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Abstract. In recent years, personalized news recommendation has received in-
creasing attention in IR community. The core problem of personalized recom-
mendation is to model and track users’ interests and their changes. To address
this problem, both content-based filtering (CBF) and collaborative filtering (CF)
have been explored. User interests involve interests on fixed categories and
dynamic events, yet in current CBF approaches, there is a lack of ability to
model user’s interests at the event level. In this paper, we propose a novel ap-
proach to user profile modeling. In this model, user®@interests are modeled by a
multi-layer tree with a dynamically changeable structure, the top layers of
which are used to model user interests on fixed categories, and the bottom lay-
ers are for dynamic events. Thus, this model can track the user®@reading behav-
iors on both fixed categories and dynamic events, and consequently capture the
interest changes. A modified CF agorithm based on the hierarchically struc-
tured profile model is also proposed. Experimenta results indicate the advan-
tages of our approach.

1 Introduction

With the explosive growth of the World Wide Web, reading news from Internet be-
comes time-consuming. Users have to spend much time in retrieving just a small
portion of what they are interested in from massive amounts of information. This
creates a need for automatic news recommendation to cater to individual user’staste.

According to previous studies [1][2], user’s interests consist of preferences in mul-
tiple fixed concept categories, like World, Sports, etc. Within each category, user's
interests can be classified into long-term interests and short-term interests. Both of
these two kinds of interests actually consist of interests at different levels.

The key problem of personalized news recommendation is to find a proper way to
model user’s interests and track their changes. In CBF field, a prevailing way is to
model user’s interests in a hierarchically structured profile [1][2][3][4]. However, al



these approaches neglect modeling user’s interests at the event level. In CF field,
neither the traditional memory-based algorithms nor the prevalent model-based meth-
ods have taken user similarity at different interest level into account.

In this paper, we explore the personalization issue in the following two aspects.
First, we propose a hierarchical user profile model with fixed concept categories at
high levels and dynamic event nodes at low levels. The profile€ s content and structure
will be dynamically modified to adapt to user interests changes. Second, according to
[12], we utilize information from different levels of the profile’s hierarchy to calculate
user similarity, thus user’s multi-level interests can be taken into account in both CBF
and CF methods.

The rest of this paper is organized as follows. Related work and their limitations
are discussed in Section 2. Our approaches for adaptive profile modeling and modi-
fied collaborative filtering are presented in Section 3 and Section 4 respectively. A
unified news recommendation framework is proposed in Section 5. Description of
experimental methodology and experiment results are illustrated in Section 6. Con-
clusion and future work are presented in Section 7.

2 Reélated Work

Previous work in this field tries to model user’s interests in a two-layer framework
[2][2] or in hierarchical representations [3][4][5].

Approaches proposed in [1] [2] can handle user’s different interests at two levels;
however, their simple bipartition lack the capability to model and track users' interests
more precisely.

The hierarchical structure in [3] [5] formalizes a general to specific relationship on
the fixed categories. In[5], Pretschner et a propose a profile model with hierarchical
concept categories. Only the content of this model can be changed to adapt to user’s
interests changes, while little information can be derived from the fixed structure of
the hierarchy. In PVA [3], both the content and the structure are changeable. How-
ever, the construction of this profile and the way it changes must follow a predefined
global structure. The common limitation of the above two systemsis that user’s most
detailed interests they can model are fixed concept categories. While to news readers,
events are more precise description of their interests.

A unique thinking of hierarchical user profile model is proposed by Nanas et al [4].
The approach can highlight the impact of relevant documents and can model the se-
mantic relationship of keywords. However, this model is unable to describe user
interests according to explicit concept categories and events, which are more intuitive
to human knowledge [12].

Many works within CF field have been proposed to utilize information from multi-
ple users to improve the recommendation accuracy [6][7][8][9][11]. However, none
of them have considered computing user similarity from hierarchical profile structure.



3 Adaptive User Profile Modéel

In this section, we will introduce an adaptive user profile model which can model user
interests at both category and event levels. After that, we will describe how it can be
learned and utilized for prediction.

3.1 Mode Description

Asillustrated in Figure 1, this model consists of two layers, one layer with fixed con-
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Fig. 1. Adaptive User Profile Model.

The category hierarchy is fixed and common for different users while the dynamic
structured event layer is generated according to event threads within the user’s reading
history. The leaf node within the category layer is defined as Lowest-Category-Nodes
(LCN).

3.2 Profile Representation

Our method considers two important aspects of user’s interests: what he/she is inter-
ested in (content) and to what extent he/she isinterested in (vitality).

3.2.1 Content Representation

We apply the traditional vector space model (VSM) to describe both profile nodes and
news documents with different weighting schemes. For news documents, the term
weight is defined by TF-IDF method for its appropriateness in an online system.

The term weight of a node is obtained from the documents assigned to it. Due to
the temporal relation of news documents, the node’ s weights must be updated periodi-
caly to reflect its decaying impact on user’s interests. The classic Rocchio method is
utilized to update the term weights incrementally.



V¥=(@1-a)*  V,*|D['+a*v 6

di D,
Where b, is the set of newly inserted documents in node i at period k. |p| is
the number of documentsin b, . V; isthe keyword vector of document d . v** and

V¥ are the keyword vectors of node i a period k-1 and k respectively. a
(a1 [0,1]) isthe decaying factor for node content.

The noniterative version of (1) is

V< =(@1- a)* k akix( vd*\Dj\'l) @)
j=0 di D;

Simply, the term weight of a node is a weighted combination of its original term
weights and the term weights of newly inserted news documents. Decaying factor a
indicates the speed on which old documents lose impact on the current interest content.

3.2.2 Vitality Representation

Besides the term vector, we also assign each node areal number, called energy value,
to indicate the vitality of user’sinterestsonit.
Eik - b* Eik-l+ COS(\/ik,Vd) (3)
di D,

Where E! and E* arethe energy valuesof node i at period k- 1 and k re-
spectively. cosv*,v,) isthe cosine similarity between vector v and v,. & (41 (03))
is the decaying factor for node energy.

The noniterative version of (3) is

k
E‘= b cosV'.\V,) 4
j=0 di D;

The energy works like the endogenous fitness of an artificia life, controlling the
life span of user’s interests on the node. A node’s energy value increases when fresh
documents are assigned to it which indicates user interests on this node keeps on in-
creasing. Due to the decaying factor, nodes that receive few new documents will
gradually fade out, indicating that the user islosing interests on it.

3.3 ProfileLearning

Within each period, after receiving user feedback, our profile model can learn from
the feedback to keep on par with user’s interests. News documents browsed by users
are firstly assigned to corresponding interest nodes, then the profile will be updated in
both content and structure.

During assign process, we first check whether the incoming document d could de-
scribe user’'s most detailed interests.  If not, user's more general interests will be
checked. And this process will be repeated until d is assigned to corresponding LCN
node: LCN(d). The assign agorithmisillustrated in Figure 2.



Assign process:
For incoming document d
1. Inthedynamic layer, start from leaf node layer L, , set threshold value Th
2. N, =argmaxcos(V,,V,)
N Ly
3. If cos(V,,V,) >Th, thenassign d to N, , return
Else Th=Th*0.8; Set nearest layer aboveas L, , goto 2

Fig. 2. Assign Process.

After assigning all the user feedback documents, both the content and structure of
user profile will be updated. The split and merge operation will be performed when
needed.

When both the vitaity E and diversity £ =g /\DN‘\ of user's interests in node N,
have grown to a certain extent, split will be performed on this node in order to depict
user’sinterestsin amore detailed way.

Split Process:
For agiven node N,

1 If g >Th, ad E <Th,,, . thengoto 2, otherwise return.

2. Perform clustering on node N, by k-means, the sub clustersare { N, }

3. N, =argmaxE,, ; create N, as N, ’schild

Naup T {Nsup}

sub !

4. Update N, and N, according to equation (2) and (4)

Fig. 3. Split Process.

In our current study, we employ k-means clustering and split the sub-node with the
biggest energy as the event to be described in more detailed manner. Further im-
provement can be made by applying advanced event detection approaches like [10].

When receiving few or even no fresh documents, a node's energy value will decline
gradually, implicating user’ s interest vitality is declining. When a node’ s energy value
has been kept below some threshold for some duration, it should be removed from
user profile. Before deleting a low energy node, its potential contribution to user’s
longer-term interests should be preserved in its direct parent:

M er ge Process:
For agivennode N,, whose life spanis T,

If E<T, and T,, >T,

Then assign al document in N, to N,’sparent: N update N,

parent ?

Fig. 4. Merge Process.




3.4 Prediction M ethodology

Based on the user profile, a numeric score will be assigned to each new document to
assess its value to user’s interests.  Then the incoming documents will be ranked by
this score, and the top N documents will be delivered to the user.

The assessment is determined by both its similarity to the node and user’s interest
vitality in that node. For a new document d, we first find the most related node n by
the similar method as assign process. Then the prediction score is calculated by the
following equation:

Pp (U, d) = En * COS(Vd ‘Vn)

P,(u,d) denotes the score for document d predicted by user u's profile model.
Given the incoming document set D, in period k, the final prediction score for each
document within p, is:

P,(u,d)

P©p(U,d) = —'\ﬂTADX{Pp(u’d)}

4 ProfileBased Collaborative Filtering

After each user’s profile has been built, we can perform collaborative filtering on
information from these profiles.

In the rest of this paper, we will employ MBCF to denote memory-based collabora-
tive filtering agorithm, CBCF to denote content-boosted collaborative filtering algo-
rithm [11] and PBCF to denote our profile-based collaborative filtering al gorithm.

To solve the sparsity problem, we create a pseudo user-ratings vector v, for every

user u.
1 :if user u browsed document d

Vo = P,(u,d) : otherwise

P,(u,d) denotes predicted rating by user profile. The pseudo ratings vectors of all

users put together give a dense pseudo ratings matrix V. We then perform collabora-
tive filtering using this dense matrix.

We then apply OGM [12] to calculate user similarity by leveraging the hierarchical
profile structure. Due to the space limitation, we refer readers to [12] for detailed
description of OGM.

The top M users with highest similarity to active user a are selected as a neighbor-
hood. To make the final prediction, we have to combine the pseudo predictions of
active user a and users in neighborhood. However, we want to consolidate the confi-
dence in the pure-profile prediction for the active user, like [11], we incorporate a Self
Weighting factor sw; .

Thefinal prediction for active user a is calculated by:



M
sNa\(va\,d - va) + S.rr(a1u)a,u(vu,d - vu)
u=l
P(a,d) =V, + L ®)
sw,+ sm(a,u)R,,

a
u=1
uta

In (5), v, is the average prediction value, v, , is the pseudo user-rating for user a

sw, is the Self Weighting factor. sim(a,u) is calculated by OGM. P, is the Pearson
Correlation [9] between user a and u.

5 Unified Recommendation Framework

Figure 6 illustrates an overview of our unified recommendation framework. It pro-
vides users with ranked news stories according to users' potential interest needs con-
sidering both his’her own interests and information from peer users. This framework
can be categorized as a task of Find Good Items [13], which is the core recommenda-
tion task and recursin awide variety of academic and commercial systems.

Fig. 5. MyNews System Architecture

When a new document comes, it isfirstly assigned to user profile (P;~ P,), then the
user-rating of this document is predicted by each user’s profile model. After that, our
PBCF agorithm will be utilized to compute the final predictions of the document. All
the documents will be re-ranked according to their fina ratings. Finally, thetop N (in
our system, N is 20) news are delivered to each user. Then the user’s feed-back is
utilized to update the profile model. In thisway, a unified framework combining CBF
and CF together for news recommendation is established. However, without the CF
step, our system degenerates to recommendation systems for single user like PVA in

3.



From figure 6, we can see that PBCF algorithm utilizes user profile model not only
to make prediction for unrated items, but also for calculating users' similarity when
performing CF. The traditional MBCF approach only relies on pure user-ratings, and
the CBCF algorithm depends on both user ratings and news content.

6 Experimental Evaluation

In this section, we describe the dataset, metrics and methodology for the comparison between
different algorithms, and present the results of our experiments.

6.1 Data Set

We use proxy log data from ten proxy serversin a university of USA. For our specific
purpose, we extract news browsing logs from these data according to their urls. A
dtatistics of extracted logsisillustrated in table 1.

Time Span 2002 3.20 ~ 2002 3.31
Total user (IP) number 10765

News browsing log number (All users) 112060
Unique news page number (All users) 38922

Users* number (Who browsed for mor e than 8 days) 342

News browsing log number (Users*) 80615
Unique news page number (Users*) 21788
Access number per day per person (Users*) 19.64

Table 1. Proxy log data analysis

We can see that each news page was visited for 2.9 times on average indicating that
users within this community must share some common reading preference. To allevi-
ate sparsity, we only select users with more than 8 days news browsing history (Us-
erst intable 2).

6.2 Evaluation Metricsand M ethodologies

In this study, the computational cost is far from critical comparing to the updating
period, we focus on the prediction accuracy for performance evaluations.

We use the traditional IR measurement precision to evaluate our algorithm’s per-
formance. The precision function is defined below:

F’I’&S'm:‘DMm‘

S

Where N; is the number of news documents recommended by our system, D, is
the document set that the user actually visited in the N, recommended ones.



To demonstrate the improvement of our algorithms, we design the following ex-
periments.

We run online experiments for MyNews without PBCF and compare it with the
baseline algorithm PV A to see the effect of the dynamic structure.

First, we run online experiments with our dynamic profile and compare it with the
baseline: static PVA profile.

Second, we add PBCF into this framework and compare system performances with
and without PBCF to illustrate how our profile based collaborative filtering can im-
prove the over performance.

Third, we compare PBCF with the baseline MBCF and CBCF algorithms so that
we can see the appropriateness of proposed CF algorithm on hierarchically structured
profile.

6.3 Data Preprocessing

Before starting full experimental evaluation of different algorithms we determined the
sensitivity of different parameters to different algorithms and from the sensitivity plots
we fixed the optimum values of these parameters and used them for the rest of the
experiments. To determine the parameter sensitivity, we select 10 days data and sub-
divide it into atraining set and a testing set. Then our experiments are carried out on
them. We conducted a 10-fold cross validation by randomly choosing different train-
ing and testing sets each time and taking the average Precision values.

6.4 Experiment Results

In this section, we show the performance improvement of our agorithms over baseline
algorithms and discuss about the reason for the experiment phenomena.

6.4.1 Dynamic Structurevs. Static Structure
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Fig. 6. Comparison between MyNews and PVA



We implement PVA agorithm and run it in the same manner as MyNews:. First we
randomly select 50 users for test. For each test user, we select 50 news document per
day as testing data, including the user’s actual accessed pages. And the user’s feed-
back is generated according to actual proxy logs. We run this experiment on 10 suc-
cessive days and calculate the average precision as the system performance. In this
experiment, we set N, as 5, 10 and 20 to test our system's performance at different

scopes. The experiment result isillustrated in figure 7.

Obvioudy, MyNews outperforms PVA at 3 different scopes. Thisis due to its abil-
ity to model user interests at the event level, thus it matches user in a more detailed
manner than PVA.

We also find that on day 3, PVA’s precisions at all scopes drop dramatically, while
MyNews maintains good performance. The reason is that a hot sport event ended and
most users turned to another hot event within the same category at that day. The cate-
gory vector of PVA fails to depict this aternation and the category’s energy drops.
While MyNews models these events by different nodes and the vanishing of one does
not impair user’s interests on others.

6.4.2 Profile Model Only vs. Profile Model + PBCF

To show the efficacy of our PBCF agorithm, we run MyNews with and without
PBCf agorithms respectively under the same situation as in 6.4.1 except for N, is set

to 20 which is also the default setting for the left experiments.
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Fig. 7. Comparison between with and without PBCF.

From figure 8, we can see that MyNews with PBCF outperforms MyNews without
PBCF. The average precision increase after adding PBCF is 8.2%. The proposed
collaborative filtering algorithm works well since the browsing overlap between users
are high. The precision gap between two different scenarios decreases as the training
data increases. Two reasons are responsible for this phenomenon, on the one hand,
profile model are purely based on single user’s browsing history, and as training data
increases, its accuracy will increase correspondingly. On the other hand, PBCF con-
sider profile predictions from multiple users, the relative beneficia effect it makes to
the final prediction will decrease as the precision of pure profile model increases.



6.4.2 Comparison between PBCF, MBCF and CBCF
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Fig. 8. Comparison between PBCF, MBCF and CBCF.

From figure 9, we can see that the performance variance of MBCF is much bigger
than those of CBCF and PBCF. This is because its randomicity is greater due to the
sparse environment of pure user ratings.

We can see that PBCF outperforms MBCF and CBCF although the average preci-
sions of three CF algorithms are close.

When users' interests change on day 3, our PBCF smoothly tracks user interests
change while the CBCF approach needs longer time to follow this change.

7 Conclusion and Future Work

In this paper, we propose a novel profile model for personalized news recommenda
tion. This profile model involves a fixed layer of concept categories and a dynamic
layer of event nodes. The two-layer structure can adaptively model user’s interests
and interests changes both at the category level and at the event level. Based on the
fixed category hierarchy, we also propose a modified collaborative filtering method.
By utilizing user profile hierarchy to perform CF, our approach shows its strength
over traditional CF algorithms. Our experiment indicates the improvement in recom-
mendation accuracy.

The future work mainly involves three directions:

First, we can expect further improvement on the node splitting method in our pro-
file model by adopting the state of the art news event detection algorithms [10]. Thus
the accuracy of profile-based prediction will be enhanced correspondingly.

Second, we can exploit approaches to build a global hierarchy in both category and
event levels to utilize hierarchy information in both these levels for better collabora-
tive filtering performance.

Third, we can explore appropriate ways to apply hierarchica Bayesian models to
establish a unified framework for profile-based and collaborative filtering based rec-
ommendations [14].
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