Usage-Aware Average Clicks

Ramya Rangarajan
University of Minnesota

4-192 EE/CS Building
200 Union Street SE
Minneapolis, MN 55455

1-612-625-6597
ramya@cs.umn.edu

ABSTRACT

A number of methods exists that measure the distance between
two web pages. Average-Clicks [18] is a new measure of distance
between web pages which fits user’s intuition of distance better
than the traditional measure of clicks between two pages.
Average-Clicks however assumes that the probability of the user
following any link on a web page is the same and gives equal
weights to each of the out-going links. In our method “Usage
Aware Average-Clicks” we have taken the user’s browsing
behavior into account and assigned different weights to different
links on a particular page based on how frequently users follow a
particular link. Thus, Usage Aware Average-Clicks is an
extension to the Average-Clicks Algorithm where the static web
link structure graph is combined with the dynamic Usage Graph
(built using the information available from the web logs) to assign
different weights to links on a web page and hence capture the
user’s intuition of distance more accurately. This method has been
used as a new metric to calculate the page similarities in a
recommendation engine to improve its predictive power.

Categories and Subject Descriptors
[.5.3 [Computing Methodologies]: Algorithms, Similarity
Measures.

General Terms
Algorithms, Measurement, Human Factors, Experimentation.

Keywords
Web  Mining,Link
Recommendation Engine

Analysis, Web  Usage  Analysis,

1. INTRODUCTION

The World Wide Web is an ever growing collection of web
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pages. Thousands of web sites and millions of pages are being
added to this repository every year. The web pages vary widely in
their content and format and are very diverse in nature. A lot of
useful information is available on the World Wide Web (WWW)
and Search Engines help us find what we are looking for. For
doing this, Search Engines make extensive use of the Link
Structure Graph and a lot of research is going on to ensure that the
best set of links are returned to the user based on the search query.

The link structure graph of the web is a digraph where the nodes
represent the pages and a directed edge from node A to node B
implies that page A has a link to Page B. There are important
algorithms in the literature like Page Rank [11], HITS [10, 2] and
Average-Clicks [18] which use the link structure graph as their
basis. These algorithms differ in the way they use link structure
graph to assign different weights to the nodes. The Google [7, 6,
14] search engine uses PageRank algorithm to rank web pages.
PageRank is a global ranking algorithm which ranks web pages
based solely on the position of the page in the web graph. HITS is
another popular algorithm which ranks the web search results.
HITS classifies the web pages as Hubs and Authorities. Average-
Clicks uses Link Analysis to measure the distance between two
pages on the WWW. One inherent problem with all these methods
is that all of them are heavily dependent on the link structure
graph and hence are static. The dynamic nature of user behavior is
not taken into consideration when assigning weights to nodes.

In the Intranet Domain, useful information is available in the form
of web logs which record the user sessions. User Sessions track
the sequence of web pages visited by the user in addition to a lot
of other information like the time spent on each page etc. The user
session information is used to alter these algorithms so that they
are not biased by the link structure graph and make more accurate
weight calculations. Extensions to PageRank and HITS have been
proposed in [4] and [9] respectively and they take into
consideration the factors from the usage graph as well. These
algorithms will be explained in Section 2. Having understood the
importance of Usage Behavior data in link analysis, we propose
an extension to the Average-Clicks [18] algorithm which
measures the distance between two web pages on the WWW.

Our experiments were conducted in the intranet domain where
complete and accurate usage data is easily available. On the
internet it is difficult to get the usage data as it needs to be
heuristically gathered from various external tools like Google
Toolbar, Yahoo Toolbar, etc. Data from these sources is
incomplete and skewed and needs to be refined using
sophisticated algorithms before it can be used. Moreover, the



work has been motivated by a recommendation engine that is
being built for the intranet. Hence, we confine ourselves to the
intranet domain.

The organization of this paper is as follows: Section 2 gives a
brief description of some of the algorithms which use Link
Analysis and their extensions using Usage Information. Section 3
talks about the Average-Clicks algorithm which forms the basis of
our proposed method. Section 4 describes our approach to
incorporating usage information into the Average-Clicks
algorithm. Section 5 presents experimental results obtained by
running the modified algorithm on the cs.umn.edu website. A
comparison of the distances obtained by running the new method
with that obtained by running the original Average-Clicks
algorithm is also made here. Section 6 talks about test cases and
evaluation methodologies. Section 7 presents conclusions and
potential future work.

2. Related Work

In this section we give a brief description of the PageRank and the
HITS algorithms and also their extensions using Usage
Information. Our idea of incorporating usage data into the
Average-Clicks algorithm has been drawn from these methods.
Google uses the PageRank algorithm to rank the web pages. A
web page gets a high page rank if it has a large number of
backlinks (a lot of pages pointing to it) or if it has backlinks from
popular pages (pages that have very high page ranks) [11]. The
page rank of a page is the sum of the weights of each of its
incoming links and the PageRank of a page is equally distributed
among its out links. Figure 1, reproduced from [11] gives an
overview of PageRank calculation.
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Figure 1: Simplified PageRank Calculation

In Usage Aware PageRank (UPR) [4] an extension to the
PageRank Algorithm using usage statistics to improve the Rank
calculation is suggested. The simple approach taken to incorporate
the usage data into Page Ranks algorithm is to use the counts
obtained from the web logs. Thus, the weight assigned to each
page is based on the page popularity and it has been found that
this method, in general, out performs the original PageRank
algorithm. In [13, 16] the authors improve on the PageRank
algorithm by using Content information of the web pages. They

are probabilistic models of the relevance of the page to a search
query.

Kleinberg’s HITS is another algorithm which uses Link Structure
and HITS ranks the web search results. HITS classifies the web
pages as Hubs and Authorities. Good Hubs are pages which have
a number of inlinks from good Authorities and good Authorities
are the pages which have links to a number of good Hubs for the
particular search topic [10]. HITS emphasizes on having a number
of incoming links from related pages (good Authorities) rather
than just having a large number of inlinks from unrelated pages.
Figure 3, reproduced from [10] explains the concept of Hubs and

Authorities.
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Figure 2: HITS Algorithm — example

In [9] an extension to the Kleinberg’s algorithm using Matrix
Exponentiation and Web log records is proposed. The key idea of
this approach is to replace the adjacency link matrix used by the
original algorithm by an exponential matrix using Taylor’s Series.
The usage graph is combined with this adjacency graph to assign
new weights and the preliminary results show that this approach
works well and gives improved results

3. Background

In this section we introduce the basic terms used in this report and
also give a brief description of the Average-Clicks method which
forms the basis of our approach.

As already mentioned, the WWW can be represented as a digraph
[8, 1] where the nodes represent the pages and there is a directed
edge from node A to node B if the page corresponding to node A
has a link to the page represented by node B. The number of
edges that point to a node (web page) is known as its in-degree
(back links) and the number of edges that go out of a node is
known as its out-degree (forward links) [11]. For example, in
Figure 4, the in-degree of node B is 1 and that of node D is 2 and
the out-degree of node B is 1 and that of node D is 2
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Figure 3: Sample Link Structure of a Web Graph
3.1 Average- Clicks

The Average-Clicks algorithm calculates the length of the link in
a page p as

—log, (a/Out Degree(p)).

Here the probability of clicking each link in page p is a constant

given by ”.l“j ut Degree(p), where a is the damping factor.
Negative log is taken to transform the multiplications while
calculating the distances between web pages to additions. One
average-click is defined as one click among n links on a page
[18]. Extending the definition, one average-click from two pages
with n links each is one click among n® links. Figure 5 reproduced
from [18] shows a sample link graph along with the calculations
of Average-Clicks distances.
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Figure 4: Average-Clicks and Clicks - example

The distance between two web pages p and ¢ is defined as the
shortest path between the nodes representing the pages in the
graph. The shortest path can be calculated using any All-Pairs
Shortest Path algorithm. Detailed description of the algorithm
used in Average-Clicks and the results obtained can be found in
[18].

4. Usage Aware Average-Clicks

In this section we give a detailed description of the approach
taken by us to incorporate the usage information into the Average-

Clicks Algorithm. The usage graph analysis gives the popularity
of the pages with the users. The link graph analysis provides the
importance of the web pages as designated by the creator of the
pages. For example, if there is a link from the Yahoo main page
then the link can be considered very important. Similarly, a page
might be highly accessed by users even though it is not referenced
by important pages in the web domain. Hence, it is important to
consider both kinds of information and combine them effectively,
so that we are able to determine pages that are popular and also
important

4.1 Usage Graph

As the first step, the usage-graph (U) [15, 5] is constructed from
the information available from the web logs. Each node in the
graph U represents a page and an edge from node p to node ¢
implies that page ¢ has been accessed from page p. Every edge is
assigned a weight and this value is a measure of the co-occurrence
pattern of the two pages in the web logs (corresponding to the
number of times page g was accessed from page p). Each node is
also assigned a numerical value which indicates the number of
times the page corresponding to that node occurred in the web
logs. Using this graph, an NxN matrix C (holding the conditional
probability P(g->p)) is calculated where N is the number of nodes
in the graph. Any value C(i,j) indicates the probability of
accessing page j from page i. The weight of the edge between each
pair of pages p, ¢q is calculated as follows:

Number of co - occurences of p,q

C(p.q)=
(P-9) Number of occurences of p

By co-occurrence of p,g we mean that page ¢ should be accessed
immediately after accessing page p. In terms of the usage graph
this can be written as follows:

_ Weight of the edge from p to q

C(p,q)

Weight assigned to node p

4.2 Link Graph

Next, a link graph is constructed using a web crawler. The Web
crawler is run on the website used for testing and a directed graph
is generated from the information obtained. Each node is a web
page and an edge from node p to node g implies that page p holds
a link to page ¢. Each node is assigned a value which is based
only on the number of outgoing links from that page. An NxN
link matrix D is calculated where N is the total number of pages in
the website. Any value D (i, j) gives the distance of page j from
page i. The value of D(i,j) is calculated as follows:



D(i,j)=(1/0Outdegree(page i)) if thereis a link from pagei to j

o otherwise

We then combine the Link matrix and the Usage matrix to define
the new distance between 2 pages as follows:

Dis tan Ce(P,CI) = C(P’ Q)*(—lOgn(%m deg ree(p)j

where n' is the average number of links on a page and o is the
damping factor. Using the above distance matrix D, the matrix
containing the shortest paths between pairs of pages is calculated
using the Floyd Warshall’s Algorithm.

4.3 Distance Measure using Floyd Warshall’s
Algorithm

Given the web link structure, the shortest distance between any
pair of pages can be calculated using any All-Pairs Shortest Path
algorithm. The all-pairs shortest-path problem involves finding
the shortest path between all pairs of vertices in a graph.
Algorithms like Dijkstra’s algorithm can be run N times (once for
each of the N pages), or Floyd Warshall’s algorithm can be used.
In our approach we used the Floyd Warshall’s algorithm to
construct the final NxN distance matrix. Floyd Warshall’s
Algorithm is very efficient as it uses the concept of Dynamic
Programming and hence doesn’t make any unnecessary
computations.

4.4 Implementation Issues

The Floyd Warshall’s algorithm uses an NxN matrix for distance
calculation. As the number of web pages increases, the amount of
memory needed to hold the NxN distance matrix increases
drastically. Also, the Computation Cost increases exponentially.
Thus, this algorithm has poor scalability. To overcome this issue
and to make our program highly scalable and memory efficient,
we have taken the following approach:

Each page is given a unique page id (starting from 0) and the set
of links on a web page is stored as a linked list. The head of each
of the linked list is stored in a vector called PageDetail. Thus
PageDetail[0] points to the head of the linked list which stores the
set of links on page 0. Each node in the linked list for page p
stores the Pageld of the page ¢ to which it is connected, C(g->p),
Average Clicks distance, Usage Score and the Usage aware

' For the World Wide Web the value of n has been identified as 7.
A better approach uses 1 external link and 4 internal links.

% The damping factor for the World Wide Web is 0.85. For the
intranet domain, this can be calculated from the usage data

Average-Clicks distance between page p and page g. Hence to get
the distance between page p and page g, we have to search the list
stored at PageDetail[p] for node g. This implementation is highly
scalable as adding a new page to a vector is easy and does not
require resizing an array each time a new page is added to the list.
Also, it is very memory efficient as instead of storing N nodes for
each page, we only store a very small number of pages equal to
the number of links on that page. These are very important issues
because as the number of pages in the domain increases, it is not
possible to match the memory requirements of the algorithm.

5. Experimental Results

In this section we provide some preliminary results and also
provide a comparative study of the distances obtained from the
original Average-Clicks Algorithm and our approach.

5.1 Test Data

We have run our experiments on the CS website which is the
Computer Science Department website of the University of
Minnesota. The website can be accessed at www.cs.umn.edu [17].
The usage data has been collected over a period of 2 weeks in Apr
2006. The data set has been reduced to about 100,000 user
sessions by refining and filtering the data. Noise data such as one
page sessions, broken sessions etc have been removed to reduce
the negative impact on the algorithm. We have implemented a
web crawler to spider the website and collect the link information.
The crawler has been programmed in such a way that URL’s
outside of the domain we are interested in are not considered.
Also, self links are ignored as it does not make sense to
recommend to the user, the same page he is already on.

5.2 Example Distances

Table I shows the distances as measured by the original Average-
Clicks algorithm and also by Usage Aware Average-Clicks
Algorithm between the graduate admissions index page
http://www.cs.umn.edu/admissions/graduate/index.php and the
links present on the page.

It can be seen that our approach, unlike the Average-Clicks
algorithm, gives different weights to different links based on link
access frequency. Thus, using the traditional Average-Clicks
measure, we will declare that from
www.cs.umn.edu/admissions/graduate/index.php it is equally
probable to go to any link on the page, whereas, using Usage
Aware Average-Clicks measure we can say that users on page
www.cs.umn.edu/admissions/graduate/index.php are more likely
to go to pages http://www.cs.umn.edu/index.php,
http://www.cs.umn.edu/admissions/graduate/checklist.php,
http://www.cs.umn.edu/about/contact.php or
http://www.cs.umn.edu/admissions/index.php than any other
page. Similarly, it is also possible to find out the set of pages to
which the users are least likely to go to. These results can be very
helpful in making recommendations to users. From the user’s
perspective, the links that have high Usage Aware Average-Clicks
scores are nearer to the index page than those that have lower
scores. Such results are significant in link analysis.



6. Evaluation Methodologies

There are a number of ways of analyzing the results obtained from
our method. The significance of the distance between pages can
be tested against the Domain Expert’s Views or the User’s Views.
The Domain Expert’s view can be obtained by designing test
cases that capture the distances between randomly sampled pages.
The expert can then be asked to evaluate the distances obtained by
using both the approaches. The idea is to be able to verify that the
distances obtained by using the Usage Aware Average-Clicks
method, match his view of distances (or similarity between pages)
more closely than those obtained from the Average-Clicks
method.

Distance from
http://www.cs.umn.edu/admissions/graduate/index.php 3

Table 1: Comparison of results from Average-Clicks and
Usage Aware Average-Clicks

Average- Usage aware

Destination Page Clicks el

http://www.cs.umn.edu

/index.php 0.0566667

0.000612

http://www.cs.umn.edu
/admissions/gradate/ev
aluation.php

0.0566667  0.002460

http://www.cs.umn.edu
/admissions/graduate/p
rocedure.php

0.0566667 0.002460

http://www.cs.umn.edu
/admissions/graduate/c
hecklist.php

0.0566667 0.000612

http://www.cs.umn.edu
/admissions/graduate/f
ellowships.php

0.0566667 0.002460

http://www.cs.umn.edu
/admissions/graduate/tr
ansfers.php

0.0566667 0.056666

http://www.cs.umn.edu
/admissions/graduate/a
pplication.php

0.0566667 0.003690

http://www.cs.umn.edu
/admissions/graduate/f
aculty.php

0.0566667 0.001228

http://www.cs.umn.edu

/about/contact.php 0.0566667

0.000612

3 Please note that in the tables, the distance values in the two
columns are on different scale. Hence comparing columns
doesn’t make sense. The relative distances within the column
can be compared for analysis

http://www.cs.umn.edu

/admissions/index.php GLEEEssy e

http://www.cs.umn.edu
/degrees/grad/index.ph  0.0566667 0.001228

p

Two different approaches can be used to evaluate the User Views.
In the first approach, we can automate and verify the distances
calculated against user logs which are different from the logs used
for calculating the distance values. In the second approach, we
can evaluate the results by distributing questionnaires to users.
This is similar to the approach proposed in the original paper
[18]. The idea is to randomly sample web pages from the website
and segregate them into groups based on their context. We can
then calculate the distances between each of these pages. The
users of the website can be asked to rate the pages in a particular
context. The two results can be compared for further analysis.

In this report we use its predicting power as a measure of its
capability to measure distances accurately. The idea behind using
Usage Aware Average-Click scores in a recommender system is
that pages that are close (smaller Usage Aware Average-Clicks
Dist) to each other are given higher similarity scores than pages
that are farther apart (larger Usage Aware Average-Clicks Dist).
Hence to recommend a page P; from <P,... P,> to a user who is
on page P;, the Usage Aware Average-Click distance of P; from
P; should be the minimum among that from each of <P,... P,>.
We test its predicting capability by incorporating it into a
Recommendation Engine which uses both usage pattern and link
structure to make recommendations [3] and measure the quality of
recommendations made. Detailed description of the Architecture
and working of the recommendation can be found in [3].

We followed a similar approach to testing as done in [3]. The
performance of this model was compared against the model that
uses a ‘2,-1” scoring model [3] which gives a score of 2 for a
match and -1 for a mismatch and the results of the various
experiments are shown in the graphs that follow. The only way in
which the models differ is in the way similarity scores are
calculated between web pages and all the other parameters of the
Recommendation Engine remain a constant.

Web logs from the CS server were filtered to get meaningful
sessions. A part of the session data was used to train the model
and then the model was tested on the remaining sessions. The next
page that will be accessed was predicted for the test sessions and
if the predicted page was actually accessed later on it the session,
it was considered a hit.

The definitions of the various measures used to measure the
effectiveness of these models as taken from [3] are restated below:

® Hit Ratio (HR): Percentage of hits. If a recommended page is
actually requested later in the session, we declare a hit. The hit
ratio is thus a measure of how good the model is in making
recommendations.

® Click Reduction (CR): Average percentage click reduction. For
a test Session (pj, Pa,..., Pi-+» Djo-v» Puls if p; is recommended at
page p;, and p; is subsequently accessed in the session, then the
click reduction due to this recommendation is,



Click reduction = ﬂ
i

A High the hit ratio indicates good quality recommendations
6.1 Comparison of Results

In the following figures, we refer to the ‘2,-1’ model as Session
Similarity Model (SSM) and our model as Link Aware Similarity
Model (LASM).

The following box-plots and graphs compare the two models
based on the Hit Ratio. The performance of both the models was
recorded when the number of required recommendations was set
to 3, 5 and 10. Both the models were trained on 1000 sessions and
the Clustered Sessions [3] are represented as ClickStreams into
10, 15 and 20 clusters. Once the models were trained, they were
tested on a different set of user sessions. Each of these
experiments was repeated 5 times (using a different set of training
sessions) to check the consistency of the results. Also, a t-test was
done in each of the case to show that the results of the two
experiments were statistically different. The t-test is a statistical
test which computes the probability (p) that two groups of a single
parameter are members of the same population. A small (p) value
means that the two results are statistically different.

The above procedure was repeated for 3000 training sessions as
well.

The X-axis of both the box plots and the line graphs shows the
number of recommendations made and the Y-axis shows the Hit
Ratio corresponding to the number of recommendations made.
The box plot shows the distribution of Hit ratio values for
different input data. The average value of Hit Ratio across the
different experimental runs is used to plot the line
graph.
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Figure 5: Hit Ratio Vs No. of Recommendations for 1000
sessions, 10 clusters

Table 2: t-test scores for 1000 sessions, 10 clusters

Recommendation 3 5 10

0.123242 | 0.030262 | 0.006292
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Figure 6: Hit Ratio Vs No. of Recommendations for 1000
sessions, 15 clusters



Table 3: t-test scores for 1000 sessions, 15 clusters

Recommendation

3

5

10

p value

0.053543

0.014464

0.020082
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Figure 7: Hit Ratio Vs No. of Recommendations for 1000
sessions, 20 clusters

Table 4: t-test scores for 1000 sessions, 20 clusters

Figure 8: Hit Ratio Vs No. of Recommendations for 3000
sessions, 10 clusters

Table 5: t-test scores for 3000 sessions, 10 clusters

Recommendation

3

5

10

p value

0.122187

0.055483

0.039619

Recommendation

3

5

10

p value

0.04985

0.224891

0.125186
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Figure 9: Hit Ratio Vs No. of Recommendations for 3000
sessions, 15 clusters

Table 6: t-test scores for 3000 sessions, 15 clusters

Recommendation

3

5

10

p value

0.070035

0.076632

0.078475

3000 Sessions, 20 Clusters
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Figure 10: Hit Ratio Vs No. of Recommendations for 3000
sessions, 20 clusters

Table 7: t-test scores for 3000 sessions, 20 clusters

Recommendation 3 5 10

p value 0.300533 | 0.082899 | 0.02874

3000 Sessions, 20 Clusters
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From the graphs and the t-test results it is evident that our model
performs better in all the cases. While the “2,-1" method attains a
hit ratio of 25% to 30%, the hit ratio obtained for our method is
about 40% on an average. This improvement is significant
considering the fact, on 100% scale, this is an improvement by
20-25%. Hence, not only our model gives better recommendations
but also proves that domain information like link graph is very
important in performing usage analysis.

Next, we give the improvement obtained for the measure “Path
Reduction Ratio”. Figures 11 through 13 depict the results. The
X-axis corresponds to the number of recommendations made and
the Y-axis corresponds to the % Path Reduction. The Average %
Path Reduction across the different runs is used to plot the line
graphs. Here again we see about a 20% improvement on a relative
basis. The box-plots and graphs for the experiments using 1000
training sessions are shown below:
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Figure 11: % Path Reduction Vs No. of Recommendations for
1000 sessions, 10 clusters

1000 Sessions, 15 Clusters
25 4
20 °
.5 g% o g
% %1 § ° SSM
% —— LASM
10
§
B
5 -
0 ,
8 Number offhecommem?ations
1000 Sessions, 15 Clusters
20
o .\.\.
215 | \
S
3 —e—SSM
e 10
= —a—LASM
®
a 54
B
0

3 5 10
Number of Recommendations

Figure 12: % Path Reduction Vs No. of Recommendations for
1000 sessions, 15 clusters
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Figure 13: % Path Reduction Vs No. of Recommendations for
1000 sessions, 20 clusters

7. Conclusions and Future Work

In this paper we have proposed an extension to the Average-
Clicks Algorithm which uses the Usage Data obtained from the
web logs to assign appropriate weights to links on a page. The
experiments show that popular links are given higher weights
compared to less popular ones rather than just assigning equal
static weights to all the links on a page. We used this algorithm in
a Recommendation Engine for the Intranet Domain and found that
recommendations made using this method were much superior to
those made using the ‘2,-1° scoring method for similarity between
web pages.

In the future we plan to verify the accuracy of the results by
distributing questionnaires to the web users as well as to the
domain experts and evaluating the answers. Verifying with the
Domain Experts/User’s view is a good idea because the usage
logs might not be very representative at all times and the Domain
Expert/User’s judgment will be better.

Also, we plan to compare the distances obtained from this method
with those obtained from an algorithm based on concept hierarchy
[12,3] and usage information. We would also like to fine tune the
Recommendation Model to consider domain knowledge in
addition to usage information to get higher Hit Ratios.
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