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Abstract. Analyaing Web nsege bas Boecome aovery Tmportant strategy Tor Wels site ogeeri-
tors as it provides themn g better understanding of the vsers” behavior, This insight can enable
the operators to improve their service and thereby attract more visitors, Taking into account
the temporal dimension in such analyses has become a necessity since the way a site is visited
can indeed cvolve doe to modifications in the stroctore and content. of the site, or even doe
tay changes in Lhe bebavior ol certain user groops. Comseogoently, Lhe imodels associated with
thess bebiaviors muosl be continuoasty opdated in order to refect the actual behavior of the
users, Ume aolution to this problem. proposed in this article, i= to update these models using
snmmarics obtained by means of an cvolntionary approach based on clustering methods, To
do sos we earey ool varions clustering stealogivs thad are applicd on GGme suleperiods. We
compare the results obtained using this method with the results obtained Ly a traditional
plobal analysis,
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1 Introduction

The Welbs is ome of the most relevant excamples of an evolving and dymamic data sonree. ''his i dne
b the fact that gew inlormation is constantly being added Lo exisiing pages while a huge nunber
of new docoments are appearing on-line cach dayv. The aceess patterns to these pages therefore are
of & dynaie vature, doe both to the on-going changes in the content and stracture of the Wels
site as well as to chanpges in the uscers™ intorest.

The access patterns can be influenced by cortain parameters of o temporal nature such as:
the time ol the day, the day of the week, recourrent factors (suminer /winter vacations, mabion]
holidays, the Christmas period) and noo-recurcent global events (epidemics, wars, economics crises,
the World Cap), ote.

A nisage based analysis consists inostadying the trices left by nsers when they visit @ Web site.
More precisely, Web Usage Mining (WTUM) cousisis in extracting interesting inlormation eom Webs
server’s log files. Most mothods in this domain take into account the entire poriod during which
wsage fraces were recorded, Lhe resulls oblained palorally being (hose which prevail over (he tolal
period. Consequently, certain types of hehaviors, which take place during short sub-periods are not
detected and thns remsin mnlmown by traditional methods. 1t s bowever important to study these
behaviors and thus o carey oul an analysis relatiog Lo significant Ltime sul-periods, This will make
it possible to study, for cxample, possible shifts in the user’s interests concerning the Web site’s
services over time sub-periods. Te will then be possible to study the temporal evolntion of nsers’
profiles by providing descriptions that are able to integrate the temporal aspoct. Farthermore,
a5 the volume of mined data i3 very great. it i3 important to define surmmaries to represent. nser
prodiles,

These considerations have glve rise to many studies in data analvsis, especially concerning the
adaptation of traditional statie data based methods to the dynamice data frameworle. 'Uhe work
presented i this article contimes o this line of research and proposes Lo [ollow changes i nsers’
behavior. We use summarics obtained by an evolutionary clustering approach applicd over time
subeperiods to earry ont s follow-np of the evolution.
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This article s organiged as [ollows, Section 2 presenls & shorl state of the arl regardiog current
challenges in the domain. Scction 3 presents the analveed benchmark data sct, Scetion 1 descriles
thee proposed clustering approasch based on time snb-periods and presents the analyses of the resalts
The linal section presents conclusion outlines awd Tuture work,

2 State of the art

Web Mining [9] appeared in the end of 90s and consists in using Data Mining techoiques in
order to develop wethods that allow relevant information to be extracted rom Web data (such
as docwments, interaction traces, link structure, ete), A more specialized braonch of this domain,
named Woeb Usage Mining (WURNY, deals with technioques based on ata Mining that are apphicd
Lo the analvsis of users” belavior in o Web site ] [16], The preseot acticle is placed is (his last
axis. In the c-commerce domain, one of the most important motivations for the analysis of usage
is the reed to build np consmmer lovalty and to meke the site more appealing to new visitors.

Web Usage Mining has recontly started to take account of temporal dependence in usage pat-
berns, To |13 the authors survey the work fo date and explore the issues involved sod the ontstand-
ing problems in temporal data mining by means of a discussion about temporal rules and their
serantic. Also. they investizate the confluence of data mining and temporal semantics. Recently in
[10], the authors oulline wethods for discovering sequential patterns. [requent episodes and partial
porindic pattorns in tomporal data mining. They also discnss techniques for the statistical analysis
ol sueh approaches, Notwithstanding these considerations, the majority of methods in the Web Ts-
age Mining are applied oo the entive period that covers all the available data. Consequently, these
methods reveal the most prodominant behaviors n data amd the interesting short-term behaviors
which could ocewr during shorl periods of Lwe are ol taken oo aceounl. Tor example, when Lhe
data analyzed is inserted into a dynamic domain related to a potential long period of time (such
as in the ease of Web log [les), it 15 to be expected that bebaviors evolve over time.

T deal with this situation, the nsage models rmst be comtinmonsly npdated  (by means of
ellicient algorithoms) u order Lo lollow changes inonser's beliavior, This requires a conlims mon-
itoring of the discovered models, which is a necessary pro-veqguisite for applications focusing on
temporal ditnension. A possible solution to this problem is proposed i this article: to partition
tiwe belore applying Web wsage wmining wethods and thus integrate a tewporal follow-up of Le-
havriors patterns Into a chistering algorithm.

3 Usage Data

Diata comesrning nsage of & Web site come primarily from the log fles recorded by the Web server,
Lines in this file describe requests recelved by the server concerned, Each line specifies the requested
docment, the sonree of the requisition, date and time, ote. Thoere 35 o range of technigques for pre-
processing Lhese dala and extracting pavigations [rom Web log [les. To ihis arlicle we nse the
methodology proposed by [17]. A navigation constitutes the trajectory of a user in the site and
is defined as a snecession of reguests coming from the same nser and there are no more than 30
minuies apart.

In our approach, as a case stwdy, we 1se a benchmark Web site (see fgure 1) fromm Braeil L
It is the site of the Computer Science Department of UFPE (Federal University of Pernambuco,
Brawil), the hiboratory of ome of the anthors. 'This contains a set of static pages {details of teaching
stall, academic courses, ele.) amd dynamic pages (see ligure 2], The dyuaunic pages [or the sile
fromt-end and comsist of 01 pages organized in a well defined semantic structure (see [1][5]]14][15]
for an analysis of this part of the site). We stndied (he aceesses o the site from 190 July 2002 (o
31%° May 2003 which corresponds approximately to 2 Gigabyvtes of raw data.

Y This web site is available at the following address: hitp: /fuvw . elo. ufpa.be/
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Fig. L. Screenshol Trome Lhe Clo's Web sile.

In order to analyze the more representative traces of nsage, we selected long navigations [eon-
taining at least 10 requests and with a total duration of at least 60 seconds) which are assumed
ton be originated from bowman nsers (the ratio betwoeen the duration and somber of rogquests st
bie st least 4. which mweans o maxionun of 15 reguests per minile), This was dooe o onlder (o
cxtract human navigations and cxclude those which may well have come from Web robots. The
elitmination of short navigations is justified by the search for nsage pattorms in the site rather than
slple accesses |performed by a search enpine, lor exaple) which does nol generale a leajeclory
in the site. After filtering and climinating of ontliers, we obtained a total of T8 536 navigations.

4 Clustering Approach based on Time Sub-periods

Characterivzing nser gronps consists o ldentilving fealures shared by a sulliciently large munber of
users and which thus provide clements that allow a profile for cach uscr group to be inferred [2]
4 3]

The approach proposed in this aclicle consisis nitially o dividiog (he apalyeed e period
into more significant sub-periods {in our case, the months of the yvear) with the aim of discovering
the evolution of old patterns or the emergence of new ones, which wonld nob lave been revealesd by
a global analysis over the whole time period. Alter that, a clustering method is carried out on data
of each subeperiod, as well ag over the complete period. The resalts privided for each ehistering
are Lhen compared,

It is important to notice that the partitioning obtained by the clustering method concerns
the total set of navigations, which are then broken down into gronps. Tn the foal partition, esch
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Fig. 2. Semantic structure of the dyvnamic pages from the CIn's Web site,

navigation is assigned to a specific cluster, which represents a rather different approach [rom that
taken by elemontary statistical analyse where page hits ocenrring during a specified time slot are
stply comnted, withoul taking inlo aceound the pavigalion involved,

In our approach, the time partitioning is ormuolated according to the calendar months, However,
other possibilitics for time partitioning (such as [5-day intorvals, national holidays, times of the
day: worning, allernoon. evening, ete.) could also be applied.

As concerns the clustering itsclf, we carried out four types of clustering:

Global clustering: this clustering is peclormed on all existing pavigalions, By intersecling
of the obtained clusters with the temporal partition, global clustoring generates o partition in
each lemwporal growg:
Local independent clustering: this clustering is performed on the set of navigations oceur-
ring in cach time sub-period separately. We have one elistering for cach month of the period
analveed. The [inal parlitions are s independent;
Local *previous’ clustering: this clustering can be performed by starting [rom another
chistering when the algorithm is able to assign new individnals to previons elustors (see the
pexl seclion), We thus use the clustering resulls peclormed on the preceding Lime sul-period
to obtain a partition on the navigations belonging to the current time sub-period;

— Local dependent clustering: this clustering can be performed by an iterative algoritho like
the dynamic clusiering alporitlun (see Lhe nexi section) initialiced i an adapled way, Here, we
initialize the algorithm with the prototypes of the clusters from the provious time sub-period.
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4.1 The algorithm and evaluation criteria

Tor ddeal with clistering of navigations, onr method nses anadapted version of the dynamie eloster
ing algorithum [1][6][11] applied ou a data table containing the navigations in its rows and real-valued
rariables in its columng (=ee table 1 for wariables deseviption). Other clistering algorithmes conld
ol course be used, however they must be compatible with the clustering stralegies described 1o Lhe
previous section. In particular the algorithm must be able to:

L. assign new observations to an exdsting partition:
2, initialize the alporithon with the clusier prololypes ol a previous cluslering that it has carried
ont.
IF wonld tlms be possible to use analgorithm such as Kohooen's selborganiving maps 8]
For all the experiments. we defined an a priorl number of clusters equal to 10 with a maximom
mmber of iterations egual to 1000 The naomber of random initiakizations 3= cqual to 100, excopt
when the algoriilon is inilialized willi the resulls oblained rom a previons execulion,

Table 1. [Deseripiion of the Navigation Variables

N Field Signification

1 IDNavigation MNavigation code

2 NbRequestz (O Number of successtul requests (status = 2000 into the navigation

4 NbhRequests BAD Number of failed requests (status 75 200) into the navigation

T Pleguests Ol Percentage of successlal reguests { = NhBeguest=oOK ) NEHogoests)
3 Nbliepetitions Nummber of repeated requests into the navigation

6 PRepetitions Percentage of repetitions { = NhRepetitions [ NbHequests)

7 TotalDuration Total duration of the navigation (in seconds)

K AvDuration Average of duration (| = TotalDueation / NhReoguests)

O AvDuration QK Average of dorslion ameng suceessiol regoests
{ = TotalDuration_ OK /NbhRequests OR)

10 NbRequests SEM Number of requests related to pages in the site’s semantic stracture

11 PERequests SEM Porcentage of requeats related to pages in the site's somantic stroctiure
(=MblReguests Sem S Nbltoguesis)

12 Totalsie il sive of Lransfered bytes in the navigation

13 AvTotalSize Averapge of transfered bytes [ = TotalSize [ NbRequests OK)

14 MaxDuration O Duration of the longest request in the navigation

To analyee Lthe resulis, we apply Lwo criteria, Tor a cluster-bv-cluster analysis, we compute Lhe
F-measure [18]. To compare two partitions, we look for the best representation of the cluster A in
the first partition by a cluster B o the second partition, te we look for the best mateh between the
clusters of two partitions, This gives us as many values as there are clusters in the frst partition.
T'his measure allows a detailed analysis, bot it does not take into aceonnt the relative size of the
clusters.

For a global analysis, wo apply the corrected Rand index [7] to compare two partitions.

The Fonensnre fakes o value in the range (1], wheress the corrected Rand index values are
in the range [-1,41]. In both cases, the value 1 indicates a perfect agreement and values near 0
correspomd o elustor agreements foomd by chanee. In fact, an analysis made by [12] comfirmed
corrected Tamd index values near 0 when presenled W clusters generaled [rom random data, amd
showed that values lower than 0.05 indicate clusters achicved by chanee.

4.2  Results and discussion

To better understand the evolution of clusters compared over the time sub-periods, wo carried out
i follow-up of the cluster prototypes (month by month) for the loeal independent clistering and the
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local dependent clustering. We projecled (hese prolobypes o the lctorial plan which s compnied
on the total population (cf, fipure 3). In this representation, cach dise represents a prototyvpe. In
the dependent clustering (on the left), the ten elnsters are represented by different colors aned
the lines represent the irajectory of Lthese protolypes. IL s possible lo wolice a cerlain slability
notwithstanding the diversity of the months analvzed. In the case of the local independent chistering
fon the righl ), the lemporal trajeciory is siply illasiraled by (e lines which join a prololype o
its nearcst neighbor in the provious time sub-period. This docs not give clear trajectorics because,
in snne cases. certain prototypes share the same predecessor. In fact, we notice that only four
clusters are perlectly identilied, the oiliers ones undergo lusions and splils over Lwe,

If we project on the factorial plan the prototypes of the global chustering (G, G2 GLDY),
then the prototypes oblained by the local independent and by the local dependent clustering (el
figure 1), it becomes clear that the local independent clustering is able to identify new clustors
hset e nob fonod by the two other clisterings. On the other hand, the global and loeal dependent
clustering present very close prototy pes,

N2

Fig. 3. Projection and follow-up of cluster prototypes for the local dependent clustering (left) and the local
incdependent clisstering (right. ).

We hive slso comnpmted (month-by-month for the resnlting partitions) the intra-clnster varianee
which represents the sum of the distance between each individual aud the prototy pe ol its assipaed
cluster. As cxpoected, the best score is for the loeal independent clustering, then for the local
dependent clustering and Goally for global clostering (of Ggure 5. In other words, this resmlt
shows that the partition discovered by the local independent clustering is the most cohesive one.

Criven Lhe small difference between theses scores, we wight then expect the clusters 1o be
somewhatl close, However, the representation in the factorial plan raises an initial doubt, as the
prototypes i the local mdependent clistoring seom sometimes rathor different from those of the
elobal and the local dependent elnstering, To facl, the values of Lhe corrected Tand index reveal (el
the resules from the local independent clustering are very different from those of the global and local
dependent elustering (el Ggure 6}, These differences are confinoed by the Foneasure. As we oblain
10 values (one per cluster) from the -measure for each month, we trace the corresponding boxplot
tip sammnarize these valies (ef. fgnre T We ean see by the comfrontation of the loeal independont
clustering versus Lhe global clusiering al (here are aloost alwavs low valoes, Le, certain clusters
resulting from the local independent clustering are not found by the global clustering. We can also
uodies that the loeal previons clustering does not give very dilferent results from those obtained by
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the local depeudent elustering, which confirms Lthe inluilive assmnplion gained by

observing Lhe
prototypes in the factorial plan: these prototvpes "move”™ very little over time.
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Fig. 6. Corrected Rand index values computed clustor-by-clustor.

By nsing a cluster-by-closter confrontation via the Fomeasare betweon the global elustering and
the local dependent and independent elustering, we reliue the apalysis, Whal appears guite clearly
ig that the clusters are very stable over time it we apply the local dependent clustering method.
T fact, no value 35 lower (hao (00877, which represents very good score. Own Lhe olher hand, in the
casc of local independent clustering, we detect clusters that are very different from those obtained
by the global chistering (some valnes are lower than (1.5).

It is gmite surprising that the partitions defined by the local dependent clstering are very
similar o those [rom the global clustering. We could thus speculate Lhal an analysis carcied oul
on time sub-periods wonld able to obtain results supposed to be revealed by a global analysis is
carried oul on the enlire e period. Moreover, the local dependent elustering can be consideread
as o divide-to-conguer-like approach and. morcover, one that can deal with cortain constraints such
as processing time and hardware Bmitations (memory size, microprocessor speed, ete).

In comelusion, we can say that the local dependent clistering method shows that the clisters

oblaived change very litile or nol chiange al all, whereas Lhe local independent elusteriog meiliod
is more sensitive to changes which ocear from one time snb-period to an other.

5 Conclusions

Tu Lhis article, we addressed the problens of processing dyuamic data o (he Web TUsage Miniog

domain. The guestions discussed highlight the need to definite or adapt methods able to extract
knowledge: and to follow the evolution this fype of data.
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Fig. 7. F-measure values computed cluster-hv-cluster.

Althongh many powerful knowledge discovery moethods have beem proposed for Web Usage
Mining, very little work has beeu devoled 1o handling problems related to dats that can evalve
over time, Moreover, the duration of each event in a sequence is a problem that has ot vel attracted
sufficient attention in temporal data mining, When events are of different durations, it is desirable
Lo extend the basic temmporal mode] ramework (o deline stroetures which take hese varialions into
account and not only their date of oecmrence.

Through our experiments, we showed that the analysis of dvoaimic data by time sub-periods
offers i cortain mmber of advantages such as making the method sonsitive to clistor changes over
Lie, Furthermore, as owr approach splits the dala and concentrates Lhe analysis ou lewer sub-sels,
some constraints regarding hardware imitations could overcome.

Passible future work could involve applving other clustering methods and implementing tech-
nicpes that enable the antomatic discovery of the mmber of clisters as well a8 the identifeation
ol [usions and aplits over tiwe.
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