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This article presents a research trial conducted to predict
future usage of smartphone applications by analyzing the
influence among individuals through their usage histories. In
this research, we modeled the level of influence between people based on the temporal sequence in which users download
and execute applications, and have hypothesized that latent
groups can form in these influence relationships. By collecting usage histories from approximately 160 university students, we have verified this hypothesis and shown that it
enables highly accurate predictions. This study was conducted jointly with Cybermedia Center, Osaka University, in a
joint research division set up in the center.
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Please refer to [1] for more details.

Between Individuals
Presumably in situations where
applications are first used, the application might be introduced to the user by

2

1

User 1

3

?

a friend or acquaintance. Obviously
however, there are many other ways

User 2

1

2

3

5

?

that users might be persuaded to begin
using applications, for example, due to
information obtained through the mass

User 3

4

1
Past

2

3

?
Present

Future

Time

media. For this reason, a model of
influential relationships which accounts

Figure 2 Application usage sequences and predictions

for only direct exchange of information

*2 Collaborative filtering: Firstly, preferential
data such as purchasing history is collected for
a number of users, then, using information
about the target user and other users with similar preferences, predictions and recommendations are made for those users.
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*4
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erences, we have defined the influence

When calculating predictions from
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with entropy weighting, as described in
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Equation (1).
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3.1 Usage History Data
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In the joint research with Osaka

Here, “Au” is the set of applications

However, in many cases there may not

University, we lent smart phones

downloaded by u, Au → v is the set of

be enough numbers of common appli-

(Xperia

applications downloaded by u ahead

cations in all user pairs. Moreover there

designed software to record usage his-

of v. ua and uglob show the number of

is not much history available for new

tories to approximately 160 university

users of application a and the total

users. To deal with this situation,

students for a period of six months. We

number of users respectively. Let the

Kawamae et al [2] described a method

instructed the students to use the phones

*5

TM*7

) loaded with specifically

influence matrix R be the matrix with

which assumes a Markov process and

freely and collected their usage history.

*3 Bernoulli trial: The most basic probability
model. A representative example is flipping a
coin, in which there is a fixed probability that
the coin will land heads up, and then observing
which side of the coin faces up when it lands.

*4 Independent cascade model: A common
probability model used to describe the propagation/diffusion phenomena, such as the spread
of information. This model expresses the
occurrence probability of propagation chains,
where they occur independently and stochasti-

cally.
*5 Markov process: A process, where the next
state can be probabilistically determined from
only the current state (past states have no
effect) by a transition graph, assuming a limited number of possible defined states.
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explained the purpose of the experi-
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probability of application download

To verify our hypothesis, we varied
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measure the accuracy of predictions, we

Usage histories were anonymized in

*12

Matrix Factorization (NMF)

*13

employed perplexity . The lower the

[5]. For

the handsets, and collected on a server
record consists of three items - time, an
anonymous user ID and the package
name of the executed Android application. After collecting usage histories,
we extracted the records of the first execution for each application by each
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Figure 3 Volumes of usage history records

We extracted an 89-day training
*8

set (February to April 2011), and a 31100

*9

day test set (May 2011) for evaluating
the model, by considering the pattern in

98

Fig. 3. We also eliminated applications

Accuracy of influence
matrix without low-rank
approximations

96

which had less than three users from the

Accuracy of influence
matrix with low-rank
approximations

94

data sets, as these cannot be part of
valid chains. These processes resulted
in 3,383 records in the training set (155
users, 291 applications), and 249

perplexity
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3.2 Verifying Latent Groups
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To extract latent groups, we applied
*10

matrix factorization

Figure 4 Results of low-rank approximations

on the influence

*6 Ergodicity: In Markov processes, ergodicity
is a characteristic of systems to converge to a
certain probabilistic distribution among states
after many transitions regardless of the initial
state.
TM
*7 Xperia : A trademark and registered trade-
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mark of Sony Mobile Communications AB
*8 Training set: A training set is data used to
acquire characteristics, which is prepared separately from test set data. Prediction methods
are trained (internal parameters are estimated)
based on the training set first, and then tested

using the new data (test set data).
*9 Test set: A test set is separate data from the
training set, which is used for evaluating predictive power by cross validation.
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rank approximations to the influence

value of perplexity is, the more accurate
the prediction. Generally, in absence of

relationships achieves better results
than existing methods. These results
confirm the effectiveness of our pro-

number of groups yields better expres-

We compared the prediction accu-

siveness and thus better the accuracy of

racy using the influence matrix, against

predictions. In contrast however, we

common existing methods (popularity

can find a peak in predictive accuracy

ranking method, user-based CF — a

around six groups, as shown in Fig. 4.

common CF method). We assessed pre-

This article has described a method

This indicates the existence of latent

diction accuracy using perplexity, as in

to predict users’ future application

groups in influential relationships.

the previous section. Figure 6 shows

downloads by using influential relation-

Next, we attempted to visualize the

the results. The influence matrix with-

ships between individuals. We have

relationships indicated by the influence

out low-rank approximation applied

empirically confirmed the existence of

matrix R, as shown in Figure 5 (a) for

results in relatively poor prediction

latent group structures using usage his-

results without low-rank approxima-

accuracy. In contrast, applying low-

tories obtained by experiments conduct-

(a) Without low-rank approximations

(b) With low-rank approximations

posed method.

5. Conclusion

tions, and Fig. 5 (b) for results with low
rank approximations. Each node represents a user, while the edges between
the nodes represent influence above a
certain threshold value. Fig. 5 (a) and
(b) were drawn using a force-directed
*14

layout

algorithm - a common graph

visualization method - to visualize relationships with binarized influence
occurrence probability at the threshold.

Figure 5 Visualized influence structures

The node colors in Fig. 5 (b) indicate
the latent groups to which users belong.
Influencers are represented by nodes

100

that have edges towards many other
95

nodes on the graph. These graphs confirm that the application of low-rank
approximations makes it easier to
extract group structures that are otherwise not easily visible. Moreover in

perplexity
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latent group structures, the greater the

4. Predictive Power
Comparison
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Fig. 5 (b), we can see the mixtures of
influential relationships within and
between latent groups.

75
Without
The proposed
low-rank
method
approximation (with low-rank
approximation)

CF

Popularity
ranking

Figure 6 Comparison of prediction accuracy

*10 Matrix factorization: Finding the factors of
an (m × n) matrix by approximating the matrix
by the product of two matrices (m × k) and (k
× n), (normally k<<m, n).
*11 Low-rank approximation: Approximating
any matrix with a lower rank matrix. The prod-
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uct of the two matrices obtained by matrix factorization with dimension K becomes a rank K
approximate matrix.
*12 NMF: One method of matrix factorization.
Matrix factorization in which all elements of
the given matrix and the matrices obtained

from factorization are constrained to have nonnegative values.
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issues that need to be addressed.

tems: A survey of the state-of-the-art and
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