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ABSTRACT

This paper describes a novel algarithm and deployed system
Golden Path Analyzer (GPA) that analyzes clickstreams of
people trying to complete the same task on a website. It finds the
shortest, successul paths taken by users - 'gdden paths - and
uses these & wdls for clickstream clusters. Other users are
assgned to acluster if their clickstream is a supersequence of the
gdden path. The advantages of this approach over prior work are
that the resulting clusters are eaily comprehended, they are few
in number, correspond to semantically different strategies used
by the users, and jointly partition al the clickstreans. GPA's key
contribution over prior work in process funrels is that by not
excluding users that make diversions from the gdden path, GPA
is able to assgn more users to fewer clusters. Another key
contribution is to use actua full clickstreams as cluster seeds to
which supersequences of other users are alded. Prior work on
sequential variants of Agrawal et al.’s A Priori by contrast
leaned general but fragmentary clickstreans. GPA leans
complete clickstreans that are based on actual user page
transitions. GPA is particularly useful for site designers to
improve processes auch as opping, returns and registration. Its
analyses identify which web pages cause many users to deviate
from a gdden path, which links distract users and the percentage
of users taking each gdden path. GPA has demonstrated value on
more than twenty client projects in dverse induwstries. It is
implemented in Perl, Visual Basic and C#, runsin a Win2K/Intel
environment and outputs a set of interlinked HTML pages.
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1. INTRODUCTION

Understanding how users are interacting with and ravigating
through web sites is a critical step in designing more dfective,
easy-to-use sites. A number of recent systems [2,4,5,10,11,12)]
attack this problem by clustering user clickstreans (e.g
"seachers' versus "browsers'), characterizing which pages
impeded or aided the tasks of the users, or determining which
links distracted the users.

GPA is a clickstream clustering algorithm that assgns each user
to ane or more “gdden paths,” or instead, failure categories. A
gdden path is a sequence of pages, each reachable from the
previous page, that leads from the initial page (such as the home
page) to a page containing the information needed to solve the
task, containing anly pages relevant to the task. Each gdden path
corresponds to the actual path taken by at least one user and all
the users are asgned the same, known task. A user’s failure to
achieve the task can usualy be atributed to a small number of
aternatives: "did not make agoad faith effort”, "failed to select a
gdden path", "fell off gdden path G at page P', or "made it to
final page but did not find where the answer was displayed”. A
fall-off is defined as faili ng to immediately transition to the next
page in the gdden path. Most succesdul users will have
followed a gdden path, but other succeeders may have merely
gues=d the correct answer or taken a rare path. Rare paths are
not deemed to be gdden, because they suggest uncommon
knowledge on the part of the user, knowledge that should not be
asuumed of the typical user coming to the site. For example,
asked to find the “least expensive digital scanner” on a site,
someone who had recently purchased the item in question might
be ale to jump drectly to the page, whereas the gdden path
would require using the “product search by price” page, a more
involved process

GPA was developed at Vividence, the leading provider of
Customer Experience Management solutions for the web. It has
been used in over twenty client engagements at Vividence. It has
led to changes in navigational structure, link placement and
messaging in those client sites.

The motivation to develop this algarithm stemmed from the fact
that prior work on processfunrels (a processlike shopping has a
funnel which tracks for each point in the processhow many users
followed along to that point) only leaned clusters around
sequences with overly strict inclusion criteria. If a user
committed a diversion from the funnel, she was excluded from



the funnel. At the other extreme, algorithms like A Pri ori [1]
learned very general but short and fragmentary subpaths.

Previous work on clustering clickstreams has taken the approach
either of reducing this problem to the familiar one of clustering
fixed-length vector data points (e.g. k-means clustering: [11]),
finding longest common subsequences [2], finding commonly
occurring (but potentially fragmentary) subsequences [1] or using
mixtures of first order Markov models [5]. Comparison to GPA is
covered fully in Section 6, ' Previous Work'some highlights are
summarized here. One key differentiator for GPA (over
[1,2,5,11]) is that each cluster has a seed, the golden path, which
corresponds to a full clickstream of a user and represents one
optimal way to complete the task. This golden path by itself
usually provides a good explanation of the cluster (e.g.
"searchers' versus "browsers') - explainability often being a
weak point of clustering algorithms ([5,11]). The advantage of
GPA over [1] for improving website processes is that each cluster
description (the golden path) is a complete prescription for
completing the task. Additionally, GPA has an advantage over
prior process funnel work which excluded from the funnel any
user who deviated from the funnel at al. GPA allows users to
deviate (also called excursions or diversions) as long as they
complete the rest of the path (potentially with other diversions).
This means that a clickstream is assigned to the cluster of a
golden path if it is a supersequence of the golden path.

The rest of the paper is organized as follows: Section 2 grounds
the discussion by showing GPA running on a specific task,
Section 3 rigorously specifies the algorithm, Section 4 describes
the results it produces and Section 5 describes deployment and
architecture. Section 6 compares it to other clickstream clustering
algorithms and Section 7 offers suggestions for further research.
Conclusions and contributions appear in Section 8.

2. AN EXAMPLE APPLICATION

Demonstrating GPA in the context of an actual site will make it
easier to understand the inner workings. This section describes
the findings of GPA for the Cars section of a major portal,
dubbed FictiousCarPortal.com. Visitors that come with the
specific goal of finding a dealer quote on a specific model and
option package have different ways of achieving their goal, along
with many potential distractions and promising “next steps’ that
lead them in the wrong direction. In order to discover the
different paths visitors were taking, as well as where along those
paths they were being distracted, Vividence sent a random
sample of two hundred representative prospects to the home
page, with the objective of finding a dealer quote. As part of
standard Vividence methodology, measures were taken to ensure
the set of people was representative of potential customers for
that site. As they completed the task, their actions were tracked
with Vividence Connector, a browser companion that records
HTTP requests and other browser behavior. At the conclusion of
the task, each user was asked several questions about the
experience, including their ultimate satisfaction.

Two prominent links off the FictiousCarPortal.com home page
lead to different dealer quote processes. Figure 1 contains a
simple schematic of the flow of these two different paths. These
paths were automatically discovered by GPA. Although they
seem trivial, of the 200 users, only 17 people followed the first

path exactly, step for step, and just 3 people the second exactly.
In fact, the simplicity of these results is a strength of GPA since
it is able to abstract away irrelevant diversions that individuals
may have followed in their efforts to compl ete the task.

Further analysis identifies opportunities for site improvement.
The GPA shows that many people “fall off” the golden path early
in the process (at steps A1 and B1). The comments annotated to
clickstreams from path 2 reveal people never receive a quote
because there is no dealer in their area. Hence, coverage of the

dealer network is a significant  shortcoming  of
FictiousCarPortal .com’s site.
Car Sdlect Sdlect Summ Contact
Detail Trim Optiong Info
Page Leve Entry
(A1) (A2) (A3) (A4) (A5)
Trim More Contact
and Optiong| Info
Optiong Entry
(B1) (B2 (B3)

Figure 1: Golden paths discovered by GPA

A second question is whether it makes sense to have two
different paths to achieve this objective. In this case, outputs
from the GPA show that the two paths have comparable user
satisfaction and success rates. Consequently, it seems that the
two different flows are not detrimental to the user experience,
and in general, having multiple entry points to key portions of the
site will enable more people to find them. This GPA output
suggests FictiousCar-Portal.com might be better off having the
two prominent links (with slightly different labels) share the
same destination and process, removing the expense of
maintaining the separate versions and the risk that they would
report different prices.

With two distinct links from the home page into the quote
process, it seems that FictiousCarPortal.com is focused on
ensuring its visitors find their way. However, the site includes
three other links that distract many of the visitors at the home
page. One in the left navigation bar, labeled “New Cars’ dong

with a second link in the body of the page labeled “Research
New Vehicles’ both land on a page where the primary feature is
a make/model selector that takes the visitor to a car detail page
(Al of Figure 1). The third main distracting link is one labeled
“Buy a New Car,” which leads to yet another make/model

selector. This form submission takes people to the second
golden path, where they re-join at the trim selection page (B1).
In either case, the visitor has incurred an extraneous step that
adds little to the customer experience. Perhaps
FictiousCarPortal.com prefers an additional page view and
banner advertisement. In that case, they would be happy to know
that none of the distractions resulting from these links was
“fatal”, that is, people who followed them went on to
successfully obtain their dealer quote, it just took an extra page
view to do so.

Ensuring a clear flow between consecutive pages of a multi-
phase process is one key to a good user experience with a high
success rate. Another key part is making it clear when the



process is over, and what the final answer is. Here,
FictiousCarPortal.com fares well . In contrast, ancther major auto
manufacturer was losing more than one-third of the people who
wanted to submit a quote request, because midway through the
process the visitor would receive a Thank you for your interest
in puchasing’ message. Since they had entered their contact
information in Step 1, many people mistakenly assumed that they
were done with the process not redizing that there were still
three steps to ga In other engagements we have found the
location of the desired information is easy to find, but the
information itself is poorly communicated. People might foll ow
the gdden path to get to the target page, only to get the answer
wrong when trying to interpret the text.

3. ALGORITHM

GPA analyzes the behavior of people who are trying to complete
the same asdgned task!, a set of well-defined instructions to
attempt a common surfing task of commercial interest. The users
are told to use the "ANSWER" button on the Vividence plug-in
to their browser when they fed they have reached a page that has
the awswer to the objective question. An example objective
question may be: “What is the price of the 2003 Toyota Coralla
LE advertised at this ste?. Alternatively, they may use the
"GIVE-UP" button and type in their reason for giving up. They
may also at any point use a"COMMENT" button to type free
text as to problems or frustrations they may be having.
Augmenting cli ckstreams with such comments has proven to be
immensely useful.

Definitions: In this paper, a clickstream is defined to be the
sequence of pages actualy traversed by a user. A path is an
abstraction of a clickstream, so for example, the path <A,B,C>

may not have corresponded to any user' s actual clickstream.

Sequence is a generic term that may refer either to clickstreams
or paths. A sequence of pages is represented as <ai,...,a>. Note
that sequences are not sets © that <A,A,B> is not the same &
<A,B> - the sequence <A,A,B> may be generated by user
refreshing page A and then moving to page B. GPA can and dbes
lean gdden paths with repeds of pages such as <A,B,C,B,D> -
the return to page B may be essential for some tasks in some web
sites. Sequence sl = <a,...,a>. is sid to be asubsequence of
s2 = <by...bw> if there isamapping from indicesin sl to s2; that
isif for 1 <i < nthereis an index ij such that & = by and such
that i1 <i2<..< in If sl isasubsequence of s2 then by definition
s2 is a supersequence of s1. By this definition a sequence is its
own supersequence. A sequence C is a strict supersequence of p
if cisasupersequence of p and cis not equal to p. A sequence ¢
is a child sequence of a parent sequence g if ¢ is a strict
supersequence of g For example, the "child" sequence
<X,A,D,B,E,C,F> is a supersequence of the "parent” sequence
<A,B,C> because it contains al the dements of the parent
sequence in order. The child sequence can have an arbitrary
number of additional elements in between any adjacent elements
in the parent sequence. In addition, it can have dements that
precede the first element in the parent sequence and it may have
elements that follow the last element of the parent sequence. A

! Non-compliant users that wander off the site ae few and
usually do not hinder discovery of gdden paths.

user with clickstrean c is said to have followed a path pif cisa
supersequence of p. A path pis sid to cover or explain a user u
with path sif sis a supersequence of p.

Inputs: The key inpus to the GPA are the users’ behavioral data
and three parameters that control which user clickstreams are
considered eligible candidates to be gdden paths. Each wser' s
behavioral data is a 3-tuple: <clickstream, outcome, comments>
where the clickstrean is an ordered sequence of page visits
(URLs) for a user, the outcome is one of {successfail,giveup}
and the optional comments are a concatenation of al the
comments the user gave while doing this task. The outcome is
typicaly decided by comparing the user' s answer to a question
(e.g. “How much does the Corolla cost?’) to the correct answer.
Some GPA outputs depend umn a further inpu: each user’'s
stated satisfaction with the processon a 7-point scale.

GPA requires the foll owing three parameters as input:

T: at least T succeeding users must end at a page for that page to
be considered a end point for gdden paths. This threshold is
used to exclude users who guessthe right answer and hence ae
considered succedlers. If such a user ends on some abitrary page
it should not be considered a page that truly has the information
necessary to answer the objective. Thus this parameter defines a
set of pages a path must end on to be a candidate gd den path.

I: to be a candidate gdden path, the path must have been
followed exactly by at least | succeeding users. This restriction
prevents a single user who has “inside information” from
skewing the results.

C: to be a candidate gdden path, the path, or some
supersequence of it, must have been taken by at least C
succeeding users.

Taken together, the constraints imposed by parameters T, |, and
C prevent guessers or users with inside information from being
selected as gdden paths. They also leal to leaning o a few
paths, each of which explains the clickstreans of many users.
Rare paths are those that end at alegal end page and correspond
to succeeding users but that fail to mee one or more of the I,C
thresholds.

3.1 Discovery algorithm

There ae four stages in the core discovery algarithm:
1. Remove not-goad-faith-effort (NGFE) users

2. Findlegal end pages
3. Filter paths and sort paths
4. Divide and conquer

The system outputs the results as a set of interlinked HTML
pages to all ow browsing by the analyst in a variety of manners.

Stage 1 consists of removing users who have not given a goad
faith effort to complete the task. People who did not move
beyond the start page ae filtered out here. (Thisis actually an
optional parameter that can be increased, requiring more pages.)
In Stage 2, the set LEGAL-END-PAGES is defined as the set of
pages that are terminated on by at least T succeeling users.
Stage 3 forms the set of candidate gdden paths by considering



only paths that start at the start page, end at LEGAL-END-
PAGES, belong to a succeeding user, are followed by at least |
succeeding users and each of which has a least C
supersequences belonging to succeeding users. These candidate
paths are then sorted: shortest to longest.

In the final divide and conquer [10] stage GPA is left with an
ordered sequence of paths: GOLDEN-PATHS = <P...P,>. GPA
then performs a linear scan of this sequence starting by
considering Pi, which is a golden path. It cannot have any
extraneous steps, because it is the shortest path that meets
constraints established by parameters T, |, and C. At each step,
GPA removes from GOLDEN-PATHS all supersegeunces of the
path being considered. Finally it outputs the set GOLDEN-
PATHS as an unordered set. This process normally yields one to
four golden paths and explains about 60%-95% of the users.
Note that it may be the case that the user is explained by more
than one path. This can happen when the user completes a
golden path but does not recognize the information on the final
page, backtracks to the start and then completes a second golden
path.

A crucia difference between GPA and previous work on
clickstream funnels is that it allows users to make diversions or
excursions. That is, for some contiguous pair of pages X, Y
discovered as part of a golden path, a user does not need to
immediately transition from X to Y; she can eventually transition
from X to Y and still be counted as being explained by the
golden path.

3.2 Additional Analyses

In addition to the value of identifying the set of golden paths,
GPA further explains the user behavior through additional
analyses utilizing the discovered golden paths:

1. Falloff: A user issaid to fall off golden path G at some
point P if instead of immediately going to the next
element in the golden path, she goes somewhere else.
GPA alows users to see which pages are responsible
for the greatest number and percentage of falloffs.
Falloffs are further split into three types: 1. a back
move to a previous point (usualy to the immediate
predecessor) in the path, 2: go to ancther legitimate
forward step corresponding to some other golden path
(the follow-set of page P) 3: go to an arbitrary page.
The follow-set of a page P is defined to be the union of
al pages gleaned from all golden paths that can
legitimately come after P. For example, in Figure 1 the
follow-set of the HOME page is{Al, B1}. Theideais
that from some pages, there is more than one legitimate
next step. Therefore, falling off to another page of the
follow-set is not a bad thing.

2. Fatal falloff: If the user fails to transition immediately
to a page in the follow-set and if she never eventually
returns to any of the pages in the follow set and she
does not succeed at the task then that event is called a
"fatal faloff". These are the worst errors, and should
be remedied through changes in the site or page design.

3. Distractor page: When a user fails to choose a “next
step” from the follow-set of the current page, GPA

alows one to easily see which pages people selected
instead. This allows the web designer to see what is
distracting the user from her main task. GPA lists the
top distractor pages at each point in the process and
tells how many users were distracted by each page.

4. Non-recognizers. Sometimes users will terminate on a
target page (i.e.: one in the set LEGAL-END-PAGES)
but still fail. Often the necessary information requires
scrolling to find or else the wording is unclear.

5. Overshooters: These are non-succeeding users who
completed one or more golden paths but who do not
stop at the target page. This usualy indicates that the
target page does not make it clear that it is the fina
step in the process. Note that succeeders cannot qualify
as overshooters because if they visited a target page,
succeeded, but still went on, that may simply be
because they wanted to do further explorations.

4. Architecture and Deployment

GPA currently exists in three implementations: a standal one Perl
program which reads delimited flat-file input and outputs a set of
interlinked HTML pages; a Visua Basic front-end and finally a
C# version that reads from SQL Server databases with a
Windows front end. At the end of a Vividence test, GPA is used
by an analyst to recommend web site changes to the client.

Typicaly, for sample sizes of 400 to 800 users, GPA finishes in
less than 10 seconds on a 2.4GHz Pentium 4 machine. The time
complexity of finding non-good-faith-effort users and target
pages are al linear in the number N of users. Sorting
clickstreams by length is O(N log N). Finding the users covered
by a golden path requires O(NL) steps where L is the clickstream
length.

4.1 Challenge#1: Detecting Sessons

One of the significant challenges of interpreting clickstream data
is ensuring that the data source is clean. Web logs, a common
source used to infer the clickstream, have a number of
disadvantages. First, an individual page may be composed of
dozens of web hits, each of which generates an entry in the log.
Second, not all of the user’s navigations may be recorded by the
web log. Especialy in the case of a user re-visiting a page, the
data may be served from the user’s cache, omitting the entry in
the web server log. Third, due to load-balancing, a given user' s
session may be fractured across several web servers. Fourth,
mega-proxies such as AOL may serve the user from their own
cache of the web page or use the same IP address for multiple
users, making it hard to distinguish the requests of different
people. Finaly, detecting the end of a "session” is hard. Most
work to date uses an arbitrary threshold of inactivity (15 to 30
minutes) as the end of the session.

An aternative approach to gathering the data, by collecting it at
the browser, as each HTTP request is made, finesses all of these
problems and provides a clean data stream. One remaining
challenge is to filter out off-task activities (such as accessing a
Hotmail account or checking an eBay bid). GPA uses data
gathered by the Vividence Connector, which collects data at the
client. Navigation events that are made in secondary windows



can be excluded from analysis if desired but in other cases may
provide additional information on how the user is completing the
task. Of course, the basic path discovery algorithm can be used
with data from any source, however data collected from the
browser directly (rather than a proxy or the server) is a better
measure of the actual user experience.

4.2 Challenge #2: Page Aggregation

Given the dynamic nature of most sites on the web, the
relationship between URL and the actual content is not perfectly
reliable. It is common for a site to encode a session ID in the
URL, meaning that each user has a unique URL, even though the
content that they seeisidentical. In other cases, the content may
differ, but not significantly enough to require distinguishing
separate “use cases’. For example, a dynamic page may list the
car dealers within a user-specified zip code. For the purposes of
determining a user’s path, all of these pages should likely be
considered equivalent, even though they have different URLs and
content. This process of determining which pages should be
treated as equivalent is called page aggregation.

The amount of aggregation that is desirable can be dependent on
the particular analysis in question. In some cases, broad groups
such as "stocks' or "news' can be manually identified and
aggregated before clustering is performed. This is usualy what
has been done in previous work [4,5] that clusters at a coarse
level. Thisis necessary because the raw pages, as represented by
their URLSs, are too variable from user to user - they may contain
state about the user, or the time of day of the visit, or the specific
stock being explored - details which may be immaterial to the
analysis. Another source of variation is the definition of a"link".
Two physicaly distinct links on a page may point to the same
destination page: most work to date has not distinguished links at
this level.

For GPA, a helper module does page aggregation as a
preprocessing step. This page-aggregator operates on URLs such
as www.site.com/dir/file.cgivarl& var2=val 2a& var3=val 3a& ...
and produces shortened URLSs that then serve as page identifiers
to the GPA algorithm. That is, GPA finds golden paths over
some language of pages and the granularity of that language can
be controlled by the analyst via the page-aggregator. The page-
aggregator may decide to drop some variables such as the exact
option package of a car or the zip code of the buyer. The current
page-aggregator makes these decisions by applying heuristics to
the distribution of values for each variable. If the variable has too
many values then it is guessed to be a variable such as zip code,
name or session ID and is dropped. Other simple rules cope with
load balancing numbers in the URL, the optional "www" at the
start of the URL, the optional presence of a substring such as
index.html, index.cgi and so forth. The level of aggregation can
aso be overridden by an analyst who can make domain-
dependent decisions on what variables to keep or drop. Note also
that different analysts seeking different levels of detail may and
do opt for different levels of aggregation.

5. RESULTSAND EVALUATION
The main outputs of GPA are HTML pages that:

1. Enumerate the set of discovered golden paths,
annotated with numerous statistics on numbers of users

who followed the path to each point, fell off at that
point and so forth. (See Figure 2 for asample.)

2. Give an accounting of al the non-succeeding users in
terms of whether they gave a good faith effort, whether
they sdected® a particular golden path and where they
made their last (fatal) falloff from any golden path.

3. Give an accounting of all the succeeding usersin terms
of which golden path(s) they finished, and in some
cases, of users that reached a legal end page without
following one of the discovered golden paths. Such
users are deemed to have followed a rare path that did
not meet the parameter specifications<T,1,C>.

4. Provide a very useful visualization (Figure 3) of the
users paths sorted with respect to each golden path and
secondarily with respect to the degree of completion
within that path. Each golden path is assigned a color:
say red for the first, blue for the second etc. The
elements in that path are assigned increasing levels of
saturation of the color so that the starting page is a very
subtle red and the final page a heavy red. All users
paths are then sorted by length and each page that is a
part of some golden path is colored with the
appropriate hue and saturation so that it becomes easy
to see what was their last point of contact with a given
path or with any path. Pages that do not belong to any
path are colored white. It also becomes easy to see
when and where users switched from following one
golden path to ancther or where they backed out of a
golden path to restart from the starting page. Without
this color scheme, it is difficult for humans to look at
even a small set of clickstreams to comprehend what is

happening.
5. Provide a table listing for each page in each path the
set of top distractors for that page.

5.1 Visualizations

Figure 2 shows one of the main outputs of GPA: the two golden
paths discovered (running down the page), together with many
statistics pertaining to each step in the path. The figure shows
idealized versions of the two golden paths that were actually
discovered on a Vividence engagement for
FictiousCarPortal.com and shown schematically in Figure 1.
Additionally, GPA emphasizes (using bold font) statistics that
are outside common ranges. So, for instance, in the "Immediate
faloff" column (Column #9), the 60% number is emphasized
indicating that that degree of "Immediate falloff" is higher than
seen in prior engagements on most sites.

Each of the columns in Figure 2 provides a different piece of
information about the golden path or its constituent pages.
Column #1 is just a reference for which golden path the page
level information pertains to. Column #2 is the identifier for the
page (used aso in the individual users paths in Figure 3.)
Column #3 counts the number of followers, those people that

2 A user is said to have selected a golden path if she followed
enough of the prefix of that path to disambiguate that path from
any other golden path.



viewed each of the pages from the start page to the current page
(though they may have viewed additional intervening pages).
Column #4 counts the number of those followers that were
successful, ultimately answering the objective correctly. The
number of visitors (Column #5) is the number of users that
viewed that page regardless of how they got there, so for each
step in the golden path, the number of visitors is greater than or
equal to the number of followers. Note that for the last step in
golden path 1 (GP1), from Summary to Contact Info Form, the
ratio of visitors (139) to followers (74) is much larger than it is
for other steps in GP1. This is because the Contact Info Form
step is aso the last step in GP2. Therefore, the two golden paths
share their starting and ending points but no other points in the
middle.

Column #6 considers the number of users that left this golden
path, but went directly to another golden path. Golden paths may
share a common prefix, so faling off one may be a side-effect of
choosing the other. In the first row of GP1, the entry in "#alt
GP' indicates that 28 (out of the 198) visitors to "home" never
eventualy went to the second step "CarDetails" (GP1) but
instead went to the next step in GP2.

Columns 7 through 9 distinguish three kinds of fall-off. The last,
"Immediate falloff," is the easiest to understand. With respect to
the transition from "Home" (HOME) to "CarDetails" (A1), a user
is said to make an immediate falloff if she does not immediately
go from HOME to Al. In this example, 60% of the visitors to
HOME committed an "immediate falloff"; only 40% went
directly to the next step in GP1. Note that some of those 60%
may have eventualy gone to Al, but they did not do so
immediately. "Path falloff" means they never (i.e. not even
“eventually”) went to A1l. They may have gone on to the other

golden path but their interaction with this golden path is over -
the figure shows that 39% of the users committed a "path falloff"
a HOME and 21% more committed a "path falloff" at step Al.
Once they have proceeded to step A2 ("selectTrim"), few of them
commit a path faloff, indicating that they have become
comfortable with the process from that point on. It may also
indicate the absence of natural branching points in the web site
a that part of the process. This is common for the start of a
process. High falloff numbers in the middle indicate a serious
problem.  Note also that the “Path Falloff” associated with a
step is merely the difference between the number of followers of
the current and subsequent steps. Finally, "objective fata
falloff" means that the user never reached any of the pagesin the
follow-set of step HOME for any golden path and furthermore
that they eventually failed or gave up on this objective®. The fact
that they did not succeed also indicates that they also did not take
a rare successful path. Their lack of success is typically ascribed
to their "fatal falloff" at this point in the process: their failure
probably points to problems on this page. The high number of
immediate falloff (49%) at the last step "Contact Info Form™ in
GP1, would typically indicate that it was not clear to users that
that was the end of the process. Here, however, many people

% The set of users committing immediate falloff is a superset of
those committing a path falloff and that set in turn is a superset
of those committing an objective fall off.

went further than was asked in the objective, actually submitting,
rather than just filling out, an information request.

Column 10 indicates the eventual average path length for the set
of followers at each step in the golden path,. For example, for
"CarDetails' (Al), the average path length is 9.9. That means
that for the set of users that were following this path at least up
to "CarDetails", that their average final clickstream length was
9.9. That is somewhat higher than the golden path length of 6,
indicating the mean length of diversions. The figures in
parentheses are the average path lengths for users who
committed an immediate falloff at this point. This number is
typicaly higher than it is for the people who didn't commit an
immediate falloff. Note that in step "selectOptions" (A3), thereis
an unusually large difference between those making a falloff
(14.8) versus those not (9.7) indicating that users that fell off at
that point were likely to have a lengthy diversion, explained in
this case by the opportunity to look at different option packages.

Finally, Column 11 indicates the average satisfaction for the set
of users at each step, again contrasted with the satisfaction of
people who fell off the path. For some web sites it is very
interesting to note that the average satisfaction visitors
completing different golden paths varies widely. Typicaly,
faling off early in the process makes a larger difference in
satisfaction than following off later in the path because the users
that fell off at the end already have confidence that they are close
to finishing.

<Fig 3: inserted approximately here>

A second visualization (Figure 3) drills down to the level of
individual user clickstreams. It enables the analyst to see each
step that a user took, and which of those steps overlapped with
the discovered golden paths, and whether subsequent steps
marked progress along a golden path or switching among golden
paths, or many pages that were not a part of any golden path. For
the FictiousCarPortal.com site and vehicle pricing task, two
paths were discovered. Although the GPA uses colors to
distinguish among the golden paths, Figure 3 uses gray-scale
shading to indicate depth of progress along a path, and the basic
shape (square or oval) to indicate whether a pageis a part of GP1
or GP2. For example, in Figure 3, user 1 follows GP1, and user
2 follows GP2. User 3 starts down GP2, but goes back to the
home page before resuming his progress down the golden path.
User 4 switches golden paths, taking the first step from the first
path, but subsequently shifting over to GP2. User 5 is following
along GP2, but visits a number of pages that are off-path while
he does so. These pages are not necessarily “bad” or

“disruptive”, but they are not necessary to complete the task.

Another benefit of this visualization is to join the behavioral data
with text comments from the user giving insight into for
example, why users were backtracking at some point. Without
user comments, one could only infer or guess as to the reason.
With the comment, though, it becomes clear that user 6 was
trying to complete the objective, but was frustrated by a lack of
available inventory.

5.2 Evaluation

To date, GPA has primarily been qualitatively evaluated by the
quality of its results in terms of leading to client web-site
modifications. It has led to navigational, structural and wording



changes on several client sites. For quantitative evaluation, we
monitor the coverage, the fraction of the clickstreamsthat are
explained by (covered by) at least one of the golden paths. If the
learned paths do not cover a sufficient proportion of the testers,
the analyst can relax the T,I,C thresholds or move to a coarser-
grained page aggregation. The shortcoming of coverage is that if
the model consisted of a separate golden path for each succeeder,
the explanatory power would be 100%, but the model would not
generalize to other users clickstreams. This extreme situation
does not happen in practice for typical values of the <T,I,C>
parameters. In the future, for evaluation one could use cross-
validation or a complexity penaty [e.g. 3] that favors models
with fewer golden paths. In the current version, al of the small
number (200 to 400) of clickstreams are used to build the model
rather than setting some aside for validation. After the model was
learned, human inspection was used to interpret the resulting
golden paths and associated statistics. Future work could loop
over different parameter combinations and page aggregations to
obtain maximal coverage.

6. PREVIOUSWORK

Most previous work in the area of clickstream clustering
addresses a dlightly different problem than does GPA:
explaining all of the visitors that came to a particular site,
typically grouping them into different profiles based upon their
objective or information need. GPA, in contrast, has a more
focused data set and strives to determine which approaches the
users took to answer the one assigned objective. GPA has an
easier time of it because firstly it is dealing with client-side data
(no sessionizing issues) and secondly the uncertainty about user
objectives has been removed by our experimental methodology.
Thus the system and analyst can focus on more semantic
problems with the web site. In addition to the different goal,
GPA uses a different clustering technique. Previous work has
used K-means clustering over subsequences of paths [11],
longest common subsequences [2] or mixtures of first-order
Hidden Markov Models [5]. Not al of the related work described
in this section uses clustering, some, such as that of Agrawal and
Srikant [1] finds commonly occurring subsequences; other tools
are exploratory data analysis assistants, such as WUM [14].

The k-means clustering algorithm ([8] has a good explanation
and diagrams) requires a similarity measure for any two
members of the universe. In [11], the similarity measure for two
sequences sl and s2 taken by users ul and u2 relies upon the
time spent on each page of the sequence. For sk, a subsequence
of both s1 and s2, let T1(sk) be the time user ul spent on sk and
let T2(sk) be the time user u2 spent on sk. The similarity of sl
to s2 is simply the sum of T1(sk) * T2(sk) over all subsequences
shared in sl and s2 that are less than a specified length, M.
Having defined a measure of similarity, they then apply the K-
means algorithm to cluster sequences. An attribute to the K-
means agorithm here corresponds to a subsequence. The
advantage of this approach is to recast the sequence clustering
problem into the familiar realm of fixed dimensional clustering.
However, one shortcoming of the approach is that very commonly
taken subsequences are treated equally to subsequences that may
only have been taken by two users. It aso has a bias favoring
long subsequences, since there are more subsequences of longer
length and these longer sequences have more subsequences with

a greater total amount of time spent. GPA instead favors shorter
sequences, which are deemed a more economical description of
user behavior. A further disadvantage of the K-means technique
is that it degrades as the number of dimensions increases and
using a separate dimension for each subsegquence leads to an
explosion of dimensions.

Banerjee and Ghosh ([2]) also define the similarity between two
sequences sl and s2 using time spent on pages common to the
sequence, though with a dlightly different formulation. After
placing pages into broad categories such as "sports" etc, they find
the longest common subsequence, LCSS, between sl and s2. Let
t1(p) be the time spent by user 1 on some page p in LCSS and let
t2(p) be the time spent by user 2 on page p. They define the
similarity between the sequences on page p to be the ratio
min(t1(p),t2(p)) / max(tl(p),t2(p)) which reaches a maximum
value of 1 when t1(p) = t2(p). They then define the similarity
over the entire LCSS to be the page-wise average of these ratios
over al pages p in the LCSS. Finaly, they multiply the average
by a scaling factor (t1(LCSS)/T1 * t2(LCSS)/T2) ~ 0.5, where T1
is the time spent on all of sequence sl and T2 is the time spent
on sequence s2. This facilitates comparison across LCSSs of
different lengths giving higher weight to longer LCSSs. Having
defined the similarity between any two sequences, they construct
a fully-connected graph where each node is one of the sequences,
and where the weight of the edge between two nodes is the
similarity of the corresponding sequences. They then employ a
minimal cutset algorithm to partition the graph into k subgraphs
(the clusters) such that the sum of edge weights along cuts being
made is minimized. The parameter k is specified by the user.
Furthermore, if some sequence has no other sequence with at
least some user-specified minimum similarity 0, then the
sequence is considered an outlier and is put into the "outliers"
cluster. Their evauation is done on 23,310 sessions
(clickstreams) at www.sulekha.com, a community site. At
6=.95 (the value selected by the authors) about 17,000 (73%) of
the 23,310 sessions were considered outliers. This work aso
differs from GPA in taking into account the amount of time spent
on a page. GPA differs from the LCSS in that it permits
diversions (the members of the subsequence do not need to be
adjacent). GPA also prefers the shortest common subsequence
that still explains the successful completion of the task. Finally,
GPA designates one member of the cluster (the golden path) as
being the best representative of the cluster in terms of
explanatory power, whereas with Banerjee and Ghosh, all the
cluster elements are equally important.

Large maximal sequences [1] are also an interesting comparison
point to GPA. Agrawal and Srikant define a sequence S to be
large with respect to some support level s 00 [0,1] if the fraction
of clickstreams in the observed data D that are supersequences of
Sisat least s. They define the sequence S to be maximal (for the
given D and ¢) if s is not a subsequence of any cther large
sequence. Informally, they seek sequences s that are as long
(maximal) as possible whilst still being frequent (large) in the
data D. Thiswork is largely focused on efficiency -- finding such
patterns in very large clickstream sets, using the A pri ori

algorithm. The discovered patterns do not need to correspond to
complete sequences taken by users, nor do they need to jointly



constitute a partitioning of the clickstream set. Most importantly,
the found large maximal sequences do not even need to
correspond to actual transitions made by the users. So, if the
sequence <A,B> is found it may simply mean that users that
went to A eventually went to B but not that there need be any
way to immediately get from A to B. This is touted as an
advantage of the approach in being able to find remotely
connected events (page visits). Thus athough thiswork is able to
find remote patterns which GPA may nat find, the set of patterns
found tends to be large and give fragmentary glimpses into the
behavior of the users. It may be better suited for much larger
datasets than those used for GPA and for free browse tasks
where the users may have numerous objectives. However, the
fact that the set of sequences found is large and fragmentary does
not have the appeal of being able to fully partition the set of
clickstreams into a small set of explanatory clusters and some
|eft over rare paths as is donein GPA. In addition, it appears that
following a small subsequence early in a process (e.g detailed
configuration of a car) is negatively correlated with following a
small subsequence much later in the process (e.g. requesting help
from car dealer). Both of these smaller subsequences would be
found by A priori but the fact that they do not occur together
can be seen in GPA by following the entire sequence of the user.

Clustering algorithms used have also included mixtures of first-
order Markov models [5]. A first-order Markov model over some
set of pages P is a |P*|P| matrix of transitions from any page in
the set P to any other page. A mixture of such models allows for
the fact that users' state may not be completely described by their
presence on page P - rather, that each component (cluster) of the
mixture models some different substate of those users that are at
some page P. Cadez et al. [5] use the Expectation Maximization
(EM) agorithm using out-of-sample log likelihood [8] to find the
optimal number of clusters. EM differs from k-means in that
each clickstream may belong with differing degrees of
probability to each cluster. By contrast, k-means only allows for a
clickstream to belong to a single cluster. Cadez d al.' s
WebCANVAS system also provides for interactive exploration of
the learned clusters, using colors to indicate page type (e.g. red
for sports).

Work has aso been done in defining a SQL-like language for
exploring web sequences. WUM [14] is an interactive system
that can display al sequences meeting criteria such as "
sequences that visited a page A whose title is of the form
"*Corba*", then eventually visited page B where
support(B)/support(A) > 0.1 (support here refers to the number
of visitors to the page). WUM is mainly used by experienced
analysts exploring the clickstream data. WUM does not itself
find ' golden paths
flexibility as a pure exploratory data analysis tool than does
GPA. It could be used synergistically in a post-processing stage
after GPA.

7. FUTURE WORK

Three areas of follow-on work would improve the robustness and
value of GPA. First, avalidation of the clustering would provide
stronger theoretical underpinnings for a system that has proven
useful in its practical application. The validation could take the
form of running different clustering algorithms against the same

for some success criterion but has more

data set and comparing the results or comparing the results to
expert-created “optimal” clusterings. Second, the GPA could be
extended to a completely “hands off” system. Currently some
human intervention is required for page aggregation (described
in Section 4.2) and the selection of parameters <T, I,C> T:
number of succeeding users needed to define a legal termination
page, |I: minimal number of identical succeeding users and C: the
minimum number of children paths c that a path g must have in
order to be a candidate golden path. Perhaps the addition of a
complexity cost term [3] would enable the comparison of results
produced under different settings of these input parameters, and
ultimate selection of the best parameter settings and resultant
model. However, the range of possible page aggregations makes
this a daunting problem, especially since different people prefer
different levels of aggregation depending on their analytic needs.
Third, GPA could do more to highlight and explain anomaliesin
the data. The use of emphasis for “out of normal range” values
as in Figure 2 is an example of the potentia for this
enhancement, but it would be better still to provide stronger
explanations based upon the data and user comments for why
these anomalies occur.

8. CONCLUSION

GPA has made the following contributions to the literature on
clustering clickstreams: firstly, it has bridged the worlds of
classification and web mining by applying the divide-and-
conquer notion from work in decision trees [10] to aim for a
complete picture of the set of clickstreams provided to it. Prior
work on web mining consisted on the one hand of discovering
full clickstreams (process funnels) that did not allow diversions
and hence had little support. By searching in this limited model
space, the possibility of finding longer paths with larger support
is adversely impacted. On the other hand, agorithms like A
priori find shorter subsequences with large support but do not
provide linkage between subsequences followed early in the
process with those found later in the process. Nor does A
Priori am for a partitioning of users clickstream behavior.
GPA is aso different because it is usualy applied to a different
problem: one of clustering clickstreams where there is a notion of
success. Such situations are common in web site usage but little
has been written on clustering for such objectives. GPA has also
made practical contributions in improving navigational,
structural and wording problems in commercial web sites.
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Figure 2: Golden Paths and Supporting Statistics
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Column Definitions:
1. Path Identifier

2. Page Descriptor

3. #of followers: Users who visited each page from the start of GP to this one, in order, alowing excursions

4. # of succeeding followers: Subset of (3) who answered objective question correctly

5. #of visitors: Userswho visited each page, regardless of path to reach it

6. #Alt. GP: Userswho “dropped off” & this step because of switching to another GP

7. Obj. fatal faloff: Users who “dropped off” & this step never get to the next step of any GP, and ultimately failed.

8. Path faloff: Userswho “dropped off” & this step, never to return to this GP

9. Immediate falloff: Userswho did not proceed directly to the next step of this GP

10. Avg. Path Length: Average number of pages that users who followed path up to this point visited while completing objective.
Number in parentheses is number of pages visited by people who fell off (Path Falloff) at this point.

11. Avg. Satisfaction: Average self-reported satisfaction score on a 7 point scale by users who followed path up to this point.

Number in parentheses is average satisfaction for people who fell off (Path Falloff) at this point.
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Figure 3: User Path Visualization



