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Abstract - Recommender systems provide personalized
recommendations on products or services to customers.
Collaborative filtering is a widely used method of
providing recommendations based on explicit ratings
on items from other users. However, in some e
commer ce environments such as a mobile environment,
it is difficult to collect explicit feedback data; only
implicit feedback is available.

In this paper, we present a method of building an
effective collaborative filtering-based recommender
system for an e-commer ce environment without explicit
feedback data. Our method constructs pseudo rating
data from the implicit feedback data. When building
the pseudo rating matrix, we incorporate temporal
information such as the user’s purchase time and the
item's launch time in order to increase
recommendation accuracy.

Based on this method, we built a recommender system
for a mobile e-commerce environment and conducted
several experiments. Empirical results show our
collaborative filtering-based recommender systemto be
significantly more accurate than a pure collaborative
filtering system.

Our approach can be applied to building collaborative
filtering-based recommender systems for any e
commer ce environment without explicit feedback.
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feedback, temporal information, mobile environment

1 Introduction

A variety of recommender systems have been
developed with the growth of e-commerce [1,2]. These
systems provide personalized recommendations on
products or services to customers, who then spend less
time searching for the right product or service.
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Collaborative filtering is a widely used and proven
method of providing recommendations. Most
collaborative filtering-based recommender systems rely
on explicit feedback that is collected directly from
users. Ratings and reviews are typical examples of
explicit feedback. Because it is easier to quantify
ratings than reviews, in practice most collaborative
filtering methods use rating data. Collaborative filtering
algorithms focus on similarity among users or similarity
among items using users' ratings.

For collaborative filtering-based recommender systems,
the recommendation quality depends on the quality of
feedback. When users rate honestly, using rating
information is one of the best ways to quantify user
preferences. However, many users assign arbitrary
ratings that do not reflect their true opinions.

In some environments, it is either impossible or very
difficult to obtain explicit feedback. For example, in a
mobile environment the service fee is charged based on
the duration of the connection. To minimize this fee,
users want to reduce the connection time as much as
possible. Thus, it is not practical to expect users active
participation in ratings. In this case, we have to rely
solely on implicit feedback. The amount of implicit
feedback data is usualy enormous. However, the
amount of relevant data that can be used for
recommendation is relatively small and can only be
extracted through preprocessing. This log-based
recommender system may not be suitable for real time
recommendations in a large-scae e-commerce
environment.

In some e-commerce environments, recommendation
accuracy is extremely important. For example, the
display size of mobile devices is till limited. The
recommender system should ideally provide a small set
of highly relevant items that fit in the display.

In this paper, we present a novel method of building a
collaborative filtering-based recommender system with



high accuracy for an e-commerce environment even in
the absence of explicit feedback:

e In our method, we construct pseudo rating
data from the implicit feedback data for
collaborative filtering. When building the
pseudo rating matrix, we incorporate temporal
information — user purchase time and item
launch time — in order to increase
recommendation accuracy. (Section 2) We can
tune the rating function so that it provides the
highest recommendation accuracy.

¢ Based on the method, we built a recommender
system for a mobile e-commerce environment
and conducted several experiments. (Section 3)
Empirical results from several experiments
have shown our method to be effective.

e Our method can be applied to building
effective collaborative filtering-based
recommender systems for any e-commerce
environment without explicit feedback.

Our approach will be especially useful because we can
build an effective recommender system based on
collaborative filtering (which is recognized as an
effective method) only using implicit feedback such as
purchase information and temporal information.

The product launch time was used in [3] in order to
improve the performance of the collaborative filtering
using explicit ratings. The user rating time was
considered to improve the precision of item-based
collaborative filtering in [4]. However, our
collaborative filtering constructs a rating matrix from
implicit feedback by using both item launch time and
user purchase time.

2 Time-based Collaborative Filtering
with Implicit Feedback

2.1 TheProblem and Our Approach

Most collaborative filtering-based recommender
systems use explicit feedback (ratings) that are
collected directly from users. When users rate
truthfully, using rating information is one of the best
ways to quantify user preferences. However, many
users assign arbitrary ratings that do not reflect their
honest opinions. In some e-commerce environments, it
isdifficult to ask usersto give ratings. For instance, in a
mobile e-commerce environment the service fee is
dependent on the connection time.

This paper deals with the problem of building an
effective collaborative filtering-based recommender
system for an e-commerce environment without using
explicit feedback data. The main idea of our approach
is constructing pseudo rating data from the implicit
feedback data. When building the pseudo rating matrix,
we incorporate tempora information such as user
purchase time and item launch time in order to increase
recommendation accuracy.

2.2 Pseudo-Rating Matrix
Temporal Information

Using

Because there is no explicit user feedback, we construct
a pseudo rating matrix from implicit feedback such as
purchase information. This pseudo rating matrix will be
used for collaborative filtering.

A Simple Pseudo Rating Matrix: In a simple pseudo
rating matrix, we can simply assign 1 as a rating value
when auser u purchased an itemi.

For example, consider an environment with three users
and four items. The purchase information is as follows:
User A purchased Item 1, 3 and 4. User B purchased
Item 2 and 3. User C purchased Item 1 and 4.

Table 1. A Simple Pseudo Rating Matrix from
Purchase I nfor mation

Ilteml | Item?2 | Item3 | Item4
User A 1 1 1
User B 1 1
User C 1 1

The simple pseudo rating matrix is given in Table 1. In
general, the time when each item was launched and the
time when each user purchased it are different.

Table 2. Item Launch Time and User Purchase Time

Iltem 1 Iltem 2 Iltem 3 Iltem 4
LTimel | :LTime2 | :LTime3 | :LTime4
User A | PTimel PTime2 | PTime3
User B PTime4 | PTime5
User C | PTime6 PTime7




Suppose the above example has the temporal
information summarized in Table 2. Here, LTime
means the item’'s launch time and PTime means the
user’s purchase time.

A Time-based Pseudo Rating Matrix: We incorporate
two kinds of temporal information - the time when the
item was launched and the time when the user
purchased an item - into the simple pseudo rating
matrix. We make two observations:

e More recent purchases better reflect a user’s
current preference.

¢ Recently launched items appeal more to users.

Based on these observations, we define a rating
function w that computes rating values (rather than
simply assigning 1) asfollows:

w(pi, Ij) = The rating value when an item with
launch time |j was purchased at time pi.

Table 3. The Pseudo Rating Matrix using Temporal

Information
[tem 1 Item 2 Item 3 Item 4
User A | w(pl,ll) w(p2,13) | w(p3,14)
User B w(p4,12) | w(p5,13)
User C | w(p6,11) w(p7,14)

The pseudo rating matrix for the above example after
considering both launch time and purchase time is
givenin Table 3.

Although the pseudo rating matrix is not constructed
directly by users, to some extent it reflects their
preferences. We may design different rating functions
and compare their accuracy. In this way, we choose the
one that fits best with the given e-commerce
environment.

2.3 Our Time-Based Recommender System
Our time-based recommender system consists of the
following phases:

e Collect implicit feedback data

e Construct a pseudo rating matrix

e Compute neighbors

e Recommend items

Collect implicit feedback data: We collect two kinds
of data — the user purchase and purchase time data and
the item launch time data. This data is usualy available
in a typical e-commerce environment and will be used
to construct a pseudo rating matrix.

Construct a pseudo rating matrix: We define arating
function and construct a pseudo rating matrix using the
computed rating values. The rating function will
depend on the type of product or service to be
recommended.

If users are sengitive to the item’s launch time, then the
rating function should give more weight to new
products or services. If the user's purchase time is
important in estimating his or her current preference,
then the rating function should give more weight to
recent purchases.

We can find the right rating function by first designing
several candidate rating functions. Using training data
we compare the effectiveness of each rating function to
the given product or service domain and choose the
best one.

Compute similar neighbors. Given an active user, we
compute neighbors whose preferences are similar to
those of the active user’s from the pseudo rating matrix.
We then use two similarity measures — the Pearson
correlation coefficient and the Cosine similarity. Let a

and b be two users, Paj be the user a’s current

preference to the item j, and Ea be the user a’s current

average preference. The Pearson correlation coefficient
is defined asfollows:
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The Cosine similarity is defined as follows:
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The top k neighbors are chosen based on their
similarity values to the active user.

P_sim(a,b) =

C_sm(a,b) =




Recommend items. We recommend the top m items
among all items that are recommended by the k
neighbors. Let a and t be two users, j be an item, sim(a,
t) be the similarity value between user a and user t. The
predicted score function is defined as follows:

> sm(at)(P, - R)
PS(@1)= S sim(a t)

3 Experimentsand Results

In order to observe the effectiveness of system, we
have conducted severa experiments on real-world data
in a mobile e-commerce environment. We compared
the accuracy of our time-based recommender system
with the recommender system using pure collaborative
filtering.

All simulations were implemented by VBA (Visua
Basic for Applications) on Excel worksheets.

3.1 Implicit Feedback Data Set

Koreais considered one of the most advanced countries
in the area of Information Technology. SKTelecom is
one of the maor companies that provide mobile
internet servicesin Korea.

For the implicit feedback data set, we used transaction
data from June 2004 to August 2004. In this period,
users purchased and downloaded character images
(wallpaper) to their mobile devices via the Internet.
The total number of users who purchased at least one
image was 1,922. The total number of character images
is9,131. The total number of transactionsis 65,101.

We used 80% of the total transaction data as training
data. We built atime-based recommender system using
these training transactions.

The remaining 20% of the total transaction data was
used as test data to demonstrate the effectiveness of our
time-based recommender system. This was done by
comparing the accuracy of our recommendations with
those of a pure collaborative filtering-based
recommender system for the users in the test
transactions.

3.2 Experiment Design

Pseudo Rating Matrix: In our experiments, we used
the following rating function. We divided the item
launch times into three groups - old launch, middle
launch, and recent launch groups. Similarly, we

divided the users purchase times into three groups —
old purchase, middle purchase, and recent purchase

groups
Table 4. The Rating Function W
old middle recent
purchase | purchase | purchase
group group group
old

launch 0.7 1.7 2.7

group

middle

launch 1 2 3

group

recent

launch 13 23 3.3

group

Our rating function values are given in Table 4. Note
that our rating function assigns higher rating values to
recent purchases and recent launches than old
purchases and old launches. We then constructed the
pseudo rating matrix. Of course, we can design
different rating functions by using a different number of
groups and assigning them different weights. We can
then choose the best rating function among them.

Similar Neighbors and Recommended Items: We used
both the Pearson correlation coefficient and the Cosine
similarity in order to find neighbors.

In total, we computed 10 similar neighbors to the active
user. We tried different numbers of neighbors, but
found that the number of neighbors did not affect the
accuracy of our recommender system.

We recommended atotal of 10 items by considering the
size of cell phone displays.

3.3 Empirical Results

In our experiment, we defined accuracy as the ratio of
the number of items recommended and purchased to the
number of items recommended by the system. We
compared our time-based recommender system with the
pure collaborative filtering-based recommender system.

3.3.1 Results with Pearson correlation coefficient
similarity

In the case of the Pearson correlation coefficient, we
need to compute the standard deviation. Thus, we have



to include the users who did not purchase the items by
using the rating value 0.

The number of items recommended by the pure CF
system and actually purchased by the usersis 123. The
number of items recommended by our CF system and
actually purchased by the usersis 180.

Table 5. Resultswith Pure CF using Pear son
Correlation Coefficient

time-based
pureCF CE
# items
recommended & 123 180
purchased
#items
recommended &
purchased 0.11 0.16
per user

The accuracy comparison of both the pure CF and our
proposed CF is presented in Table 5. The number of
items purchased per each user is 0.11 items in the case
of the pure CF. Our CF improves the number of item
purchased per each user to 0.16 items.

3.3.2 Resultswith Resultswith Cosine similarity

In the case of using Cosine similarity, the number of
items recommended by the pure CF and actualy
purchased by the users is 127. The number of items
recommended by our CF and actually purchased by the
usersis 170.

Table 6. Resultswith Pure CF using Cosine

Similarity
time-
pure CF based
CF
#items
recommended 127 170
& purchased
#items
recommended
& purchased 0.11 0.15
per user

The accuracy comparison of both the pure CF and our
proposed CF is presented in Table 6. The number of
items purchased per each user is 0.11 items in the case

of the pure CF. Our CF improves the number of item
purchased per each user to 0.15 items.

Accuracy improvement of our time-based CF is
depicted in Figure 1 and Figure 2.

# items recommended & purchased

200

150
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0 :
pure CF

proposed algorithm

Figure 1. Accuracy | mprovement under Pearson
Correlation Coefficient

# items recommended & purchased
200
150 +
100 +
50 T
0 1
pure CF proposed algorithm

Figure 2. Accuracy | mprovement under Cosine
Similarity

Table 7. Accuracy |mprovementsover pure CF

Accur Pear son Cosine
Im rove?”(r?ént Correlation Similarit
P Coefficient y
# items
recommended & 46 % 34 %
purchased
# items
recommended & o o
purchased 46% 34%
per user




34 Summary & Discussions

As shown in Table 7 and Figure 1 and 2, our CF
showed accuracy improvement by 46 % over the pure
CF under the Pearson correlation coefficient similarity
measure. Under the Cosine similarity measure, our CF
improved accuracy by 34 % over the pure CF. This
result might be dependent on the type of items. In our
experiment, the items are character images targeted
mainly to younger users. This might have somewhat
affected the degree of accuracy improvement.
However, we do not believe that this factor is
significant.

In both cases, we can see significant accuracy
improvement by incorporating temporal information.
This confirms our observation that more recent
purchases better reflect a user’s current preference and
more recently launched items better appeal to users.

4 Comparison with Related Work

Content-based and Collaborative Filtering:
There are three main approaches to recommendation —
content-based, collaborative filtering and hybrid.
Content-based recommendation (or  information
filtering) is the method of suggesting recommendations
to an active user based on descriptive features
associated with items and the user’s ratings of items
[5.6].

Collaborative filtering is the widely used method of
providing item recommendations to an active user
based on ratings from other users. There are two basic
methods of automatic collaborative filtering — user-
based and item-based. GroupLens is an example of
user-based collaborative filtering [7,8].

User-based collaborative filtering agorithms focus on
the similarity among users and thus have problems with
scalability as the number of users increases. Item-based
collaborative filtering algorithms improve scalability by
focusing on the similarity among items using user
ratings rather than on the similarity among users
themselves[9].

The recommender system proposed in this paper can be
viewed as collaborative filtering that incorporates
content feature, such as item launch time.

Using Time Information: Two kinds of time
information - product launching time or user rating time
- have been used in collaborative filtering using explicit

ratings to improve either recommendation accuracy or
performance.

The product launch time was used in [3]. By using
temporal features of items, they presented a technique
to scale down candidate sets in the context of movie
recommendations. They used movie production years to
improve the performance of the collaborative filtering-
based recommender system. It was also reported that
the inclusion of production year improved the accuracy
of the recommender system.

The user rating time was considered in [4] in order to
improve the precision of item-based collaborative
filtering. An agorithm to compute the weights based on
rating times for different items was proposed.

In our method, we construct a rating matrix from
implicit feedback by using both item launch time and
user purchase time.

Implicit Feedback: Examples of implicit feedback
include user purchasing patterns, Web page visits, and
Web surfing paths. A recommender system based on
information built by andyzing a Web log was
introduced in [10,11]. The amount of datain the log is
usually enormous. But, the amount of relevant data that
isuseful for recommendation isrelatively small and can
only be extracted through preprocessing. A Web log-
based recommender system may not be suitable for rea
time recommendation in a large-scae e-commerce
environment.

Our method focuses on building a recommender system
based on the collaborative filtering technique with
implicit feedback.

5 Conclusion and Future Work

We have presented a novel approach to building
an effective collaborative filtering-based recommender
system based on implicit feedback. The main idea of
our approach is the construction of pseudo rating data
from implicit feedback data by incorporating temporal
information — user purchase time and item launch time
— to achieve better recommendation accuracy. We can
tune the rating function such that it provides the highest
level of accuracy.

Empirical results from several experiments in a mobile
e-commerce environment support this idea. Our
approach can be applied to any e-commerce
environment where it is impossible or difficult to
collect explicit feedback data. Future work will include
investigations of



e other types of information (other than
temporal) that can be incorporated in the
pseudo rating matrix for accuracy improvement,

e sensitivity of various temporal information to
accuracy, and

e new similarity measures that are more suitable
to the pseudo rating matrix.
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