. Then
recursively all the nodes with degree of at most two are removed until all nodes’ degrees are larger than two. The
removed nodes are assigned to 2-shell. The process is repeated until all of the nodes are assigned to one of the
shells [64]. In some cases, the centrality measures can have little effect on the range of the spreads and can have
less impact than the strategically oriented nodes in the center of a network and with smaller degree. Some of the
existing studies [39] have also shown that k-shell method can outperform the degree centrality index in many
real networks.
The Independent Cascade Model (ICM) [49] exploits the propagation probability in a graph. Given an edge
⟨u,v⟩, and node u is active at time t, the propagation of edge ⟨u,v⟩ at time t+1 is defined as p(u,v). The process
starts with some seed nodes as active nodes and rest as inactive. The propagation is controlled using some
measures, such as node degrees [49], and the process is repeated until some node gets activated. Barbieri et al. [65]
extended a similar concept and incorporated topic-based information propagation. Zhu et al. [66] proposed the
Gaussian-based and distance-based user mobility models, to formulate the location aware propagation probability
for location promotion. Their model focused on finding seed users that can influence check-ins to a given location.
They did not focus on finding the influential locations.
Wang et al. [67] proposed a community-based greed algorithm to find the influential nodes. They extended the
basic independent cascade model and exploited the dynamic programming and information diffusion among the
nodes to split them into small communities. Lu et al. [60] proposed a random-walk-based model called LeaderRank
and identified influencers in social networks. It outperformed the PageRank [61] algorithm in identifying the
influential nodes for opinion spreading and protecting from the spammers’ attacks. Such ranking-based models
may not be efficient for undirected networks which will degenerate the degree centrality. Chen et al. [68] proposed
a local centrality measure that used the nearest and next nearest neighbors. The local centrality C L (v) of a node v
Í
Í
was defined as: Q(u) = N (w); C L (v) = Q(u), where τ (u) is the set of nearest neighbors of node u and N (w)
w ∈τ (u)

u ∈τ (v)

is the number of the nearest and the next nearest neighbors of node w. Zhang et al. [69] used the information
transfer probability between any pair of nodes and the k-medoid clustering algorithm for identifying influential
nodes in complex networks with community structure.
Li et al. [70] proposed an in-degree based greedy model that focused on finding set of influencing users for a
query region and the location of users. However, they did not focus on the the mobility of users. The in-degree
technique also cannot capture the set of influential nodes that have smaller degrees but yet contextually relevant
for the target domain. Zhu et al. [55] focused on finding the set of influential users for location promotion.
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The exploitation of k-truss model from Malliaros et al. [71] also demonstrated better performance against the
degree centrality measures. Recently, Wang et al. [72] proposed a multi-attribute ranking technique by exploiting
the neighborhood’s effect on the influence capability of a node. Wang et al. [73] proposed a fast ranking method
to evaluate the influence capability of nodes using a k-shell iteration factor. They defined a relation to incorporate
the degree and number of neighbors of a node to represent the influence of a node. The famous k-shell method
treats nodes based on the degree at an instant and is not concerned about the original degree of the nodes and
also does not address the closeness of a node to the core nodes and the location of nodes in a network.
We can see that most of the existing studies focused on identifying homogeneous influential nodes in different
networks. Furthermore, exploitation of multiple contexts for heterogeneous influential node detection is less
explored. Our study has following uniqueness in comparison to the existing studies: 1) it formulates the influence
identification problem as a heterogeneous graph (i.e. user-POI graph) and identifies heterogeneous nodes (e.g.,
user and POI) as influential nodes in a network, 2) it exploits multiple contexts and defines each node with an
interval of two different types of scores (i.e. score due to check-in influence and score due to spatial influence). This
not only facilitates the incorporation of spatial and check-in popularity, but also handles the trade-off between
the spatial and check-in influences, 3) it exploits the optimal region technique based on Brooks-Iyengar hybrid
algorithm [57], and eliminates the noisy nodes that have small overlap with other nodes, and 4) it presents a simple
and efficient technique for locality-based (i.e. influential nodes on different localities) influence maximization in
location-based network.

3

METHODOLOGY

Many of the existing studies have defined a single composite score to identify the influential nodes in social
networks. The LBSN is a special case that has many implicit factors (e.g, check-in time, location category, social
relation, distance to a location, utility of a location, and so on) that can play a crucial role in identification of
influential nodes. The Point-of-Interest (POI) domain can exploit such implicit factors and the explicit factors (e.g.,
the check-in, ratings, reviews, etc.) to define the contextual scores of a user and POI and identify the contextually
influential nodes in the LBSN. Figure 3 illustrates the impact of visits and spatial impact on check-ins. The left
part of the figure shows that if a POI visited at time t has influence on another POI, then it is most likely to be
visited at time t+1. As an example, if the Statue of Liberty has visit influence on some POIs, then those POIs will
be visited by the users after they visit the Statue of Liberty. The right part of figure shows the spatial impact. The
spatial impact of POI implies that the impact of a POI to nearby places is higher than that of the farther places.
For instance, the influence of the Statue of Liberty is higher around New York city and New Jersey city and the
influence is less on farther cities.

t

t + 1 Gridp

Gridi

Gridj
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Fig. 3. Left part shows the successive check-ins for POI-checkin influence and the right part shows the spatial influence of a
POI to other POIs

We divide all the locations into L uniform geographical grids (i.e., L = {д1 , д2 , ..., дL }) as in [74]. We define
following two types of scores of a user and a POI on a grid (дl ) based on the check-in frequencies and the
spatio-temporal influences:
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(1) POI-grid visit influence (vls ): It is the score of a POI to a grid due to the check-in behavior of its visitors (see
Figure 3 left part). The visit influence of a POI i to a grid дl is the number of check-ins from the visitors of i
to the grid дl and is defined as:
T Õ
T
ÕÕ
| Vi,l ′,t |
,
| Vl ′,t ′ |
′
t =1 t ′ >t

y(v)li =

(1)

l ∈дl

where the term | Vi,l ′,t | is the frequency of check-ins to l ′ at time t and succeeding the ones to POI i, and
| Vl ′,t ′ | is the number of visits made to the POI l ′ at time t’.
(2) User-grid visit influence (vus ): It is the score of a user to a grid due to her check-in behavior. The visit
influence of a user u to a grid дl is defined in terms of the number of check-ins from her friends that succeed
her check-ins to the common places, and is defined as:
x(v)ul =

T
T Õ
ÕÕ
Õ

| Vu,l ′,t |
| Vu ′,l ′,t ′ |
α×
+ (1 − α) ×
,
| Vl ′,t |
| Vl ′,t ′ |
′
′
t =1
u ′ ∈u

l ∈дl

t >t

(2)

f

where | Vu,l ′,t | is the frequency of check-ins made by user u to POI l ′ at time t, u f is the set of friends of u,
and α is a constant tuning factor.
(3) POI-grid distance influence (yil ): It is the influence score of a POI i to a grid дl due to the spatial impact (see
Figure 3 right part). We define a 2-D kernel density estimation to represent the influence of a POI to a grid:
1 d(i, l)
K(
),
(3)
σ
σ
where d(i, l) is the geographical distance between the POI i and the center of the grid дl , K(.) is a 2-D
kernel density estimation, and σ is the standard deviation of the distances between the locations in the grid
дl . We further extend this relation to incorporate the categorical and temporal contexts, and is defined as:
′
′
1 Õ
yil t = yil +
(Cαyil + T βyil ),
(4)
| дl | ′
yil =

l ∈дl

if l ′

where C is the indicator variable to check
is of same category as l, T is the indicator variable to check
if l and l ′ have common check-in time, and α, β are constants such that α + β = 1.
(4) User-grid distance influence (x il t ): It is the influence score of a user to a grid due to spatial and social
contexts. We use a 2-D kernel density estimation to represent the influence of a user at location i to a grid
дl :
1 Õ ηul t d(i, l)
K(
)
x il t = ψ ×
| Vut |
σ
σ
l ∈Lu
(5)
Õ
Õ ηl ′t d(i, l ′)
1
u
+(1 − ψ ) ×
K(
),
| Vu ′t | ′ ′ σ
σ′
u ′ ∈u
l ∈Lu

f

where | Vut | is the number of check-ins made by user u at time t, Lu is the set of locations visited by user
u to the grid дl , ηul t is the number of check-ins made by user u to the grid дl at time t, σ is the standard
deviation of the distances between the locations in the grid дl , and ψ is a constant.
These scores are normalized and each user u is represented by a pair of scores (min(vsu , xlu ), max(vsu , xlu )) for
each grid/region дl . A similar approach is used to define a pair of scores (min(vsl , yli ), max(vsl , yli )) for each POI
l for each grid дl . Such pair of scores are defined for each and every user and each and every POIs for a given
region. We then identify the most overlapping min-max pairs. This approach provides two major benefits, first
7

the computation cost is lowered, second the noisy nodes with very high or very low min-max scores get filtered
out easily in the early steps of the process. Besides these, the model is simple and can be easily adopted to other
relevant problems.

1

Location grid
creation

2

Grid1

Grid2

3 User grid visit influence

Grid visit and
Grid distance
influence score
computation

User grid distance influence

4

Interval
preparation
POI grid visit influence
POI grid distance influence

5

Influence tracking
Gridn

POI influence interval score
User influence interval score

Fig. 4. High level overview of MITS

The high level overview of the proposed model is illustrated in Figure 4. The core steps of the model are as
follows:
(1) The first step is to identify the target network for which the influential nodes are to be identified. The
LBSN provides many contexts that can be exploited to identify the influential nodes. The LBSN can be
represented as a graph that contains user and POI nodes. The user-user edges exist if the two users have
social link (e.g., friendship) between them. The user-POI edges exist if the user has a check-in to the POI.
The POI-POI edge exist if the POIs have same category or have distances within some threshold. There are
many other contexts, such as check-in time, location category, etc.
(2) Location grid creation: It is difficult to model the contextual influence in the whole network. Inspired
from [74], we divide all the locations into grids/regions of uniform areas. Each location grid contains a set
of locations in the region.
(3) Grid visit and grid distance score computation: For each user and POI, we compute two different scores for
each region. One of the score is due to the impact of visit and the another is due to the impact of distance.
We use Equations 1- 5 to compute these scores for each user and POI nodes.
(4) Interval preparation: For each region, we need to find a measure that represents the influence score of the
region. As the social network contains lot of noise, it is difficult to predict the exact score for the influential
nodes, so we project an interval of score. We normalize the scores computed in the previous step and
transform the scores into some buckets or intervals (e.g., {[0, 10], [11, 20], ... ,[91, 100]}).
(5) Influence tracking: We extend the Brooks-Iyengar algorithm (see Algorithm 1) to compute the interval
score that represents a projection of score for a region. If the score of a node overlaps with the projected
8

interval, then the node is taken as an influential node. The influence tracking process is independently
performed for user nodes and POI nodes in each region.
Algorithm 1 provides the detail steps of the proposed model.
Algorithm 1 Influence Tracking
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:

INPUT: (U, L, Gi , N, k), U is the set of all users, L is the set of all POIs, Gi is the i th geographical region, N
is the number of users, k is the number of influencers to be identified
OUTPUT: Ii , a list of influencer nodes for region Gi
get the normalized intervals of scores of all user-item nodes
initialize empty lists Ii and Ai to hold the influencer nodes and active nodes respectively
sort the user nodes by their minimum scores
for each user node ui from step 5 do
if ui .min has already been traversed but ui .max has not been traversed then
mark this node as active, add it to Ai
end if
/*remove the first user node whose maximum value is less than or equal to current minimum value*/
if Ai .size > k and Ai [0].max < ui .min then
remove Ai [0] /*remove the first non-overlapping node*/
end if
if Ai .size ≥ k then
add the nodes from Ai to Ii , if not already present
end if
end for
sort the k or more min-max pairs in Ii , and use its lowest min score and highest max score to define the
lower and upper influence bound of Gi
k
Í

19:

(lin +h in )∗w i
2

For the k min-max pairs in Ii = ⟨(li1 , hi1 ), (li2 , hi2 )...(lik , hki )⟩, find a score vi =
, where w i is the
k
weight of the corresponding interval of min-max scores in Ii . The score vi represents the threshold influence
score of the region, and the pair (li1 , hki ) represents the interval estimate of the influence score.
n=1

Explanation of Algorithm 1. The step 3 uses Eqns. (1- 5) to get the min-max pair scores and normalizes them. In
step 4, we initialize lists to hold the active and influencer nodes. In step 5, we sort the min-max pairs. The step 6
traverses the sorted nodes. The step 7 keeps track of the traversed pairs and marks the nodes as active if their
min score is already traversed and max score is not traversed. This is useful to keep track of the overlapping
nodes. In step 11, the first non-overlapping pair is removed from the current active list. As we keep on adding
new nodes to the active list Ai , we check if the first node overlaps with the current node or not. There is an
overlap if the pair of scores of the two nodes intersect. The higher the overlap of a pair of score, the higher the
chance of it being an influential node. If there is no overlap, then the node is removed from the active nodes list.
If the node was not an outlier, then it should be from an interval with high weight.
Removing the earlier entries of an interval will not be a problem because there will still be other entries from
this interval with high min-max value. If the node was an outlier, then there will be only few or none entries left
from this interval, hence removing the first entries with smaller max score should not be a problem. The step 14
accumulates the active nodes into the influencers list Ii . The step 18 uses the k or more min-max pairs stored in
Ii list to find the lowest min and highest max score to define a low-high bound for the potential influencer nodes.
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This bound gives the estimated measure of the influence score interval, i.e. any node having the score overlapping
with this interval is considered as a potential influencer. If we want to ensure that only top-k min-max pairs are
included in the low-high bound, we can get the last k entries from the Ii .
In step 19, we use the min-max pairs and their weight/frequency from Ii to find the average value of the
influence score. This average value can be used as an aggregated score of influencing nodes and can be used to
the scenarios that generate a single composite score. If a node’s composite score falls within some range of this
aggregate score, then the node can be taken as influential node. As the user and POI nodes can have different
measure for the influence scores, the Algorithm 1 is independently executed for user and POI nodes.

3.1

Complexity Analysis

For each region, the sorting step takes O(NloдN ), where N is the number of min-max pairs. The Algorithm 1 has
an additional step that removes the active nodes whose max score is less than the min score of the currently
processed node. The extra step incurs a cost of removing the first item from the active list, and depending on the
data structure used, the cost can range from O(log N ) in the best case to O(N ) in worst case.

4

EVALUATION

This section presents the dataset, evaluation metrics, evaluation baselines, experimental settings, and results and
discussions.

4.1

Dataset

We evaluate our proposed model MITS with two real-world datasets Weeplace 4 and Gowalla [75]. The statistics
of the datasets is shown in Table 1. The datasets are well organized and have all the attributes relevant to our
model.
Dataset

Check-ins

Users

Gowalla

36,001,959

319,063

Weeplace

7,658,368

15,799

Location
Categories
2,844,076 337,545
629
Venues

Links

971,309

59,970

96

Table 1. Statistics of the datasets.

4.2

Evaluation Metrics

We used following evaluation metrics to evaluate the performance of the proposed model:
(1) Coverage: It measures the fraction of check-ins on a region that is induced due to the influencing user and
influencing POI. We find the fraction of check-ins on test set that are done after the check-ins done on the
influencing POIs. We also find the fraction of check-ins from their friends that are done after the check-ins
done by the influencing users. The process is repeated for different time windows (e.g., t=2, 5, 10). The
T Í
T Í
Í
coverage of a region Gl due to a user u is defined as:
( | Vu ′,l ′,t ′ |/| Vu,l ′,t |). The coverage of Gi due
t t <t ′l ′ ∈G i
l ′ ∈Lu
u ′ ∈u f

to a POI l is defined as:
4

T Í
T Í
Í
( | Vl,l ′,t ′ |/| Vl ′,t |).

t =1 t ′ >t l ′ ∈G l

http://www.yongliu.org/datasets/
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(2) Ratio of Affection (RA): For a user u, this measures the fraction of friends that followed the check-ins of u
Í Í
to a region Gi , and is defined as: (
| I (Vu ′,l ′ ) | /| u f |), where I (.) is an indicator function. For a POI
l ′ ∈G l u ′ ∈u f
l ′ ∈Lu

i,ÍRA measures the fraction of POIs from a region that follow the check-ins made at i and is defined as:
(| I (Vi,l ′ ) | /| Gl |).

l ′ ∈G l

(3) SIR (Susceptible, Infected, Recovered) model - In this model, for each region, a user-POI graph is built
with the edges between user-user if there is a friendship relation, POI-user if there is a check-in by the
user to the POI, and POI-POI edge if they are of same category and are within some threshold distance.
The weight of the edges is determined by the fraction of common check-ins between two nodes. The
influencing user and POI nodes are taken as the infected nodes and the spread propagation is simulated for
each influencing node independently. Each influencing node undergoes 100 simulations and the average
of all simulations are observed as the final measure. At a single instance of time, each infected node can
infect one of the randomly selected neighbor nodes with probability (i.e. infection rate) equal to the edge
weight. The infected nodes get recovered with probability λ (i.e. recovery rate) which is defined using
the normalized weight of the neighbor nodes that were not infected in the original graph. The process is
repeated till there is no new infected node in the graph. We observe the average infected nodes for each
region and the average recovered nodes after the network gets stable.

4.3

Evaluation Baselines

We used following relevant models to evaluate the performance:
(1) Degree Centrality: It uses number of nearest neighbors of a node to compute the influence score. This
model assumes that a node with larger degree has higher influence than a node with smaller degree (see 2
for detail).
(2) Closeness Centrality: It measures the reciprocal of the sum of the geodesic distances to all other nodes
in the network (see 2 for detail). The node with high closeness centrality measure is taken as the highly
influential node.
(3) Betweenness Centrality: It uses the fraction of shortest paths between node pairs that pass through the
node of interest. The higher the fraction of shortest paths, the more influential is the node to the node pairs
(see 2 for detail).
(4) PageRank [61]: The PageRank algorithm is a very popular ranking algorithm. It uses the incoming and
outgoing degrees of a node in a graph to compute the rank of the node. The rank of nodes are iteratively
updated until the graph converges (i.e. there is minimal or no change in the rank of the nodes).

4.4

Experimental Settings

We divided all the locations into 1,000 grids/regions with uniform area. Using the grid search technique, the
parameter α in Equation 2 was checked for {0.25, 0.5, 0.75 } and the best result was found with the value of 0.5.
Similarly, the values for parameters α and β was checked on the set {0.25, 0.5, 0.75 }. The best result was achieved
when α = 0.25 and β = 0.75. For each of the identified influential nodes, we ran the SIR measure for 100 times
and averaged the results. The SIR measure is observed for different time steps (i.e., t=2, 5, 10, 15, 20, 25, 30).

4.5

Experimental Results and Discussion

We observe the evaluation of following models: degree centrality, betweenness centrality, closeness centrality,
PageRank [61], and our proposed model MITS. We divided all the locations into 1,000 grids and observed the
average values of coverage, RA, and SIR score on all of them. The coverage performance of different models
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Weeplace
Gowalla

Models
DC
CC
BC
PageRank
MITS
DC
CC
BC
PageRank
MITS

POI Coverage
0.2451
0.3626
0.3827
0.4106
0.4538
0.2590
0.3704
0.3883
0.4216
0.4637

User Coverage
0.2241
0.2377
0.2403
0.2551
0.2802
0.2361
0.2405
0.2493
0.2627
0.2928

Gowalla

Weeplace

Table 2. Coverage of different models on Weeplace and Gowalla dataset

Models POI RA
DC
0.2029
CC
0.2271
BC
0.2375
PageRank 0.2471
MITS
0.2816
DC
0.2147
CC
0.2306
BC
0.2488
PageRank 0.2552
MITS
0.2959

User RA
0.2035
0.2276
0.2337
0.2401
0.2618
0.2161
0.2306
0.2391
0.2517
0.2704

Table 3. Ratio of Affection (RA) of different models on Weeplace and Gowalla dataset

Gowalla

Weeplace

Dataset

Models
DC
CC
BC
PageRank
MITS
DC
CC
BC
PageRank
MITS

2
127.26
141.81
159.20
165.91
175.19
257.46
371.01
402.79
494.93
583.94

5
172.38
191.50
199.29
218.20
230.39
1392.38
1471.91
1488.47
1527.37
1605.70

Timesteps
10
15
205.17 258.71
227.20 271.92
235.39 274.99
242.29 291.69
269.20 355.10
2281.67 2018.18
2347.02 2002.20
2388.83 1980.72
2472.04 1959.37
2584.20 1920.84

20
433.51
451.61
469.28
485.97
525.01
1544.51
1504.94
1483.81
1407.49
1345.40

Table 4. Average no. of infected nodes on different time steps
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25
430.25
429.01
418.30
410.29
401.04
1130.25
1115.66
1100.05
1063.69
1017.47

Influence Spread Performance on Weeplace
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400

200

0

DC

2

CC

5

BC

PageRank

MITS

10
20
30
Time−span/Iteration

40

Fig. 5. Influence Spread Trend in Weeplace dataset

on Weeplace and Gowalla dataset is shown in Table 2. The coverage of DC technique is least of all the models.
The PageRank-based model outperformed all other models except our proposed model. In both datasets, MITS
outperformed all the other models. This implies that the influence propagation of MITS reaches to broader set of
nodes when compared to the relevant models.
The ration of affection (RA) performance of different models on Weeplace and Gowalla dataset is shown in
Table 3. MITS outperformed all the other models in terms of RA metric. This implies that the influential user
nodes generated by MITS can impact the check-in of larger number of friend nodes in the same region. This also
implies that the influential POI nodes generated by MITS can impact the higher number of successive check-ins
to the POIs in the same region.
The SIR-based evaluation of different models is shown in Table 4. It shows the average number of infected
nodes of all regions and all simulations for different time steps. We can see that the average number of infected
nodes increases with time for all the models, until the network gets stable. The value for the DC model grows
slowest in comparison to other models. The value for our model grows faster and stabilizes faster. After gaining
stability, there is no infection triggered and only recovery is triggered. We can see that our model achieves faster
recovery because it gets stable earlier due to the high spreading capability and the recovery also starts earlier. As
the Gowalla dataset is larger, it has more social connections, has more user and POI nodes on each grid/region,
hence the average number of infected and recovered nodes is higher than that of Weeplace.
The trend on SIR technique-based influence spread over time or iteration is shown in Figure 5 and Figure 6. In
the Weeplace dataset (see Figure 5), all the models gain their maximum spread during time span 20. Though all of
the models gain the maximum spread at this state, the number of nodes influenced varies among the models.
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Influence Spread Performance on Gowalla
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Fig. 6. Influence Spread Trend in Gowalla dataset

The DC model has least number of influenced nodes. The MITS has highest number of influenced nodes. As the
time or iteration increases, the influence spread stabilizes because no new nodes are infected and the infected
nodes get recovered. We can see that the rate of recovery is fastest with MITS and is slowest with the DC model.
The faster recovery leads to faster stability of the network. We can see that the PageRank and MITS models are
almost stable after 35 iterations but the other models still have changes in the influence spread. Using the terms
from SIR technique, we can say that the spread of infection and recovery are faster in MITS, when compared to
the other models. This also implies a better influence propagation.
The influence spread trend on Gowalla dataset (see Figure 6) has a spike during time span of 15 for all the
models. Although all the models achieve the maximum spread at this time, the number of nodes influenced
varies among the models. Similar to Weeplace dataset, the influence propagation of MITS model is better, when
compared to other models. As the Gowalla dataset is larger than Weeplace dataset, the number of influenced
nodes is higher for all the models. In summary, the influence propagation of MITS is better than the relevant
models when evaluated on both Weeplace and Gowalla dataset.

5

CONCLUSION AND FUTURE WORK

We presented a societal perspective of complex interdependent networks by formulating the influence maximization problem on heterogeneous network (i.e. LBSN) using the optimal region maximization technique. We
divided the locations into uniform grids and defined multi-context check-in based score and spati-temporal
scores for each user and POI nodes. The optimal region maximization technique was independently executed to
find the influencing user and influencing POI nodes. The extensive evaluation on two real-world datasets and
14

performance metrics, such as SIR, coverage, and ratio of affection demonstrates the efficiency of our proposed
model over several popular techniques. As a future work, we would like to incorporate the opinion and sentiment
of users expressed in the user reviews.
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