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Abstract—In this contribution we transfer a customer purchase
incidence model for consumer products which is basedon Ehren-
berg’s repeat-huying theory to Web-basedinformation products.
Ehrenbemy’s repeat-huying theory successfullydescribesregulari-
tieson a large number of consumerproduct markets. We show that
theseregularities existin electronic markets for information goods
too, and that purchaseincidencemodelsprovide a well foundedthe-
oretical basefor recommenderand alert sewices.

The article consistsof two parts. In the first part Ehrenberg’s
repeat-tuying theory and its assumptionsare reviewedand adapted
for Web-basednformation markets. Secondwe presentthe empir-
ical validation of the model basedon data collectedfrom the infor-
mation market of the Virtual University of the ViennaUniversity of
Economicsand BusinessAdministration at http://vu.wu-wien.ac.at
from September1999to May 2001.

|. INTRODUCTION

In this article we concentrateon an anorymousrec-
ommenderserviceof the correlation-typemadefamous
by Amazon.comappliedto an information broker. It
is basedon consumptionpatternsfor information goods
(web sites)from market baslets (web browser sessions)
whichwetreatasconsumepurchaseistorieswith unob-
senedconsumeidentity. In ResnickandVarian's design
spacq13] thisrecommendeserviceis characterizeds:
1. Thecontentof arecommendatioconsistf links to
websites.

2. Itisanimplicit servicebasedn userbehaior.

3. Theserviceis anorymous.

4. Theaggreyationof recommendationis basedniden-
tifying outlierswith the help of a stochastigourchasén-
cidencemodel.

5. A sortedlist of recommendedelatedweb sitesis of-
feredto theuserof awebsite (seefigure 1).

This recommenderservice is part of the first edu-
cational and scientific recommendeisystemintegrated
into the Virtual University of the Vienna University of
Economicsand BusinessAdministration (http://vu.wu-
wien.ac.at)since Septembed 999. A full descriptionof
all recommendeservicesof this educationaknd scien-
tific recommendesystemcanbefoundin [8].

For example, figure 1 shows the recommended
list of web-sitesfor usersinterestedin web-sitesre-
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lated to the Col | aborative Filtering Wrk-
shop 1996 in Berkel ey. The web-site(in fig-
ureltheCol | aborative Filtering Wrkshop
1996 i n Ber kel ey)in theyellow box(grayin print)
is the site for which related web-siteshave beenre-
quested.

We have presentedhe architectureof an information
marketandits instrumentatiorior collectingdataon con-
sumerbehaior in [7]. We consideran informationbro-
ker with a clearly definedsystemboundary Clicking on
an external link which leaves the systemis equatedas
“purchasingan information product”. In marketing, we
assumehata consumemwill only repeatedlypurchasea
productor aproductcombinationjf heis sufficiently con-
tent with it. The rationalethat this analogyholds even
for freeinformation productsstemsfrom an analysisof
the transactioncostsof a userof an information broker.
Evenfreeinformationproductsbhurdenthe consumemvith
searchselectionandevaluationcosts. Therefore,in this
article we derive recommendationfom productswhich
have beenrepeatedlyused(= purchasedjogetherin the
samesessiong= buying occasions)4]. Suchrecommen-
dationsareattractie for informationbrokersfor the fol-
lowing reasons:

« Obsenedconsumeipurchaséehaior is the mostim-
portantinformationfor predictingconsumebehaior on-
line [2] andoffline [6].

« In traditionalretail chains,baslet analysisshavs up to
70 percentross-sellingpotential[3]. Suchrecommenda-
tions facilitate “repeat-tuying”, which shouldbe one of
themaingoalsof e-commercesites[2].

« Most important in a university ervironment is that
suchrecommendationarenot subjecto severalincentive
problemsfoundin systemsbasedon explicit recommen-
dations(ase.g. free-riding, bias,...) which areanalyzed
in [1]. Thetransactiorcostof fakingsuchrecommenda-
tionsis high, becaus@nly oneco-occurrencef products
is countedper usersessionas usualin consumertpanel
analysig[6]. Free-ridingis impossible becausey using
the information broker eachusercontributesusagedata
for therecommendations heusersprivagy is presered.
« And, lastbut notleastthetransactiorcostsfor thebro-
ker are low, sincehigh-qualityrecommendationsanbe
generatedavithout humaneffort. No editor, no author no
web-scouis needed.



Fig. 1. Example:An AnonymousRecommendeBasedon “Obsened Purchas@ehavior”



However, anorymousrecommendationsasedon con-
sumption patternsneverthelesshave the following two
problemswhich we addresdn this article with the help
of Ehrenbeg’srepeat-bying theory(see[6]):

« Which co-occurencesof products qualify as non-
random?
« And how mary productsshouldberecommended?

Ehrenbeg’s repeat-lbying theory provides us with a
referencemodelfor testingfor non-randonoutliers, be-
causeof the strong stationarity and independenceas-
sumptionsin the theory discussedn sectionll. What
males this theory a good candidatefor describingthe
consumptiorbehaior for informationproductsis thatit
hasbeensupportedoy strongempirical evidencein sev-
eral hundredconsumerproduct markets since the late
1950's. Ehrenbeg’srepeat-liying theoryis a descriptve
theory basedon consumermpaneldata. It captureshow
consumerdehae, but not why. Several very sophisti-
catedandgeneraimodelsof thetheory(e.g.theDirichlet
model([10]) exist andhave a long tradtionin marketing
research. However, for our purposesnamelyidentify-
ing non-randompurchase®f two information products,
the simplestmodel — the logaritmic seriesdistribution
(LSD) model— will prove quite adequate.For a surey
on stochasticonsumebehaior models seee.g.[14].

Oneof the main (conceptual)nnovationsof this paper
is that we explain, how we can apply a theoryfor ana-
lyzing purchaséhistoriesfrom consumeipanelsto mere
marketbaslets.

Il. EHRENBERG S REPEAT-BUYING THEORY AND

BUNDLES OF INFORMATION PRODUCTS

Of the thousandand one variables which might affect
buyerbehavior it is foundthat nine hundied and ninety-
nine usuallydo not matter Manyaspectof buyerbehav-
ior canbe predictedsimplyfromthe penetation and the
average purchasefrequencyof an item, and eventhese
two variablesare interrelated.A.S.C.Ehrenbeg (1988).

In purchasinga producta consumerbasically makes
two decisions:whendoeshe buy a productof a certain
productclass(purchasencidence)andwhich branddoes
he buy (brandchoice). Ehrenbeg claimsthat almostall
aspectof repeat-liying behavior canbe adequatelyde-
scribedby formalizingthe purchaséncidenceprocesdgor
asinglebrandandto integratetheseresultslater (seefig-
ure?2).

In a classicalmarketing context Ehrenbeg’s repeat-
buying theoryis basedon purchasehistoriesfrom con-
sumerpanels.The purchasehistory of a consumeis the
sequencef the purchasedn all his market basletsover
an extensive periodsof time (a year or more). For in-
formation products,the purchasenistory of a consumer
correspondso thesequencef sessionef auserin aper
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Fig. 2. PurchaséncidencessIndependen$tochastidrocesses

sonalizedervironment.

A marletbasletis simplythelist of items(quantityand
price) boughtin a specifictrip to the store.ln aconsumer
paneltheidentity of eachuseris known.

For informationproductsthe correspondingonceptis
a sessionwhich containsrecordsof all informationprod-
ucts visited (used)by a user In anorymous systems
(e.g. most public web-sites)the identity of the useris
notknown.

Very early in the work with consumerpanel data it
turnedoutthatthe mostusefulunit of analysigs in terms
of purchaseoccasionsnotin termsof quantityor money
paid. A purchaseccasioris codedasyes,if aconsumer
haspurchase@neor moreitemsof aproductin aspecific
trip to a store. We ignore the numberof itemsboughtor
packagesizesand concentrateour attentionon the fre-
queng of purchase.

For information productswe definea purchaseocca-
sionasfollows: apurchaseccasioroccursif aconsumer
visits aspecificinformationproductatleastoncein aspe-
cific session.We ignore the numberof pagesbrowsed,
repeatvisits in a sessionamountof time spentat a spe-
cific informationproduct,... Note, thatthis definition of
counting purchaser information productusageis ba-
sic for this article andcrucial for repeat-liying theoryto
hold.

Analysisis carriedoutin distincttime-periodgsuchas
1-week, 4-week, quarterly periods)which ties in nicely
with otherstandardnarketingreportingpractices A par
ticular simplificationfrom this time-periodorientationis
thatmostrepeat-hbiying resultsfor ary givenitem canbe
expressedn termsof penetratiorandpurchasdrequeng.

The penetation is the proportionof peoplewho buy
anitem at all in a given period. For this article, penetra-
tion is of no concernto us,becauseén anorymouspublic
Internetsystemswe simply cannotdeterminethe propor
tion of userswho usea specificweb-siteat all. (That, of
coursechangesn personalizedecommendesystems.)

The purchasefrequency is the averagenumberof



timesthesebuyersbuy atleastoneitemin theperiod.The
meanpurchasdrequeny s itself the mostbasicmea-
sureof repeat-liyingin thetheory[6] andin this article.

In the following we consideranorymousmarket bas-
kets as consumerpanelswith unobsewed consumer
identity —andaslong aswe work only at the aggreyate
level, everythingworks out fine, aslong as Ehrenbeg's
assumptionsn consumepurchaséehaior hold.

Figure 2 shaws the main idea of purchaseincidence
models: a consumetbuys a productaccordingto a sta-
tionaryPoissomrocesahichis independenof the other
buying processesAggregationof thesebuying processes
over the populationunderthe (quite general)assumption
that the parameters of the Poissondistributions (the
long-run averagepurchaserates)follow a truncated -
distribution resultsin a logarithmic seriesdistribution as
Chatfieldet al. have shawvn [5]. We presentChatfields
proofin detail, becausehe original proof is marredby a
typesettingerror:
1. The probability
Poissordistributed:

thata buyer makes purchasess

2. We integrate over all buyers in the truncated -
distribution:

Since isverysmall,for
thisis approximately

andsetting

with

3. If for , we get and

. (However, thisistheLSD. g.e.d.)

The logarithmic seriesdistribution (LSD) describes
the following frequeny distribution of purchaseg[6]),
namelyhow mary buyersbuy a specificproduct , ,
... times(without taking into accountthe numberof non-
buyers)?

purchases (1)
Meanpurchasdrequeny (2)

Thevarianceis:
®3)

For moredetailson the logarithmicseriesdistribution,
we referthereaderto [11]. Thelogarithmicseriesdistri-
bution resultsfrom the following assumptiongboutthe
consumerspurchasencidencedistributions:

1. The shareof never-buyersin the populationis not
specified. In our settingof an Internetinformation bro-
kerwith anorymoususersthis definitelyholds.
2. Thepurchasesf aconsumein successie periodsfol-
low a Poissordistributionwith acertainlong-runaverage
. The purchase®f a consumerfollow a Poissondis-
tribution in subsequenperiods,if a purchasdendsto be
independenbf previous purchasegasis often obsened)
anda purchaseoccursin suchanirregularmannerthatit
canberegardedasif random(see[14]).
3. Thedistributionof in the populationfollows a trun-
cated -distribution, sothatthefrequeng of ary particu-
lar valueof is givenby , for ,
where isaverysmallnumber aparameteof thedis-
tribution,and aconstantsothat .
A -distribution of the in the populationmay have
the following reason(see[6]): If for differentproducts
the averagepurchaserate of  is inde-
pendentof the purchaseatesof the otherproducts,and
is inpendentof a consumer”gotal pur-
chaseaateof buyingall theproducts.Theseindependence
conditionsarelikely to hold approximatelyin practice.
4. Themarketis in equilibrium(stationary).

Next, considerfor somefixedinformationproduct in
theset of informationproductsin the broker, the pur-
chasefrequengy of pairsof with \ . The



probability thata buyer makes purchase®f
products and atthe samebuying occasionwhich fol-
low independenPoissorprocessewith means and

is[12]: ——. Forourrecommender
servicesfor product we needthe conditionalprobabil-
ity thatproduct hasbeenusedunderthe conditionthat

product hasbeenusedin the samesession.lt is easy
to seethat the conditionalprobability is again
Poissordistributedby

Becauseof the independenceassumptionsoutlined
above, the frequeng distribution thatsuchpairsoccurl,
2,3, .., -times,follows alogarithmicseriedistribution by
thesameline of reasoningasabove.

We expectthat non-randomoccurence®f suchpairs
occur more often than predictedby the logarithmic se-
riesdistribution andthatwe canidentify non-randonoc-
curence®f suchpairsandusethemasrecommendations.

We canestimatethis logarithmicseriesdistribution for
the whole market (over all consumersjrom market bas-
kets, thatis from anorymousweb-sessionsThe limita-
tion is that we cannot analyzethe behaior of different
typesof consumerge.g.light andheary buyers).

Whatkind of behavior is capturedoy the LSD-model?
Becauseof the independenceassumptions,the LSD-
model estimateshe probability that a product pair has
beenusedby chance -timestogetherin a session. For
example,considerthata userreads— ashis time allows
— somelnternetnenspaperandthat he usesan Internet-
basedtrain-schedulefor his travel-plans. Clearly, the
use of both information productsfollows independent
stochastigrocessesAnd becaus®f this, we would hes-
itate to recommendo otheruserswho readthe sameln-
ternetnewspapethetrain schedule Thefrequeny of ob-
servingthis pair of informationproductsn onesessionis
asexpectedrom the predictionof the LSD-model.

Next, considercomplementaritiebetweerinformation
products:Internetuserausuallytendto needseveralinfor-
mationproductsfor atask. E.g. to write a paperin a for-
eignlanguagaheauthormmightrepeatediyneedanon-line
dictionaryaswell assomehelp with IATEX, his favorite
type-settingsoftware. In this case,however, we would
not hesitateto recommend IATEX-online documentation
to the userof the on-line dictionary And the frequeny
of observingthesetwo informationproductsin the same
sessioris (far) higherthanpredictedby the LSD-model.

Algorithm for computingrecommendations:

1. Computefor all informationproductsx in the market
baslets the frequeng distributions for repeat-purchases
of theco-occurencesf with otherinformationproducts
in a sessionthatis of the pair with \
Several co-occurencesf a pair in a singlesession
arecountedonly once.
2. Discardall frequeng distributionswith lessthan ob-
senations.
3. For eachfrequeng distribution:

(a) Computetherobust meanpurchasdrequeny by
trimmingthe percentilof thehighrepeat-ly pairs.

(b) Estimatetheparameter for theLSD-modelfrom

with either a bisectionor Newton

method.
(c) Apply a -goodness-of-fitest with a suitable
(e.0. or ) betweertheobsenedandtheexpected

LSD distribution with a suitablepartitioning.
(d) Determinethe outliersin thetail. (We suggesto be
quite conserative here:Outliersatr areabove )
(e) Finally, we preparethelist of recommendationfor
information product , if we have a significant LSD-
modelwith outliers.

TABLE |
ALGORITHM FOR COMPUTING RECOMMENDATIONS

A recommendatioimn this settingsimply implies that
co-occurencesccurmoreoftenthanexpectedrom inde-
pendentrandomchoiceactsandthat a recommendation
revealsacomplementaritypetweerinformationproducts.

Themainpurposeof theLSD-modelin thissettingis to
separataon-randonto-occurencesf informationprod-
ucts (outliers) from randomco-occurencesgas expected
from theLSD-model).We usetheLSD-modelasabench-
markfor discoveringregularities.

Finally, we show a shortoverview of the algorithmfor
computingrecommendationis tablel.

Note,thatin stepl of the algorithmrepeatedisageof
two information productsin a single sessionis counted
onceasrequiredin repeat-lbiying theory

In addition,ignoring high-repeabuy outliersby trim-
ming the sample (step 3a) considerablyimproves the
chancef finding a significantLSD-model. This is sup-
portedby the datain columnV of tablelll.

Several lessconserative optionsfor determiningthe
outliersin the tail of the distribution (step 3d) are dis-
cussedn the next section.



Java Code Engi neering & Reverse Engi neering

Persons using the above entry
used the follow ng entries too:
Free Progranm ng Source Code
Sof t war eent wi ckl ung: Java
Devel oper.com
Java- Ei nf uehrung

JAR Fil es
The Java Bouti que

Code Conventions for the Java(TM Programi ng Language

1
2
3
4,
5. The Java Tutori al
6
7
8
9

Java Honme Page
11. Java Commrerce
12. Collection of Java Applets
13. Experts Exchange
=== Q_jt s s s p——
14. The GNU-W n32 Proj ect
15. Mcrosoft Education: Tutorials
16. Hot Scripts.com

Wirking with XM.: The Java(TM /XM Tutori al

Fig. 3. List of entrieswith cuts

I1l. A SMALL EXAMPLE: JAVA CODE ENGINEERING
&
REVERSE ENGINEERING

In figure 3 we showv the first candidatesfor
recommendationsof the list of 117 web-sites gen-
erated for the site Java Code Engi neering &
Rever se Engi neering bythemethoddescribedn
tablel. otherinformationproductshave beenfound
in market baslets togetherwith this researctsite. The
meanpurchasdrequengy is . After trimming the
highest  percentil (ignoring two obsenationswith 7
and 8 repeatbuys, respectiely), the (robust) meanpur-
chasefrequeny is , the parameter of the LSD-
modelis . A goodness-of-fitestis highly sig-
nificant ( whichis considerabhibelon ,
the critical valueat ). Thisindicatesthatignor-
ing high repeat-ly outliersimprovesthefit of the LSD-
model.Visualinspectiorof figures4 and5 showvsthatthe
theoreticalLSD-model properly describeshe empirical
data. This is impressionis supportedby comparingthe
columnsf (x) ob andf (x) theo in thesecondpart
of tablell aswell aslooking atthe -valuesin tablell.
For moredetails,seetablell.

All outlierswhoseobsenedrepeat-purchaseequeny
is above the theoreticallyexpectedfrequeny are candi-
datedo beselectedaisrecommendationdn figure5 (with
a logarithmic y-axis) we explore threeoptionsof deter
mining the cut-off pointfor suchoutliers:

Option1. Withoutdoubt,aslong asthe obseredrepeat-
purchasdrequeng is above the cumulatedtheoretically
expectedfrequeng, we have detectedutliers. In our ex-
ample,this holdsfor all obsenationsof morethan  co-
purchasesvhich correspondo thetop  sitesshavn as
recommendations figure 3. (Thisis themostconsera-
tivechoice.Inspectingheserecommendationshovsthat
all of themaremoreor lessdirectly relatedto Jasa pro-
gramming,which is probablythe taskin which students
usetheexamplesite.)

Option2. Discountingary modelerrors,aslong asthe
obsenedrepeat-purchadeequeng is abovethetheoreti-
cally expectedrequeng is alessconserative option. For
the example,we selectall co-purchasewith morethan
occurencess recommendationsFor the example, this
coincideswith the optiondescribedabove. Seethetop
sitesin figure 3.

Option3. If we take the cut, where both cumulative
purchasefrequeng distributions cross,we get  rec-
ommendationsegardingall co-purchasesccuringmore
than twice as nonrandom— see the top sites in
figure 3. However, it seems,that entries 12 and
13, namely Col | ecti on pf Java Appl ets and
Experts Exchange seemto be not quite so related
to Java programming.

Note, thatthelastthreeentriesshavn in figure 3 seemto
be of little or no relevancefor Java programming.

We have implementedhe mostconsenrative approach,



# File: w01_74 (Mon May 7 16:48:37 2001)

# Heuristic was: distr=NBD - Case 4: NBD heuristic var>mean
# Heuristic was: nmean= 1.56410256410256 Var=1.64456233421751
# Total nunber of observations: 117

#

# Robustify trimred begin: 0/ end: 0.025 (2 observations)

# Robustify left mean: 1.46086956521739

# W Robustify estimated gq: 0.511090921020508

#Pl ot

#Rep r f(x)ob f(x)theo 1- F(x)ob 1- F(x) t heo

1 87 83. 565419 117 117

2 17 21. 354763 30 33. 434580

3 2 7.276150 13 12. 079816

4 5 2.789080 11 4.803665

5 3 1. 140379 6 2.014585

6 1 0. 485697 3 0. 874205

7 1 0.212773 2 0. 388508

8 1 0. 095153 1 0.175734

# Cetting fat tails:

# Method 1-F(x) intersection at: 2 (leaves 13 nonrandom outliers)
# Method f(x) intersection at: 3 (leaves 11 nonrandom outliers)
# Method nmixed intersection (f(x) obs w 1-F(x) theo) at:

# 3 (leaves 11 nonrandom outli ers)

#Chi Square Test:

#cl ass obs theoretic chi2 trimred chi2 trimred

#1 87 83. 565 0.141 87 0. 141

#2 17 21. 355 0. 888 17 0. 888

#3 13 12. 080 0. 070 2 0. 097

# Sum of chi square val ue:
# Sum of chi square val ue trinmed:
# Test border (at 99% w1 d.f.):
# *** Significant at 95% ***

1. 09930205129959
1. 12573175901045
10. 828 (95% woul d be 3.841)

TABLE I
STATISTICSFOR ENTRY WU01_.74

namelyoption 1, in therecommendeservicebasedon a
checkof the facevalidity of the recommendationfor a
small sampleof information products(25 products).We
think that,atleastin caseswith a considerableumberof
candidategor the recommendatiofist, this is a suitable
approach.

Next, let usbealittle bit morepreciseaboutwhatcon-
stitutesan outlier. Consider for example,the numberof
productcombinationsvhich have beenbought8 timesto-
getherin tablell. Theoreticallywe would expectthatthis
is a chanceeventroughly in oneout of ten cases.Now,
we have obsened5 productcombinationswith 4 repeat-
buys. Unfortunately theoretically2.789productcombi-

nationscan be expectedfrom purechance.In this class
we obsene now a mixture of randomproductcombina-
tions and non-randonproductcombinations put we are
not ableto distinguishthem. However, we canspecifya
thresholdfor the chanceof falsely presentinga random
co-occurenceg.g.below 0.40. In the example,we would

thenpresenthe entriesin classes, 7, and8, but not the
entryin class6. Thatis, we would presenentriesl, 2, 4,

5, and6 in figure 3, but not entry 3, Devel oper. com
and,indeed this site definitelyis not exclusively devoted
to Java programming.In the analysisof outliersthereis

still roomfor improvementase.g. by developingstatisti-
cal testfor identifying outliers.
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DETAILED RESULTS. (OBSERVATION PERIOD: 1999-09-01— 2001-05-07). NUMBERS IN PARENTHESISINDICATE LISTSWITH AT LEAST 1

I Il 11 v Y VI
no Sign. Sign. Sign. || Not
undef. || (  classes) (trim) || sign.
A
Obs. | 1128 66 0 0 0 0 1194
©) (63) ) ©) ) © | (63
B
- 1374 0 0 0 0 0 1374
©) ) ) ©) ) ©) ©)
cC
- 2375 0 0 0 0 0 2375
©) ) ) ©) ) ©) ©)
D
- 201 617 105 46 15 372 | 1356
(0) (605) (105) (46) (15) || (145) | (916)
E
- 3 86 222 194 93 253 851
(0) (86) (222) (194) (93) || (253) | (848)
5081 769 327 240 108 625 | 7150
(0) (754) (327) (240) (108) || (398) | (1827)
TABLE Ill

OUTLIER

IV. FIRST EMPIRICAL RESULTS

To establishthat a recommenderservice basedon
Ehrenbeg’srepeatuying-theoryis supportedy empiri-
cal evidence we proceedasfollows:

1. In sectionlV-A we investigate,how well the LSD-
modelexplainstheactualdatafor informationprod-
ucts.

2. However, thatthe LSD-modelfits the datawell, does
not yet meanthatthe outlierswe have identifiedaresuit-
able recommendation$or a user In sectionlV-B we
presentheresultsof a first smallfaceevaluationexperi-
mentwhoseresultsuggestshattheseoutliersareindeed
valuablerecommendations.

The datasetusedfor the examplegivenin sectionlll
andin this sectionis from the anorymousrecommender
servicef theVirtual Universityof theViennaUniversity
of EconomicsandBusinesAdministration(http://vu.wu-
wien.ac.at)for the obsenation period from 1999-09-01
to 2001-03-05. Co-occurencesave beenobsened for

information products, After elimination of web-
siteswhich ceasedo exits in the obsenation period, co-
occurencedgor information productsremain avail-
ablefor analysis.

A. Fit of Datato LSD-Models

Tablelll summarizeshe resultsof applyingthe algo-
rithm for computingrecommendationpresentedn ta-
ble I. If the samplevarianceis larger thanthe sample

mean, this may indicate that an NBD-model (and thus
its LSD-approximation)s appropriate(see[11, p.138]).
This heuristicsuggests  candidategor anLSD-model
(seetablelll, row E).

Therows of thetablerepresenthefollowing cases:

A Thenumberof obsenationsis lessthan10. In thisrow
we find co-occurencdists either for very young or for
very rarely usedweb-sites. Theseare not includedinto
the further analysis.Cell (A/Il) in tablelll containslists
which have repeatedto-occurencedespitethe low num-
ber of obsenations. In this cell good recommendation
lists maybe presen{4 out of 5).

B No repeatbuys, just oneco-occurenceThesearedis-
cardedfrom furtheranalyses.

C Lessthan 4 repeat-biys and trimmed samplemean
larger thanvariance. Trimming outliers may leadto the
casethatonly the obsenationsof classl (no repeatuys)
remainin the sample. Theseare discardedrom further
analyses.

D More than 3 repeat-bys and trimmed samplemean
larger than variance. In cell (D/1) after trimming only
classl entriesremainin the trimmed sample(no repeat
buys). As a future improvement,the analysisshouldbe
repeatedwithout trimming. In cell (D/l) the -testis
notapplicable pecausdessthan3 classesemain.

E (Trimmed)samplevariancelarger thansamplemean.
For cell (E/l) we recommendhe sameasfor cell (D/1).
For cell (E/Il) we obsenethe sameasfor cell (D/11).



The columns| — VI of table Il have the following
meaning:
I The parameter of the LSD modelcould not be esti-
mated.For example,only asingleco-occurrencéasbeen
obsenedfor someproductpairs.
Il The goodness-of-fitestcouldnotbecomputedpe-
causeof lack of obsenations.
lll, IV The goodness-of-fitestis significantat

or , respectiely. The LSD-modelwasesti-

matedwithouttrimming outliers.
V The  goodness-of-fitestis significantat
for LSD-modelsestimatedwith trimmeddata. All high-
repeatbuy pairsin the  percentilhave beenexcluded
from the modelestimation.

VI The -testis notsignificant.
n %
Informationproducts 9498 100.00
Productdoughttogether
with otherproducts 7150 75.28
Parameter defined 2069 21.78
Enoughclassedor -test 1300 13.69
LSD with (robust) 675 7.11
LSD notsignificant 625 6.58
LSD fitted,no  -test 703 7.40
andno -test 66 0.69
TABLE IV
SUMMARY OF RESULTS. (OBSERVATION PERIOD: 1999-09-01 —
2001-05-07)

As summarizedn tablelV we fitted a LSD-modelfor
thefrequeny distributionsof co-occurenciefor in-
formationproducts.For informationproductsthatis
morethan50 percent.the estimated_SD-modelspassa

goodness-of-fitestat

B. FaceValidation of Recommendations

In orderto establishthe plausibility of therecommen
dationsidentifiedby therecommendeservicepreviously
describedye performeda smallscalefacevalidationex-
periment. The numbersin parenthesisn tablelll indi-
catethe numberof lists for which outliersweredetected.
Fromtheselists lists of recommendationwereran-
domly selected. Eachof the recommendation
theselists was inspectedfor plausibility. Plausiblerec-
ommendationsvere countedas good recommendations
by pressingthe affirmative symbol (a hook) in the Vote
Box shawn in figure 1.

This smallscalefacevalidationexperimentof inspect-
ing recommendationfor plausibility led to a quite satis-
factoryresult:

» For the lists for which a significant LSD-model
could be fitted, % of the recommendationsvere
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judgedasgoodrecommendations.

listsfor whichaLSD modelwasnotsignificantcon-
tained % goodrecommendations.

o Only % good recommendationsvere found in
the44lists for thoseL SD-modelswhereno  testcould
be computedwhichis asignificantlylower percentage.

Surprisingly theclassof modelswherethe LSD model
was not significantcontainsa slightly higher numberof
recommendationevaluatedasgood. However, anumber
of (different)reasonsnay explain this:

«» First, we might argue that even if the LSD-modelis
insignificant,it still senesits purposenamelyto identify
non-randonoutliersasrecommendations.

« A closeinspectionof frequeng distributionsfor these
lists revealedthe quite unexpectedfact that several of
thesefrequeng distributionswerefor informationprod-
uctswhich belongto the oldestin the datasetandwhich
accountfor mary obsenations. The reasonsfor this
may be explainede.g. by a shift in userbehaior (non-
stationarity)or too regularbehaior (ase.g.for cigarettes
in consumemarkets[6]). If too regular behaior is the
reasorthatthe LSD-modelis insignificant,again,we still
identifiedthe non-randonoutliers.

« An other factor which might contribute to this prob-
lem is that several entriesin this group belongto lists
integratedin the web-sitesof otherorganizationalunits.
Thesdists, atleastsomeof them,containweb-sitesvhich
have beencarefully selectedby the webmaster®f these
organizationalunits for their students.For example,the
list of web-sitesfor studentjobsis integratedwithin the
mainweb-siteof theuniversity. Therecommendationfr
suchlistsseemto reflectmainlythesearctbehaior of the
users A similareffectis knownin classicconsumepanel
analysis|f if thepointsof saleof differentpurchaseare
not cleanlyseparatedThis impliesthate.g. purchasen
asupermarktarenot distinguishedrom purchase$rom
a salesman.In our analysis,the purchaseoccasionsare
in differentweb-sitesnamelythe broker systemandthe
organizationalweb-sitewith the embeddedist. Ehren-
berg’'s recommendatioris to analysethe dataseparately
for eachpurchaseccasion.

Also, the fact that the data set containsinformation
productswith differentage may explain someof these
difficulties. However, to settlethis issuefurther investi-
gationsarerequired.

V. FURTHER RESEARCH

Themaincontribution of this papers thatEhrenbeg’s
classicalrepeat-liying modelscanbe appliedto market
basletsanddescribe- despitetheir strongindependence
and stationarityassumptions- the consumptiorpatterns
of information products— at leastfor the datasetana-
lyzed— surprisinglywell. For e-commercssitesthis im-
plies, that a large part of the theory developedfor con-



sumerpanelsmay be appliedto market baslet datatoo,
aslong astheanalysisremainson the aggreyatelevel.

For anorymous recommendesservicesthey seemto
do aremarkablgob of identifying non-randonrepeated-
choiceactsof consumerof information productsaswe
have demonstratedn sectionlll. The useof the LSD-
modelfor identifyingnon-randonto-occurencesf infor-
mation productsconstitutesa major improvementwhich
is not yet presentin othercorrelation-typeecommender
services.

However, establishingan empiricalbasefor the valid-
ity of repeat-lnying modelsin information markets as
suggestedn this article still requiresa lot of additional
evidenceand a careful investigationof additional data
sets.We expectthat suchan empiricalresearctprogram
would have a good chanceto succeedbecausdo estab-
lish Ehrenbeg’s repeat-iying theory a similar research
programhasbeenconductedy Aske Research.dt., Lon-
don, in several consumerproduct markets (e.g. denti-
frice, ready-to-eaterealsdetegents refrigeratecddough,
cigarettespetrol,tooth-pastesjiscuits,colourcosmetics,
...) from 1969to0 1981]6].

The currentversionof the anorymousrecommender
servicegandtheanalysisin this article) still suffersfrom
several deficiencies. The first is that new information
productsaredaily addedto theinformationbroker’s data
base,so that the stationarityassumptiongor the market
areviolatedandthe information productsin the dataset
are of non-homogenousge. The seconddravback is
thattestingthe behavioral assumptionsf the model,e.g.
by testingthe behavioral assumptionsvith datafrom the
personalizegart of the VU, aswell asvalidationeither
by studyinguseracceptancer by controlledexperiments
still hasto be done. Third, for performanceaeasonghe
co-occurencdists for eachinformation productdo not
containtime-stampsThereforethedevelopmenbf time-
dependeneg.g. alertsystemdhasnot beentried, although
Ehrenbeg’stheoryis in principle suitablefor thistask.

We expectEhrenbeg’s repeat-lying modelsto be of
considerabldelpto createanorymousrecommendeser
vicesfor recognizingemeuging shiftsin consumebeha-
ior patterns(fashion,emeging trends,moods,new sub-
cultures,...). Embeddedn a personalizecernvironment
Ehrenbeg’s repeat-lblying modelsmay sene asthe base
of continuousmarketing researchservicesfor manage-
rial decisionsupportwhich provideforecastandclassical
consumepanelanalysisn acostefficientway.
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