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Abstract. Recommender systemsare an integral part of theonline retail environment. Prior
research has focused largely on computational approaches to improving recommendation
accuracy, and only recently researchers have started to study their behavioral implications
and potential side effects. We used three controlled experiments, in the context of purchas-
ing digital songs, to explore the willingness-to-pay judgments of individual consumers
after being shown personalized recommendations. In Study 1, we found strong evidence
that randomly assigned song recommendations affected participants’ willingness to pay,
even when controlling for participants’ preferences and demographics. In Study 2, par-
ticipants viewed actual system-generated recommendations that were intentionally per-
turbed (introducing recommendation error), andweobserved similar effects. In Study3,we
showed that the influence of personalized recommendations on willingness-to-pay judg-
ments was obtained even when preference uncertainty was reduced through immediate
and mandatory song sampling prior to pricing. The results demonstrate the existence of
important economic side effects of personalized recommender systems and inform our
understanding of how system recommendations can influence our everyday preference
judgments. The findings have significant implications for the design and application of
recommender systems as well as for online retail practices.
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1. Introduction
Recommender systems assist consumers in finding
interesting items from a large set of possible items. One
of the key objectives of many recommender systems is
to predict personal preferences of an individual con-
sumer1—often expressed as numeric ratings—for items
that they have not yet purchased, experienced, or con-
sidered (depending on the specific application context).
For example, Netflix, the Internet television and movie
streaming/rental company, has used 1–5 star-rating
predictions for different movies to its users, and Yahoo!
Music used a similar scale for songs. Some online dat-
ing sites, such as OkCupid, also use numeric com-
patibility ratings as recommendations. Recommender
systems have become commonplace in online purchas-
ing environments, where they help to reduce search
costs and protect people from being overwhelmed
when the number of products available for purchase
is large. Personalized recommendations2 not only add
value to users but can also benefit sellers. For exam-
ple, Amazon has reported that 35% of its product sales

result from recommendations (Marshall 2006). Net-
flix reported that about 75% of the content watched
by its subscribers was suggested by its recommenda-
tion system (Amatriain and Basilico 2012). Research in
information systems and computer science has focused
largely on algorithmic design and improving recom-
mender systems’ performance (see Adomavicius and
Tuzhilin 2005 for a review). Relatively little research has
explored the impact of recommender systems on con-
sumer behavior anddecisionmaking.Consideringhow
important recommender systems have become as deci-
sion aids in online commerce, there is a need to explore
the influence of these systems on consumer behavior.

We investigate the following research question: To
what extent, if at all, dopersonalized recommender sys-
tem ratings (indicating a system’s estimates of users’
preferences for items) influence users’ willingness to
pay for items? In an ideal scenario, recommender
systems should provide decision-relevant information
to consumers without manipulating or contaminating
their behavioral and economic preferences. However,
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based on behavioral theories in economics andpsychol-
ogy, we hypothesize that online recommendations sig-
nificantly pull a consumer’s willingness to pay in the
direction of the recommendation.We test this ideawith
three controlled behavioral experiments in the context
of digital music sales.
In the first study, we investigate whether randomly

generated recommendations (i.e., not based on users’
preferences) significantly impact consumers’ willing-
ness to pay for digital songs. In the second study, we
extend these results by studying recommendation sys-
tem error. We test whether the effects still exist for per-
turbations of actual recommendations generated by a
real-time system that employs a popular, widely used
recommendation algorithm. The third study investi-
gates judgments made followingmandatory consump-
tion of song samples prior to indicating willingness to
pay for songs.The requirementofmandatory consump-
tion reduces memory-based uncertainty effects, allow-
ing us to focus on processes at the time of preference
formation rather than on recall processes tied to the ear-
lier formation of preferences.

From a theoretical standpoint, the results of these
studies contribute to our understanding of consumer
behavioral economics and a heretofore unstudied in-
fluence of personalized recommendations on economic
behavior, as well as inform the mechanisms by which
the effect occurs. Furthermore, personalized recom-
mendation systems clearly are prevalent decision aids
in the online marketspace, and the unintended influ-
ences of these recommendations on consumers’ judg-
ments have significant practical implications.

2. Literature Review and
Theory Development

2.1. Broader Perspective for the Study:
Effects of Item Quality Information

In modern online settings, users receive a lot of infor-
mation to help them make better decisions about
which products to purchase or consume. In addition
to item content information, item quality information
is increasingly provided to consumers. Item quality
information can take a variety of forms in online set-
tings, sometimes all on the same site. It is, therefore,

Table 1. Framework for Categorizing Research on Item Quality Information and Its Impact

Level of granularity at which impact is analyzed
Item quality
information Individual (micro-level) Market (macro-level)

Personalized 1. Individual effects of a personalized system; e.g., how
does a personalized recommendation influence the
preference rating that a consumer states?

3. Market effects of a personalized system; e.g., how does
Netflix’s supplying of personalized ratings impact
their revenues?

Nonpersonalized/
Aggregate

2. Individual effects of aggregate ratings; e.g., does
knowing what others think affect a consumer’s own
judgment of an item?

4. Market effects of aggregate ratings; e.g., does showing
consumers what others are buying lead to a
convergence of sales for the highlighted items?

useful to place our current research on personalized
recommendations within the broader scope of item
quality information and its impact on various out-
comes of interest. Table 1 frames this broader scope
along two dimensions: the type of item quality infor-
mation provided to consumers and the level of gran-
ularity at which the impact of the information is
measured.

First, item quality information can either be per-
sonalized or nonpersonalized. Personalized item qual-
ity information is typically generated using recom-
mender systems that employ collaborative filtering
and/or other techniques (Ricci et al. 2015) to provide
recommendations to consumers that are tailored to
the individual’s preferences. Personalized item quality
information can take the form of a predicted preference
rating (e.g., we predict that you will like this movie as
4.5 stars out of 5) or simply a list of items predicted to
be relevant for a given individual (e.g., here are top-5
movies specifically for you). Thus, personalized item
quality information is likely to be very different from
consumer to consumer. On the other hand, nonperson-
alized, general item quality information represents an
aggregate opinion (i.e., some population-level consen-
sus) that is the same for all users. Common examples
include average peer ratings (e.g., the average user rat-
ing for this movie is 4.5 stars out of 5), or popularity
scales and lists derived from aggregating sales, down-
loads, or click data (e.g., here are top-5 best-selling
movies for the past week).

The seconddimensiononwhichwe frame the current
research is the level of granularity at which the impact
of item quality information is measured and analyzed
(Table 1). At one end, one can adopt a micro-level per-
spective of how item quality information impacts the
behaviors of individual consumers. Alternatively, one
can adopt a macrolevel perspective that operates at a
more aggregate level, e.g., the impact on total sales,
downloads, or other aggregate outcomes of interest to
retailers and themarket in general.

The study of market-level outcomes has been an
active research area, particularly on the effects of pro-
viding aggregate, nonpersonalized item quality infor-
mation (Cell 4 of Table 1). Examples include Tucker
and Zhang (2011), who studied the impact of popular
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bestseller listings based on previous clicks upon the
number of future clicks received. Along similar lines,
Zhang and Liu (2012) studied how providing lenders
with aggregate social information, i.e., in terms of the
amount of funding already received, impacts future
funding at an aggregate, market level. In the domain
of digital goods, Godinho de Matos et al. (2016) inves-
tigated the impact of peer ratings, expressed as a list
of most popular movies, on sales within a natural field
experiment. Salganik et al. (2006) created a music mar-
ket using a database of unknown songs and artists.
They used an experimental methodology to manipu-
late whether or not the participants saw the number
of downloads made by others, and then they mea-
sured the effect of this social influence on market fac-
tors. At the consumer level (Cell 2 of Table 1), Salganik
and Watts (2008) used a similar design to support
the effect that aggregated popularity feedback had on
individual-level responses.
Although they deal with item quality information

and its effects, the studies represented by Cells 2 and 4
are quite distinct from our own interest. These stud-
ies investigate more aggregate, nonpersonalized, and
socially grounded types of information. The underly-
ing theoretical mechanisms in Cells 2 and 4 have a clear
social component; the hypotheses and implications are
grounded in the literature on social influence. At an
individual level, the general dynamic is one in which
the consumer engages in a form of observational learn-
ing of how to behave based on observing the behavior
of others. At the market level, in that the user is one of
the “others” for other consumers, the behavior can cre-
ate a self-reinforcing dynamic leading tomarket effects.

Personalized item quality information, such as per-
sonalized recommendations, by contrast, do not have
an obvious social component. Depending on the algo-
rithm, the personalized preference rating may or may
nothave any connectionwithothers’ behavior.Content-
based algorithms, for example, depend on matching
feature characteristics, not on the preferences of other
users (Ricci et al. 2015). Even for algorithms that do
incorporate others’ preferences, e.g., collaborative fil-
tering techniques (Ricci et al. 2015), the recommen-
dation is presented as a system-generated rating that
typically includes no explicit information about other
users’ preferences. The preference information that is
submitted by users to a recommender system (as feed-
back to the system following item consumption) is typ-
ically private as well, i.e., not visible to other users.
Thus, rather than mechanisms grounded in social psy-
chology, the effects of personalized recommendations
are posited on other bases (as discussed in Section 2.2).

Within the study of personalized approaches to rec-
ommendations, the research and development arms of
retailers have rightly been interested in the market im-
plications (Cell 3 of Table 1). An example of research in

this area views the role that personalized recommender
systems play in promoting or inhibiting the diversity
in individuals’ choices. Fleder and Hosanagar (2009)
used theoreticalmodeling and simulation to investigate
how recommender systems impact consumer choices
in aggregate. Their models suggest that recommender
systems can lead to a rich-get-richer effect for popular
products, resulting in a decrease in market-level sales
diversity. In Hosanagar et al. (2014), the authors study
whether recommender systems and online personal-
ization lead to a fragmentation of the online popula-
tion. Their results suggest that, surprisingly, person-
alization technologies such as recommender systems
help users widen their interests, increasing the likeli-
hoodof commonalitywithothers.Although these stud-
ies share an interest in personalized recommendations
with the present study, the effects studied are generally
at the market level and are not specifically concerned
with understanding the biasing effects on individual
consumers’ economicdecisionmaking.The focusof our
work is on the consumer side impacts of personalized
recommendations (Cell 1 of Table 1). In this, thework is
unique, providing a valuable contribution to furthering
our understanding of an important and less-studied set
of phenomena.

2.2. Personalized Recommender Systems’ Effects
on Preference Ratings

Personalized recommender systems can be viewed as
operating within a feedback loop, as illustrated in Fig-
ure 1. Most commercial recommender systems (e.g.,
Netflix, iTunes,Amazon) take consumers’ reportedpre-
ferences as inputs for buildingpredictivemodels (using
methodologies from statistics, datamining, or machine
learning) to systematically estimate consumers’ ratings
for not-yet-experienced items. In themost common set-
ting, consumers represent their preferences in the form
of self-reported, numeric ratings for items they have
experienced. The system then delivers estimated rat-
ings as personalized recommendations to help con-
sumers in item-selection decisions. Consumers’ sub-
sequently submit ratings on newly consumed items
as additional input for the system to adjust predic-
tivemodels and estimate future recommendations. The
consumer-reported preference ratings are also used to
evaluate the recommender system’s accuracy by com-
paring how closely the system-predicted ratings match
the users’ reported ratings.

There has been a significant amount of research on
the design and implementation of recommender sys-
tem algorithms, with the goal of improving accuracy
performance (see Adomavicius and Tuzhilin 2005).
However, only a handful of studies have considered
the impact of personalized recommender-system-pre-
dicted ratings on consumer behavior and decisionmak-
ing (Cell 1 of Table 1).
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Figure 1. Ratings as Part of a Feedback Loop in Consumer-Recommender Interactions

Predicted ratings (expressing recommendations for unknown items)

Consumer judgments (expressing preferences for consumed items)

Recommender system
(consumer preference estimation)

Consumer
(preference formation/purchasing

behavior/consumption)
Accuracy

Source. Adapted from Adomavicius et al. (2013).

Cosley et al. (2003) explored the effects of person-
alized recommendations on user re-ratings of movies
that they had seen in the past. The re-ratings tended
to be highly consistent with the original ratings when
users were asked to re-rate a movie with no pref-
erence prediction (i.e., recommendation) provided.
However, when users were asked to re-rate a movie
while being shown a predicted rating that was altered
upward or downward from their original rating by
one rating point, they tended to give higher or lower
ratings, respectively. By contrast, Adomavicius et al.
(2013) used designs for which preference ratings were
elicited at the time of consumption. Even without a
delay between consumption and elicited preference
(i.e., without any recall-related uncertainty), system-
atic and substantial effects of system-generated rec-
ommendations were observed. The predicted rating,
when perturbed to be higher or lower, affected the sub-
sequently submitted consumer rating to move in the
same direction.

Cosley et al. (2003) and Adomavicius et al. (2013)
are the only studies to our knowledge that explore the
impact of personalized recommender systems on con-
sumers’ preference judgments. The papers provide sig-
nificant insights on how recommender systems impact
preference construction; however, there are also sig-
nificant limitations. First, it is not directly apparent
how the effects of personalized recommender systems
on consumers’ self-reported preferences translate into
consumers’ real economic decision making: Do these
effects transfer into consumer willingness-to-pay for a
product and, ultimately, purchasing decisions? Even
though personalized recommendations can impact a
consumer’s preference ratings as reported to a retail
platform, these impacted responses may have little
tangible effect on the consumer. However, effects of
personalized recommendations on willingness-to-pay
and purchasing decisions would represent real tangi-
ble consequences to the consumer and retailer in the
form of surplus and economic welfare. Second, the
participants in theCosley et al. (2003) andAdomavicius
et al. (2013) experiments had no direct incentive for
accurately reporting their preferences. In the realworld,

there is an underlying incentive for consumers to be
as accurate as possible when reporting preferences
because of their ongoing use and interaction with a
personalized recommender system that incorporates
those preferences. Reporting inaccurate preferences in
real-world settings may reduce the value derived from
the recommender system in future use. From the cur-
rent experimental evidence, the question still remains
as to whether the effect of system recommendations
on preferences persists for properly incentivized par-
ticipants. We address these limitations by measuring
the effects of personalized recommendations on par-
ticipants’ willingness-to-pay in incentive-compatible,
binding purchasing decisions.

2.3. Mechanisms for the Effects of Personalized
Recommender Systems

As noted in Section 2.1, the research on general, non-
personalized information on item quality is grounded
in social influence mechanisms, in which the consumer
is hypothesized to engage in a form of observational
learning based on others’ behaviors. Personalized rec-
ommendations typically do not share this social com-
ponent and, thus, must derive from other mechanisms.

One theoretical lens for the research on the effects
of system recommendations on preference judgments
is anchoring and adjustment (Tversky and Kahneman
1974), an effect whereby a response is observed to be
tilted toward an initial value (anchor). For example,
when Tversky and Kahneman asked participants to
guess the percentage of African countries that were
members of theUnitedNations, thosewhowere shown
a random initial value of 10 gave a median estimate
that 25% of countries in the UN are African; but if
the random initial value was 65, the participants gave
a median estimate that 45% of countries in the UN
are African. Most of this research has, like this exam-
ple, involved participants responding to questions of
objective fact (see the review by Chapman and Johnson
2002). Only a few papers in the mainstream decision
theory literature have looked directly at anchoring ef-
fects in preference construction, a situation where no
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objective standard is available. Two examples are stud-
ies reported by Schkade and Johnson (1989) and Ariely
et al. (2003); however, their work studied preferences
in abstract settings. There has also been little behav-
ioral economics research on anchoring effects with
consumer pricing behavior (i.e., willingness to pay).
One example is the work by Ariely et al. (2006), who
found that anchors based on social security numbers
impacted participants’ bids for items in an auction.
Research has also found that charities can influence the
amount that donors give by manipulating how dona-
tion options are presented; people will give more if the
suggested options are higher (Surowiecki 2004, p. xxi).
Our research moves into these less-charted areas.
As noted by numerous researchers, anchoring-and-

adjustment describes an effect; it does not describe a
particularmechanismbywhich the effect arises (see the
reviewbyChapmanand Johnson2002).Moregenerally,
anchoring can be characterized as a specific example of
judgments constructed in real time while being influ-
enced by elements of the environment (Lichtenstein
and Slovic 2006). Kahneman (2011) describes this as the
WYSIATI (what you see is all there is) feature of auto-
matic, involuntary thinking. From this view, as noted
by Ariely et al. (2003), we might expect personalized
system-displayed ratings to impact preferences in away
that is similar to the effects seenwith questions of objec-
tive fact, though the general theory is still somewhat
vague as to providing an explanation.

The general theory does allow us to posit several
possible mechanisms whereby system recommenda-
tionsmight impact preference judgments. These are not
intended as competing explanations. Indeed, anchor-
ing (or focalism) effects havebeen consistently observed
across many settings (see Epley and Gilovich 2010 for a
review). The robustness of the effects may well be due
to different explanations applying in different settings.
Identifying these explanations grounds ourwork into a
theory that benefits research in a couple of ways. First,
theyprovide bases forwhypersonalized system recom-
mendations may or may not impact willingness-to-pay
judgments. Second, they allow us to introduce manip-
ulations and measures that inform us about the oper-
ation of different mechanisms whereby system recom-
mendationsmay ormay not have such influence. Based
on existing findings, we identify three potential mecha-
nismsbywhich systemrecommendationsmight impact
consumers’ stated preferences.

One explanation is a form of compatibility effect. In
this mechanism, the numerical format of the informa-
tion is the basis of the effect. Use of the same numerical
scale for both the recommendation and the consumer’s
rating promotes a matching of the two, leading to
an insufficient adjustment from the system-generated
value. Specifically, the scale compatibility hypothesis

(Tversky et al. 1988) argues that the more compati-
ble the scales are (e.g., both measured in star-rating
points on a 1–5 scale), the higher the weight of the
recommendation in the decision process. The Tversky
and Kahneman (1974) original hypothesis in terms of
an anchoring-and-adjustment heuristic is this form of
explanation (also see Wilson et al. 1996).

Another explanation is that system recommenda-
tion effects arise from uncertainty about one’s prefer-
ences (e.g., Jacowitz and Kahneman 1995). This uncer-
tainty can be characterized as a distribution or range
of uncertain values. For example, if the preference con-
struction is far removed in time from the experience
being judged, the consumer may have some uncer-
tainty about how much they liked the item from that
distant experience of it. In forming a judgment via
this mechanism, the person searches from the initial
impression provided by the system recommendation
to a nearby plausible value in the distribution or range
of uncertain values, leading to final estimates tilted
toward the recommendation.

Finally, there is an information-integration explana-
tion. In situations involving objective facts, an anchor
can be perceived as a suggestion provided by the
context as to the correct answer (e.g., Northcraft and
Neale 1987, Chapman and Bornstein 1996, Epley and
Gilovich 2010). In our preference setting, this mecha-
nism posits that the system recommendation can simi-
larly be perceived as a piece of information to be used
in the process of constructing a preference judgment.
Themechanism can lead to use of the recommendation
as information even where it is arguably not relevant
(cf. Mussweiler and Strack 1999). Adomavicius et al.
(2013) found support for this mechanism with effects
on users’ preference ratings.

2.4. Beyond Recommender Systems Effects on
Preference Ratings: Hypotheses

Our work extends prior research in several important
ways. In addressing the impacts of recommender sys-
tems on preferences and consumer behavior, we go
beyond the extensive literature regarding the related
anchoring effects. These past studies have largely
been performed in artificial experimental settings not
grounded in real-world practices and using tasks for
which a verifiable outcome is being judged, leading
to a bias measured against an objective performance
standard (e.g., Chapman and Johnson 2002). By its very
nature and from a practical standpoint, the recommen-
dation setting of our research goes beyond this past
research along both of these dimensions. Our research
involves behavior in a realistic setting with subjec-
tive preferences and economic behavior that has clear
monetary consequences to the individuals. Our partic-
ipants are providing willingness-to-pay judgments for
songs, and these judgments can result in actual song
purchases.



Adomavicius et al.: Effects of Online Recommendations on Consumers’ WTP
Information Systems Research, 2018, vol. 29, no. 1, pp. 84–102, ©2017 INFORMS 89

More specifically, we extend the results of prior re-
search on personalized recommendations as well.
Beyond the effects of online recommendations on con-
sumers’preference ratings,wehypothesize thatperson-
alized recommendations also impact consumers’ will-
ingness to pay for those items. Furthermore, we extend
the research by addressing the possible mechanisms
behind such effects. In our studies, the system rat-
ings are provided on a 1–5 point scale as is commonly
employed in real settings; however, for willingness to
pay for the songs in our studies, the response is on a
currency scale ranging from 0–99 cents. Thus, to the
extent that a numerical adjustment process due to scale
compatibility is at work, the effect should not differen-
tiate between low and high ratings, since both are low
relative to the currency scale. By contrast, if personal-
ized recommendations impactwillingness-to-pay judg-
ments, this would indicate that other mechanisms are
at play.

Mechanisms based on preference uncertainty could
also pertain, since there often is uncertainty at the
time of purchase. When recalling preferences formed
in the past, uncertainty could reasonably be a com-
ponent of the process underlying an effect on prices.
However, a characteristic of digital goods is that they
afford the possibility of free sampling prior to purchase
(e.g., Shapiro and Varian 1999). Consequently, many
online retail sites offer this capability, such as the “Look
Inside” feature on Amazon.com or 30-second to one-
minute samples of music on iTunes. These samples are
intended to sharply reduce the uncertainty of prefer-
ences at the point of sale. To the extent that uncertainty
is instrumental in creating recommendation effects,
sampling should remove the effect or at least drasti-
cally curtail it. Finally, information integration mecha-
nisms could be at work as well. Recommender systems
are becoming common elements of many online expe-
riences. It is plausible that recommendations could be
increasingly viewed by consumers as highly relevant
information and, thus, impact consumer preferences
and economic behavior.

Aside from these mechanisms, another factor in-
volved in using currency in our studies (and having
participants make judgments with real monetary con-
sequences) is the possible role of incentives. The evi-
dence on the impact of incentives on behavioral phe-
nomena is somewhat mixed. As reviewed by Camerer
and Hogarth (1999), there is no evidence that ratio-
nality violations disappear with incentives; however,
performance on effort-sensitive tasks can be affected.
Anchoring effects have been shown to be sensitive
to incentives for performance in a task with objec-
tive answers (Wright and Anderson 1989; cf. Müller
et al. 2012); however, this may or may not extend to a
preference settingwhere performance is not objectively
measurable.

With these motivations in mind, the three studies
address the following specific research hypotheses.
The overall goal of the studies is to determine whether,
and towhat extent, the effects created by online person-
alized recommendations on preference ratings extend
to impact consumers’ pricing behavior. Additionally,
we investigate the underlying mechanisms that are
most likely responsible for any observed effects. To the
extent that preference uncertainty and/or information-
integration processes are at play, we expect consumers
receiving an artificially or systematically inaccurate,
low, or high recommendation to express a willingness
to pay more in the direction of the corresponding rec-
ommendation. If the effect of system recommendations
is largely a numerical adjustment process arising from
scale compatibility effects, this would not be the case.
The central hypothesis of Study 1 is stated in line with
the former expectation as follows:

Hypothesis 1 (H1). Participants exposed to randomly gen-
erated artificially high (low) recommendations for a prod-
uct will exhibit a higher (lower) willingness to pay for that
product.

A common issue for recommender systems is error
(often measured by root mean square error, RMSE)
in predicting user ratings. Reducing prediction error
has always been a key issue in recommender systems,
for example, Netflix held a competition for a better
recommendation algorithm with the goal of reducing
prediction error, measured by RMSE, by 10% (Bennet
and Lanning 2007). Recent studies demonstrated that
inaccuracies (inadvertent or purposeful) in recommen-
dations result in significant biases in consumers’ pref-
erence ratings (Cosley et al. 2003, Adomavicius et al.
2013). We explore the economic impact of prediction
error by introducing systematic perturbations into real
system recommendations (based on a state-of-the-art
recommender system algorithm). In this way, Study 2
controls for preference differences up front as part of
the design, unlike in Study 1 where the recommen-
dations are randomly generated. The procedure also
allows us to observe how the effect varies as the mag-
nitude of the perturbations is increased. The twofold
design of Studies 1 and 2 parallels the setups employed
by Adomavicius et al. (2013). In summary, the design
of Study 2 tests for similar effects as in Study 1, but in a
more realistic setting and with a more direct control of
individual differences in user preferences (i.e., by using
actual system-generated, real-time recommendations)
and of the system’s prediction error (i.e., by explic-
itly manipulating the size of systematic perturbations).
The hypothesis is stated in a form parallel to that of
Hypothesis 1:

Hypothesis 2 (H2). Participants exposed to a recommen-
dation that contains systematically introduced error in an
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upward (downward) direction will exhibit a higher (lower)
willingness to pay for the product. The effect will increase
with the magnitude of the introduced error.

Finally, Study 3 investigates the role of uncertainty
as an explanation for recommendation effects. To the
extent that uncertainty is instrumental in creating rec-
ommendation effects, sampling should remove the
effect, or at least drastically curtail it. Study 3 addresses
this explanation by forcing participants to sample each
song prior to providing the willingness-to-pay prefer-
ence judgment. The relevant hypothesis is stated in the
form of the alternative hypothesis to be tested:

Hypothesis 3 (H3). Participants forced to sample songs
prior to stating their willingness to pay, when exposed to
randomly generated artificially high (low) recommendations
for a product, will exhibit a higher (lower) willingness to pay
for that product.

Studying how the impact of personalized system
recommendations extends to willingness-to-pay judg-
ments makes several contributions. Foremost, it fur-
thers our understanding of the impact of personalized
recommendations on willingness-to-pay judgments.
Willingness-to-pay judgments have several differences
from preference ratings (and from estimates of factual
quantities) that relate to the possible occurrence of,
and explanations for, the effects precipitated by per-
sonalized recommendations. Willingness-to-pay judg-
ments are along a different scale than the system rec-
ommendations that are provided on a 1–5 point scale.
Studying whether the effect is obtained under these
conditions tests scale compatibility as an explanation.
We use sampling tools, commonly available in con-
sumer settings, as a means of checking explanations
based on uncertainty. We have users experience arti-
ficial and variously perturbed recommendations as a
means of checking information-integration explana-
tions. Furthermore, the studies involve real economic
behavior. Our participants make decisions about songs
that will result in real purchases using personalized
recommender systems that are already an important
component of online sales.

3. Study 1: Recommendations and
Willingness to Pay

Study 1was designed to testHypothesis 1 and establish
whether randomly generated recommendations could
significantly impact a consumer’s willingness to pay
(WTP). Participants provided judgments for popular
songs that were offered for purchase in digital format
during the study. Music was judged to be an appropri-
ate stimulus as it is an experience good, for which users
tend to have individualized, taste-driven preferences.
The subject population used in all three of our studies
were college-age individuals, because teens and young

adults are a prime target audience for popular music.
Music is also a good stimulus for our pricing experi-
ments. Evenwith the freemusic streaming services and
digital piracy, there is still a large market for purchased
music. For example, PricewaterhouseCoopers projects
a growth in the total U.S. music revenue to $18.04 bil-
lion by 2020.3 Therefore, music provides a good context
for our experiments.

3.1. Methods
3.1.1. Participants. We conducted a within-subjects
study in the spring of 2012 at a university’s behav-
ioral research lab, with participants recruited from a
college’s research participant pool. Participants were
paid a $10 fee plus a $5 endowment from which to
purchase songs, as was described to them in the exper-
imental procedure (discussed in Section 3.1.4). Seven
participants were dropped from Study 1 because of
response issues: three subjects had zero variance in
their WTP judgments, and four subjects were outliers
in terms of age relative to the desired subject popula-
tion.4 The final sample set consisted of 42 participants
for analysis.

Demographic features of the sample are summa-
rized in the first data column of Table 2. The partic-
ipants were generally knowledgeable about music in
the sense of our study, i.e., about evaluating and pur-
chasing songs as a consumer good. Two-thirds (28/42)
of the participants indicated buyingmusic at least once
a month, with only seven stating that they never buy
music. Nearly three-quarters (31/42) of the partici-
pants said they owned more than 100 songs, with half
(21/42) saying they own more than 1,000 songs, and
only one participant indicated that they own no songs.
3.1.2. Stimuli. The stimuli were drawn from a data-
base of 200 popular songs. The database consisted of
songs in the bottom half of the year-end Billboard Hot
100 charts from 2006, 2007, 2008, and 2009 (i.e., 50 songs
from each of these four years).5 These charts provide
a mix of popular songs that we expected would be
viewed favorably by the participants and that they
would be willing to purchase. The bottom half of these
charts were used because we were interested in WTP
judgments only for songs that the participants did not
already own (thereby removing current ownership as
an influence on the judgments). It was expected that
songs in the bottom half of the charts would be more
likely to be both favorable6 and nonowned.
3.1.3. Willingness-to-Pay Judgments. To capture con-
sumers’ willingness to pay, we employed the incen-
tive-compatible Becker–Degroot–Marshak (BDM 1964)
method commonly used in experimental economics.
For each song presented during the third task of the
study,7 participants were asked to declare a price they
were willing to pay between zero and 99 cents. Partici-
pants were informed that five songs selected at random



Adomavicius et al.: Effects of Online Recommendations on Consumers’ WTP
Information Systems Research, 2018, vol. 29, no. 1, pp. 84–102, ©2017 INFORMS 91

Table 2. Participant Summary Statistics

Study 1 Study 2 Study 3

No. of participants (n) 42 55 72
Average age, years (SD) 21.5 (1.95) 22.9 (2.44) 21.9 (2.77)
Gender 28 F, 14 M 31 F, 24 M 39 F, 33 M
Prior experience with 50% (21/42) 47.3% (26/55) 77.8% (56/72)

recommender systems
Student level 36 undergrad, 27 undergrad, 49 undergrad,

6 grad 25 grad, 3 other 22 grad, 1 other
How often do you buy music?

Never 7 4 13
Once a year 7 15 27
Once a month 23 31 24
Once a week 3 3 6
More than twice a week 2 2 2

Number of songs owned
None 1 1 0
1–100 10 9 12
101–1,000 10 19 35
1,001–10,000 19 23 19
More than 10,000 2 3 6

at the end of the study would be assigned random sell-
ing prices, based on a uniform distribution, between 1
and 99 cents. For each of these five songs, the partici-
pant was required to purchase the song using money
from their $5 endowment at the randomly assigned
selling price if it was equal to or below their declared
willingness to pay. The participant would keep the
remainder of the endowment. This procedure is akin to
real pricing decisions: If the selling price is at or below
the consumer’s value, the selling price is paid; if it is
not, the purchase is notmade. Prior tomaking anywill-
ingness to pay judgments, we presented participants
with a detailed explanation of the BDM method so
that they understood how the procedure incents accu-
rate reporting of their willingness to pay. Participants
took a quiz to check their knowledge of the procedure:
35/42 (83%) of participants answered the quiz ques-
tions perfectly on the first pass. Feedbackwas provided
to correctmistaken answers before proceedingwith the
pricing task within the following procedure.

3.1.4. Procedure. The experimental procedure for
Study 1 consisted of four main tasks, all of which were
performed using a web-based application on personal
computers with headphones and dividers, providing
privacy for participants. The mean duration to com-
plete the session was just under 23 minutes, so fatigue
was not judged to be an issue. Online Appendix 1 pro-
vides screenshots of our studies.

Task 1. Each participant was asked to provide pref-
erence ratings for at least 50 songs randomly selected
from the aforementioned pool of 200 songs. Ratings
were provided using a scale from one to five stars with
half-star increments, having the following verbal labels:
∗ ,“Hate it;” ∗∗ ,“Don’t like it;” ∗∗∗ ,“Like it;” ∗∗∗∗ ,“Really like

it;” and ∗∗∗∗∗ ,“Love it.”8 For each song, the artist name(s),
song title, duration, album name, and a 30-second sam-
ple were provided. Participants could choose to listen
to any song at any time by clicking the link of the song
sample. The objective of the song-rating task was to
capture music preferences of the participants. This task
provided a seeming basis for the system recommenda-
tions provided later in Study 1 (although the ratings
were not used for this purpose) and as a real basis for
the system recommendations in Study 2. These ratings
also provide a basis for the post hoc analysis of Study 1
to be discussed in Section 3.2.

Task 2. Adifferent list of songswaspresented (with the
same information for each song as in the first task and
with 20 songs on each screen), again randomly drawn
for each participant from the same set of 200 songs but
excluding the songs rated by the participant in Task 1.
For each song, the participant was asked whether or
not they owned the song until 40 nonowned songswere
identified.9 Songs thatwere ownedwere excluded from
the third task, in which willingness-to-pay judgments
were obtained.

Task 3. Participants first underwent training for the
BDM pricing method as described in Section 3.1.3.
They then completed a within-subjects experiment
where the treatment was the star rating of the song
recommendation and the dependent variable was the
willingness to pay. Participants were presented with
40 songs that they did not own (identified during the
second task), alongwith a star-rating recommendation,
artist name(s), song title, duration, album name, and a
30-second sample for each song. The songs were ran-
domly ordered and assigned to the different manip-
ulation conditions. Participants were asked to specify
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their willingness to pay for each song on a scale from
0 to 99 cents. The star rating recommendations were
presented as personalized ratings for each participant.
All recommendations were presented with a one deci-
mal place precision numerical value (e.g., 4.3 stars) and
with a graphical star representation of the same value.
Ten of the 40 songs presented to each participant had a
randomly generated low recommendation between 1.0
and 2.0 stars drawn from a uniform distribution (Low
condition), 10 were presented with a randomly gener-
ated high recommendation between 4.0 and 5.0 stars
(High condition), 10 were presented with a randomly
generatedmid-range recommendation between 2.5 and
3.5 stars (Mid condition), and 10 were presented with
no recommendation to act as a control (Control con-
dition). The 30 songs presented with recommenda-
tions were randomly ordered and presented together
on one webpage. The 10 control songs were presented
on the following webpage. The separation allowed us
to include instructions that these were songs for which
“our system did not have enough data to make pre-
dictions,” thus providing an explanation for why no
recommendations accompanied these items.

Task 4. Participants completed a short survey provid-
ing demographic and other individual information.
Next, we drew random prices for five randomly cho-
sen songs from Task 3, and purchases were automat-
ically enforced as described in Section 3.1.3. The par-
ticipation fee and the endowment, minus prices paid
for the required purchases, were distributed to partici-
pants in cash. MP3 versions of the songs purchased by
participants were gifted through Amazon.com within
12 hours of the study’s conclusion.

3.2. Results
The distribution of willingness-to-pay judgments over-
all is shown in Figure 2. As expected, a distribution
with a right skew is observed. The overall mean was
22.7 cents (SD � 25.1) with 28.7% (471/1,640) of the
song pricing observations having a stated value of 0,

Figure 2. Summary Distributions of Willingness-to-Pay
Judgments for Studies 1–3
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Figure 3. Average Willingness-to-Pay by Treatment Group
in Study 1
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observations.

coming from 57.1% (24/42) of the subjects. So, sub-
jects were quite willing to value songs at 0 when they
saw no value to a song; the study did not provide an
overwhelming demand for positive responses. These
values support that subjects did realize the impact of
positive responses, and avoided them when judged
appropriate.

Figure 3 shows a plot of the aggregate means of will-
ingness to pay for each treatment group.We performed
a repeated measure analysis of variance (ANOVA)
to test for differences across the three main treat-
ment levels: High, Mid, and Low. With repeated mea-
sures ANOVA, adjustments are needed if the variance-
covariance matrix of the dependent variables indicates
significant differences in variances between conditions
(Mauchly 1940). We utilized the most conservative
adjustment factor—Box’s conservative epsilon—to cor-
rect for violations of the sphericity assumption (Box
1954a, b). The adjusted analysis demonstrated a sta-
tistically significant effect of the shown rating on
willingness to pay (F(2, 1196) � 42.27, p < 0.001); so,
we followed with pairwise contrasts using t-tests,
Monte Carlo Fisher–Pitman permutation tests, and the
Wilcoxon signed-rank tests across treatment levels and
against the control group as shown in Table 3. All three
main treatment conditions significantly differed, show-
ing a clear positive effect of the treatment on pricing
behavior. The control group demonstrated an inter-
mediate willingness to pay, showing a statistically sig-
nificant difference from the Low treatment condition
but not from the High treatment condition (one-tailed
p < 0.0001 and p � 0.13, respectively) and no difference
from the Medium condition (two-tailed p � 0.58).
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Table 3. Pairwise Comparison Test Values and Significance
Levels for Comparisons of Aggregate Treatment Group
Means

Control Low Mid

t-tests
Low (1–2 stars) 5.3805∗∗∗
Mid (2.5–3.5 stars) 0.8175 5.1996∗∗∗
High (4–5 stars) 1.1373 4.5258∗∗∗ 2.1438∗

Fisher–Pitman permutation test
Low (1–2 stars) 344.3∗∗∗
Mid (2.5–3.5 stars) 58.1 292.3∗∗∗
High (4–5 stars) 87.9 444.7∗∗∗ 156.5∗

Wilcoxon signed-rank test
Low (1–2 stars) 4.288∗∗∗
Mid (2.5–3.5 stars) 0.511 4.302∗∗∗
High (4–5 stars) 0.968 4.232∗∗∗ 1.400

Note. Two-tailed tests for Control versusMid, all other contrastswere
directional and tested with 1-tailed tests.
∗p ≤ 0.05; ∗∗∗p ≤ 0.001.

Next we performed a series of post hoc regression
analyses to further explore the relationship between
the shown star rating andwillingness to pay,while con-
trolling for participant-level factors. Although there
were three treatment groups, the actual ratings shown
to participants were randomly assigned star ratings
from within the range for the corresponding treat-
ment group (Low: 1.0–2.0 stars,Mid: 2.5–3.5 stars,High:
4.0–5.0 stars). Thus, in the analysis, the shown rating
was a continuous variable ranging from 1.0–5.0 and
was the main independent variable of interest. Control
variables for demographic and consumer-related fac-
tors were included, as collected by the survey in Task 4.
Additionally, we controlled for the participants’ prefer-
ences by calculating a predicted star rating recommen-
dation for each song (on a 5-star scale with one decimal
precision), using the popular and widely-used item-
based collaborative filtering algorithm (IBCF) (Sarwar
et al. 2001). Several recommendation algorithms were
evaluated based on the data from Task 1 of Study 1,
and the IBCF technique was selected in all three stud-
ies because it had the highest predictive accuracy.More
details on the IBCF recommendation algorithm and its
performance are presented in Online Appendix 2. In
Study 2, the system recommendations are an instru-
mental part of the manipulations in the study design.
Here, in Study 1, we use IBCF to control for the sys-
tem’s estimation of consumer preferences as a proxy
of consumer’s preferences. By including this predicted
rating (which was not shown to any participant during
Study 1) in our analysis, we are able to determine if
the random system-displayed ratings had an impact on
willingness to pay above and beyond the participant’s
predicted preferences.
The resulting baseline regressionmodel is shown be-

low. In the model, WTPi j is the reported willingness

to pay for participant i on song j, ShownRatingi j is the
recommendation star-rating shown to participant i for
song j, and PredictedRatingi j is the predicted recom-
mendation star-rating for participant i on song j (i.e.,
the predicted preference). In addition, Controlsi is a
vector of demographic and consumer-related variables
for participant i. The controls included in the model
were as follows: gender (binary); age (integer); school
level (undergrad: yes/no, binary); whether the partic-
ipant has prior experience with recommendation sys-
tems (yes/no, binary); preference ratings (interval five-
point scale) for themusic genres country, rock, hip hop,
and pop; the number of songs owned (ordinal five-
point scale, representing “none,” “1–100,” “101–1,000,”
“1,001–10,000,” and “more than 10,000”); frequency of
music purchases (ordinal five-point scale, representing
“never,” “once a year,” “once a month,” “once a week,”
and “more than twice a week”); whether they thought
recommendations in the study were accurate (interval
five-point scale); and whether they thought the recom-
mendations were useful (interval five-point scale). It
was not expected that participants would have exact
values for their song collections and purchase fre-
quency, so we used ordinal five-point scales to identify
qualitative distinctions in music ownership and pur-
chases. Since the study utilized a repeated measures
designwith a balanced number of observations on each
participant, the composite error term (ui + εi j) includes
an individual participant effect ui in addition to the
standard disturbance term εi j

WTPi j � b0 + b1(ShownRatingi j)+ b2(PredictedRatingi j)
+b3(Controlsi)+ ui + εi j .

Three regression models were estimated and com-
pared to account for the nature of the dependent vari-
able. The baseline regressionmodel (Model 1 in Table 4)
used generalized least squares (GLS) with random
effects estimation and robust standard errors, cluster-
ing errors byparticipant. To control forparticipant-level
heterogeneity, a random effect was used to model the
individual participant effect. Random effects were cho-
sen over fixed effects for three key reasons.10 First, we
assume that the effects of the participants are randomly
drawn from the overall population of potential partic-
ipants. Second, the results of a Hausman test deemed
the randomeffectsmodel appropriate. Third, using ran-
dom effects allows us to include participant-level con-
trols in the analysis.

Prices andwillingness-to-pay judgmentsoften follow
a log-normal distribution (see Figure 2). Therefore, we
estimated a log-normal GLS regression with random
participant-level effects in Model 2, using ln(WTP + 1)
as the dependent variable to account for the skewed
distribution of willingness to pay. For Model 3, a Tobit
regression with participant-level random effects was
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Table 4. Study 1 Regression Results; Dependent Variable:
Willingness to Pay

Model 1: Model 2: Model 3:
GLS, RE LogNorm, RE Tobit, RE

ShownRating 3.533 (0.80)∗∗∗ 0.162 (0.03)∗∗∗ 3.530 (0.39)∗∗∗
PredictedRating 6.235 (1.72)∗∗∗ 0.396 (0.12)∗∗∗ 6.215 (1.11)∗∗∗

Controls
Male −9.466 (4.29)∗ −0.910 (0.29)∗ −9.463 (5.26)
Undergrad −3.819 (12.60) −0.335 (0.71) −3.826 (11.54)
Age −1.366 (1.75) −0.069 (0.12) −1.362 (2.05)
usedRecSys −12.437 (5.57)∗ −1.152 (0.37)∗ −12.439 (5.82)∗
Country 2.608 (1.56) 0.204 (0.10)∗ 2.611 (1.91)
Rock 1.634 (2.74) 0.275 (0.17) 1.635 (2.94)
Hiphop −0.468 (2.39) 0.076 (0.14) −0.459 (2.39)
Pop 3.176 (2.42) 0.091 (0.18) 3.176 (2.95)
recomAccurate −3.963 (3.67) −0.238 (0.28) −3.961 (4.97)
recomUseful 4.193 (3.53) 0.294 (0.27) 4.200 (4.27)
buyingFreq 1.921 (2.44) 0.227 (0.15) 1.927 (2.86)
songsOwned −4.120 (3.83) −0.276 (0.26) −4.109 (4.04)

Constant 18.543 (52.21) 1.220 (3.40) 18.425 (56.98)
R2 0.214 0.268
χ2 89.35∗∗∗ 142.18∗∗∗ 136.15∗∗∗

Notes. Number of clusters � 42, n � 1,240 (42 participants × 30 re-
sponses—20 missing per endnote 9, for each analysis). Standard
errors are in parentheses. All models use robust standard error esti-
mation, clustered by participant. Model summaries: Model 1—GLS
estimation with random participant-level effects (RE); Model 2—log-
normal GLS (i.e., dependent variable � ln(WTP + 1)) with random
participant-level effects; Model 3—Tobit regression (upper limit 99,
lower limit 0) with random participant-level effects. All models esti-
mated using the Stata 14 software.
∗p ≤ 0.05; ∗∗∗p ≤ 0.001.

estimated to account for potential censoring of the
dependent variable (i.e., the participants’ responses
for willingness to pay were limited to a maximum
value of 99 and a minimum value of 0). Tobit models
are commonly used to model willingness-to-pay (e.g.,
Donaldson et al. 1998); and, the assumption that zero-
measured values of WTP reflect actual zero values and
not a decision to enter the market holds in our con-
trolled experimental setting.
Table 4 presents the estimated coefficients and stan-

dard errors for the three models, and the results are
highly consistent for the primary independent vari-
ables of interest, suggesting robustness of the results.
Allmodels utilized robust standard error estimates and
clustered errors by participant. Note that the control
treatment observations (i.e.,whereno recommendation
wasprovided)were not included in the regression anal-
yses since they had null values for the main indepen-
dent variable ShownRating.

The results of our analysis for Study 1 are strongly
consistent with H1 and in line with the ANOVA. They
clearly demonstrate a significant effect of shown rec-
ommendations on consumers’ pricing behavior. We
observed that randomly generated recommendations
with no dependence on actual user preferences can
impact consumers’willingness to pay for an item,while

controlling for participant-level factors and the par-
ticipant’s predicted preferences for the product being
recommended.

From the log-normal model (Model 2), we observe
an increase (decrease) of 17.6% (i.e., exp(0.162)) in will-
ingness to pay for each 1-star increase (decrease) in
the shown recommendation rating. The GLS model
provides similar results: a 1-star increase (decrease) in
the shown recommendation results in a 3.53 cents U.S.
increase (decrease) in willingness to pay, in a sample
with a mean willingness to pay ≈22.7 cents U.S. The
Tobitmodel provides similar results, although it should
be noted that the coefficient for ShownRating (3.530, p <
0.001) represents themarginal effect on the unobserved
latent variable y∗, the uncensored willingness to pay.
Using themargins command in Stata, we computed the
marginal effect for the conditional mean specification
E(WTP | x, 0≤WTP≤ 99),where x represents the collec-
tion of independent variables. This adjusted marginal
effect takes into account censoring and was observed
to be a 2.86 cents U.S. (p < 0.001) increase (decrease) in
willingness to pay for each 1-star increase (decrease) in
the shown rating. Together, the regression results sug-
gest that we can conservatively expect an increase of
approximately 12%–17% in willingness to pay for each
1-star increase in shown rating.

4. Study 2: Errors in Personalized
Recommendations

The goal of Study 2 was to extend the results of Study 1
by testing Hypothesis 2 on the effect of system errors.
In this study, we explore the impact of systematically
introduced errors of different magnitudes in recom-
mendations on consumers’ willingness to pay. The rec-
ommendations presented to participants were calcu-
lated during the experiment, thereby connecting the
regression model to the experimental design using
truly controlled independent variables. This way, the
amount of introduced error is directly manipulated in
the study for investigation of its effect in a controlled
manner. The design of the study is intended to test
for similar effects as in Study 1, but in a more realistic
setting with system-generated, real-time recommenda-
tions and better control of a particular potential aspect
of system’s prediction error.

4.1. Methods
4.1.1. Participants. Participants in Study 2 used the
same facilities and were recruited from the same pool
and during the same time period as in Study 1 (i.e.,
spring 2012); however, there was no overlap in par-
ticipants across the two studies. The same participa-
tion fee and endowment used in Study 1 was provided
to participants in Study 2. Fourteen participants were
dropped from Study 2 because of response issues: five
subjects had zero variance in their WTP judgments
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and nine subjects were outliers in terms of age rela-
tive to the desired subject population (see endnote 4).
The final sample set consisted of 55 participants for
analysis.
Demographic features of the sample are summa-

rized in the second data column of Table 2. The partic-
ipants are similar to those in Study 1 except for a lower
percentage of undergraduates in the sample. Those in
Study 2 were equally knowledgeable about purchasing
music. Almost two-thirds (36/55) of the participants
indicated buying music at least once a month, with
only four stating that they never buy music. More than
80% (45/55) of the participants said they owned more
than 100 songs, with nearly half (26/55) saying they
own more than 1,000 songs; only one participant indi-
cated that they own no songs.
4.1.2. Procedure. The stimuli database of 200 songs
and the four tasks of the studywere identical to Study 1.
All participants completed the initial song-rating and
song ownership tasks as in Study 1. Willingness-to-pay
judgments were obtained using the BDMmethod with
participant training, testing, and feedback (36/55� 65%
ofparticipants answered thequizquestionsperfectlyon
the first pass). The final survey, payouts, and song dis-
tributionwere also conducted in the samemanner as in
Study1. Themeanduration for participants to complete
the session was just under 27minutes, similar in length
to Study 1. The only difference between Studies 1 and 2
was in the design used for Task 3.
Study 2 used a within-subjects design with willing-

ness to pay as the dependent variable. Unlike Study 1,
the ratings that participants provided in Task 1 of
Study 2 were used as inputs to a recommender sys-
tem to calculate participant’s preferences for the songs
used in Tasks 2 and 3 in real time. Details on the IBCF
recommendation algorithm used, and its performance,
are presented in Online Appendix 2. The predicted rat-
ings were then systematically perturbed (i.e., excess
error was introduced to each recommendation) to gen-
erate the shown recommendation ratings. Perturba-
tions of −1.5 stars, −1 star, −0.5 stars, 0 stars, +0.5 stars,
+1 star, and +1.5 stars were added to the actual recom-
mendations, representing seven treatment levels. Thus,
Study 2 applied a systematic perturbation technique
that better controlled for individual preference differ-
ences, allowing an investigation of the effects of intro-
duced error onwillingness to pay.
Each participant provided WTP judgments for

40 songs, five from each of the seven treatment levels
and five controls. The 30 songs with perturbed ratings
were determined pseudo-randomly to assure that the
manipulated ratings would fit into the five-point rat-
ing scale. First, 10 songs with predicted rating scores
between 2.5 and 3.5 were selected randomly to receive
perturbations of −1.5 and +1.5. From the remaining
songs, 10 songs with predicted rating scores between

2.0 and 4.0 were selected randomly to receive pertur-
bations of −1.0 and +1.0. Then, 10 songs with pre-
dicted rating scores between 1.5 and 4.5 were selected
randomly to receive perturbations of −0.5 and +0.5.
Finally, five songs were randomly selected and their
predicted ratings were not perturbed; they were dis-
played exactly as predicted. These 35 songs were ran-
domly intermixed. Following this, a final set of five
songs were added as a control in random order (i.e.,
with no predicted system rating provided andwith the
instructions that these were songs for which “our sys-
tem did not have enough data to make predictions” as
an explanation).

4.2. Results
Figure 2 shows the distribution of willingness-to-pay
judgments overall, alongside those of the other stud-
ies. A similar right-skewed distribution is observed.
The overall mean was 18.4 cents (SD� 23.9) with 28.0%
(617/2,200) of the song pricing observations having
a stated value of 0, coming from 58.2% (32/55) of
the subjects. So, the responses were similar to those
in Study 1, with subjects willing to value songs at 0
when they saw no value to a song, and with no ob-
servable experimentally induced demand for positive
responses.

As in Study 1, we start with a repeated measures
ANOVA. After correction for the violations of spheric-
ity using Box’s conservative epsilon (Box 1954a, b), the
ANOVA confirmed a significant treatment effect of rec-
ommendation error (i.e., perturbation size) on willing-
ness to pay (leaving out the control items, F(6, 1864) �
8.17, p � 0.0045). Figure 4 presents the aggregatemeans
by treatment condition. Using planned contrasts, com-
paring the High to the Low perturbations at each
level—1.5, 1, and 0.5—there is a significant difference
in the responses at 1.5 and 1.0 between the High and
Low groups (p < 0.001) but not at 0.5 (p > 0.90). Thus,
there is no indication of a diminution in the effect as
the size of the perturbation increases.

Comparing the control group to each of the other
groups, the mean responses to the songs in the control
condition (no recommendation was given) were signif-
icantly different at an α � 0.05 level (two-tailed t(274)
not assuming equal variances) compared to mean re-
sponses in the True condition and the 1.5 Below con-
dition.11 They were marginally significantly different,
at an α � 0.10 level compared to the mean responses
in the 1.0 Below condition. Thus, the negative pertur-
bations tended to pull down willingness to pay com-
pared to the control. However, for a more sensitive test
and a clearer overall picture, we can apply regression
modeling to the non-control conditions that vary in
manipulations from −1.5 to +1.5.

Moving to our main analysis of Study 2, we used
regression to examine the relationship between recom-
mendation error and willingness to pay. We follow a



Adomavicius et al.: Effects of Online Recommendations on Consumers’ WTP
96 Information Systems Research, 2018, vol. 29, no. 1, pp. 84–102, ©2017 INFORMS

Figure 4. Average Willingness-to-Pay by Treatment Group
in Study 2
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similar approach as in Study 1 and analyze the rela-
tionship using three regression models. The distribu-
tion of willingness-to-pay data in Study 2 was similar
to that of Study 1, so the same analysis strategy was
adopted. The main difference in this analysis as com-
pared to Study 1 is that the primary explanatory vari-
able is Perturbationi j � ShownRatingi j −PredictedRatingi j
which captures the systematic error we introduced
through treatments. The baseline model utilized GLS
regression with random participant-level effect (the
Hausman test for fixed versus random effects sug-
gested that a random effects model was appropriate).
We control for the participants’ preferences using the
predicted rating for each song in the study (i.e., the
recommendation rating prior to perturbation), which
was calculated using the IBCF recommendation algo-
rithm. In this analysis, these variables are generated not
post hoc; instead, they are part of the study design up
front. The same set of control variables used in Study 1
was included in our regression model for Study 2. The
resulting regression model is

WTPi j � b0 + b1(Perturbationi j)+ b2(PredictedRatingi j)
+b3(Controlsi)+ ui + εi j .

As in Study 1, a log-normal GLS regression with
random participant-level effects (Model 2) and a
Tobit regression with random participant-level effects
(Model 3) were also estimated and compared to
account for the distribution of WTP. Robust standard
errors, clustered by participants, were used in all three
models. The regression results are presented in Table 5.

As can be seen in Model 2 of Table 5, we observed
a significant increase of approximately 12.9% (i.e.,

Table 5. Study 2 Regression Results; Dependent Variable:
Willingness to Pay

Model 1: Model 2: Model 3:
GLS, RE LogNorm, RE Tobit, RE

Perturbation 2.245 (0.880)∗ 0.121 (0.049)∗ 2.245 (0.392)∗∗∗
PredictedRating 8.787 (1.414)∗∗∗ 0.567 (0.082)∗∗∗ 8.797 (0.832)∗∗∗
Controls

Male −2.203 (4.682) 0.108 (0.3) −2.203 (4.253)
Undergrad −4.814 (4.437) −0.173 (0.297) −4.814 (4.54)
Age −0.351 (0.892) −0.007 (0.055) −0.351 (0.934)
usedRecSys 3.944 (4.115) 0.116 (0.272) 3.944 (4.057)
Country −2.646 (1.535) −0.166 (0.112) −2.647 (2.091)
Rock −1.92 (1.601) −0.245 (0.101)∗ −1.92 (1.977)
Hiphop 0.146 (2.032) −0.046 (0.115) 0.146 (1.834)
Pop −0.921 (1.838) −0.065 (0.114) −0.921 (2.221)
recomAccurate 1.089 (2.104) 0.081 (0.162) 1.089 (2.451)
recomUseful 3.886 (1.908)∗ 0.218 (0.131) 3.886 (1.902)∗
buyingFreq 2.712 (1.742) 0.334 (0.106)∗∗ 2.711 (2.407)
songsOwned −3.576 (2.573) −0.139 (0.184) −3.576 (2.647)

Constant 7.613 (23.674) 1.065 (1.564) 7.587 (25.841)
R2 0.1580 0.1850
χ2 94.32∗∗∗ 176.94∗∗∗ 165.99∗∗∗

Notes. Number of clusters � 55, n � 1,925 (55 participants × 35
responses, for each analysis). Standard errors are in parentheses,
all models use robust standard error estimation, clustered by par-
ticipant. Model summaries: Model 1—GLS estimation with ran-
dom participant-level effects; Model 2—log-normal GLS (i.e., depen-
dent variable � ln(WTP + 1)) with random participant-level effects;
Model 3—Tobit regression (upper limit 99, lower limit 0) with ran-
dom participant-level effects. All models estimated using the Stata
14 software.
∗p ≤ 0.05; ∗∗p ≤ 0.01; ∗∗∗p ≤ 0.001.

exp(0.121)) in WTP for each 1-star positive increase
in error of the shown recommendation, based on the
log-normal regression model. The GLS model shows a
2.245 cents U.S. (p ≤ 0.05) increase in willingness to pay
for each 1-star positive increase in error of the shown
recommendation. The Tobit model provided similar
results:Weobservedamarginal effect of 2.245 centsU.S.
(p < 0.001) of the perturbation on the latent variable
y∗, which is the unobserved and uncensored willing-
ness topay.Themarginal effect for the conditionalmean
specification E(WTP | x, 0 ≤WTP ≤ 99), where x repre-
sents the collection of independent variables, is a 1.74
cents U.S. (p < 0.001) increase in willingness to pay for
each 1-star increase in error of the shown recommenda-
tion. The sample mean willingness to pay for Study 2
is 18.4 cents U.S.; the regressions suggest that a signifi-
cant effect corresponding to approximately 9.5%–12.9%
change in willingness to pay for each 1-star of system-
atic error in the recommendation can be expected.

The results of Study 2 provide strong support for
H2 and extend the results of Study 1 in two important
ways. First, Study 2 provides more realism to the anal-
ysis, since it utilizes real recommendations generated
using an actual real-time system that applies a popular,
commonly used recommendation algorithm. Second,
rather than randomly assigning recommendations as
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in Study 1, in Study 2 the recommendations presented
to participants were calculated based on their prefer-
ences and then perturbed to introduce varying levels
of systematic error. Study 2 demonstrates the potential
impact of these system errors. The study also shows
that the magnitude of error introduced into the recom-
mendations does not lead to a reduction in the impact
of recommendations on willingness to pay. The effect
of perturbation is significant and linear, with no indi-
cated curvature.

5. Study 3: Reducing Uncertainty
Study 3was designed to explorewhether uncertainty is
a critical component of the effect of system recommen-
dations (Hypothesis 3). This study largely followed the
design of Study 1 and provided randomly generated
song recommendations, except that listening to song
samples was mandatory for the participants before
pricing the songs, and each priced song was displayed
sequentially on a separate page.

5.1. Methods
5.1.1. Participants. Participants in Study 3 used the
same facilities and were recruited from the same par-
ticipant pool during the spring of 2014; there was no
overlap in participants across the three studies. The
same participation fee and endowment used in Study 1
was provided to participants in Study 3. Twelve partic-
ipants were dropped from Study 3 because of response
issues: one subject experienced a technical issue, two
subjects had zero variance in their WTP judgments,
and nine subjects were outliers in terms of age rela-
tive to the desired subject population (see endnote 4).
The final sample set consisted of 72 participants for
analysis.
Demographic features of the sample are summa-

rized in the third data column of Table 2. The partic-
ipants are similar to those in Studies 1 and 2 except
there is a higher percentage of experience with rec-
ommender systems and an intermediate number of
undergraduates compared to the other two samples.
The Study 3 participants were equally knowledgeable
about purchasing music. Almost four-fifths (58/72) of
the participants indicated buying music at least once a
month, with only 13 stating that they never buy music.
More than four-fifths (61/72) of the participants said
they owned more than 100 songs, with more than a
third (26/72) saying they own more than 1,000 songs,
and no one indicated that they own no songs.

5.1.2. Procedure. The stimuli database of 200 songs
and the basic tasks of the study were identical to
Studies 1 and 2. All participants completed the initial
song-rating and song-ownership tasks as in those stud-
ies, except only 20 nonowned songs were identified in
Task 2, instead of 40. The number of songs was reduced

to keep the experimental duration at a comparable time
to the other studies. Themean duration for participants
to complete the sessionwas 30minutes, sowewere suc-
cessful. After training with the BDM method, 51/72 �

71% of participants answered the quiz questions per-
fectly on the first pass. The final survey, payouts, and
songdistributionwere also conducted in the sameman-
ner as before. The only difference between the studies
was in the design used for Task 3; in this case, Task 3
incorporated a forced listening of song samples prior to
the pricing task with each song presented separately.

Study 3 repeated the within-subjects design with
willingness to pay as the dependent variable. In Task 3,
five songs were presented with a randomly generated
low recommendation between 1.0 and 2.0 stars drawn
from a uniform distribution, five were presented with
a randomly generated high recommendation between
4.0 and 5.0 stars, five were presented with a randomly
generatedmid-range recommendation between 2.5 and
3.5 stars, and five were presented with no recommen-
dation to act as a control. Each song was presented
separately on its own page along with the system rec-
ommendation, where applicable (see the sample page
in Online Appendix 1). The sample began playing as
soon as the page loaded and continued for 30 sec-
onds. The participants were not allowed to enter their
willingness-to-pay judgment or to proceed to the next
page until the 30 seconds had elapsed. After that, par-
ticipants had the option to play the song sample again
by clicking on the song title, or to respond and move
to the next song. The 15 songs presented with recom-
mendations were randomly ordered and shown first.
The five control songs were presented next with the
instructions that these were songs for which “our sys-
tem did not have enough data to make predictions” as
an explanation. We recorded the order and the time
stamp of each response, since each response was on a
separate page for this study.

5.2. Results
Figure 2 illustrates a similar right-skewed distribution
of willingness-to-pay judgments as observed in Stud-
ies 1 and 2. The overall mean was 20.36 cents (SD �

25.3), with 25.8% (372/1,439) of the song pricing obser-
vations having a stated value of 0, coming from 58.3%
(42/72) of the subjects. As before, subjects showed no
observable experimentally induced demand for posi-
tive responses.

Figure 5 presents the aggregate means by condition.
After correcting for violations of the sphericity assump-
tion using Box’s conservative epsilon (Box 1954a, b), the
repeatedmeasures ANOVA confirmed that there was a
significant treatment effect of recommendation onwill-
ingness to pay across the three treatment conditions:
High, Medium, and Low (F(2, 1006) � 8.04, p � 0.0048).
Pairwise contrasts basedon t-tests,MonteCarlo Fisher–
Pitman permutation tests, and Wilcoxon signed-rank
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Figure 5. Average Willingness to Pay by Treatment Group in
Study 3
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tests (Table 6) indicated a difference between the Low
group and theMedium, High, and Control groups.

Next we performed the same post hoc regression
analysis applied in Study 1 with the following differ-
ences. Because we were able to record the order of
the songs that each participant listened to in Study 3,
we could include the display order of songs as an
independent variable in the regression analysis (Dis-
playOrder, integer). This design aspect is useful as a
check on whether any number of issues might have
been operative over the course of the study session.
We can test for order effects to identify if the impact
of recommendations on willingness to pay diminishes

Table 6. Pairwise Comparison Test Values and Significance
Levels for Comparisons of Aggregate Treatment Group
Means

Control Low Mid

t-tests
Low (1–2 stars) 1.823∗
Mid (2.5–3.5 stars) 0.326 2.106∗
High (4–5 stars) 1.373 2.939∗∗ 1.340

Fisher–Pitman permutation test
Low (1–2 stars) 210.05∗
Mid (2.5–3.5 stars) 35.75 245.8∗
High (4–5 stars) 158.95 369∗∗ 123.2

Wilcoxon signed-rank test
Low (1–2 stars) 1.325
Mid (2.5–3.5 stars) 0.485 2.026∗
High (4–5 stars) 0.915 2.708∗∗ 0.943

Note. Two-tailed t-test for Control versus Mid, all other contrasts
were directional and tested with 1-tailed t-test.
∗p ≤ 0.05; ∗∗p ≤ 0.01.

Table 7. Study 3 Regression Results; Dependent Variable:
Willingness to Pay

Model 1: Model 2: Model 3:
GLS, RE LogNorm, RE Tobit, RE

ShownRating 1.998 (0.65)∗ 0.1 (0.03)∗ 1.999 (0.48)∗∗∗
PredictedRating 8.458 (1.43)∗∗∗ 0.604 (0.09)∗∗∗ 8.457 (1.12)∗∗∗
DisplayOrder 0.119 (0.15) −0.004 (0.01) 0.119 (0.12)
DisplayOrder× 0.089 (0.1) −0.002 (0.01) 0.09 (0.1)

ShownRating
Controls

Male −1.412 (4.53) −0.129 (0.24) −1.412 (4.15)
Undergrad −0.837 (6.4) 0.278 (0.33) −0.836 (5.95)
Age −0.086 (0.97) 0.013 (0.06) −0.086 (0.97)
usedRecSys 5.141 (4.57) 0.359 (0.26) 5.141 (4.77)
Country 3.935 (1.66)∗ 0.241 (0.1)∗ 3.935 (1.78)∗
Rock 1.457 (2.45) −0.036 (0.12) 1.457 (2.29)
Hiphop 0.18 (1.73) −0.02 (0.11) 0.18 (1.87)
Pop 0.548 (1.8) 0.092 (0.12) 0.548 (2.01)
recomAccurate −3.263 (2.01) −0.208 (0.1)∗ −3.262 (1.93)
recomUseful 4.288 (1.86)∗ 0.331 (0.1)∗∗∗ 4.288 (1.92)∗
buyingFreq 2.806 (2.14) 0.108 (0.11) 2.806 (2.07)
songsOwned −1.819 (2.51) −0.122 (0.17) −1.819 (2.46)

Constant −32.288 (26.94) −1.592 (1.43) −32.286 (26.69)
R2 0.1881 0.2455
χ2 128.16∗∗∗ 201.78∗∗∗ 109.06∗∗∗

Notes. Number of clusters � 72, n � 1,080 (72 participants × 15
responses, for each analysis). Standard errors are in parentheses,
all models use robust standard error estimation, clustered by par-
ticipants. Model summaries: Model 1— GLS estimation with ran-
dom participant-level effects; Model 2—log-normal GLS (i.e., depen-
dent variable � ln(WTP + 1)) with random participant-level effects;
Model 3—Tobit regression (upper limit 99, lower limit 0) with ran-
dom participant-level effects. All models estimated using the Stata
14 software.
∗p ≤ 0.05; ∗∗∗p ≤ 0.001.

during the study, e.g., due to fatigue, inattention, or
a declining lack of trust in the recommender system
in response to the recommendations being received.
If such order effects exist, we would consequently
expect a lowering of the effect of the recommenda-
tions on users’ judgments over time. By contrast, if the
effects of the recommendations are persistent over the
series of pricing responses, then no concerns about
possible order effects are raised. The relevant test is
of the interaction term between the new variable Dis-
playOrder and ShownRating (after mean centering the
variables). The baseline model utilized GLS regression
with random participant-level effects,12 the same set
of control variables, and control for the participants’
preferences using the predicted rating for each song in
the study. A log-normal GLS regression with random
participant-level effects (Model 2) and a Tobit regres-
sion with random participant-level effects (Model 3)
were also estimated and compared to account for the
distribution of WTP. Robust standard errors, clustered
by participants, were used in all models. The regres-
sion results are presented in Table 7. The control vari-
ables that were significantly related to the dependent
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variable, WTP, show no consistency across the three
studies and are not discussed.

The results for Study 3 are consistent with H3 and
in line with the ANOVA. There is a significant effect
of shown recommendations on consumers’ pricing be-
havior. Even with a lowering of uncertainty due to
forced sampling of the priced songs, the randomly
generated recommendations significantly affected con-
sumers’ willingness to pay. Looking first at the log-
normal model (Model 2), we observed an increase
(decrease) of 10.5% in willingness to pay for each
1-star increase (decrease) in the shown recommenda-
tion rating. The GLS model provides similar results: a
1-star increase (decrease) in the shown recommenda-
tion results in a 1.998 cents U.S. increase (decrease) in
willingness to pay, in a sample with an average willing-
ness to pay of approximately 20.36 cents U.S. The Tobit
model provides similar results, with a 1.999 cents U.S.
marginal effect on the uncensored willingness to pay
(i.e., unobserved latent variable y∗) and a 1.577 cents
U.S. adjusted marginal effect that takes into account
censoring. Together, the regression results suggest that
we can conservatively expect a positive effect of approx-
imately 7.7%–11.5% inwillingness to pay for each 1-star
increase in shown rating even when subjects are forced
to sample the product prior to pricing.
The display order of songs and its interaction with

shown rating had nonsignificant coefficients across all
three models (Table 7). The effect of recommendations
on preference construction and willingness to pay is
consistent throughout the entire experiment. Our pre-
sumption of a lack of fatigue and persistent atten-
tion are not challenged, and there is no evidence of
a decreased effect of the recommendations on partici-
pants’ willingness to pay, as the participants evaluated
a large number of songs during the session.

As an additional post hoc and exploratory analy-
sis, we compared the means of each treatment group
between Studies 1 and 3. Recall that the main differ-
ence in the design between Studies 1 and 3 is that
in Study 3 participants were required to listen to a
full 30-second sample prior to making a willingness to
pay judgment.13 Study 2 is not included in this com-
parison because the design is fundamentally different
from Studies 1 and 3. Table 8 presents the resulting
p-values of the standard t-tests with unequal variance,
Monte Carlo Fisher–Pitman permutation tests, and the

Table 8. Tests of Treatment Means Between Studies 1 and 3

P(2-tailed P(2-tailed Fisher–Pitman P(2-tailed Wilcoxon
Study 1 Study 3 t-tests) permutation test) rank-sum test)

Control 24.30 (25.95) 20.62 (25.42) 0.3076 0.3070 0.2878
Low 16.85 (21.38) 17.53 (23.32) 0.8490 0.8686 0.7443
Mid 23.32 (24.04) 21.24 (25.17) 0.4561 0.4538 0.2605
High 26.45 (27.80) 22.93 (26.75) 0.3877 0.3796 0.3719

Wilcoxon rank-sum tests used to compare treatment
means. As can be seen, there are no statistically signifi-
cant differences inmeans between corresponding treat-
ment groups across the two studies. The results suggest
that reduceduncertainty through forced samplingdoes
not appear to reduce the effects of recommendations on
preference construction and willingness to pay. Some-
thing other than uncertainty in preferences is driving
the observed effects in this situation.Many online retail
sites offer the capability of sampling prior to purchase.
Although sampling reduces the uncertainty of pref-
erences at the point of sale, it does not significantly
reduce the effect of system recommendations on prefer-
ence judgments. This result and the results of Studies 1
and 2 suggest that the information-integration explana-
tion is a plausible candidate as an operativemechanism
driving theeffects ofpersonalized recommendationson
willingness to pay.

6. Discussion and Conclusions
In three laboratory experiments, we examined the im-
pact of recommendations on consumers’ economic
behavior. The research integrates ideas from behav-
ioral economics and recommender systems, both from
practical and theoretical standpoints. The willingness-
to-pay studies were performed using judgments from
young adults for music, a highly relevant stimulus for
which recommendations are readily available in the
marketplace. The main contribution of this work is the
identification and measurement of a robust and strong
side effect of system recommendations on consumers’
willingness to pay. We observed marginal effects rang-
ing from 7%–17% in willingness to pay for 1-star
changes in recommendations. This overarching result
suggests that recommender systems in modern elec-
tronic commerce are not only decision aids for reduc-
ing search costs, but coincidentally may also play a
significant role in economic decision making.

Study 1, through a randomized trial design, de-
monstrated that online recommendations can affect
willingness-to-pay judgments, even when the two are
measured on different scales. Study 2 extended these
results to demonstrate that the same effects exist for
real recommendations that contain errors. We intro-
duced systematic errors to recommendations that were
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calculated using state-of-the-art recommendation algo-
rithms used in practice and still observed strong and
linear effects. Study 3 forced participants to listen to
song samples prior to making their pricing decisions,
thereby reducing the uncertainty that has been claimed
as a possible factor precipitating the effects of system
recommendations. The effects persisted.
From a theoretical perspective, the studies further

our understanding of the impact of system recom-
mendations on stated preferences. Recommender sys-
tems are an increasingly available decision tool for
consumers in online settings that are connected to
multibillion-dollar retail businesses. Compared to pre-
vious work, our attention shifts from the prefer-
ence ratings to the willingness-to-pay judgments, in
which we introduce several differences from previous
research. We demonstrate anchoring-related effects
in a realistic preference setting, whereas most prior
anchoring research has been directed at judgments in
response to general knowledge questions (e.g., Chap-
man and Johnson 2002; as noted by Ariely et al. 2003).
Our studies also extend earlier work that investigated
the effects of recommendations on preference ratings
(e.g., Cosley et al. 2003, Adomavicius et al. 2013). In
these prior studies, there were few consequences and
no real economic costs to participants in providing
preference ratings. We focused on the real economic
impacts of the judgments being made using the incen-
tive compatible BDM procedure; participants’ deci-
sions resulted in actual purchases. Furthermore, our
controlled laboratory experiment allowed us to use
randomization for identifying the causal effects of per-
sonalized recommendations, an advantage over prior
work that primarily used field studies or secondary
data from real-world retailers.

In addition, we provide evidence about the pro-
posed mechanisms underlying the observed effects.
Our results indicate that the effect of recommender
systems is not attributable purely to a scale compatibil-
ity effect. We purposefully designed the current stud-
ies using system ratings provided on a 5-star rating
scale, whilemeasuring subjects’ pricing behavior along
a completely different scale, 0–99 cents U.S. Another
proposed explanation is based on the uncertainty of
preferences, i.e., that in forming a judgment the person
searches from the recommendation to the first feasi-
ble value in a distribution or range of uncertain val-
ues, leading to final estimates tilted toward the rec-
ommendation (e.g., Jacowitz and Kahneman 1995). By
requiring participants to sample songs prior to making
willingness-to-pay judgments, we reduced the role of
uncertainty; yet, the observed recommendation effects
persisted without abatement. A leading, remaining
explanation proposed for the observed effect, there-
fore, is that recommendations are seen as informative
in the formation of preferences, generally, both before
purchasing and following consumption.

There are also significant practical implications of
the results. The findings raise new issues regarding
the design of recommender systems. Arguably, since
preferences are subjective, they should be unaffected
by recommendations when formed immediately after
experiencing the product. Adomavicius et al. (2013)
suggested this was not the case for preference rat-
ings, and our research indicates this is also not the
case for purchasing judgments. Recommendations are
plausibly useful, and perceived so by consumers, when
preferences are uncertain; however, our research indi-
cates this information effect extends to rating and
willingness-to-pay judgments formed even immedi-
ately after the experience, i.e., when uncertainty is low.

Many large online companies rely heavily on rec-
ommender systems in their retail practice (e.g., Ama-
zon, iTunes, and Netflix). An effect of the size observed
in our studies could have significant impacts on rev-
enues and profitability. More generally, the relation-
ship between the microlevel effects studied here and
the macrolevel effects, as well as the relationship be-
tween the effects of personalized recommendations
and aggregate ratings, both discussed in Section 2.1,
are interesting potential areas of further study. The true
nature of these impacts on total welfare may not be
so obvious. For example, recommendation errors that
result in underestimating consumers’ true preferences
could potentially hurt online retailers, since lower rec-
ommendations would pull down consumers’ willing-
ness to pay for items. Alternatively, recommendation
errors that result in inflated recommendation ratings
could erode consumer surplus.

In general, the issue of bias due to recommenda-
tions is not trivial and can potentially have a net nega-
tive impact on online sales environments and the retail
economy. As identified by Cosley et al. (2003), biases
in consumer preferences because of recommender sys-
tems raise several potential issues, including the fol-
lowing: (1) biases can contaminate the inputs of the rec-
ommender system, reducing its effectiveness; (2) biases
may provide a distorted view of the system’s perfor-
mance; or (3) biases might allow agents to manipulate
the system so that it operates in their favor. A question
that arises is: Can we reduce the biases that recom-
mendations introduce while maintaining the benefits
that they provide? One approach would be to mechan-
ically adjust the recommendation algorithms used by
consumers in judgments to correct the bias. A second
approach may be to train consumers about the bias
being exhibited, similar to how we teach about the
effects of advertising. Yet another approach may be
to better design the decision architecture (Thaler and
Sunstein 2008) in recommender systems, e.g., by recon-
structing the judgment interface.

Consequently, we strongly recommend pursuing
further research in this area. As suggestions, we high-
light a few areas as potential foci. First, field studies and
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analysis of secondary sales data from online retailers
could help identify the true magnitude and impact of
biases due to recommendations. Second, recommender
system designs and implementations should be eval-
uated for potential impacts on consumer economic
behavior from the standpoint of their decision archi-
tecture. There is a significant opportunity to rethink
the way recommender systems calculate and present
recommendations to users by taking into account the
effects of system-induced biases. Third, the evaluation
of recommender systems may need to be reengineered
to consider the potential for biases in the consumer
preference input. If the inputs to the system are biased,
simple comparisons of generated recommendations to
reported preferences may no longer be the most effec-
tive means of measuring system performance. Fourth,
our studywas limited to a within-session time horizon.
In other words, we consistently observe short-time rec-
ommendation effects on consumers’ willingness to pay.
It is worthwhile to explore if the observed effects per-
sist across multiple sessions and over longer time peri-
ods. Fifth, although less central, our study provides
some insights into the mechanisms that may or may
not underlie the effects of system recommendations on
individual preferences; additional investigations into
these mechanisms would be useful. Finally, further
research is needed to investigate how the effects of
personalized recommendations compare to the effects
of nonpersonalized, general item quality information
(e.g., online aggregate user ratings, user reviews, best
seller lists). Are the effects of personalized and nonper-
sonalized item quality information connected?Howdo
these two types of information operate in conjunction?
We look forward to ongoing investigations.
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Endnotes
1 In this paper, we focus on traditional application domains of recom-
mender systems, i.e., domains of experience goods where consumer
preferences are horizontal or taste-driven (Chen and Xie 2005). This is
in contrast to domains where consumer preferences are vertical, i.e.,
where there is amore objective understanding about product quality.
In the latter domains, personalized recommendations to individual
users are much less relevant (e.g., as compared to review systems)
since consumers tend to have shared preferences based on quality.
2 In this paper, for ease of exposition, we use the term “recommenda-
tions” in a broad sense. Any rating that the consumer receives pur-
portedly from a recommendation system, even if negative (e.g., one
star on a five-star scale), is termed a recommendation of the system.
3http://www.billboard.com/articles/news/7400248/pwc-global
-entertainment-study.
4As a check, we performed the analyses in all three studies including
the omitted subjects as well. None of the results were affected by
removing these inappropriately recruited subjects.

5Billboard Year-End Hot 100 Songs. http://www.billboard.com/
charts/year-end/2006/hot-100-songs.
6We were generally successful in offering sufficient numbers of
songs that were judged favorably. For the ratings received in Task 1
described in Section 3.1.4, 48% of the songs were rated positively.
The willingness to pay for songs, as shown in Figure 2, also supports
the sufficiency of our song database.
7The study had four tasks, which will be described in Section 3.1.4.
8This scale is similar to the scales used by common recommendation
systems for rating entertainment items, such as the systems used by
Netflix and Yahoo! Music.
9For two participants, 40 nonowned songs were not able to be iden-
tified: one subject identified only 24 songs and the other identified
only 16 songs as not-owned. The removal of these two subjects did
not change the results, so they were included in all relevant analyses.
In the third task, one subject saw 10 songs in each of the Low and
Mid conditions, 4 in the High condition, and no Control condition
songs. One subject saw 10 songs in the Low condition, 6 in the Mid
conditions, and no High or Control condition songs.
10We also tested models with fixed participant-level effects in both
studies and observed the same results in terms of significance, direc-
tion, and approximate magnitude. Online Appendix 3 reports fixed-
effect analysis results. We also tested for nonlinear relationships but
no significant curvature was indicated.
11We also compared the control conditions across all three stud-
ies reported in the paper. Overall, the difference in willingness to
pay across all three groups of participants was only marginally
significant (F(2, 1036) � 2.96, p � 0.052), with the mean responses
being somewhat larger in Study 1 compared to Studies 2 and 3.
However, these slight possible differences between subject groups
do not impact the key comparisons, which are all within-subjects
comparisons.
12As with Studies 1 and 2, models using fixed-effects and boot-
strapped errors for Study 3 are presented in Online Appendix 3. The
results are consistent with those presented in Table 7.
13Note that Studies 1 and 3 occurred approximately two years apart
but used the same set of songs in the experiment. In Study 1, multiple
song recommendations were presented on a single page, whereas in
Study 3, only one song is presented per page. This analysis is purely
exploratory and post hoc. However, we emphasize that it can only
strengthen our main finding that the effects of recommendations on
willingness to pay do not subside when preference uncertainty is
significantly reduced.
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