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ABSTRACT

Recommendation services for e-commerce and content dis-
tribution sites are increasing in popularity. An individual
is identified by a login certification, and then information
pertaining to their interests and preferences are collected.
Finally, the recommendation service recommends items to
the user based on the information gathered. Recommen-
dation services are not as popular for recommending tele-
vision programs as they are for Web-based services. The
primary reason for this discrepancy is that it is difficult to
identify an individual sitting in front of a television, which
is usually shared by several members of a family. View-
ers generally do not want to perform additional operations
on the remote control for login authentication rendering it
impossible to create a user profile that contains personal in-
terests and preferences. Therefore, in this study, we propose
a technique to individualize a user profile from the combined
viewing logs of several television viewers.

Categories and Subject Descriptors

H.3.3 [Information Search and Retrieval]: Information fil-
tering; H.3.4 [Systems and Software|: User profile and alert
services

General Terms

Algorithms, Experimentation, Human Factors

Keywords

recommender systems, personalization, user profile, TV pro-
gram, content-based filtering, time interval

1. INTRODUCTION

Television (TV) programs have diversified since the be-
ginning of digital terrestrial broadcast. As a result, more
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choices are available to viewers. However, despite having
a wide variety of programs to choose from, it is difficult
for viewers to find programs they actually want to watch.
Research on TV program recommendations has been con-
ducted to solve this problem. Many of the proposed systems,
however, recommend programs to the whole family rather
than to individual family members. Very few systems exist
that recommend TV programs to a specific user when they
share TV set with multiple people.

Recommendations for individuals are realized in many e-
commerce and content distribution sites. In these services,
the system identifies an individual by a login certification.
Users are generally required to enter their user name, iden-
tification (ID), and password. Login certification is not pop-
ular for TV viewers because many viewers do not want to
perform additional login operations on a remote control. A
TV set is usually shared by several people. When the system
recommends TV programs based on viewing history without
a login certification, it provides a recommendation list fit for
the whole family not an individual. This can be frustrating
when one member of the family chooses to watch TV by
themselves.

In this study, we propose a technique that recommends
TV programs to an individual. This technique assumes each
family maintains a habitual viewing pattern with regards to
both the time they turn on the TV and the content (TV
program) they view. We also assume there exists a domi-
nant user who selects a TV programs during each viewing
hour. For example, if one family member watches cartoons
every day at 10 am and another watches the news every day
12 pm. This enables the system to individualize each user
based on the collected hourly viewing patterns. We also con-
sider the day of the week in our proposed technique. One of
the primary advantages of the proposed technique is that it
does not require login certification.

Many viewers have a specific program they watch habitu-
ally (hereafter referred to as a habitual program). For ex-
ample, a user watches a particular drama every Sunday at 8
am. In this case, if the drama is recommended to them, the
recommendation is of no value because they already plan to
watch it. However, the user might turn on the TV even when
there is no habitual program on air just because they have
nothing to do during the hour. In this case, they rapidly
switch channels just after the TV is turned on. Another case
is when the habitual program is not airing during its regu-
larly scheduled time. This usually occurs during a season of



TV program reorganization when special TV programs are
on air. Particular emphasis is placed on the above situa-
tions. When recommendations are made for a specific time,
they are strongly influenced by the programs in the view-
ing logs; this is especially true if viewing logs from only a
specific time interval on a specific day of the week are used.
This makes it difficult to generalize a user’s preferences and
create a personal profile. Therefore, we combine days of the
week with similar viewing patterns into one group to create
a user profile.

The Electronic Program Guide (EPG), which contains de-
scriptions of TV programs, is used to recommend TV pro-
grams. A content-based filtering technique [7] is used as
a recommendation mechanism. Users receive recommenda-
tions based on individual interests without any explicit input
operations.

The remainder of this paper is organized as follows. Sec-
tion 2 discusses related works, and the proposed method is
introduced in Section 3. Section 4 describes the data set
used in this study, and Section 5 presents the results of the
proposed method’s evaluation. Finally, concluding remarks
are provided in Section 6.

2. RELATED WORK

Studies of user profiling for recommender systems in the
TV domain are based on either user preference extraction
or user profile individualization. User profile individualiza-
tion can be classified into two types: individualization for
an individual and individualization for a group.

First, we review literature related to user preference extrac-
tion. Ali et al. proposed a collaborative filtering (CF) sys-
tem called TiVo, which is implemented for a video recorder
[1]. Moreover, they compensated for the sparseness [14] of a
collaborative filtering rating matrix by using evaluation val-
ues submitted by users. Bellekens et al. improved the qual-
ity of user profiles by using an individual’s search queries or
evaluation values for TV programs submitted through mo-
bile devices and semantic information on the Web [3]. Naka-
mura et al. proposed a system that extracts user preferences
using life logs (Web browsing history and global positional
system (GPS) information) in addition to viewing histories
[12]. Takama et al. proposed a system that recommends
TV programs using emotions estimated from reviewers’ com-
ments of TV programs [15]. All of these studies address the
acquisition of user preferences. Furthermore, these studies
require users to perform additional input operations through
various devices.

Second, we review studies related to user profile individ-
ualization. Zhang et al. created an individual user profile
by splitting evaluation values given by several users [17].
They vectorized these values and applied them for using a
subspace clustering technique [10] to estimate the number
of users and their preferences. However, each user must
submit an evaluation value for each item to receive recom-
mendations. Systems that recommend TV programs for a
group of viewers also exist. These systems assume that a
TV is shared and watched by several people. Masthoff in-
vestigated the relationship between the preferences of three
users belonging to the same group [11]. Masthoff showed
that the highest level of satisfaction is achieved when the
system reflects user preferences equally in the user profile.
Seko et al. proposed a method to balance the preferences
of two users based on their individual evaluation values and

viewing frequencies [13]. Zhiwen et al. considered how to
optimize TV programs included in the recommendation list
[16]. They proposed merging several user profiles identified
through login certification. All of these studies make recom-
mendations for a group of users rather than an individual.

3. APPROACH AND PROPOSED METHOD
3.1 Approach

We assume most families follow a habitual pattern of TV
watching. For example, on weekdays, a father watches the
news early in the morning before his commute, a mother
watches a drama during the daytime hours, and their chil-
dren watch anime films in the evening. After work, the
father comes home and watches the news again. On week-
ends, all members of the family watch a comedy show in
the morning, and then the father watches a sports program
in the daytime. No one watch TV in the late afternoon,
and the family watches a movie at night. Each member of
the family maintains a habitual pattern of viewing behavior
that is by the family’s lifestyle. Thus, we assume a pattern
exists in the TV viewing hours and the content of the TV
programs selected in a given hour. We individualize a user
profile using this habitual pattern and recommend TV pro-
grams for an individual.

In particular, we estimate the time interval when the mem-
ber(s) of the family are likely to watch TV. Since we assume
a dominant user controls the TV in each time interval, we
recommend TV programs to this user. However, the domi-
nant user may vary between weekdays and weekends. This
problem can be solved if the individual days of the week
are considered rather than the week as a whole. Recom-
mendation results are strongly influenced by TV programs
that are watched habitually (habitual programs). Therefore,
we cluster days with similar viewing patterns and estimate
a time interval for each cluster. Features of the TV pro-
grams watched in this estimated interval are extracted using
EPG; thus, enabling a user profile to be created that reflects
the general interests or preferences of the user (independent
from usual TV programs). When a user accesses this system,
they receive a recommendation for TV programs currently
broadcasted using the user profile of the time interval.

3.2 User Profile Individualization

This subsection describes the proposed method for creat-
ing an individualized user profile in greater detail. A time
interval when the TV is likely to be turned on is defined as an
active interval. The viewing log records the start time, end
time, and name of the TV program watched. The proposed
method groups together days with similar viewing patterns
and estimates the active interval for each pattern.

3.2.1 Estimating Days with Similar Viewing Behav-
iors

Active intervals may differ for each family according to
the day of the week; this is largely influenced by the cycle of
working and non-working days. In general, working days are
Monday through Friday and non-working days are Saturday
and Sunday. The proposed method automatically estimates
days with similar viewing behaviors since some of the fam-
ily’s non-working days are not Saturday and Sunday. The
details of this process are described below.



Viewing logs over the course of W weeks are used to
create a user profile. Figure 1 explains how to create a
representative ON/OFF log for day d, where d € DAY =
{Monday, Tuesday, ..., Sunday}, using logs from the same
day of the week over the course of W weeks. A log con-
tains information about when the TV is turned on or off on
a given day; specifically, we denote an ON/OFF log by o,
where t,, is the time when the TV is turned on and #,yy
is the time when the TV is turned off. The ith ON/OFF
log is denoted by 04, (i), where I, is the total number
of ON/OFF logs on day d in the wth week (1 < w < W).
The complete set of 1., ON/OFF logs on day d in the wth
week is denoted by Og,.,(i). We also generalize a start and
end time for the set of ON/OFF logs on day d. Generalized
ON/OFF logs are called representative ON/OFF logs, and
the set of representative ON/OFF logs on day d is denoted

y O". The jth representative ON/OFF log is denoted
by oR"p( ), where Jg is the total number of representative
ON/OFF logs on day d.

Algorithm 1 creates a set of representative ON/OFF logs.
ON/OFF logs that include a common time interval are ex-
tracted from the set of ON/OFF logs Oq,. for W weeks. An
extracted log is denoted by Sq(j), and entire set of Sq(j) logs
is denoted by Sgq. The algorithm scans 24 hours a day in m
minute intervals. The scanning time is denoted by ¢, where
t € TIME, a set of scanning time. ON/OFF logs 04, ()
on day d of the wth week that include ¢ are extracted from
Oa,w; the extracted logs are denoted by Sq(j) (lines 5 to 7).
The same operations are repeated for every scanning time to
obtain the set S;. Representative times t5P(j) and tofe}’ ()
(generalizations of to, and torf) when the TV is turned on
and off| respectively, are calculated using one of three gen-
eralizing methods. The representative ON/OFF log 05" (5)

that includes tZ () and tfﬁ}’( ) is obtained at line 13. This

procedure is repeated to obtain the set O of representa-
tive ON/OFF logs (line 17).

Outlier ON/OFF logs may exist. An outlier ON/OFF log
is a log that is recorded during a time when a user does not
ordinarily watch TV or when they watch an exceptionally
long TV program. We use one of the following three gen-
eralization methods to obtain t2¢7(5) and tfﬁ’( ): the av-
erage (Average), median (Median), and selective average
(Average®). The average method calculates representative
values; however, it is vulnerable to outliers. The median
method utilizes basic statistical methods, and unlike the av-
erage method, is insusceptible to outliers. Selective aver-
aging obtains an average after removing outliers using the
Smirnov-Grubbs test [8]. This test is a general statistical
method for detecting outliers.

The set O of acquired representative ON/OFF logs is
vectorized. The top portion of Fig. 2 shows representative
ON/OFF logs for each day. A representative ON/OFF log
vector for day d is denoted by vg, and its element during
scanning time ¢’ on day d is denoted by vq(t).

Algorithm 2 vectorizes representative ON/OFF logs. This
algorithm scans for 24 hours a day at m’ minute intervals;
the scanning time is denoted by t', where t' € TIME’ (the
set of scanning times TIM E’ can be identical to TIME). T
a representative ON/OFF log 05" (j) on day d, if t5P(5) <
t' < tffe}’( ), then va(t') = 1; otherwise, vq(¢') = 0 (lines 5 to
9). These operations are repeated for TIME’, and a repre-
sentative ON/OFF log vector vq is obtained (bottom half of

ON/OFF log 044, (1)
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Figure 1: Generating times when the TV is turned on and
off.
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Figure 2: Vectorization of representative ON/OFF logs.

Fig. 2). After the acquisition of vq for all days, the represen-
tative ON/OFF log vectors are segmented into X clusters.
K-means [4] is used as the clustering method. individual
clusters DAY “(z), where 1 < z < X, are generated for days
that have similar ON/OFF logs. The complete set of clus-
ters is denoted by DAY’; note that DAY “(1) U DAY “(2) U
. UDAY“(X) = DAY.

3.2.2 Estimating Active Intervals

After generating clusters of days using the method ex-
plained in the previous subsubsection, active intervals are
estimated for each cluster. Figure 3 shows generated active
intervals for representative ON/OFF logs in each cluster.
For a cluster z, 1 < z < X, a set ACT, of active intervals
acty(7) is obtained using the same operation as Algorithm
1 by replacing Og,,, with Ofep (recall I4,, is the number
of representative ON/OFF logs for day d in week w). Note
that act,(j) and ACT, correspond to 02" (j) and OF°" in
Algorithm 1 respectively. The operations are repeated for
every cluster. A set of active intervals is obtained for each
cluster.



Algorithm 1 Creation of representative ON/OFF logs.
for all d € DAY do

1:

2 initialize an internal variable j;
3 forallt € TIMFE do

4: for w=1to W do
5.
6

for i =1to Igq,., do
append 04,4, (%) t0 Sq(j) when it includes scan-
ning time ¢;

7: end for

8: end for

9: jeitl

10:  end for

11:  get the number of elements Jg in Sg;

12:  for j =1 to Jgq do

13: create ogep(j) by Average, Median, Average®:
14: append ogep(j) to Ofe”;

15:  end for

16: end for

17: return OFP;

Algorithm 2 Vectorization of representative ON/OFF logs.

1: vg = (’Ud(l),’l)d(2),...,’Ud(TIMEl));
2: for all d € DAY do

3: foralt' e TIME' do

4: for j =1 to Jg do

5: if t8eP(5) <t < t2P(5) then
6: Ud(t/) = 1;

7: else

8: va(t') = 0;

9: end if
10: end for
11:  end for
12: end for

13: return wvgq;

3.2.3  Creation of a User Profile

A user profile is created for each estimated active interval
in each cluster. Information in the EPG is used to create
user profiles. A user profile is modeled using the vector space
model [2], which is commonly used in the field of natural lan-
guage processing (NLP). TV programs are also modeled us-
ing the vector space model. The vector is called a program-
vector. Elements of the vector of a TV program are terms
in its EPG, which is calculated using tf — idf [2]. We use
Japanese TV programs in our experiment (will be explained
later); therefore, texts in the EPG are split into terms using
morphological analysis [9]. After acquiring program-vectors
for an active interval, the proposed method creates a vector
representing its user profile. This vector is called a profile-
vector. This vector is created averaging across all vector
values in the active interval.

3.3 TV Program Recommendation

This subsection explains how to make a recommendation
list to the user at time ¢ on day d. The proposed method
acquires active intervals including time ¢ and calculated its
profile-vector. It also acquires all EPGs of the TV pro-
grams available at time ¢ and creates associated program-
vectors. Cosine similarities between the profile-vector and
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Figure 3: Estimation of active interval.

Table 1: The number of family units.
Members 1 2 3 4 5 6
Family units | 0 20 26 34 12 5

each program-vector are subsequently calculated to recom-
mend the top N TV programs with the greatest similarity
to the user.

4. DATA SET

Viewing logs were collected from Pana-monitors ! to cre-
ate a viewing log data set. Data was collected from 97 fam-
ilies over a two week period of times (Sept. 9, 2011 to Sept.
22, 2011) to evaluate the proposed method. Actual EPG
data was difficult to collect because of the technical prob-
lems; therefore, similar data was collected from online pro-
gram listings. We refer to this data as the EPG data set.

Pana-monitors were asked to record viewing data for ev-
ery time they watched TV; specifically, they were asked to
record the start time, end time, channel, title of the TV pro-
gram, its viewers, and the selector of the program watched.
The handwritten viewing logs were entered in to a database.
A total of 9,442 TV programs were watched. Table 1 shows
how many family units (Pana-monitors) exist in the data
set for each family size. A family of four members is the
most common; Single-person households are not considered
as Pana-monitors. The average number of family members
is 3.55. Eight-channel data of digital terrestrial broadcast
and nine-channel data of digital satellite broadcast were ob-
tained for the EPG data set. The time span of a day was
defined as 4:00 to 27:00 in the experiment.

5. EVALUATION

In this section, the effectiveness of the proposed method
is verified. Specifically, the following four matters are vali-
dated and confirmed: 1) the accuracy of estimating an active
interval, 2) the degree of user profile individualization, 3) the
accuracy of estimating the program selector, 4) the accuracy

1 . . .
All monitor users are reviewers of products provided by
Panasonic Corporation.



of recommended programs. To measure the accuracy of rec-
ommended programs, an experiment was conducted. This
experiment considered two cases: when all viewing logs are
used in the test data and when the viewing logs of habitual
TV programs are removed from the test data.

5.1 Evaluation of the Estimation Method for
Active Intervals

5.1.1 Evaluation Method

An active interval is the time when the TV is likely to be
turned on. The proposed method estimates a daily viewing
pattern and generalizes the time that the TV is on to ob-
tain active intervals. Our main objective is to realize TV
program recommendations to a dominant user at a specific
time. To achieve this goal, an active interval must be es-
timated correctly. Therefore, we first evaluate the perfor-
mance of active interval estimation.

The proposed method clusters vectorized time intervals for
seven days of the week to estimate a viewing pattern for
each day; this method is referred to as Clustering. Two
additional methods are compared to Clustering to confirm
its effectiveness. The first method obtains an active inter-
val using all representative ON/OFF logs of the seven days
of the week; in other words, the method does not estimate
a viewing pattern for individual days (AllDay). The sec-
ond method obtains an active interval using representative
ON/OFF logs on weekdays (Monday through Friday) and
weekends (Saturday and Sunday) (Week). For Clustering,
it is necessary to specify the number of clusters in advance.
We chose two clusters. As explained in Section 3.2.1, the
three generalizing methods used to obtain a representative
ON/OFF log are the average (Average), median (Median),
and outlier (Average®) methods. In this experiment, nine
combinations of estimation and generalizing methods were
compared to estimate daily viewing patterns.

To evaluate the experimental methods, 14-cross validation
was used since the viewing log data set was obtained over 14
days. The effectiveness, or precision of estimating a correct
time interval, of the nine combinations was confirmed by
calculating the similarity between an estimated active inter-
val to the learning data (viewing logs for 13 days) and a set
of ON/OFF logs included in the test data (viewing log for
a day). The similarity metric used was a cosine similarity
between the vector obtained from an estimated active inter-
val and the vector obtained from ON/OFF logs in the test
data (correct data). This data was obtained by applying
Algorithm 2 to the active interval.

5.1.2 Results and Discussion

Table 2 shows the results of the nine combinations. Each
value is an average similarity of 97 families. Among the
three generalizing methods, Median achieved the highest
similarity. Among the three pattern estimation methods,
Week achieved the highest similarity. A t-test was con-
ducted for the three generalizing methods. Significant differ-
ences existed between the three methods except for Average
and Average® in the AllDay row (p < 0.001). It can be
concluded that Median is the best method. A t-test was
also conducted for AllDay, Week, and Clustering. Week
was significantly different from all other methods except for
AllDay in the Median row (p < 0.001). Therefore, Week
is the best method.

Table 2: Evaluation of estimating active intervals.

AllDay Week Clustering
Average | 0.4941  0.5180 0.4953
Median 0.5676  0.5754 0.5553
Average® | 0.4917  0.5307  0.5052

The reason why Week outperformed Clustering is that
most of the viewing patterns of families in our data set
were classified according to weekday and weekend (Monday
- Friday, Saturday - Sunday). If Clustering generated clus-
ters according to weekday and weekend, results identical to
Week could be obtained.

5.2 Confirmation of User Profile Individual-
ization

To confirm the degree of individualization of user pro-
files, we compared our proposed method to the method that
creates a single user profile using all the viewing logs (the
baseline). This method recommends TV programs using
the same user profile for every recommendation time. In
this section, we confirm whether a user profile individual-
ized using our proposed method consists of viewing logs of
a specific user. If a user profile is created using viewing logs
of various users, recommendations should not be tailored
to a specific user. On the other hand, if viewing logs used
to create a user profile are those of a specific user, recom-
mendations should be specific to the user. Therefore, we
investigate the degree of bias of user viewing logs used to
create a user profile.

5.2.1 Evaluation Method

As explained in Subsection 3.2.3, a user profile is created
using TV programs watched in an active interval estimated
for a given recommendation time. Watched TV programs
in the dataset contain information about the selector of the
program. We identify a user, whose viewing logs are most
frequently used, to create a user profile for an active interval.
When this ratio is high, a user profile is successfully created
for a specific user. This ratio is referred to as the Occupancy
and is defined by

Occupancy = 7Max(num)7
n

where; n is the number of viewing logs used to create a
user profile. The set of members of family m is denoted by
Upm; um € Uy, is an individual member of the family. Fur-
thermore, n,, is the number of viewing logs of the program
selector u,, used to create the user profile. Max(n,,,) is
a function that returns the maximum value of all n,,,; in
this case, U, is redefined as uma» (a selector whose viewing
logs are used the most frequently to create a user profile).
Therefore, the higher the Occupancy, the more individual-
ized the user profile.

We used the Week and Median methods to compare the
proposed method to the baseline. The Occupancy of each
user profile was calculated and its average for each family
was obtained. We examined whether or not a user profile
created using the proposed method was individualized by
comparing the Occupancy averages of the proposed method
to those of the baseline.
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Figure 4: For every active interval in each family, the aver-
age Occupancy value is calculated (proposed method). The
baseline is the ratio of the most dominant users in the view-
ing logs of each family.

5.2.2  Results and Discussion
Figure 4 shows the Occupancy results for individualized

user profiles. The values in the figure are the average Occupancy

values of all families. The value for our proposed method
is 0.76 and 0.60 for the baseline. A significant difference
existed between the t-test methods (p < 0.001). In Figure
4, family IDs are sorted in ascending order of Occupancy
of the baseline to make the results more comprehensible.
Furthermore, observe that there exists a smaller fluctuation
(Occupancy ranging from 0.6 to 0.9) among families in our
proposed method compared to the baseline. This suggests
stable results across families.

5.3 Evaluation of Program Selector Estima-
tion Accuracy

The evaluation in the previous section indicated that view-
ing logs used to create a user profile are biased by logs
of a specific user. However, this evaluation does not show
whether or not the user profile can realize the recommenda-
tion fit for the dominant user based on logs used. Therefore,
we investigated method’s ability to forecast a dominant user
when it recommends TV programs at a specific time.

5.3.1 Evaluation Method

To evaluate the estimation of real program selectors, we
recommend TV programs that are broadcasted in real-time
at the recommendation time using the created profiles. Note
that TV programs that are broadcasted in real-time are not
used to create user profiles; user profiles are created off line.
This profile is used to recommend TV programs that are
broadcasted in real-time. We investigated whether the real
selector of a recommended TV program matched the dom-
inant user of the user profile. The actual program selector
was obtained from the data set. To compare the proposed
method to the baseline, we used the Week and Median
methods since they showed the best performance in Sub-
section 5.1. We used 4:00, 5:00, ..., 27:00 recommendation
times and 14-cross validation.
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Figure 5: Precision of the program selector

The evaluation metric Precision® to evaluate the pre-
cision of a program selector of recommended TV programs.
Specifically,

Nye
N )

where N is the top NV TV programs presented to the user,
Nye is the number of selectors matched to umaz in the top
N list, and ui(i = 1,2, ..., N) € Un, u§ = ¢ is the selector of
the TV program listed in the i-th rank. Note that uj = ¢
is possible if no one selected the TV program located in
the i-th rank. This evaluation metric was calculated for
N = 1. Furthermore, we considered a time when evaluation
was possible, i.e., when u§ exists in the dataset.

Precision® =

5.3.2 Results and Discussion

Figure 5 shows the precision results of the program se-
lector (Precision®). The horizontal axis corresponds to a
category (relationship) of members in a family. The figure
also shows the ratio of each category to all categories of the
viewing log data set (denoted as “Random” in the figure).
Even though few logs existed for “first son,” “second son,”
“third son,” “first daughter,” “second daughter,” and “third
daughter” in our data set, we achieved high Precision® for
these categories. This result suggests that it is possible to
create a user profile for family member that infrequently
watch TV. The average Precision® was 67.3% for all cate-
gories. Thus, our method recommends TV programs to the
dominant user in each time interval when the user frequently
watches TV.

5.4 Evaluation of Program Recommendation
Accuracy

We validated whether or not an individualized user profile
has the ability to recommend TV programs that will be
selected by the user. We evaluated the method when all
viewing logs in the test data were used and when the viewing
logs of habitual programs were removed from the test data.



Table 3: Precision of recommended programs using all view-

ing logs.
PrecisionQN | N—=1 N—=3 N-—=5
baseline 20.3% 18.6% 14.6%
AllDay 41.0% 20.1% 14.9%
Week 48.9% 22.6% 16.0%
Clustering | 48.1% 22.3% 15.7%
7 — Days 55.6% 26.6% 18.0%

5.4.1 Evaluation Method

We used the AllDay, Week, Clustering, and 7 — Days
methods to estimate daily viewing pattern. Median was
used to generalize an active interval. All other conditions
of this experiment were identical to those of the previous
experiment. To evaluate the precision of recommended pro-
grams, we used the following metric:

N,
N b
where N, is the number of recommended items. This eval-
uation was conducted for N = 1,3, 5.

PrecisionQN =

5.4.2  Results and Discussion (full data set used)

Table 3 shows the precision results for recommended TV
programs. First, the value of Precision@QN was calculated
for each recommendation time for each family. Next, for
each family, the average Precision@QN value across all rec-
ommendation times was calculated. Finally, the average
value of Precision@QN across all families and recommen-
dation times was calculated. Observe from the table that
7 — Days overcomes the baseline when N = 1,3,5. An im-
provement of 26.3% can be seen when N = 1, 8.0% when
N =3, and 3.4% when N = 5. The t-test detected a signifi-
cant difference (p < 0.001). This is a result of the 7 — Days
method using viewing logs from only a day to create a user
profile. Moreover, a TV program in the test data is likely
to be a habitual one (59.7% of TV programs in our data set
are watched for two weeks in a row).

Except for 7— Days, Week achieved the highest precision.
Estimating an active interval with high precision is required
to correctly estimate a TV program. A 19.6% improvement
can be seen when N = 1, 4.0% when N = 3, and 1.4% when
N = 5. Compared to the baseline, t-test detected a signif-
icant difference (p < 0.001). AllDay and Clustering also
overcame the baseline (p < 0.001).

The precisions of Clustering and Week were very close;
the precision of AllDay was approximately 8% lower than
those of Clustering and Week when N = 1. This can be
attributed to the fact that AllDay uses viewing logs from
all days. This prohibits it from distinguishing the dominant
users on different days at specific times. On the other hand,
Week and Clustering, which divide days, separates user
profiles when dominant users are different.

These results suggest that the individualization of user
profiles in the proposed method allows TV programs to be
effectively recommended. In other words, there exists a ha-
bitual pattern in the time and content of viewing for each
family, which enables the proposed method to recommend
TV programs with high precision.

Table 4: Precision of recommended programs (habitual
viewing logs removed)

PrecisionQN | N=1 N=3 N=5
baseline* 15.8% 13.1% 12.0%
AllDayx* 29.8% 20.0% 13.6%

Weekx 34.3% 21.5% 14.9%
Clustering* | 33.3% 20.3% 14.1%
7 — Days* 20.9% 14.3% 13.0%

5.4.3  Results and Discussion (habitual TV programs
removed)

Although the 7 — Days method achieved the highest pre-
cision in the experiment in the previous section, we suspect
that this method weakly generalizes user profile features be-
cause it uses viewing logs of the same day. To confirm this,
another experiment was conducted in which habitual TV
programs (TV programs watched for two weeks in a row)
were removed from the data set. Learning data was the
same as that used in the previous experiment as well as
the evaluation methods used, i.e., baseline, AllDay, Week,
Clustering, and 7 — Days. For this experiment, each of
these methods was denoted by baseline*, All Day*, Weekx,
Clustering*, and 7 — Daysx*.

The results of this evaluation are shown in Figure 4. As ex-
pected, except the baselinex, 7T— Days* obtained the lowest
precision. This is because a user profile created by 7— Days*
consists of a limited number of TV programs watched on the
same day. Although 7— Days recommends habitual TV pro-
grams with high precision, when the habitual TV programs
are removed, program recommendations falter as a result of
the low ability to generalize user profile features.

We conclude that clustering days of the week according to
viewing patterns realizes more accurate recommendations
when habitual TV programs are removed.

6. CONCLUSION AND FUTURE WORK

In this paper, a method for recommending TV programs
was proposed. The main advantage of this method is that
it does not require any user input. Instead, user profiles
are created for each time interval that the TV is on. The
method was evaluated based on the occupancy of the indi-
vidualized user profile, the precision of the selector of a TV
program, and the precision of recommended TV programs.

Experiments confirmed that user profiles can be generated
from specific user logs. Moreover, it was also confirmed that
a program selector can be estimated when the user profile
is used to recommend TV programs. Experimental results
indicate that the proposed method achieves higher precision
than other methods that use viewing logs alone, even when
habitual TV programs are removed.

EPG terms were used as features in our proposed method.
Note that it may be possible to improve the precision treat-
ing terms that have the same concept or topic as a similar
feature. In the future, we plan to consider Latent Semantic
Indexing (LSI) [6] or Latent Dirichlet Allocation (LDA) [5]
to reduce dimensions and extract topics.
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