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Abstract

In this paper we describe a model of how peoplechaanline
consumer reviews in service of purchasing decisidrse
model is similar to other recent models of inforimatseeking
in that it updates estimates of products’ utilitiesing
Bayesian inference. It is different, in that it pdoseeking
further information when the confidence that one toé
alternatives is the best exceeds a threshold. igsdirom a
controlled experiment support the model by sugggsthat
high variance in review ratings causes people &k saore
information.

Keywords: Information search; online consumer reviews;
user modeling; threshold models.

Introduction

Online opinion forums like Epinions and c|net, aadiew
sections of retailer websites are used by peopigreto
both share and gather views on interesting prodlugig
these sites, those who have made purchases canbatat
reviews, and those who are planning to make a piseeh
can find information that may assist decision mgkin

Literature Review

Online Opinions and Decision Making

Most research in the effects of online opinionsdeision
making concentrate on their influence on attitutiegards
products and product choices, and on the mediatofs
opinions’ persuasive power (Huang & Chen, 2006k Rar
Han, 2008; Xue & Phelps, 2004). Further, limiteddewnce
suggests that consumers consult online opinionedace
buying-related risks and decrease decision effdenfig-
Thurau & Walsh, 2004), and that the mere availgbitif
one opinion for a single option decreases searnfe ti
(Smith, Menon, & Sivakumar, 2005). However, these
studies do not allow us to ascertain the proces$ficof
people consult online consumer reviews.

One possibility is that online decision-making psses
are similar to offline decision-making processeMany
studies of traditional offline word-of-mouth suggesat
advice from family and friends facilitate consumers
reducing buying related risks and informational
uncertainties; for example see (Lutz & Reilly, 1R7Raken
together, these studies suggest that a potentamation

In recent years, consumer opinions have become & consumers’ opinion seeking should incorporateic

important component of the product related infoliorat
that is available to potential buyers (Bei, Chen,

related uncertainties.

Widdows, 2004). However, despite their apparenynformation Search and Stopping Rules

importance, there is very little work exploring thenpact

on how people search for information in service of

purchasing decisions. Yet, developing an understgnaf
how potential buyers consult online consumer regiew
could provide insights into how consumer searctcesses
can be facilitated through interface design (Mildswes,

& Davies, 2000).

In this paper we report work towards an understagdi
of why and how people consult online consumer ngsie
We propose a criterion-dependent Bayesian choicdemo
of online consumer reviews search and inspectisamF
this model, we derive two predictions regarding depth
of consumers’ opinion search and subsequently werte
test of the predictions that used a controlled exrpent.
To foreshadow the results, the experiment provitase
evidence to support the model but some of the fligsli
were inconclusive. Possible explanations are cedlin
Finally, recommendations for further investigatiame
discussed.
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In cognitive science the study of information skatasks
has been strongly influenced by Pirolli and Card’s
information foraging theory (IFT) (1999), which prets
user behavior in general search tasks. More spaltyf it
predicts that a patch of information should be, Isét as to
exploit another, when the rate of within patch gain
diminishes below the expected average rate of gain.
Similarly, Fu and Pirolli's SNIF-ACT model (2007),
predicts users’ link selection on a Web page andnwnihe
current web page will be left.

Traditional information economics puts the searon f
information in a decision making context. Likewise set
opinion seeking in a product choice situation. Femnnore,
information economics posits that people search
information until the costs of searching for mongveeigh
the potential gains of acquiring it (Stigler, 196%)milarly
Fu and Gray (2006) assume that information seeking
map-navigation task stops when the estimated yutifitthe
information is lower than the information seekirast Both

for



information utility and gain are opertionalised tarms of
time. In our model, we view information collectias a
means to reduce choice related uncertainties.

Threshold models take a different view on when peop
stop acquiring information (For an excellent disios see
(Hausmann & Lage, 2008)). The core idea is thatpfgeo
stop searching for information when their confidertbat
one of the decision alternatives outperforms tls¢ reaches
or exceeds a threshold. In our model we utilizenailar
‘desired level of confidence’ criterion of stoppiginion
seeking. We assume that prospective purchasers
reading opinions, i.e. they stop searching for rimfation,
when they have decided which product is best ga@me
desired level of confidence.

The Modé€

We view and model opinion search and acquisitioraas
means to reduce choice related uncertainties.nka With
proposed models of information acquisition (Hageg&y
Aaker, 1984; Moorthy, Ratchford, & Talukdar, 199%e
assume that the consumer faces uncertainty abauttte
products under consideration perform, and that iopin
acquisition reduces this uncertainty. That is,dbesumer is
not sure of products’ true value. Rather he holdBefs
about each product’s true mean value, which inrioelel
are represented by product-specific distributignsvherei
stands for product. The consumer evaluates theuptsd
using a utility function U(g). Therefore, consumers’
uncertainty about how the products perform is regnéed
in utility terms with product-specific utility digbutions
denoted byf; = U(g;). We assume that the utility function is
the identity one, consequenfiy= g.. The consumer updates
his beliefs about product’s true mean value (ang thtility)
by acquiring reviews.

At any point during the search process the consdaces
uncertainty about which product out-performs thset.rgVe
denote this uncertainty gt), wheret stands for time step.
It is the probability that the product with the @nt highest
mean estimated utility will turn out not to be $égure 1
pictures consumer’s product-specific utility dibtriions in
a binary choicep(t) is analogous to the degree of overlap
between the two distributions. As long as the uiaiety,

namely p(t), is high, the decision maker keeps acquiring

reviews, and updates his beliefs about product® tnean
value. However, as soon gt) falls below a threshold
value, opinion acquisition stops and the produdhwhe
highest mean estimated utility is selected. Thptg rule
is a variation of satisficing (Simon, 1955) in wihithe
aspiration level is not product value, but rathée t
confidence that one of the products is better tharothers

! The stochastic nature of utility in the model ahd definition
of p(t) resembles Random Utility Models (RUM) (Baltas &ye,
2001). In this family of models it is assumed thatducts’ utilities
follow random distributions, and that the decisioraker is a
rational utility maximizer. Therefore, in a binachoice between
productsi andj, the decision maker will choose the produaith
probability P{) = P(U > U;). Apparently, our model'(t), and
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Figure 1: Graphical representation of consumerslpct-
specific utility distributions.

Mode Description

The model describes information search in a birdugice.
We assume that the true value of produdotiows a Normal
distribution. The decision maker does not knowrtrean of
that distribution, i.e. product's mean value, b#t #oes
know its variancé Each individual review is a ‘signal’ of
product value and follows the above mentioned nbrma
distributior?. The decision maker holds beliefs about the
mean of the true product valug, and product’s utilityf;,
and as more opinions are acquired the beliefs afagb
updated. We assume decision maker’'s prior belidfs o
product’'si true mean value at time step 0 to follow a
Normal distribution with meap(0) and variances?(0).

At each time step the consumer (i) selects a product for
which to read a review, (ii) inspects the seleqteaduct’s
next review and updates his beliefs about produitis
mean value and utility, (iii) calculates the proitiab p(t),
and (iv) decides whether to stop the search proeess
make a choice or to obtain more reviews. Below we
describe each action in detail.

(i) Selection of product for which to read revieit time
stept = 1 the product is randomly selected from
consumer’s consideration set. At time step 1 the
product for which to read a review is that of poms
time stept — 1, unless all of the product’s reviews have
been read, or a switch to another product thresha¢d
been reached. The switch threshold is definedringe
of p's difference between the two last time stqus,

RUM'’s P() are related. If E()) < E(U) thenp(t) = P(), whereas,
if E(U;) > E(U), p(t) =P(U < U) =1 -PD.

2 Off-course the assumption of known variance is
simplification. The model can be extended to inooape unknown
variance but on the current state of developmeeat siimplified
model proved capable of yielding testable preditgtio

3 Hu et al. (2007) recently demonstrated that tisgribution of
online consumer reviews is not Normal but J-shaptxvever, at
the current state of model development reviews vesseimed to
follow a Normal distribution.



(ii)

2) —p(t-1), and the product is switched if the absolutemean values was manipulated in five levels, nantely
of the difference is below a threshold valle 0.6, 0.8, 1 and 1.2. The variance was also martgdila
Inspect review and update beliefs about productie t  five levels, specifically 0.2, 0.4, 0.6, 0.8 andahd was the
mean value and utilityThe distribution of beliefs same for each product within each scenario. Theluymto
about product's true mean value (and thus utilisy) ratings with which beliefs were updated were heldstant
updated by incorporating review’s rating. Giventtha across all scenarios and were of mean 4.4 for thduot
both prior beliefs and reviews follow a Normal with the higher mean of prior beliefs and 3.6 foe bther.
distribution, the posterior distribution is stillokmal ~ The actual ratings were (5, 5, 5, 5, 5, 5, 4, 8)3&nd (5, 5,
with mean and variance given by (DeGroot, 19704, 4, 3, 3, 3, 3, 3, 3), and of identical variargeal to 0.71.

Roberts & Urban, 1988):

I
T, +1

Oy (t-1) +

1
() = D(
;i (1) -

2y Lt 2
oA () =— w2 (t-1
M() Tt+1 ;4( )

Where x is review's rating, and; is the strength in
prior beliefs at time step 7 changes with time ag =
L+ 1

(i) Calculate p(t) The distribution of @}, the probability

that the product with the current highest mean

estimated utility will turn out not to be so is Maally
distributed as is the difference of two Normal
distributions. Calculating(t) is then straightforwafd

(iv) Decision whether to stop the search process ancemak.

a choice or natThe search process stops eithg(if
is bellow a threshold value or if all the reviews of all
of the products have been obtained. In any of wee t
situations the product with the highest mean edétha
utility is chosen. If it has been decided not topsthe

search process the model moves on to the next tim

step.

Predictions

The model predicts the relative number of reviewat t
people will read given prior beliefs and three paeter
values, k, 6 and 1,. To verify its behavior we created
different scenarios of prior beliefs of productaie mean
value and we ran numerical simulations across gelar
parameter space. The scenarios involved choicesebat
two products. They were built to examine whethemall
gap between the means of products’ prior beliefsresult
in more search compared to a large one, and whétgar
prior beliefs’ variance will entail more reviews be read
compared to low variance. The gap between prioiefsél

4 p(t) is exactly the same probability of selecting adprct in the
binary probit choice model. For the purpose ofsiitation let
producti have a higher mean estimated utility value thampct;.
Then p(t) is the probability of selecting produgtIn the binary
probit choice model this probability @®[(y; - ;) / a], wherec? =
o,° + 0, and the covariance of the two Nomral distributis
assumed to be zero (Louviere, Hensher, & Swait02@0 362).
Exactly the same formula is obtained by standamdizhe Normal
distribution ofp(t).
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Each scenario was run separately and for five tiacesss
the following parameter space= 1:1:10, k = 0.01:0.01:0.1,
6 = 0.005:0.005:0.05. By firstly averaging the numbé
reviews read across the parameter space for eaghand
then across each scenario, we obtained the averagber
of reviews read for each scenario and confidentarvals.
As Figure 2 indicates, the model predicts that ntexgews
will be acquired when the gap between prior-betfiefns is
small and/or when the variance is high.

wariance: [ Jo 2 o 40 o000 0. = 1
20f :
- = [

o
=15}
g =
o
3
=10t
=
=
=
o 1
' 5

0

0.4 0B na

gap of means

Figure 2: Model Predictions: The average number of
reviews acquired for different values of prior B&E gap of
means and variance.

Experiment
To test the predictions of the model we conducted a
controlled experiment in which we manipulated

participants’ prior beliefs about products and need
search activity.

Design

A 2 x 2 full factorial experimental design was used. The
manipulated factors were prior beliefs’ gap of neérgh,
low) and prior beliefs’ variance (high, low). Theam of
means was manipulated between subjects and theneari
within. The main task consisted of selecting atdigiamera
among three alternatives in each of two categdfesnd 7



mega-pixels resolution) The manipulation of prior beliefs
was accomplished by splitting the task into two gg®a In
the first phase participants were exposed to profdatures
and five reviewers' ratings for each alternativeheT
manipulation was introduced through these ratingsthe

order of presentation was the same as in thehase. Then,
participants could navigate through product reviels
following ‘Next’ and ‘Previous’ links and also callat
anytime return to the first page by clicking anothiak.

There were 10 reviews per alternative. Each reuaiuded

second phase participants were free to read comsumthe star rating, 1 to 5, the title, and the opini&ach

reviews for each camera. Second phase reviewerggati
were similar across all conditions to ensure timt effect
on information search was due to the manipulatiorthe
first phase and only.

First Phase

Product information presented in the first phases wa
carefully constructed to ensure that any effectshim 2
phase were due to the differentiated ratings al@tmice
alternatives were very similar, non-dominating, tedad a
fictitious name, and was accompanied by a camentarngi
Differentiated product features, cameras’ namesimages,
and order of presentation were randomized for eacitce.
Along with this information, each camera was ddamli
with 5 consumer ratings. The ratings were from b tand
their mean ranked the three alternatives as b&sbe®t and
worst. However, average ratings were not preseribegt
camera’s ratings were different between the vasanc
conditions, but the same within the gap conditiohbe

camera’s review ratings were exactly the same acatls
conditions and were also of average variance. Ek&ws
were presented in one of a small number of sendean
sequences (sequences, for example, that had altdtimgs
at the beginning were avoided). Table 2 summarales
products’ ratings.

Table 2: Products’ review ratings ii®phase.

Product Ratings

Best 55,5,5,5,5,5,4,4, 3
2" pest 5,5/5,4,4,4,4,3,3,3
Worst 4,4,4,4,3,3,3,3,2,2

) ) ) 3 3 3

The actual reviews utilized were real ones downdolad
from amazon.co.uk, selected according to specifieréa
and slightly edited if need&dTwo sets of reviews were
constructed according to the ratings depicted ibld&.

ratings of the F-best camera were manipulated across alConsensus, in the sense that there were not twews\n

conditions, while worst camera’s
manipulated. Table 1 summarizes products’ ratingess
all conditions. The difference between best afitib2st
products average ratings was 0.4 in the low gapulition,
and 0.8 in the high. Best product’s variance w&si®.the

ratings were notthe same set offering apparently contradicting cemtsfor

the same product was intentionally build.

Finally, the order of reviews set, as well as cadi or 7
mega-pixels), and variance condition were countarized
across participants.

low variance condition and 0.8 in the high variance

condition, while 2%best product's was 0.3 and 1.2
respectively. The order of the ratings was randerhifor
each product and choice. Finally, all products rimfation
was presented in a single web page, with layout senilar

to the ‘Compare Products’ pages of real web sitks |
Epinions for example.

Table 1: Products’ ratings across conditions.

Product Low Variance  High Variance
Best 5,505,4,4 5/5,5,5,3
2"best
Low Gap 5,4,4,4,4 55,5,3,3
HighGap 4,4,4,4,3 55,3,3,3
Worst 4,4,3,3,2 4,4,3,3,2
Second Phase

Procedure

Eighteen participants completed the task for £5areall

of them students and native English speakers. djsatits
first performed a practice task to get use to thdrenment
and were informed that after each task they woeldsked

to justify their choice and that, a £20 prize wolié
awarded to the participant who would offer the best
justifications. After that, they proceeded to the
experimental tasks.

5 In order for a review to be selected it shoulds$atspecific
criteria, either as it was presented in amazonkcmu after very
slight editing usually deleting a few words. Thaesta were (i) be
of length 100 to 150 words, (ii) not to mentiorriatites different
to the ones of our fictitious products, (iii) nat mention specific
characteristics of other reviews, (iv) not to mentiamazon, (v)
not to mention that the camera comes with extkesdase, camera

In the second phase participants could read consumdock etc., (vi) not to compare the reviewed caniereompetitors,

reviews for each alternative. Firstly, they werenfarded to
a web page with alternatives’ names, pictures, arellink
per camera leading to its first consumer reviewerkatives

® Choices between three alternatives were utilizadthe
experiment although the reported model describésiap search
in binary choices. However, one of the products whsarly
inferior and we expected participants to conceeti@ the best
two products.
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or describe the choice between two cameras, arnj r{@i to
largely review the video capability. After the setlen, the reviews
were slightly edited if needed. Spelling mistakesravcorrected,
mentioned attribute values were changed accordirthe camera
category, and brand and model names were replagethd
fictitious ones. For a full list of the reviews lized please contact
the authors.

" Participants were asked to justify their choiceaasmotive to
perform the task properly. Of course, it is reasdmao expect
people to behave differently depending on whethgrséfication



Results

The dependent variables were the number of reviead
and the time participants took to make their chaicthe 2¢
phase. Both measure the extent of opinion seekitiged
ANOVA tests of the dependent variables indicated
significant effect of the variance manipulationtla¢ alpha
level of .05. The effect was observed both on tinalmer of
reviews read and the time taken to make the choic
Participants read more reviews in the high varianc
condition (M = 22.78, SD = 6.4) than the low vadarone
(M = 19.94, SD = 8.47), F(1, 16) = 5.40, p = .084,=
0.252. Similarly, participants took more time tongdete
the task in the high variance condition (M = 375D =
196.7) than the low (M = 309.7, SD = 219), F(1, £6).23,

performed. An environment equally favoring withiand
between-alternatives processing might reveal aceff

Our results further support the existing literatuhat
views information search as a means to discriminate

abetween alternatives. Harvey and Bolger (2001) ritesa@

study in which they examined whether people collect
information either according to a compensatory choi

Qprocess, or in order to screen out options, oramlifate
ediscrimination between alternatives. The experiment

suggested that people collect information to disorate
between alternatives. Our results provide furthgppsrt.
When it was harder to discriminate between altérast
that is when ratings’ variance was high, partictan
acquired more information.

The reported model falls in the general category of

— 2 _
p =.024n" = 0.28. However, there was no effect of the gaRyeshold models (Bockenholt, Albert, & Aschenbrenn

manipulation either on the number of reviews readrothe
time taken to indicate choice (Fs < 1). To testgaactice
effects we introduced the order of the variancedtams as
a between subjects factor. Neither order, nor wagaby
order effects were obtained, p > .5, ruling out &kgly
practice ones.

Discussion

In this paper we presented a model of opinion sepkiat
combined Bayesian update with a decision makingmon
based on a desired level of confidence. From thdeinae
derived two predictions regarding the amount odinfation
that people would seek in service of a purchasixgjsibn.
The prediction that increased opinion variance wadead to
more information gathering was supported and sugdhat
the model might explain the rational basis for infation
gathering in consumer decision making. That is, ppeo
acquire opinions to discriminate between altermstivand
increase the certainty that one alternative outpers the
rest until a confidence threshold has been reachsd
whereupon opinion seeking ceases.

1991; Hausmann & Lage, 2008). It extents the latters by
applying the ‘desired level of confidence’ stoppinde on
opinion seeking in service of purchasing decisiam] by
integrating Bayesian update of products’ utilityimations.
Our model also differs from Fu and Gray's Bayesian
satisficing model (BSM) (2006). BSM is defined arrms of
two processes; the estimation of the utility ofoinfiation,
and the decision on when to stop seeking informatio the
first process, the model updates its estimatiothefutility of
information through a global Bayesian learning nasitm
that combines new observations with prior knowledfyask
performance. That is, Bayesian learning occurs sacro
consecutive choices and not within each choicéhérsecond
process, the model stops seeking information whan
estimated utility of the information is lower thaihe
information seeking cost. In contrast to BSM, ouodal
utilizes a Bayesian mechanism to update the digiob of
options’ utility, and does so during the course@ath choice.
Further, our stopping rule is not based on therplag
between the utility of information and cost, but tme
confidence that one of the options outperformsothers.

t

However, no evidence was found in support of the In contrast to Information Foraging Theory (IFT)uro

prediction that a smaller gap of means would rasuthore
information seeking. There are three likely reasbekind
the failure to find evidence which upon refinemenight
reveal an effect. First, the small difference oé tpap of
means between the two gap conditions might beenttfe.
The difference between the two best products’ aera
ratings was only 0.4. A larger difference mightund an
effect. Second, there were significant individudgfedences
resulting in large between subjects variance. Maaimng
gap within subjects will make an effect more likefynally,
the experimental environment favored within-alt¢inres
processing and eventually most participants preckske
information accordingly. However, note that for thap
manipulation to have en effect on information skarc
comparisons between products’ estimated utilityusthdoe

is asked or not. However, which procedure has egreatlidity is
an open question, and asking to or not to justi§ ¢hoice is not
expected to change the results.
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model predicts when opinion gathering ceases. Algho
IFT may well explain how prospective buyers locate
products’ attribute information and consumer opisicon
the World Wide Web, it does not offer an explanatid the
effect of opinion variance on information seekiigere are
two different processes at work: (i) locate infotima, and
(ii) selectively acquire and integrate the inforioatin the
internal choice representation. IFT focuses on ftrener,
whereas our model on the latter.

The described model has certain simplification aggions
which need to be elaborated and refined in therduthirst,
the unrealistic assumption of known true productuea
variance by the decision maker (nevertheless, wenato
expect model’s predictions to change by droppindsiecond,
the assumption of constant instead of dynamic switoduct
and stop opinion seeking thresholds. The thresholalg be
dynamically influenced by many factors like for exze
alternatives’ attractiveness, costs of informatamtess and
the development of relatively limited confidencattione of



the decision alternatives outperforms the rest kBoholt et
al.,, 1991; Hausmann & Lage, 2008, p. 237; Saad &sBu
1996). Likely context and environmental effectstioresholds

should be experimentally tested and the model epdat

accordingly. Third, information utility, gain and¢t@ess costs
are not considered in our model. However, they ddg
incorporated by viewing the utility of informatioas the
amount by which it increases, or decreases, théidemte
that one of the alternatives outperforms the fdater this

Hennig-Thurau, T., & Walsh, G. (2004). Electroniok-
of-Mouth: Motives for and Consequences of Reading
Customer Articulations on the Interngiternational
Journal of Electronic Commerce(8, 51-74.

Hu, N., Pavlou, P., & Zhang, J. (2007). Why do @ali
Product Reviews have a J-shaped Distribution?
Overcoming Biases in Online Word-of-Mouth
Communication. (Working Paper)

Huang, J.-H., & Chen, Y.-F. (2006). Herding in Ouwli

assumption the gap between information economias an Product ChoicePsychology & Marketing, 23), 413-

threshold models can be bridged, and normativeigiieas

of optimal stopping can be generated and testeidsigectual
search behavior. Fourth, the model needs to betitatare

compared to alternatives. Fifth, distributions aviews

ratings are assumed to follow a Normal distributidow the

model would behave with non-Normal distribution;ida
particularly with realistic J-shaped ones (Hu et 2D07),

should be examined.

428.

Louviere, J., Hensher, D., & Swait, J. (2008jated Choice
Methods: Analysis and ApplicaitanS8ambridge
University Press.

Lutz, R., & Reilly, P. (1974). An Exploration ofdtEffects
of Perceived Social and Performance Risk on Consume
Information AcquisitionAdvances in Consumer
Research, 1393-405.

To conclude, we have demonstrated that a model d¥liles, G. E., Howes, A., & Davies, A. (2000). A frework

opinion seeking that combined Bayesian update with
criterion of desired level of confidence can be ligobto
predict users’ depth of opinion search. Undoubtetie
model needs to be further tested and elaborated,itye
already serves as a basis for the rational exptamaif
opinion seeking in consumer decision making.
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