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Abstract

A number of studies have suggested the use of
discovered Web usage patterns such as associa-
tion rules, general sequential patterns, and con-
tiguous sequential patterns (frequent naviga-
tional paths) for generating recommendations
in personalization systems. To-date, however,
no studies have considered the conditions un-
der which recommendation models based on se-
quential patterns may be more appropriate for
personalization as compared to those based on
non-sequential patterns (such as frequent item-
sets). We conjecture that the structural char-
acteristics of Web sites, such as the site topol-
ogy and the degree of connectivity, have a sig-
nificant impact on the relative performance of
these recommendation models. We present a
framework for Web personalization based on as-
sociation rules, contiguous and non-contiguous
sequential patterns discovered from Web usage
data. We then conduct a detailed compara-
tive evaluation based on real Web usage data
from three sites with different structural char-
acteristics. Our results suggest that less con-
strained patterns, such as frequent itemsets, are
better suited for personalization in sites with a
higher degree of connectivity and shorter navi-
gational depth, while the sequential recommen-
dation models may be more suitable in sites
with deeper navigational depth or in sites rely-
ing on many dynamically generated pages.

1 Introduction
One of the most important applications of Web usage
mining [20] is predictive user modeling for the purpose
of personalization. The goal of Web personalization is
to provide users with dynamic content tailored to their
individual interests. The personalization task generally
takes the form of recommending one or more items or
pages to a current user, possibly based on the patterns
of past visitors who have similar profiles. Standard col-
laborative filtering (CF) [8] techniques used in personal-
ization systems, such as k-Nearest-Neighbor, suffer from

some well-known limitations [16]. For the most part
these limitations are related to the scalability and ef-
ficiency of the kNN approach. Essentially, kNN requires
that the neighborhood formation phase be performed as
an online process, and for very large data sets this may
lead to unacceptable latency for providing recommenda-
tions.

In contrast to standard CF-based approaches, Web us-
age mining techniques, that rely on offline pattern dis-
covery from user transactions, can be used to improve
the scalability of personalization systems. For exam-
ple, previous work such as [10; 12] have considered
automatic personalization based on clustering of user
transactions and pageviews. The improvements in the
scalability of collaborative filtering through clustering,
though, is sometimes offset by reduced recommendation
accuracy [13]. In general, the view of user sessions in a
Web site as a sequence of pageviews also allows for the
application of a variety of other data mining techniques
in order to discover usage patterns. Some of these tech-
niques, such as association rule discovery, generally ig-
nore the inherent ordering relation among the items, and
focus on non-sequential patterns based on co-occurrences
of these items within sessions. On the other hand, tech-
niques such as sequential pattern discovery or the discov-
ery of frequent navigational patterns [18] take into ac-
count the ordering constraints among pageviews in user
sessions.

Some recent studies have considered the use of associ-
ation rule mining [2; 19] in recommender systems [7; 9;
16]. In [11], we proposed a framework for personalization
based on association rule mining, utilizing an efficient
data structure for storing the discovered frequent item-
sets which are especially suitable for real-time recom-
mender systems. In contrast to non-sequential patterns,
such as association rules, sequential patterns [19] con-
tain more precise information about user’s navigational
behavior. The use of navigational sequential patterns for
predictive user modeling has been extensively studied [6;
15]. The primary focus of all of these studies has been on
prefetching of Web pages (i.e., predicting a user’s next
access to a page) to improve server performance or net-
work latency. In the context of personalization, however,
the narrow focus on navigational sequences often leads



to very low recommendation coverage making such tech-
niques less effective for generating a broad set of relevant
recommendations.

In general using more fine-grained information about
users’ navigational histories as part of pattern discovery
does not necessarily translate to more effective personal-
ization. In particular, we conjecture that the structural
characteristics of Web sites, such as the site topology,
degree of connectivity, and the degree to which pages
are dynamically generated, have a significant impact on
the performance of recommendation models based on se-
quential patterns versus those based on non-sequential
patterns. To this date, there have been no comprehen-
sive studies comparing an evaluating the effectiveness
of sequential and non-sequential pattern discovery tech-
niques for the purpose of personalization. Furthermore,
there have been no studies considering which site-relates
factors might make the use of sequential patterns more
appropriate than non-sequential patterns in personaliza-
tion. Our goal in this paper is to provide such a study.

We first provide a framework for Web personaliza-
tion based on association rules, contiguous and non-
contiguous sequential patterns discovered from Web us-
age data. The framework integrates these different min-
ing algorithms with efficient data structures and recom-
mendation algorithms which are especially tailored for
online generation of recommendations without the need
for a priori rule generation from frequent itemsets or se-
quences. We then conduct a detailed comparative evalu-
ation of sequential and non-sequential patterns in terms
of their effectiveness and suitability for personalization
tasks. The evaluation is performed based on real Web
usage data from 3 different sites with different structural
characteristics. Our results show that less constrained
patterns, such as frequent itemsets or general sequen-
tial patterns are better suited for personalization in sites
with a higher degree of connectivity and shorter naviga-
tional depth. On the other hand, more restrictive pat-
terns, such as contiguous sequential patterns (e.g., fre-
quent navigational paths) may be suitable for sites with
substructure at deeper levels of navigation (including
those resulting from dynamic pages generated through
sequences of user interactions with applications).

2 Personalization Based on Web Usage
Mining

The overall process of Web personalization, generally
consists of three phases: data preparation and transfor-
mation, pattern discovery, and recommendation. In tra-
ditional collaborative filtering approaches, the pattern
discovery phase (e.g., neighborhood formation in the k-
nearest-neighbor) as well as the recommendation phase
are performed in real time. In contrast, personaliza-
tion systems based on Web usage mining [10], perform
the pattern discovery phase offline. Data preparation
phase transforms raw web log files into clickstream data
that can be processed by data mining tasks. A variety
of data mining techniques can be applied to the click-

stream or Web application data in the pattern discovery
phase, such as clustering, association rule mining [1;
2; 19], and sequential pattern discovery [3]. The rec-
ommendation engine considers the active user session in
conjunction with the discovered patterns to provide per-
sonalized content. The personalized content can take the
form of recommended links or products, or targeted ad-
vertisements tailored to the user’s perceived preferences
as determined by the matching usage patterns. In this
paper, our focus is specifically on association rule mining
and sequential pattern discovery, and the suitability of
the resulting patterns for personalization.

The required high-level tasks in the data preparation
phase are data cleaning, user identification, session iden-
tification, pageview identification, and the inference of
missing references due to caching. Pageview identifica-
tion is the task of determining which page file accesses
contribute to a single browser display. Transaction iden-
tification can be performed as a final preprocessing step
prior to pattern discovery in order to focus on the rel-
evant subsets of pageviews in each user session. In the
present work we rely on the preprocessing techniques dis-
cussed in [5; 4] to perform the data preparation tasks on
our experimental data sets.

The output of the data preparation phase is a set of
n pageviews, P = {p1, p2, · · · , pn}, and a set of m user
transactions, T = {t1, t2, · · · , tm}, where each ti ∈ T is
a subset of P . Conceptually, we view each transaction t
as an l-length sequence of ordered pairs:

t =
〈
(pt

1, w(pt
1)), (p

t
2, w(pt

2)), · · · , (pt
l , w(pt

l))
〉
,

where each pt
i = pj for some j ∈ {1, · · · , n}, and w(pt

i)
is the weight associated with pageview pt

i in the trans-
action t. Weights can be binary, representing the exis-
tence or non-existence of a product-purchase or a doc-
uments access in the transaction; or they can be a
function of the duration of the associated pageview in
the user’s session. In this paper, since our focus is
on association rule and sequential pattern discovery, we
only consider binary weights on pageviews within user
transactions. In the case of association rule discovery,
we ignore the ordering among the pageviews. In that
case, a transaction can be viewed as a set of pageviews
st = {pt

i | 1 ≤ i ≤ l and w(pt
i) = 1}. In the case

of sequential (and contiguous sequential) patterns, how-
ever, we preserve the ordering relationship among the
pageviews in the transactions.

Given a set of transactions as described above, a va-
riety of unsupervised knowledge discovery techniques
can be applied to obtain patterns. In the present
work, we focus on three data mining techniques: As-
sociation Rule mining (AR), Sequential Pattern (SP),
and Contiguous Sequential Pattern (CSP) discovery.
CSP’s are a special form of sequential patterns in which
the items appearing in the sequence must be adjacent
with respect to the underlying ordering. In the con-
text of Web usage data, CSP’s can be used to cap-
ture frequent navigational paths among user trails [18;
17]. In contrast, items appearing in SP’s, while preserv-
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ing the underlying ordering, need not be adjacent, and
thus they represent more general navigational patterns
within the site. Frequent item sets, discovered as part
of association rule mining, represent the least restrictive
type of navigational patterns, since they focus on the
presence of items rather than the order in which they
occur within user session.

Association rules capture the relationships among
items based on their patterns of co-occurrence across
transactions (without considering the ordering of items).
In the case of Web transactions, association rules capture
relationships among pageviews based on the navigational
patterns of users. For the current paper we have used the
Apriori algorithm [2; 19] that follows a generate-and-test
methodology. This algorithm finds groups of items (in
this case the pageviews appearing in the preprocessed
log) occurring frequently together in many transactions
(i.e., satisfying a user specified minimum support thresh-
old). Such groups of items are referred to as frequent
item sets.

Given a transaction T and a set I = {I1, I2, . . . , Ik}
of frequent itemsets over T . The support of an itemset
Ii ∈ I is defined as σ(Ii) = |{t ∈ T : Ii ⊆ t}|/|T |.

Association rules which satisfy a minimum confidence
threshold are then generated from the frequent itemsets.
An association rule r is an expression of the form X ⇒
Y (σr, αr), where X and Y are itemsets, σr is the support
of X ∪ Y , and αr is the confidence for the rule r given
by σ(X ∪ Y )/σ(X).

Sequential patterns in Web usage data capture the
Web page trails that are often visited by users, in
the order that they were visited. Sequential patterns
are those sequences of items that frequently occur in
a sufficiently large proportion of transactions. A se-
quence < s1, s2, . . . , sn > occurs in a transaction t =
〈p1, p2, . . . , pm〉 (where n ≤ m) if there exist n positive
integers 1 ≤ a1 < a2 < . . . < an ≤ m, and si = pai for
all i. We say that 〈cs1, cs2, . . . , csn〉 is a contiguous se-
quence in t if there exists an integer 0 ≤ b ≤ m− n, and
csi = pb+i for all i = 1 to n. In a contiguous sequential
pattern, each consecutive pair of elements, si and si+1,
must appear consecutively in a transaction t which sup-
ports the pattern, while sequential pattern can represent
non-contiguous frequent sequences in the underlying set
of transactions.

Given a transaction set T and a set S =
{S1, S2, . . . , Sn} of frequent sequential (respectively, con-
tiguous sequential) pattern over T , the support of each
Si is defined as follows:

σ(Si) =
|{t ∈ T : Si is (contiguous) subsequence of t}|

|T |
The confidence of the rule X ⇒ Y , where X and

Y are (contiguous) sequential patterns, is defined as
α(X ⇒ Y ) = σ(X ◦ Y )/σ(X), where ◦ represents the
concatenation operator on sequences. The Apriori algo-
rithm used in association rule mining can also be adopted
to discover sequential and contiguous sequential pat-
terns. This is normally accomplished by changing the

definition of support to be based on the frequency of oc-
currences of subsequences of items rather than subsets
of items.

3 Recommendation Models Based on
Sequential and Non-Sequential
Patterns

The recommendation engine is the online component
of the personalization process. In standard collabora-
tive filtering, the recommendation engine is integrated
with the “neighborhood formation” phase. In our con-
text, the recommendation engine takes a collection of
frequent itemsets or (contiguous) sequential patterns as
input and generates a recommendation set by matching
the current user’s activity against the discovered pat-
terns. In this section, we represent efficient and scalable
data structures for storing frequent itemset and sequen-
tial patterns, as well as a recommendation generation
algorithms that use these data structures to directly pro-
duce real-time recommendations.

We use a fixed-size sliding window over the current ac-
tive session to capture the current user’s history depth.
For example, if the current session (with a window size
of 3) is < A, B, C >, and the user accesses the pageview
D, then the new active session becomes < B, C, D >.
Thus, the sliding window of size n over the active ses-
sion allows only the last n visited pages to influence the
recommendation value of items in the recommendation
set. We call this sliding window, the user’s active session
window.

3.1 Recommendation Engine Based on
Association Rules

The recommendation engine based on association rules
matches the current user session window with frequent
itemsets to find candidate pageviews for giving recom-
mendations. Given an active session window w and a
group of frequent itemsets, we only consider all the fre-
quent itemsets of size |w|+ 1 containing the current ses-
sion window. The recommendation value of each candi-
date pageview is based on the confidence of the corre-
sponding association rule whose consequent is the sin-
gleton containing the pageview to be recommended.

In order to facilitate the search for itemsets (of size
|w| + 1) containing the current session window w, the
frequent itemsets are stored in a directed acyclic graph,
here called a Frequent Itemset Graph. The Frequent
Itemset Graph is an extension of the lexicographic tree
used in the tree projection algorithm of [1]. The graph
is organized into levels from 0 to k, where k is the max-
imum size among all frequent itemsets. Each node at
depth d in the graph corresponds to an itemset, I, of
size d and is linked to itemsets of size d + 1 that contain
I at level d + 1. The single root node at level 0 corre-
sponds to the empty itemset. To be able to match differ-
ent orderings of an active session with frequent itemsets,
all itemsets are sorted in lexicographic order before be-
ing inserted into the graph. The user’s active session
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Input: Session window w = 〈p1, . . . , pn〉
in lexicographic order

Minimum confidence threshold α
Output: Recommendation set REC
REC = ∅
currentNode = root; depth = 0;
repeat

depth++;
if ∃X ∈ currentNode.children

with X.itemset ⊆ {p1, . . . , pdepth}
currentNode = X;

else
currentNode = NULL; Break;

until depth > |w|
if currentNode �= NULL then

for each node N ∈ currentNode.children do
let c = N.support/currentNode.support;
if c ≥ α

p = (N.itemset − w)
p.rec score = c
REC = REC ∪ {p}

end if
end for

end if

Figure 1: Recommendation Algorithm Based on Associ-
ation Rules

is also sorted in the same manner before matching with
patterns.

T1: {ABDE}
T2: {ABECD}
T3: {ABEC}
T4: {BEBAC}
T5: {DABEC}

Table 1: Sample Web Transactions involving pageviews
A, B, C, D and E

Given an active user session window w, sorted in lex-
icographic order, a depth-first search of the Frequent
Itemset Graph is performed to level |w|. If a match is
found, then the children of the matching node n contain-
ing w are used to generate candidate recommendations.
Each child node of n corresponds to a frequent itemset
w∪{p}. In each case, the pageview p is added to the rec-
ommendation set if the support ratio σ(w ∪ {p})/σ(w)
is greater than or equal to α, where α is a minimum
confidence threshold. Note that σ(w ∪ {p})/σ(w) is the
confidence of the association rule w ⇒ {p}. The con-
fidence of this rule is also used as the recommendation
score for pageview p. It is easy to observe that in this
algorithm the search process requires only O(|w|) time
given active session window w. The details of the algo-
rithm for the association-based recommendation engine
are given in Figure 1.

To illustrate the process, consider the example trans-
action set given in Table 1. Using these transactions,
the Apriori algorithm with a frequency threshold of 4

Size 1 Size 2 Size 3 Size 4
{A}(5) {A, B}(5) {A, B, C}(4) {A, B, C, E}(4)
{B}(6) {A, C}(4) {A, B, E}(5)
{C}(4) {A, E}(5) {A, C, E}(4)
{E}(5) {B, C}(4) {B, C, E}(4)

{B, E}(5)
{C, E}(4)

Table 2: Frequent Itemsets generated by Apriori algo-
rithm

ABCE (4)

ABC  (4) ABE  (5) ACE  (4) BCE (4)

AB  (5) AC  (4) AE  (5) BE  (5)BC  (4) CE (4)

A  (5) B  (6) C  (4) E  (5)

O Depth 0

Depth 1

Depth 2

Depth 3

Depth 4

Figure 2: The Frequent itemsets Graph for example

(minimum support of 0.8) generates the itemsets given
in Table 2. Figure 2 shows the Frequent Itemsets Graph
constructed based on the frequent itemsets in Table 2.
Now, given user active session window < B, E >, the
recommendation generation algorithm finds items A and
C as candidate recommendations. The recommenda-
tion scores of item A and C are 1 and 4/5, correspond-
ing to the confidences of the rules {B, E} → {A} and
{B, E} → {C}, respectively.

3.2 Recommendation Engine Based on
Sequential Patterns

The recommendation algorithm based on association
rules can be adopted to work also with sequential (re-
spectively, contiguous sequential) patterns. In this case,
we focus on frequent (contiguous) sequences of size |w|+1
whose prefix contains an active user session w. The can-
didate pageviews to be recommended are the last items
in all such sequences. The recommendation values are
based on the confidence of the patterns. If the confi-
dence satisfies a threshold requirement, then the candi-
date pageviews are added to the recommendation set.

A simple trie structure, which we call Frequent Se-
quence Trie (FST), is used to store both the sequential
and contiguous sequential patterns discovered during the
pattern discovery phase. The FST is organized into lev-
els from 0 to k, where k is the maximal size among all
sequential (respectively, contiguous sequential) patterns.
There is the single root node at depth 0 containing the
empty sequence. Each non-root node N at depth d con-
tains an item sd and representing a frequent sequence
< s1, s2, . . . , sd−1, sd > whose prefix < s1, s2, . . . , sd−1 >
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Input: Session window w = 〈p1, . . . , pn〉
in the original order

Minimum confidence threshold α
Output: Recommendation set REC
REC = ∅
currentNode = root; depth = 0;
repeat

depth++;
if ∃X ∈ currentNode.children

with X.item = pdepth

currentNode = X;
else

currentNode = NULL; Break;
until depth > |w|
if currentNode �= NULL then

for each node N ∈ currentNode.children do
let c = N.support/currentNode.support;
if c ≥ α and p �= pi for i = 1, . . . , n

p = N.item
p.rec score = c
REC = REC ∪ {p}

end if
end for

end if

Figure 3: Recommendation Algorithm Based on Sequen-
tial or Contiguous Sequential Patterns

is the pattern represented by the parent node of N at
depth d−1. Furthermore, along with each node we store
the support (or frequency) value of the corresponding
pattern. The confidence of each pattern (represented by
a non-root node in the FST) is obtained by dividing the
support of the current node by the support of its parent
node.

Size 1 Size 2 Size 3
< A > (5) < A, B > (4) < A, B, E > (4)
< B > (6) < A,C > (4) < A, E, C > (4)
< C > (4) < A, E > (4)
< E > (5) < B, C > (4)

< B, E > (5)
< C, E > (4)

Table 3: Frequent Sequential Patterns

The recommendation algorithm based on sequential
and contiguous sequential patterns has a similar struc-
ture as the algorithm based on association rules. For
each active session window w =< w1, w2, . . . , wn >, we
perform a depth-first search of the FST to level n. If a
match is found, then the children of the matching node N
are used to generate candidate recommendations. Given
a sequence S =< w1, w2, . . . , wn, p > represented by a
child node of N , the item p is then added to the recom-
mendation set as long as the confidence of S is greater
than or equal to the confidence threshold. As in the case
of frequent itemset graph, the search process requires
O(|w|) time given active session window size |w|. The
details of this algorithm are given in Figure 3.

To continue our example, Table 3 and 4 show the fre-

Size 1 Size 2
< A > (5) < A, B > (4)
< B > (6) < B, E > (4)
< C > (4)
< E > (5)

Table 4: Frequent Contiguous Sequential Patterns

C (4)

B  (4) C  (4) E  (4) E  (5)C  (4) C (4)

A(5) B(6) C(4) E(5)

O Depth 0

Depth 1

Depth 2

Depth 3E  (4)

Figure 4: The Frequent Sequential Pattern Trie for ex-
ample

quent sequential patterns and frequent contiguous se-
quential patterns with a frequency threshold of 4 over the
example transaction set given in Table 1. Figures 4 and 5
show the trie representation of the sequential and con-
tiguous sequential patterns listed in the Table 3 and 4,
respectively. The sequential pattern < A, B, E > ap-
pears in the figure 4 because it is the subsequence of 4
transactions: T1, T2, T3 and T5. However, < A, B, E > is
not a frequent contiguous sequential pattern since only
3 transactions (T2, T3 and T5) contain the contiguous se-
quence < A, B, E >. Give a user’s active session window
< A, B >, the recommendation engine using sequential
patterns finds item E as a candidate recommendation.
The recommendation score of item E is 1, correspond-
ing to the rule < A, B >⇒< E >. On the other hand,
the recommendation engine using contiguous sequential
patterns will, in this case, fails to give any recommenda-
tions.

B  (4) E  (4)

A(5) B(6) C(4) E(5)

O Depth 0

Depth 1

Depth 2

Figure 5: The Frequent Contiguous Sequential Pattern
Trie for example
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3.3 All-kth-Order Models
It should be noted that, depending on the specified sup-
port threshold, it might be difficult to find large enough
itemsets or sequential patterns that could be used for
providing recommendations, leading to reduced cover-
age. This is particularly true for sites with very small
average session sizes. An alternative to reducing the
support threshold in such cases would be to reduce the
session window size. This latter choice may itself lead
to some undesired effects since we may not be taking
enough of the user’s activity history into account. Gen-
erally, in the context of recommendation systems, using
a larger window size over the active session can achieve
better prediction accuracy. But, as in the case of higher
support threshold, larger window sizes also lead to lower
recommendation coverage.

In order to overcome this problem, we use all-kth-
order method proposed in [15] in the context of Markov
chain models. Markov models are especially suited for
predictive modeling based on contiguous sequences of
events. In Web usage analysis, they have been proposed
as the underlying modeling machinery for Web prefetch-
ing applications or to minimize system latencies [6; 14;
15]. Such systems are designed to predict the next user
action based on a user’s previous surfing behavior. In
general, Markov models generate state-to-state transi-
tion probabilities from Web navigational sequences and
predict user’s next access based on these transition prob-
abilities. In this context, each state represents a subse-
quence of a current user’s trail through the site. The
order of the Markov model corresponds to the number
of prior events used in predicting a future event. So, a
kth-Order Markov model predicts user’s next action by
looking the past k actions.

Higher-order Markov models generally provide a
higher prediction accuracy. However, this is usually
at the cost of lower coverage and much higher model
complexity due to the larger number of states. In or-
der to remedy the coverage and space complexity prob-
lems, [15] proposed All-kth-Order Markov models (for
coverage improvement) and a new state reduction tech-
nique, called longest repeating subsequences (LRS) (for
reducing model size). The use of all-kth-order Markov
models generally requires the generation of separate
models for each of the k orders: if the model cannot
make a prediction using the kth order, it will attempt to
make a prediction by incrementally decreasing the model
order. This scheme can easily lead to even higher space
complexity since it requires the representation of all pos-
sible states for each k.

Our recommendation framework for contiguous se-
quential patterns is essentially equivalent to kth-order
Markov models, however, rather than storing all naviga-
tional sequences, we only store frequent sequences result-
ing from the sequential pattern mining process. In this
sense, our method is similar to support pruned mod-
els described in [6], except that the support pruning
is performed by the Apriori algorithm in the mining
phase. Furthermore, in contrast to standard all-kth-

order Markov models, our framework does not require
additional storage since all the necessary information
(for all values of k) is captured by Frequent Sequence
Trie structure described above.

The notion of all-kth-order models and also easily be
extended to the context of general sequential patterns
and association rule. We extend our recommendation
algorithms to generate all-kth-order recommendations
as follows. First, the recommendation engine uses the
largest possible active session window as an input for
recommendation engine. If the engine cannot generate
any recommendations, the size of active session window
is iteratively decreased until a recommendation is gener-
ated or the window size becomes 0. We use this extended
recommendation framework for all 3 approaches in our
experiments discussed in the next section.

4 Experimental Evaluation

The effectiveness of personalization must be measured in
terms of both coverage and precision of the produced rec-
ommendations. Precision measures the degree to which
the recommendation engine produces accurate recom-
mendations. On the other hand, coverage measures the
ability of the recommendation engine to produce all of
the items that are likely to be visited by the user. Both
of these measures are essential in evaluating the effec-
tiveness of recommender systems. For example, in the
e-commerce domain, low precision can easily lead to an-
gry or frustrated users (who receive inaccurate recom-
mendations) while low coverage will result in the site
missing cross-sell or up-sell recommendations at critical
junctures in user’s navigation through the site.

We systematically evaluate the performance of recom-
mendation engines using Association Rules (AR), Se-
quential Patterns (SP), and Contiguous Sequential Pat-
terns (CSP), in terms of coverage and precision. Our
goal is to determine the conditions (e.g., characteristics
of a site) which contribute to one model performing bet-
ter than others. In order to facilitate such an evaluation,
we use real usage data from 3 different site each with its
own characteristics. In general, our results indicate that
the structure of a Web site characteristics, such as the
underlying hyperlink structure, have a significant impact
on the performance of the models.

4.1 Experimental Data Sets and Site
Characteristics

For our experiments, we used the server logs from
the 3 different Web sites each with its own structural
and domain characteristics. The server logs used for
the current experiments belong to of the Association
for Consumer Research (ACR) Newsletter (www.acr-
news.org), the School of Computer Science, Telecom-
munication, and Information Systems (CTI) at DePaul
University (www.cs.depaul.edu), and Network Chicago
(NC)which combines the programs and activities as-
sociate with the Chicago Public Television and Radio
(www.networkchicago.com).
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Figure 6: The Hyperlink Graph for the ACR Site

The visitors to the ACR Web site tend to have a
focused set of interests in specialized topics related to
consumer psychology and marketing. The site is highly
connected, but relatively shallow (maximum depth of 4)
with all pages at levels 1 and 2 linked to all other pages at
those levels. Furthermore, all pages in the site include
navigation links to the top level pages as well as back
links to pages in the parent level. The site is fairly small
with close to 100 unique pageviews. The usage charac-
teristics of the site reflect relatively short user sessions.
The graph in Figure 6 depicts the underlying hyperlink
structure for the ACR site. In particular, this graph
illustrates the highly connected nature of the site.

Figure 7: The Hyperlink Graph for the NC Site

The CTI site, on the other hand, has a much broader
audience. The visitors to this site include a variety of ex-

ternal users interested in a number of academic and re-
search programs, as well as thousands of student, faculty,
and staff, utilizing resources and applications available
in the intranet portion of the site. The site is highly dy-
namic with many dynamically generated pages at deeper
levels in the site. The site usage is characterized by fairly
long navigational trails often reaching up to 10 or more
levels deep.

The NC site also has a broad audience and is char-
acterized by long navigational paths. Certain portions
of this site (representing individual programs) are highly
connected, but relatively deep navigational sequences are
required to arrive at these connected components. Fig-
ure 7 depicts the hyperlink graph for the NC site.

Our results, discussed in the next section, suggest that
with a highly connected site structure, generally, AR
and SP models, which capture less constrained naviga-
tional patterns, are better choices for personalization.
On the other hand, In a sites (or portions of a site), in-
volving deeper substructure and longer paths (particu-
larly sites with dynamically generated pages where the a
pageview often depends on the results of previous actions
by users), CSP models generally provide more accurate
predictions of user interests.

4.2 Evaluation Methodology
We perform 10-fold cross-validation using each of the
3 data sets. In each of the 10 iterations, the data set
divided into training (90%) and evaluation (10%) data
sets. The training set is used to generate the models
based on AR, SP, and CSP, while the evaluation set is
used to test the generated model.

Our evaluation methodology is as follows. Each trans-
action t in the evaluation set is divided into two parts.
The first n pageviews in t are used for generating rec-
ommendations, whereas, the remaining portion of t is
used to evaluate the generated recommendations. The
value n reflects the maximum allowable window size for
the experiments (in our case 4). Given a window size
w ≤ n, we select a subset of the first n pageviews as the
surrogate for a user’s active session window. The active
session window is the portion of the user’s clickstream
used by the recommendation engine in order to produce
a recommendation set. We call this portion of the trans-
action t the active session with respect to t, denoted by
ast. The recommendation engine takes ast and a rec-
ommendation threshold τ as inputs and produce a set of
pageviews as recommendations. We denote this recom-
mendation set by R(ast, τ). Note that R(ast, τ) contains
all pageviews whose recommendation score is at least τ
(in particular, if τ = 0, then R(ast, τ) = P , where P is
the set of all pageviews).

The set of pageviews R(ast, τ) can now be compared
with the remaining |t| − n, pageviews in t. We denote
this portion of t by evalt. Our comparison of these sets
is based on 2 different metrics, namely, precision and
coverage. The precision of R(ast, τ) is defined as:

precision(R(ast, τ)) =
|R(ast, τ) ∩ evalt|

|R(ast, τ)| ,
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and the coverage of R(ast, τ) is defined as:

coverage(R(ast, τ)) =
|R(ast, τ) ∩ evalt|

|evalt| .

Precision measures the degree to which the recommen-
dation engine produces accurate recommendations (i.e.,
the proportion of relevant recommendations to the total
number of recommendations). Coverage measures the
ability of the recommendation engine to produce all of
the pageviews that are likely to be visited by the user
(i.e., the proportion of relevant recommendations to all
relevant pageviews).

Finally, for a given recommendation threshold τ , the
mean over all transactions in the evaluation set is com-
puted as the overall evaluation score for each measure.
We ran each set of experiments for thresholds ranging
from 0.1 to 1.0. The results of these experiments are
presented below.

4.3 Experimental Results
Figures 8, 9, and 10 depict the evaluation results for the
ACR, CTI, and NC data sets. In each case, the perfor-
mance of the recommendation frameworks based on as-
sociation rules (AR), sequential patterns (SP), and con-
tiguous sequential patterns (CSP) is measured in terms
of precision and coverage of recommendations. In gen-
eral, the sequential models (particularly CSP) often pro-
duce unacceptable coverage when used for recommen-
dations. Thus, we have present only the all-kth-order
models for each framework, as discussed in Section 3.3

As can be observed from these results, in the case of
sites characterized by longer hyperlink paths and deeper
substructure (e.g., CTI and NC sites), the sequential
models such as CSP and SP tend to produce more ac-
curate recommendations overall. The coverage of the
CSP model, in general, is quote low. This may suggest
that contiguous sequential patterns are better suited for
applications such as Web pre-fetching where the goal is
to predict a user’s immediate next actions rather than
producing a broader set of recommendations (as in Web
personalization). On the other hand, the SP model in
the case on the CTI and NC sites, produce more precise
recommendations than the AR model while maintaining
coverage levels in par with the AR model.

In contrast, as observed in Figure 8, in the case of
the highly-connected ACR site, the AR model produces
recommendations at a similar precision levels as the
SP model, while achieving much higher coverage levels.
These results indicate that in highly connected sites the
use of sequential patterns for personalization may result
in overly narrow recommendations sets, thus leading to
lower coverage, while not providing any advantage in
terms of higher precision.

To further verify the above observations, we selected
two highly connected components of the NC site graph
(the circled portions of the graph depicted in Figure 7),
and filtered the NC data set with the resulting user
transaction only containing pageviews from the selected

Figure 8: Performance of recommendation frameworks
based on Association Rules and Sequential Patterns in
the ACR data set.

components. We then performed our evaluation on this
filtered data set. The results are depicted in Figure 11.

These results show a strong resemblance to those ob-
tained for the ACR site. In this case, also, the AR model
provides much better recommendation coverage, while
producing precision levels in par with, or better than,
the SP and CSP models. Indeed, in both cases, the SP
and AR models provide significantly higher precision at
higher recommendation thresholds, suggesting that for
highly connected sites (or portions of sites), less con-
strained patterns are generally better suited for use in
personalization tasks.

5 Conclusions and Future Work
The effectiveness of a personalization framework must be
evaluated in terms on two important factors, namely the
precision and the coverage of the generated recommen-
dations. In general using more fine-grained information
about users’ navigational histories (such as the ordering
information among pageviews in user transactions) as
part of pattern discovery does not necessarily translate
to more effective personalization. A number of factors,
such as the structural characteristics of a site, have a
significant impact on the performance of sequential rec-
ommendation models (based on sequential or contiguous
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Figure 9: Performance of recommendation frameworks
based on Association Rules and Sequential Patterns in
the CTI data set.

sequential patterns) versus those of non-sequential mod-
els (based on frequent itemsets or association rules).

In this paper We have conducted a detailed compara-
tive evaluation of sequential and non-sequential patterns
in terms of their effectiveness and suitability for person-
alization tasks. In particular, we have focused on the
impact of a site’s topology and its degree of connectivity
on the precision and coverage of recommendations. Our
results show that less constrained patterns, such as fre-
quent itemsets or general sequential patterns are better
suited for personalization in sites with a higher degree of
connectivity and shorter navigational depth, while more
restrictive patterns, such as contiguous sequential pat-
terns may be suitable for sites with deeper navigational
depths (including those resulting from dynamic pages
generated through sequences of user interactions).

An interesting area of further study is the develop-
ment of a hybrid recommendation framework that can
automatically switch between recommendation models
during user navigation based on the degree of connectiv-
ity of at different “neighborhoods” within the site.
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