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Abstract

As Web sites begin to realise the advantages of en-
gaging users in more extended interactions involv-
ing a semi-structured combination of information
and communication behaviour, the log �les record-
ing Web usage become more complex. While Web
usage mining provides for the syntactic speci�cation
of structured patterns like association rules or (gen-
eralised) sequences, it is less clear how to analyse and
visualise usage data involving longer patterns with
little expected structure, without losing an overview
of the whole of all paths. The method proposed in
this paper employs two ways of analysing complex
Web usage data. Concept hierarchies are used as a
basic method of aggregating Web pages. Interval-
based coarsening is then proposed as a method for
representing sequences at coarser levels of abstrac-
tion. Relations to the measures support, con�dence,
and ways of analysing generalised sequences are shown.
The tool STRATDYN that implements interval-based
coarsening uses �2 testing for analysing di�erences
in support values, and coarsened stratograms to vi-
sualise Web usage, and to provide coarsening and
zooming. A case study of agent-supported shopping
in an E-commerce site illustrates the formalism.

Keywords: Web usage mining, sequence mining,
visualisation, statistical methods, abstraction, agent
communication

The way users navigate a Web site can be used to
learn about their preferences and o�er them a better
adapted interface, from improving site design [SP01]
to o�ering dynamic personalisation [MCS00].

However, behaviour is complex and can exhibit
more `local' and more `global' regularities. This be-
comes particularly important in a site where mean-
ingful behavioural patterns, i.e. episodes [W3C99],
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may extend over longer periods of time. Episodes are
becoming longer as Web sites go from o�ering infor-
mation, online catalogues, and purchasing options
to utilising the full power of interactivity and com-
munication. For example, E-commerce sites start to
employ agents that o�er users support along their
way through the site and engage them in a sales
dialogue. This kind of dialogue, along with the op-
tion to abandon it and/or restart it at any time,
provides a rich, semi-structured interface, leading to
more extended user interaction, and therefore more
navigational information waiting to be discovered.

Much of the information contained in an inter-
action process is sequential. Sequence mining in-
vestigates the temporal characteristics of Web us-
age (e.g., [BBA+00, BL00, MT96, SA96, Wan97]).
Queries and result representation focus on statisti-
cal measures like the frequency of sequences, and in
addition may allow the speci�cation and visual in-
spection of alternative paths taken through a site
to reach a given goal page from a given start page
[Spi99].

The powerful techniques available for the iden-
ti�cation of patterns often lead to huge result sets.
The mining challenge is to combine openness and
little speci�cation to be able to �nd unexpected pat-
terns with enough structure to easily �nd meaningful
results, i.e. interesting patterns.

One approach is to select patterns, e.g. by �lter-
ing based on numerical criteria like support thresh-
olds or more sophisticated mechanisms [Coo00], or
query languages to constrain patterns syntactically,
e.g., [BBA+00, Spi99].

Another approach is to abstract from details by
classifying accessed pages or paths. Concept hier-
archies treat a number of Web pages as instances
of a higher-level concept, based on page content (as
in market basket analysis [HK01]), or by the kind
of service requested, for example, the query options
that a user employs to search a database [BS00].



Generalised sequences [Spi99] are used to de�ne pat-
tern templates that summarise a number of di�erent
sequences of requests. For example, [A1; [0; 5]; A2]
matches all sequences found in user paths that start
with a node A1 and end with a node A2, with up to
5 further arbitrary nodes in between. A generalised
sequence thus abstracts sequences by declaring parts
of user paths to be of secondary interest. One prob-
lem of this kind of aggregation is that the paths in
between the speci�ed nodes are either lost in the rep-
resentation of results (if only the support and con-
�dence of a pattern are given), or are represented
in very �ne detail (e.g., as the disjunction of all the
di�erent paths actually taken in [Spi99]). The latter
then necessitates the visual inspection and formula-
tion of new, abstract or speci�c, hypotheses to be
tested. If these in-between paths are of interest, and
there is not enough information or prior expectation
to specify them syntactically, a mechanism appears
desirable that presents a large number of paths in a
compact way.

Visualisations can be regarded as supporting ab-
straction per se, because they utilise the human ca-
pabilities of quickly recognising patterns that may
not stand out in a non-pictorial representation of
the data. Di�erent kinds of visualisations empha-
sise di�erent aspects of Web usage. A popular class
(e.g. [CPP00, CS99]) is related to visualisations of
Web sites: Each page is assigned one place in 2D
or 3D space, using graph layout algorithms to max-
imise the clarity of distribution across space. Transi-
tions are shown as arrows between pages. Line thick-
ness may be used to encode frequencies of transitions
[HL01]. However, to identify the temporal progress
of a user path, these arrows have to be traced in-
dividually, which makes it diÆcult to perceive a se-
quential pattern. Progress can be traced in detail
in the tree representations of [Spi99], which involve
multiple representations of pages that were visited
several times. In both these kinds of approaches,
the analyst can usually simplify the visualisations
by selection, �ltering out nodes and/or links. How-
ever, the position of a page in space bears no mean-
ing, implying that positions and directions of visual
elements cannot be directly interpreted.

To visualise single user paths, pages are often
plotted against time (e.g., [JB95]). This employs
\alignment" [CMS99], associating one page with one
y coordinate. This makes position interpretable. In
the \proofograms" of [OCM+96], the y values are
arranged in a meaningful order, so relative posi-
tion or directions of visual elements such as \lines
from top left to bottom right" can be interpreted.

However, the focus on single user paths makes these
approaches inadequate for mining large amounts of
data.

The present paper proposes stratograms as a way
of combining these visualisation approaches. It ex-
tends this basic idea by introducing coarsening as an
abstraction along the temporal dimension, as mea-
sured by the order of requests. The proposed method,
interval-based coarsening, deals with binary as well
as n-ary sequences, and it can be used to analyse
generalised sequences. Relations to the standard
Web usage mining measures support and con�dence
will be shown. Coarsened stratograms are presented
as powerful visualisations that allow the results to
be easily communicated to non-experts. This may
allow more local and more global patterns to be de-
tected. A coarse �rst overview of the data can also
help the analyst to quickly concentrate on areas of
the data that contain interesting patterns.

The paper �rst describes stratogram visualisa-
tions and coarsening. Throughout, a case study
will be used to illustrate the formal argument. Sec-
tion 4 then presents the statistical background, pat-
tern discovery and comparison using type hierar-
chies. Algorithms to compute stratograms based on
type hierarchies are then described, and extensions
discussed. The methods are implemented in the tool
STRATDYN, which was �rst presented in [Ber00].

1 Example: agent-supported

shopping in an online store

TheWeb site used in the case study is an online store
developed at the Institute of Information Systems
of Humboldt University Berlin, in cooperation with
a German retail chain. After selecting a product
category and going through an introductory phase,
users are encouraged to answer up to 56 questions
related to the product they intend to purchase. This
communication is initiated by an anthropomorphic
shopping agent. At any time, the agent can be
asked to determine the current top 10 products out
of the shop's o�ers, based on the user's preferences
as stated in the answers given so far. From the top
10 page, information on each product can be ob-
tained. From there, further information is available,
and the product can be placed into the shopping
cart and purchased. From the top 10 page, users
can also go back to continue answering questions,
or to revise given answers. Exit without purchasing
is possible at any time. Apart from the questions
tailored to the product category and the products



on o�er (but parallelised according to sales strategy,
see [ASS01]), the shopping interface is identical for
di�erent products.

Here as in many other analyses of Web usage,
the initial analysis questions were \What did users
do in this site? When? And how often?". A �rst,
incomplete conceptual sketch of possible activities in
the site is shown in Fig. 1 (a).

Information:
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personal questions unrelated to the product (peip)

personal questions related to the product (pepr)

questions on aspects of envisaged usage (u)
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Figure 1: Activities/requests in the example site:
(a) related to one another in an initial sketch, (b)
ordered by increasing closeness to product.

The analyst's �rst task is to design a scheme
which allows the classi�cation of each URL and which
distinguishes relevant activities. The result is shown
in Fig. 1 (b).

The URLs of the main shopping phase were gen-
erated dynamically. URLs were classi�ed as follows:
\Q(uestion) categories" is an overview page contain-
ing seven groups of questions of di�erent content,
visible to the user. For the analysis, the questions
were classi�ed into four categories ordered by de-
creasing relatedness to the product and judged by
independent raters as decreasingly legitimate and
relevant in the shopping context. This manipula-
tion was an intentional part of the shopping process
designed to �nd out in how far shoppers let them-
selves be involved in a communication that elicits
privacy-relevant information [ASS01]. The remain-
ing pages were ordered by increasing closeness to a
decision for a product: \top 10", \product info",

\more product info", \product info with purchase
option", and \purchase". This gives rise to an order
on pages de�ned by closeness to the product, increas-
ing from top to bottom.

The present analysis used the navigation data
of participants of an experiment with a choice of
two product categories, compact cameras and win-
ter jackets. Buying decisions were binding for par-
ticipants (for details, see [SGB01] and http://iwa.-
wiwi.hu-berlin.de).

Figure 2 shows stratograms aggregating the paths
taken by 152 camera shoppers and 50 jacket shop-
pers through the store. The analysis focused on be-
haviour after the (highly structured) introductory
phase. So all requests prior to a user's �rst request
for the question categories page are not shown. In
the phase shown, users were free to explore the site.

Each segment along the x axis denotes one step in
the original logs. The two numbers at the right hand
side of the �gure both denote the maximal number
of steps considered. Each line in the diagram con-
nects a point (t; v) with another point (t+1; v0), see
for example the zigzagging series of lines at the bot-
tom left of each stratogram in Fig. 2 that connect
\top 10" and \product info". Some lines are thicker,
e.g., those at the bottom right between \top 10"
and \product info" that are so close as to generate
a visual `block'. In contrast, connections between
questions of di�erent kinds in the top middle of the
lower diagram are thinner. The thicker the line, the
higher the proportion of shoppers that went from a
URL plotted at v to another plotted at v0 between
steps t and t+ 1.

To �nd interesting patterns, pages have been ab-
stracted using a concept hierarchy. To also �nd un-
expected patterns, all paths through the site are in-
vestigated in their total length.

The �gures show the unexpected result that two
phases emerged in user behaviour: a `communica-
tion phase' (top left) and an `information phase', in
which products were inspected (bottom right), and
that their distinctness changes with product cate-
gory. Commonalities and di�erences in behaviour
are easily seen: First, most users have answered
most of the questions, regardless of legitimacy / rel-
evance, in the order suggested by the site. This
is shown by the relatively few, thick lines at the
top left. However, camera shoppers followed the
sequence of questions even more closely before en-
tering the information phase. In contrast, jackets
were inspected already during the communication
phase (see bottom left), and answers corrected, re-
sulting in a longer communication phase. Also, in
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Figure 2: Basic stratograms of camera shoppers
(top) and jacket shoppers (bottom)

the information phase, \more product info" was re-
quested more often (see bottom right), and the in-
formation phase lasted longer. Statistical analysis
showed that conversion eÆciency, the ratio of the
number of buyers to the number of all shoppers,
was higher for cameras (55%) than for jackets (24%)
(�2

1 = 14:75; p < 0:01). In particular, conversion ef-
�ciency over short paths was higher (35% vs. 10%,
�2
1 = 11:37; p < 0:01). Paths were classi�ed as

\short" if they were shorter than half the maximal
length of purchasing sessions. These results suggest
that the design of the online store and its shopping
agent may be more suited to selling search goods
like cameras, i.e. products that may be judged by
examining a range of technical details. Online selling
of experience goods like jackets, on the other hand,
may require further interface developments, o�ering
better substitutes for the `experience' of fabric and

�t typically required to judge these products.
As this example has shown, stratograms address

all three of the initial analysis questions. The order-
ing of pages along the y axis makes the nature of se-
quences of activities visible, e.g., \remaining within
communication", \engaging in prolonged information-
seeking behaviour", or \changing / alternating be-
tween communication and information". This ad-
dresses the question \What did users do in the site?".
The ordering of requests along the x axis makes
the temporal characteristics of sequences of activ-
ities visible, e.g., the division into a communication
and an information phase. This addresses the ques-
tion \When did users do something in the site?".
The distribution of transitions along the x axis, to-
gether with the relative thickness of visual elements,
addresses the question of \how often" certain activ-
ities were pursued.



2 Basic stratograms

A basic stratogram thus rests on the relative fre-
quencies of transitions, i.e., binary sequences. For
each session s from a total of S sessions, all re-
quests after an o�set are considered. The o�set may
be the �rst request in a session, or it may be the
(�rst) request for a certain page, such as the �rst
request for the question categories page in the ex-
ample. s:(os + t) denotes the tth request, or step,
in session s after the o�set os. The normalised fre-
quency of the transition from node A1 to node A2 at
the tth step after the respective session o�sets os is

1

f(A1; A2; t) =

jfs j s:(os+t)=A1 ^ s:(os+t+1)=A2gj

S
: (1)

Since the number of all transitions between t and
t + 1 is at most S (it may be less because some
sessions may end earlier than t+ 1 steps after their
respective o�sets), each normalised frequency is at
most 1, and their sum is at most 1.

In addition to frequencies, a stratogram requires
a function v that maps the visited pages from the set
pages to numerical valuesN according to some inter-
pretation of the site's structure and content.2 This
may be a `degree of speci�city' in a search, or some
other scale along which pages may be ordered for
the analysis question at hand [Ber00]. In the run-
ning example of agent-supported online shopping,
integers re
ect the ordering of pages by closeness to
the product. To be able to identify a transition's fre-
quency with that of its associated numerical values,
it is assumed for simplicity that the function v is bi-
jective, i.e. that pages are not further summarised
by v. Each session is augmented by a request for the
special page \end" after its last request.

De�nition 1 A basic stratogram strat is de�ned as

strat = hpages; st; v; tr; �1; �2i with

st = f0; : : : ;maxs(jsj � 2)g;

v : pages 7! N;

tr = ff(A1; A2; t) j

A1 2 pages; A2 2 pages [ fendg; t 2 stg

where the � are support thresholds.

1The concepts and measures used in this paper are relative
to a log and a page classi�cation. To simplify notation, both
will be assumed given and not included as extra arguments.

2More complex stratograms that make v depend on the
page and the history before it was requested are discussed in
[Ber00].

A basic stratogram visualization consists of (1)
for each t; A1; A2 s.t. A2 = end and f(A1; A2; t) �
�1: a circle with center (t; v(A1)) and radius increas-
ing with f(A1; A2; t), and (2) for each other t; A1; A2

s.t. A2 6= end and f(A1; A2; t) � �2: a line from
(t; v(A1)) to (t+1; v(A2)), with thickness increasing
with f(A1; A2; t).

In the following, \stratogram" and \stratogram
visualisation" will be used interchangeably when clar-
i�ed by the context.

The number of steps is bounded above by the
number of nodes in the longest session minus 1, so t
ranges from 0 to maxs(jsj � 2).

The stratogram is normalised by support levels
either found in the data or imposed by the analyst,
i.e. there are minimal support levels, or support
thresholds, supmin1j2 = �1j2. (In Figures 2 to 4,
�1 = �2 = 0:05.)

3 Interval-based coarsening

The visualisation of longer episodes in basic strato-
grams harbours the danger that one may `not see the
wood for the trees' in the �ne resolution of single-
step actions. Also, actions that do occur frequently
around, but not exactly at the same step, will not
stand out as frequent.

3.1 Coarsened frequency tables and

coarsened stratograms

Interval-based coarsening summarises transitions in
consecutive, disjoint intervals of a size g � 1, start-
ing from the respective o�set. The normalised fre-
quency of the transition from node A1 to node A2 in
the tth interval after the respective session o�sets os
is

fg(A1; A2; t) =

(t+1)�g�1X

x:t�g

f(A1; A2; x): (2)

This measure may count a given session several
times if it contains more than one transition between
A1 and A2 between steps tg and (t+ 1)g. However,
each binary transition in the log is still counted ex-
actly once.

The frequencies as de�ned in equation (2) can be
tabulated, e.g. in a table with one row per transi-
tion (A1; A2), or transitions di�erentiated by prod-
uct, and one column per interval t. The resulting ta-
ble represents a coarsening of the table correspond-
ing to equation (1). Frequency tables aggregated in
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Figure 3: Cameras, g = 10 (top), g = 20 (bottom)

this way can be tested for statistically signi�cant dif-
ferences between single cells or groups of cells using
�2 tests ([Ber00], see [OHR94] for generalisations to
higher-order frequency tables).

Note that each cell can be interpreted as the
support of that sequence in that interval. Adding
cells,
P

A2
f(A1; A2; t) gives the support of node A1

in that interval, allowing the con�dence of each se-
quence to be calculated.

The visual equivalent of coarsened frequency ta-
bles is given by

De�nition 2 A coarsened stratogram stratg with
degree of coarsening g is de�ned as

stratg = hpages; st; v; tr; �1; �2; gi with

st = f0; : : : ; int(
maxs(jsj � 2)

g
)g;

v : pages 7! N;

tr = ffg(A1; A2; t) j

A1 2 pages; A2 2 pages [ fendg; t 2 stg

where the � are support thresholds.
A coarsened stratogram visualization is de�ned

analogously to a basic stratogram visualization.

In a coarsened stratogram, the set of all transi-
tions between t and t + 1 includes g steps, so their
number is at most g � S. Therefore, a normalised
frequency may be larger than 1. This can only be
the case if in at least one session, the transition un-
der consideration has occurred more than once. So
this transition may be considered as `more character-
istic' of this interval than others. Therefore, these
transitions are displayed not only as thicker to in-
dicate their higher frequency, but also in a darker
colour (black vs. grey) to indicate this qualitative
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Figure 4: Jackets, g = 10 (top), g = 20 (bottom)

di�erence. Since each user leaves exactly once, the
cumulation of frequencies does not apply for the cir-
cles denoting exits, so there is only one kind (colour)
of circles. Figures 3 and 4 show examples of coars-
ened stratograms.

A value t along the x axis should be read as the
(tg)th step in the original log, as shown by the two
numbers at the right hand side of the �gures.

It is straightforward to see that basic stratograms
are one limiting case of coarsened stratograms (g =
1). In the opposite limiting case, g ! 1, there is
only one interval [t; t+1] = [0; 1] to consider, which
comprises all transitions anywhere between the �rst
step (0 � g) and the last step of each session after
its respective o�set (1� g). Frequencies of a binary
transition are summed across all occurrences of that
transition in all sessions, showing the support of that
sequence over the whole log. An example is shown
in Figure 5.

3.2 Visual operations and newly

emerging patterns

One advantage of coarsened stratograms is that they
summarise behaviour that may occur in roughly the
same shape, but starting at di�erent o�sets after the
initial o�set os. This is illustrated in Figures 2 to 4.
They also allow the analyst to �rst gain a summary
view of the data and then `zoom in' by decreasing
the value of g.

Figure 6 illustrates the use of another zoom / un-
zoom operation: increasing the support thresholds
reduces the number of transitions shown, increasing
visual clarity. The �gure shows that behaviour in
the communication phase was more homogeneous in
the �rst of the four distinct `spiky' parts than in the
rest.

Another advantage is that new regularities be-
come visible. For example, Figures 3 and 4 show
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Figure 5: Camera shoppers, g = 500

that camera shoppers more often went from `innocu-
ous' pd questions to other pd questions, while jacket
shoppers were more at risk of not only answering one
personal peip question, but proceed directly to the
next one, and that these patterns occurred at di�er-
ent stages of the whole navigation history. This is
not visible in the basic stratograms in Figure 2, and
the information would be lost in a standard analysis
considering support across the whole session (cf. also
Figure 5). Statistical analysis comparing the fre-
quencies of these two transitions with those of other
question transitions con�rmed the visual impression
(�2

2 = 422:71; p < 0:001).3

While `directly repetitive patterns' thus show up
as thick horizontal lines, a new kind of regularity also
becomes visible: cyclic behaviour. This is shown by
thick X-shaped crossings between one step and the
next. To understand why, consider the meaning of
the two legs of an X: one marks a frequent transition,
in the respective interval, from a node A1 to a node
A2, while the other marks a frequent transition, in
the same interval, from A2 to A1. The advantage
of coarsening is that this kind of cyclic behaviour is
not restricted to [A1; A2; A1; A2; :::] sequences, but
may involve in-between visit to other nodes. Fig-
ures 3 and 4 show clearly that there was a marked
tendency for all shoppers to cycle between top 10

3The post hoc analysis should include � error correc-
tions. However, in contrast to the shorter episodes analysed
in [Ber00], the �ne-grained analysis presented here allows for,
and the visualisations encourage, a very large number of post
hoc tests. Therefore, testing the hypotheses with a di�erent
dataset than the one used for exploratory analysis is advis-
able, and will be the subject of future work.

and product info pages, although this occurred ear-
lier for camera shoppers than for jacket shoppers.
The �gures also show that cycling between prod-
uct info and photo enlargement pages was much less
pronounced. Both cycles went on for a much larger
number of steps for jacket shoppers than for camera
shoppers. Investigating the distributions of (top 10,
info) transitions as a characteristic part of this pat-
tern, it was found that their occurrence in the �rst
60 steps, the 200 steps after that, and the rest were
highly di�erent between products (�2

2 = 49:75; p <

0:001).
Moreover, patterns of leaving the site become

clearer. In the example, a clearer pattern emerges
in the g = 20 stratograms concerning where and
when a majority of shoppers leave the site. Statis-
tical analysis showed that for cameras, more exits
occurred in the �rst 100 steps than after that, and
vice versa for jackets (�2

1 = 7; p < 0:05).
In general, coarsening causes all lines and circles

to become thicker, and some grey lines to become
black. Additional elements may appear. This is be-
cause the summation in equation (2) makes the fre-
quencies at each step t increase monotonically with
g. Also, series of visual patterns are reduced to fewer
items. For example, every two consecutive X-shaped
crosses between \top 10" and \product info" in Fig.
3 (top) are reduced to one cross in Fig. 3 (bottom)
because g2 = 2� g1. However, coarsening is usually
combined with an increase in support thresholds.
This has the reverse e�ect on the shape of the graph:
Lines become thinner, change from black to grey,
or disappear altogether. Circles are a�ected analo-
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Figure 6: Basic stratograms of camera shoppers,
�1 = �2 = 0:15

gously. The exact changes between one stratogram
and another, coarsened one will therefore depend on
the interaction of data, degree of coarsening, and
adaptation of the support thresholds.

4 Pattern representation

and discovery

4.1 Type hierarchies

Stratograms rest on type hierarchies that allow the
discovery and statistical comparison of patterns in-
dependently of visualisation. Type hierarchies have
been introduced in [Ber00] and will only be described
shortly here. A type [A1; p1; A2; p2; : : : ; An] matches
sequences in user paths that contain A1, then A2,
. . . , and then An, with the paths in between con-
strained by the path speci�cations pi specifying a
minimum and a maximum number of requests that
may lie between Ai and Ai+1. So types correspond
to generalised sequences.4 Several types can be in-
stances of one type template [a1; p1; a2; p2; : : : ; an].
The types corresponding to one type template are
joined together at their common pre�xes to form a
tree. Each path of length n from the root node of
that tree to a leaf node is a type as speci�ed by the
type template, and each path from the root node to
a non-leaf node is a supertype of at least one of these
types, and itself a type [A1; p1; : : : ; Ak] with k < n.

4The di�erence is that in [Spi99], occurrence numbers of
pages in the request sequence can also be speci�ed in a gen-
eralised sequence; here, only the �rst occurrences are found.

\end" and \other" leaf nodes are added to ac-
count for sessions that match up until an Ak, k < n,
and then \end" or continue in ways \other" than
the allowed types. To decrease memory usage, types
and their frequency counters are only constructed
by the algorithm when an instance is found in the
data. So each session is classi�ed as at most one
type matching the type template. (\At most" be-
cause the session may not match any of the types.)

In the example, 11 types of length 2 starting at
the o�set question categories can be distinguished:
[Q categories, peip], [Q categories, pepr], . . . , [Q cat-
egories, purchase], [Q categories, end]. The path
speci�cations are all [0; 0], i.e., there may be no fur-
ther requests in between the nodes speci�ed.

Since each session is counted only once, and clas-
si�ed entities are thus disjoint, the frequency coun-
ters allow one to use �2 tests to determine, for exam-
ple, whether there were signi�cantly more sessions
that went from the initial question categories page
to a pd page than to a peip page. All 11 session types
of length 2 are related to the frequency of their com-
mon supertype [Q categories].

In general, type hierarchies allow the speci�ca-
tion of types of arbitrary length. In the current
example, for a given depth n of the hierarchy, in
principle all 10n combinations of n nodes are con-
ceivable types, plus those types with \end" occurring
before length n. A stratogram frequency f(A1; A2; t)
is then the sum of the frequencies of all types � of
length (t+1) such that �:t = A1 and �:(t+1) = A2.
This draws on the classi�cation of sessions.



However, the essential feature of type hierarchies
is not that they classify each session only once, but
that they partition the log or a subset of it. This
means that a session may also be classi�ed more than
once, as long as the classi�ed sequences are disjoint.
So a set of stratograms frequencies f(A1; A2; t) for

t = 0; : : : ; tmax = int(maxs(jsj�2)
g

) can also be re-
garded as the result of a repeated classi�cation of
sessions into types of length 2 (speci�cally, the type
[A1; A2]). This idea is the basis for the �rst algo-
rithm presented in the next section.

4.2 Two algorithms to produce

coarsened stratograms

Coarsened stratograms can be derived from type hi-
erarchies. An algorithm to classify sessions into a
type hierarchy is given in [Ber00]: classify(a,d)

recursively classi�es a session starting from node a

at level d of the hierarchy, starting with the root
node at level 0. The algorithm was shown to be lin-
ear in (L� T ), with L the size of the log and T the
number of children of a node in the type hierarchy.

The general and highly localised type hierarchy
employed in the coarsened stratograms shown so far
considers binary sequences. It considers the jpagesj2

possible types for the given number of pages (here:
jpagesj = T = 10).

The di�erence to normal session classi�cation are
the repeated classi�cation and the segmentation into
intervals of size g. To ensure that the last node of
a classi�ed binary transition becomes the �rst node
of the next, classify is adjusted such that it in-
crements a line counter i by 1 with each read line.
Moreover, it is adjusted to return a pair consisting of
the last line read and counted towards the �nished
pattern, and a running number of that line. The
type hierarchy contains one counter per interval t,
and each sequence is counted towards the interval in
which it started. I.e., the argument t of classify
is unchanged in the recursive calls of classify.

(1) determine_frequencies_1 (g)

(2) for each session do

(3) repeat

(4) read(z[0]);

(5) until ((is_offset(z[0]))

(6) or (end-of-session));

(7) t := 0; i := 1;

(8) while (not end-of-session) do

(9) (z[0],i) := classify(z[0],i,t);

(10) t := div(i,g);

Each request in each session (i.e., each request

in the whole log) is read exactly once. Step (9)

reads each request after the �rst, regards it as the
second node of the binary transition, and therefore
has to test it against T possibilities. So again, the
complexity is O(L� T ), and since T is constant for
a given analysis, this means that the algorithm is
linear in the size of the log. As discussed above, it
is useful to classify pages using concept hierarchies,
such that T will typically be small compared to L.

Alternatively, coarsened stratograms can be com-
puted incrementally from their corresponding basic
stratogram. As can be seen from equation (2), only
the type hierarchy, and not the whole log, needs to
be parsed:

(1) determine_frequencies_2 (g)

(2) initialise all f_g(A1,A2,t):=0;

(3) for each A1 do

(4) for each A2 do

(5) x:=0; t:=0;

(6) while (x <= t_max) do

(7) f_g(A1,A2,t) += f(A1,A2,x)

(8) x++;

(9) if (x >= (t+1)*g) then

(10) t++;

This involves reading each of the nfc original
frequency counters once, with nfc � (T 2 � tmax),
and summing them into at most (T 2 � tmax

g
) new

frequency counters. Since the maximum number of
di�erent binary transitions in a log is limited by the
total number of transitions in that log, we obtain
nfc � (L � 1). This shows that determine fre-

quencies 2 requires less time than determine -

frequencies 1. Repeating this procedure, e.g., by
computing the f4(: : :) from the f2(: : :), will further
reduce the number of steps needed.

4.3 Extensions: n-ary sequences and

generalised sequences

A generalisation to n-ary types is desirable when
contiguous non-atomic actions of interest involve more
than 2 steps. First, consider n-ary types with empty
path speci�cations, i.e., sequences of length n. The
generalisation is straightforward: An n-ary sequence,
like a binary sequence, is counted only once, in the
interval containing its �rst node. The procedure de-
veloped in the previous paragraphs requires the fol-
lowing adaptations:

1. The frequency de�nition in expression (2) is ex-
tended to produce fg(A1, A2, . . . ,An,t). The changes
to the right hand side of the de�nition, as well as to
de�nition 2, are straightforward.



2. Within each interval [t; t+ 1], n� 1 subintervals
are marked by the stratogram drawing routine, for
example by vertical grid lines.

3. To ensure that lines do not obscure one another,
a data structure is added that maintains a vertical
o�set for each grid point (i.e. each pair of a vertical
grid line and a v value). Whenever one n-ary pat-
tern has been drawn that traverses a grid point, the
o�set is incremented, such that the next line travers-
ing the point will be drawn a little higher. It must
be ensured that the vertical distance between di�er-
ent values of v is suÆciently large compared to the
number of lines that can traverse a grid point.

Generalised sequences have a �xed number of
nodes, for example, the generalised sequence [A *
B * C] has three nodes, and path speci�cations in
between that allow an arbitrary number of nodes.
The basic algorithm of classify is already suited
to identifying generalised sequences in a session. If
the algorithm is started again after it has identi�ed
an instance of a sequence in a session, it will classify
this session twice or several times, but again, it will
only classify each binary transition at most once.
Therefore, a generalised sequence with n nodes can
be treated like an n-ary sequence by the algorithm
and visualisation.

Setting g = 1 allows one to derive an overall
support and con�dence value for a generalised se-
quence. For example, for an association rule de-
�ned as a generalised sequence with 2 �xed nodes
[A1 � A2], the frequency of non-overlapping occur-
rences of paths [A1; :::; A2] in the whole log is given
by f1(A1; A2; 0) = sup(A1; A2): The con�dence of
that generalised sequence can be computed analo-
gously (cf. section 3.1).

5 Conclusions and outlook

The current paper has presented interval-based coars-
ening, and its inverse zooming, as a technique to
mine Web usage at di�erent levels of abstraction.
Basic and coarsened stratograms have been proposed
to visualise Web usage at di�erent degrees of de-
tail. Using a case study of online shopping with
an anthropomorphic agent, we have demonstrated
that this kind of abstraction o�ers new possibili-
ties of understanding complex paths through a semi-
structured, interaction-rich environment.

Further work will include extensions of the ex-
pressive power of the pattern representation language,
and the associated abstraction possibilities. Two ex-
tensions are of particular interest. First, timestamp

information will be investigated as a richer source
of temporal information than the order information
used here. Second, more complex grammatical forms
of pattern notation will be investigated. Proceed-
ing from the regular expressions that are generally
employed in Web usage mining to context-free ex-
pressions [OHR94, Fu01] can enhance the power of
abstraction considerably.

One of the main aims will be to �nd further ways
of abstraction. An important factor is the number of
pages visited, and the number of pages distinguished
T . In the present paper, an aggregation of pages
by concept hierarchies has been employed. This can
also be regarded as a clustering of requests, or pages,
along the stratograms' y axis: a user navigates from
one cluster (e.g., a question page) to another cluster
(e.g., a top 10 page). Interactive enhancements of
stratograms could allow the analyst to delve into this
cluster and distinguish which individual URLs were
visited at this step by individual users. Requests
/ pages could also be clustered along the temporal
dimension, i.e., along the x axis. This would show
navigation between clusters, e.g., from questions to
top 10 pages, without internal di�erentiation regard-
ing how many question pages were visited. This ab-
straction requires an extended notion of generalised
sequences: For example, navigation from the ques-
tion cluster to the top 10 page would be a sequence
[question; question�; top10], with � denoting an ar-
bitrary number of pages of the given category. This
requires an extension of the path speci�cation con-
cept to allow an arbitrary number of pages of a given
category. The corresponding extensions of the query
language will be a topic of further work.

This will be combined with a semantic analysis
of di�erent types of sites to derive further proposals
of integrating background knowledge into mining.
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