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ABSTRACT
Understanding human mobility is the key problem in many
applications such as location-based services and recommen-
dation systems. The mobility of a smartphone user can be
modeled by a movement graph, in which the nodes repre-
sent locations and the edges are distances or traveling times
between the locations. However, the resulting graph would
be too big to be stored and queried on resource-devices such
as smartphones. In this paper, we deploy a state-of-the-
art graph summarization method to produce an abstract
(coarse) graph easy to be processed and queried. After sum-
marization, the movement graph becomes smaller resulting
in a reduction in the required time and storage to deploy
graph algorithms. We specifically investigate the effect of
summarization on two algorithms related to human mobil-
ity mining: location prediction and similarity mining. The
location prediction algorithm on the coarse graph causes
coarse-grain results. Regarding computing the similarity,
summarization reduces the computational cost but at the
same time increases the uncertainty of the results. We show
that the trade-off between accuracy, storage space and speed
can be controlled by the compression ratio. As an illustra-
tion, if the size of the graph is reduced to half, the similarity
algorithm becomes 4 times faster while the correlation be-
tween similarities of coarse and original graphs is 0.98.

Categories and Subject Descriptors
E.1 [Data]: Data Structures—Graphs and Networks; I.2.6
[Artificial Intelligence]: Learning
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1. INTRODUCTION
Understanding human mobility is critical in a large num-

ber of applications, ranging from urban service planning to
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Figure 1: (a) Sample movement graph (Original
graph). Each node is a stay point. (b) Summary
of the same movement graph (Coarse graph). Each
node represents a cluster of stay points.

safety and recommendation. In some applications (espe-
cially those related to prediction), the ability to accurately
model the user movement is a make or break for good ser-
vice provision. The efficient modeling of user’s mobility on
a limited storage allows us to perform the mobility analy-
sis algorithms on the smartphone that enhances the user’s
experience.

An intuitive approach is to model the movement of the
user with a movement graph. The graph-based mobility
models realize graphs in which nodes are the locations vis-
ited by the user and edge weights denote the distances or
traveling times between locations. It should be noted that
the movement graph can be defined in different ways. For
example, Hsu et al. uses the weighted-way-point mobility
model, in which the directed edges denote probabilities of
choosing a destination based on the user current area [3].

Dealing with an original movement graph poses several
challenges. First, the graph is usually large that cannot be
fitted into the smartphone memory. In this case, the user’s
movement cannot be analyzed on the smartphone device and
need to be passed to the server, which reduces the reliability
of the services. Second, due to the size of the graph, it is
hard to visualize, understand and query the graph. Figure 1
(a) shows a sample movement graph of a student at RMIT
University commuting between the library, shopping centre



and campus. Figure 1 (b) shows the same graph summa-
rized and easy to understand where the edge weights de-
note the number of the movements. Furthermore, when the
graph is big the queries are processed slowly, especially when
running on a resource-limited device such as a smartphone.
Third, the original graph is sparse and cannot be used for
prediction. To build a machine learning model, we need suf-
ficient data for training. However, if the graph is sparse,
the model does not converge. For example, if we want to
train the model for the next location prediction, we should
have sufficient similar trajectories in the historical data for
training. These challenges can be addressed by summarizing
the movement graph to get a summarized graph where each
node represents a cluster of nodes.

In this paper, we exploit a new graph summarization method
that is recently developed by partially the same authors as
this paper [5]. The summarization is based on the iterative
merging of the node pairs. In the summarized graph, known
as the coarse graph, each node, called supernode, represents
several nodes in the original graph. The edge weights in
the coarse graph are defined in the way that the distances
between the nodes are preserved. The coarse graph can be
easily analyzed and stored in lower space.

After summarizing the movement graph, we investigate
its effect on two human mobility mining problems. First, we
predict the location of the user based on the original and
coarse graphs. We show that there is a trade-off between
the granularity and accuracy of the results. Specifically, the
prediction based on the coarse graph results in a better ac-
curacy but the output is coarse-grain that includes several
locations. Second, we study the effect of the summarization
on computing the similarity between two movement graphs.
To this end, we apply a graph similarity metric to both origi-
nal and coarse graphs. As the coarse graph has fewer nodes,
the summarization speeds up the calculation of similarity.
However, if the compression ratio is too big, we lose infor-
mation and the similarity cannot be calculated correctly.
Summarization also addresses privacy issues as the exact lo-
cation of the user cannot be determined in the coarse graph
easily. Although in some situations, the user’s location can
be still inferred, the location prediction generally becomes
harder after summarization.

2. RELATED WORK
Modeling the human mobility patterns with graphs is com-

mon in different analysis tasks such as location prediction,
location inference, traffic anomaly detection, traveling time
estimation, and most popular route detection [9]. The nodes
in these graphs often are intersections or important locations
(e.g. home or office), and the edges are road segments with
traveling times as the weights. However, there are different
ways to define the graph. In [8], the nodes are defined as
regions and two nodes are connected with an edge if there is
at least a certain number of commutes between them. Chen
et al. extract the turning points from raw trajectory data
and after clustering, they construct a graph that identifies
the traveling probability to find the most popular route [1].
Zheng et al. construct a bipartite graph including users and
locations for travel recommendation. In the graph, an edge
between a user node and a location node exists if the user
has visited the location [11].

Despite the vast usage of graphs in mobility mining, only a
few researches use the summarized graph. Zheng et al. con-

Table 1: Summarization results for four users when
the compression ratio is 10.

#days Original Graph Coarse Graph Error
nodes/edges supernodes/edges

U1 466 117/298 12/22 4%
U2 668 161/373 17/35 3%
U3 454 81/140 9/16 6%
U4 81 47/98 5/12 7%

struct hierarchical graphs from GPS trajectories to compute
the similarity between different users. DB-Scan is deployed
to cluster the GPS points and produce a hierarchical graph
for each individual [10]. Although the hierarchical graphs
include the summary graphs, their purpose is to use the
summarized graph for friend and location recommendation.
Our aim is to summarize the graph to be fitted in a lower
storage space and to run the graph algorithms efficiently.

There are many graph compression/summarization meth-
ods but only a few of them are applicable to our problem.
Graph methods can be categorized into two groups: gen-
eral compression and query-friendly compression. General
compression methods use a specific property to preserve
the information of the entire graph and answer all types of
queries. These methods need decompression before query-
ing the graph that is not suitable for our application where
the compressed graph is stored and queried on a device. On
the other hand, query-friendly compression approaches tar-
get specific classes of queries, such as neighborhood, pattern
queries, connectivity, and distance-based queries [5]. Most
of the compression methods target unweighted graphs such
as web graphs and social networks and cannot be applied to
weighted movement graphs.

3. MOVEMENT GRAPH CONSTRUCTION
In this section, we describe the procedure of construct-

ing the movement graph from a real-world dataset, Device
Analyzer [7]. The Device Analyzer dataset includes data
gathered from running background processes, wireless con-
nectivity, GSM communication, and some system status and
parameters. In this dataset, MAC addresses, Wifi SSIDs,
and other forms of identification are hashed due to privacy
purposes. As a result, there is no ground truth or informa-
tion about the geography and semantic of the locations [7].
In our experiments, we extract the cell tower IDs (CIDs)
connected to the smartphone. A CID is a labeled location
whose geographical coordinates is unknown.

To construct the movement graph, we start with identi-
fying the stay points that can be defined in different ways.
Based on our definition, a CID is considered as a stay point
if the user is connected to it longer than one hour. A node
is assigned to each stay point, and two nodes are connected
if the user moves from one to the other stay point. The
weight of the edge between the nodes denotes the traveling
time from the time the user leaves the source stay point un-
til he arrives at the destination one. If the user commutes
between two nodes more than once, the mean values of trav-
eling times is considered as the weight of the edge.

A movement graph belongs to a user movement during
a specific period. Table 1 shows the details of movement
graphs extracted from Device Analyzer. The size of the
graphs and the amount of the processed data are reported.



4. SUMMARIZATION
After building the user’s movement graph, we apply Shrink

to summarize the graph [5]. Shrink, applicable to a weighted
graph, reduces the size of the graph by merging nodes while
trying to preserve the distance between the nodes. After
merging two nodes, a set of new weights are assigned to
the edges connected to the nodes in the way that the dis-
tances have the least change. Hence, the distances between
the nodes in the original and coarse graphs are almost the
same. Therefore, to find the traveling distance between two
CIDs, it is possible to run the shortest path algorithm on
the coarse graph instead of the original graph. Each node
in the coarse graph is a supernode representing a cluster of
nodes from the original graph.

Shrink is flexible about compression ratio (CR), which is
the ratio of the number of nodes in the original graph to the
number of nodes in the coarse graph. However, when the
compression ratio is high, the distances are not preserved
well. As the compression ratio is flexible, the user can set
it based on the available storage. After storing the coarse
graph, it can be queried without decompression. For any
distance-based query such as shortest path query, the re-
sult is almost the same as running the query on the original
graph.

In our application, a supernode in the coarse graph repre-
sents a cluster of CIDs that may belong to a specific location
such as university or shopping center. For example, assume
several CIDs exist in the university and the user does not
always connect to the same one. Shrink merges all the CIDs
in the university to a supernode and updates its new edge
weights.

Table 1 reports the error when the compression ratio is
equal to 10. The error is the average relative difference be-
tween the distances in the original and coarse graphs over
100 node pairs. The small value of the error indicates that
the distances have been preserved well. We run our exper-
iments on 4 different users containing 1689 days of data in
total.

5. SUMMARIZATION EFFECT
In this section, we show the effect of the summarization on

two algorithms in terms of time, accuracy, and granularity.

5.1 Prediction
Here, the goal is to predict the location of the user based

on the historical data and the time of the day. Specifically,
we compute the probabilities of the presence of the user in
all locations at a specific time of the day (e.g. 6 pm) by
processing the historical data. Then, we choose the location
with the highest probability as the location of the user. This
method is one of the baselines for location prediction [2]. In
our experiment, the Device Analyzer dataset is used where
the locations are labeled with CIDs.

After summarization, the prediction algorithm is applied
to the coarse graph. The number of experimental instances
is 1520 from 4 Device Analyzer users mentioned in Table
1. For each instance, the location of the user is predicted
at a specific time that is identified by a supernode. If the
predicted supernode in the coarse graph includes the actual
CID that the user is connected to, the prediction is consid-
ered as successful. The accuracy is the number of successful
predictions divided by the total number of experimental in-
stances.
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Figure 2: Effect of the summarization on the (a)
accuracy of prediction (b) information gained by
knowing the location of the user.

The compression ratio (CR) ranges from 1 to 256. CR
equal to 1 indicates the case that no summarization is per-
formed and the experiments run on the original graph. On
the other hand, when CR is equal to 256, all of the nodes are
merged into a single node and all information is lost. The
length of the historical data ranges from 5 to 40 days.

The accuracy is reported in Figure 2 (a).As it can be seen,
when the compression ratio is high, the accuracy increases
because the number of the possible locations for the user
decreases which makes the prediction easier. In Figure 2
(b), Shannon entropy is reported. Intuitively, the entropy
denotes the average amount of information gained by know-
ing the user’s location. From the figure, it can be seen that
when the compression ratio increases, the entropy decrease
as there are less possible locations. When CR is 256, we
gain no information by knowing the user’s location as there
is only one location (i.e. supernode). Furthermore, when
the historical data is big, the number of CIDs visited by the
user increases, the graph is larger, and the entropy is higher.
Reporting the entropy is a proper way to measure how much
privacy is lost by disclosing the user’s location.

5.2 Mining similarities
In this section, we show how the summarization changes

the performance of the methods that measure the similarity
between the movement graphs. Specifically, given two move-
ment graphs of a user related to two different periods, the
aim is to compute the similarity between the graphs. The
result states how much the user’s mobility pattern changes
over time, and it is based on the locations that the user
visits and their frequencies. For example, let us consider a
user that goes to the university every day but during the
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Figure 3: Impact of the coarse graph size on the pro-
cessing time required for measuring similarity. The
dashed line shows when there is no summarization.

exam period, he goes to the library to study. By build-
ing the movement graph in exam period and comparing it
with user’s normal movement graph, we can detect when the
user’s mobility pattern changes [4].

In our experiments, we deploy Graph Edit Distance (GED)
to measure the similarity between two graphs [6]. Using this
approach, the dissimilarity between two graphs is defined
as the minimum number of operations required to convert
one graph to the other. The operations include edge inser-
tion/removal, node insertion/removal, and increasing/ de-
creasing an edge weight.

Figure 3 shows the effect of the summarization on the
processing time for the GED algorithm. When the compres-
sion ratio is high, the coarse graph has fewer nodes. Conse-
quently, comparing the graphs is performed faster. In Fig-
ure 4, we show that comparing the coarse graphs is almost
the same as comparing the original graphs. In fact, the sum-
marization has a little effect on the GED results and if two
graphs are similar/dissimilar, after the summarization, the
similarity/dissimilarity remains the same. However, by in-
creasing the compression ratio, the uncertainty is increased
too. For CR=2, the Pearson correlation coefficient is 0.98
but when the compression ratio becomes bigger, the corre-
lation decreases. To sum up, by increasing the compression
ratio, the processing time of GED algorithm decreases but
at the same time, the uncertainty of the result increases,
which means the results is less reliable.

6. CONCLUSION AND FUTURE WORK
The movement graph is useful in many problems regard-

ing the user mobility pattern such as location prediction
and mining changes in the mobility pattern. We obtain a
coarse graph from the original movement graph that includes
the locations visited by the user and transitions between
them. The coarse graph is an abstract representation of the
original graph. We also investigate the effect of using the
coarse graph rather than the original graph on two algo-
rithms. From the experiment result, it can be inferred that
mining the coarse graph is faster but less accurate. This cre-
ates a trade-off between accuracy, storage space, and speed
that can be controlled by the compression ratio. In addition
to the efficiency, summarization is desirable for privacy is-
sues because each node of the graph reveals less information
about the user’s location.
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Figure 4: By increasing the compression ratio (CR),
the correlation decreases.
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