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Abstract Recommender systems and other Internet-enabled
technologies have changed the surrounding conditions of pre-
purchase evaluations on the Internet. In some cases consumers
can now sample entire products prior to a purchase – hereby
removing all uncertainty about whether a product fits their
taste. While previous research has mainly focused on vendor
and product quality uncertainty, it is still not clear how declin-
ing product fit uncertainty affects consumers. To close this
gap, we conducted a laboratory experiment to analyze the
effects on consumers’ vendor selection. We find that full elim-
ination of product fit uncertainty is beneficial for vendors, as it
increases both the number of purchases and consumer loyalty.
Interestingly, if product fit uncertainty is only partially elimi-
nated, consumers do not necessarily show differential behav-
ior for different levels of remaining product fit uncertainty.
This has important implications for online vendors that con-
sider the implementation of additional means to reduce prod-
uct fit uncertainty.

Keywords Product fit uncertainty . Product evaluation .

Experience goods

JEL Classification 2.20.3: Experiment . 3.080: Consumer
behavior . 3.130: E-Commerce . 5.080:Media

Introduction

While research has mainly focused on uncertainty related
to vendor characteristics or the quality of products, in-
sights on the assessment of product fit uncertainty and
the effectiveness of concrete measures to reduce it re-
main scarce (Dimoka et al. 2012). This is to some de-
gree surprising since a lack of product fit constitutes a
key factor for low customer satisfaction and causes ex-
pensive product returns (Hong and Pavlou 2014). The
research gap becomes even more problematic since rec-
ommender systems and other Internet-enabled technolo-
gies have changed the way products can be evaluated
(Matt et al. 2013). By using these measures, product fit
uncertainty can be reduced or even eliminated, e.g. by
providing full length streaming samples. In the latter
case, consumers are now fully aware of whether a prod-
uct fits their taste prior to a purchase. This development
is also important for the competition between offline and
online vendors, given that even in Bbrick and mortar^
stores a substantial removal of product fit uncertainty
is not always given.

Online vendors have an interest in reducing product fit
uncertainty since high levels thereof can harm sales. This is
particularly relevant for experience goods, which differ from
search goods as they require users to sample or purchase the
product to evaluate its quality (Mudambi and Schuff 2010;
Shapiro and Varian 1999). In addition, many experience
goods are not eligible for product returns. However, from
online vendors’ point of view, the provision of measures to
reduce product fit uncertainty usually does not come for free,
as for instance, setup costs for recommender systems accrue as
well as the risk that consumers could annul copy protection
mechanisms to continue using content after the trial period has
expired. Therefore, the provision of suchmeasures needs to be
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subject to a cost-benefit analysis (Matt and Hess 2012). Es-
sential for these considerations is not only a concrete estimate
of the costs, but also a profound understanding of how
consumers evaluate products prior to a purchase, given
different levels of product fit uncertainty. However, only
recently research in information systems has begun to
conceptualize product fit uncertainty (Hong and Pavlou
2014), but substantial findings on its effects on consumers
are still missing. By omitting a key variable, previous
research has missed the opportunity to present a complete
picture of consumers’ actual purchasing processes. As a
consequence, online vendors still face challenges to esti-
mate the effects of additional measures to reduce product
fit uncertainty. We aim to close the research gap and to
support online vendors in their critical endeavor and pose
the following research question:

What is the influence of product fit uncertainty on con-
sumers’ purchase decisions and their vendor choices?

We use a laboratory experiment to conduct our research
since the applied methodology provides a high level of
control, and enables us to design a decision-making envi-
ronment in which potential influencing factors can be
evaluated unequivocally. We take on consumers’ perspec-
tive and frame our research as consumers’ choice of an
online vendor. Specifically, we implement two different
online vendors for digital experience goods; one that of-
fers a full coverage of product fit uncertainty, and one that
does not. We hold that, if online vendors decrease product
fit uncertainty, they will attract more consumers and in-
crease purchases as well as customer loyalty. We further
believe that a reduction in product fit uncertainty is more
beneficial for online vendors if the general level of prod-
uct fit uncertainty is high.

For our research, we incorporate the effects of Internet-
enabled technologies that have substantially altered con-
sumers’ possibilities of product pre-purchase evaluations.
New insights in this area are not only beneficial for online
vendors who seek to optimize their online stores to boost
sales; they are also needed to understand whether the re-
cent technological changes and declining product fit un-
certainty affects consumers’ purchasing behavior. This
study expands the current body of knowledge on product
fit uncertainty by showing empirically how consumers’
vendor choices are affected by differences in product fit
uncertainty.

The remainder of the paper is organized as follows:We first
introduce the conceptual foundations, followed by the re-
search model and the hypotheses. Subsequently, we outline
the applied methodology and present and discuss the results of
our research. Lastly, we summarize further implications for
both research and practice.

Related literature

Concepts and forms of uncertainty in e-commerce

In transactions (both online and offline), consumers usually
have imperfect information on the intentions of vendors, the
quality of products or their fit to their taste. Uncertainty is seen
as the result of these information asymmetries and constitutes
the Bdifference between information possessed and informa-
tion required to complete a task^ (Tushman and Nadler 1978).
Uncertainty is used in different fields, such as psychology,
engineering and physics. In the management literature and in
the IS literature there are various subforms of uncertainty,
including behavioral, environmental, transactional, knowl-
edge, and choice uncertainty (Duncan 1972; Pavlou et al.
2007; Urbany et al. 1989).

Uncertainty is important for vendors since consumers’will-
ingness to pay for goods varies along with their perceptions of
uncertainty (Ba and Pavlou 2002; Kim and Benbasat 2010;
Rao and Monroe 1996). Research distinguishes between ven-
dor and product uncertainty, although product uncertainty has
been rather neglected in previous research (Dimoka et al.
2012). Recent studies have found that product and vendor
uncertainty are entangled together (Ghose 2009). Vendor un-
certainty relates to uncertainty about vendors’ actual inten-
tions and their opportunistic behavior and has been frequently
discussed since the beginning of e-commerce. A large share of
the IS literature on mechanisms to reduce vendor uncertainty
has focused on antecedents of trust and trust building strate-
gies (Kim and Benbasat 2006; Kim et al. 2008), trusted third
parties (Clemons 2007; Pavlou and Gefen 2004) and market
and vendor guarantees (Clemons et al. 2013). Thus, certain
challenges related to uncertainty about vendors’ quality have
already been solved (Benbasat et al. 2008; Dimoka et al.
2012).

Until recently, product uncertainty has been seen as one
central construct. Now, the literature distinguishes whether
the product uncertainty relates to uncertainty about the quality
of products or uncertainty about the fit to consumers’ taste
(Hong and Pavlou 2014).1 Product quality uncertainty relates
to uncertainty that products might not be in the condition as
promised, or that products’ quality could be compromised
(Pavlou et al. 2007). Such uncertainties can also occur due
to vendors’ inability to describe the product online or to pro-
vide an accurate analysis of the product’s shortcomings
(Dimoka et al. 2012; Ghose 2009).

However, even if products are of accurate quality, it does
not necessarily mean that they fit every consumer’s taste.
Products with exactly the same quality level can be

1 In the past, the IS literature has frequently discussed fit in the context of
task technology fit (e.g., Beaudry and Pinsonneault 2005; Goodhue and
Thompson 1995; Lee et al. 2007).
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appreciated by some consumers and avoided by others. Prod-
uct fit uncertainty is therefore defined as the degree to which
consumers are unable to assess whether a product’s attributes
match their preferences (Hong and Pavlou 2014). For the sake
of customer satisfaction and to decrease product returns, ven-
dors’ objectives should be to match consumers with products
that best fit their tastes.

Both product quality uncertainty and product fit uncer-
tainty vary across consumers and across products, while
appropriate communication practices can help vendors to
convince consumers of their products’ quality (Weathers
et al. 2007). For products which can be evaluated based
on objective measures, product quality seems to be domi-
nant, while for products that are evaluated based on sub-
jective measures product fit is more dominant (Kwark et al.
2014; Sutton 1986). Higher product complexity or the ex-
periential character of products usually foster higher overall
product uncertainty (Lee and Huddleston 2006; Li and Hitt
2008). For used products, uncertainty is mainly impacted
by the current product conditions, while for new products
uncertainty is mainly related to consumers' limited knowl-
edge or unfamiliarity with a product (Erdem et al. 2006;
Wu et al. 2013). Therefore, the assessment of product fit
involves consumers’ experience with a specific product or
similar products.

Mechanisms to reduce product fit uncertainty

The economics literature presents various mechanisms to re-
duce information asymmetries and the resulting uncertainty.
However, these mechanisms are no general remedy, i.e. they
need to be applied in a specific context. For instance, while
somemechanisms can be effective in reducing vendor product
quality uncertainty, they are less effective in reducing product
fit uncertainty.

Signaling mechanisms can be effective means for vendors
to convince consumers of products’ quality by sending signals
that would otherwise be costly to achieve for vendors that
offer low quality products (Lee et al. 2005). However, in e-
commerce, it can be fairly inexpensive for the seller to create
some false signals to deceive the transaction partner
(Dellarocas and Wood 2008; Farrell and Rabin 1996; Resnick
et al. 2006).

Money-back guarantees allow consumers to try out prod-
ucts and to return these in case they do not match the expected
quality or do not fit consumers’ taste (Moorthy and Srinivasan
1995). However, it is important for vendors to ensure that
consumers have no possibility to benefit from the product
after it has been returned. What is rather easy to establish for
physical products presents a challenge for many digital goods,
which might be copied easily and without any quality losses if
no specific copy protection is used. In addition, after certain
products (e.g. news articles) have been consumed once,

consumers may no longer benefit from owning the product
and may therefore no longer be willing to pay for it. Thus,
money-back guarantees are usually only applied for specific
types of goods that remain valuable to users after initial con-
sumption (e.g. music and games).

Many studies have focused on the impact of online reviews
in reducing product uncertainty (Benlian et al. 2012;
Mudambi and Schuff 2010; Sun 2012; Zhu and Zhang
2010). Feedbackmechanisms can serve as a signal for product
quality, but they have also been susceptible to abuse by prod-
uct suppliers creating biased reviews (Ba and Pavlou 2002;
Dellarocas 2003; Kim and Benbasat 2010; Pavlou and Gefen
2004). Especially for certain experience goods, product char-
acteristics can be rather difficult to describe and consumer
tastes can vary significantly, thus making reviews less suitable
for reducing product fit uncertainty.

Another major research stream in IS addresses recom-
mender systems. Driven by a vast increase in the number of
products per online shop, it is almost impossible for con-
sumers to skip through all of these products (Brynjolfsson
et al. 2011). High search costs and information overload can
be one consequence (Hinz and Eckert 2010). Recommender
systems seek to support consumers in finding the most rele-
vant products and can lead to lower search costs. They create
recommendations either upon similarities across products
(content-based), users (collaborative filtering), or a hybrid
combination of both (Adomavicius and Tuzhilin 2005; Xiao
and Benbasat 2007). Recommender systems may be affected
by difficulties to accurately describe certain product types and
substantial differences in consumers’ taste. Further, they have
been susceptible to abuse by online vendors that preferably
recommend high margin products.

Owing to the difficulties to assess product quality of expe-
rience goods prior to a purchase (Bock et al. 2012; Nelson
1970) many online shops offer free online samples to reduce
product fit uncertainty (Chellappa and Shivendu 2005). Sam-
ples can for instance be excerpts of books or of music tracks.
The extent of the samples can differ between vendors and
changes over time have been observed (e.g. Apple increased
its free sample length from 30 to 90 seconds in 2010). In
certain cases it is even possible to sample the full product free
of charge (e.g. YouTube and other streaming platforms host
full videos of various songs). Full product samples enable
consumers to obtain full information on product fit prior to a
purchase, and thus product fit uncertainty is virtually eliminat-
ed. However, full samples are not common for all digital
goods, presumably due to potential abuse by customers
(Bhattacharjee et al. 2006).

Most research qualitatively assumes that lower product fit
uncertainty is desirable for vendors, but empirical support and
specifications of the positive effects are missing. Therefore it
is difficult for online vendors to assess whether additional
(usually costly) measures to reduce product fit uncertainty will
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pay off. We contribute to this stream by providing new in-
sights on how declining product fit uncertainty affects con-
sumers’ vendor choice and by doing so, supporting vendors in
determining the necessity of adapting current procedures to
reduce product fit uncertainty.

Research model and hypothesis development

Based on the research gap identified above, our research ana-
lyzes two aspects: First, what is the effect of a reduction of
product fit uncertainty on consumers’ vendor choice deci-
sions, and second, does this depend on the prevailing level
of product fit uncertainty? We discuss each of the two aspects
in the following and conclude with our hypotheses.

While online vendors can use signaling mechanisms, such
as guarantees, to reduce vendor uncertainty, to convince con-
sumers of products’ quality and to establish consumer trust
(Sha 2009), our analysis focuses solely on uncertainty in re-
gard of product fit. As outlined before, online vendors have
several options to reduce product fit uncertainty. Many online
shops use recommender systems as a first filtering tool and
offer free product samples on top to give consumers a better
idea of products’ characteristics (Kamis et al. 2008). However,
if consumers still face a remaining level of pre-purchase prod-
uct fit uncertainty, there are three potential outcomes after a
purchase has been made: the product exceeds a consumers’
expectations, it exactly matches expectations or it falls below
expectations. Based on the outcome, consumers can be dissat-
isfied or satisfied and this can be the basis for future customer
complaints (Bearden and Teel 1983; Tse and Wilton 1988).

If product fit uncertainty is present, consumers face diffi-
culties to determine their willingness to pay. Consumers ex-
hibit an uncertainty-adjusted willingness to pay for goods,
which varies according to their perception of uncertainty and
their subjective assessment of the expected quality and the fit
of the product they will receive (Ba and Pavlou 2002; Kim and
Benbasat 2009; Lee and Gosain 2002; Rao and Monroe
1996). If consumers realize after the purchase that the product
does not fit their taste, they would have paid less ex ante.

Although the level of uncertainty avoidance is known to
differ across individuals and across different cultures (Reimann
et al. 2008), consumers tend to prefer certain rather than uncer-
tain outcomes (Fox and Tversky 1995). Therefore, if con-
sumers can buy a product from an online vendor that offers a
full reduction of product fit uncertainty whereas another vendor
does not, uncertainty avoidance should lead consumers to buy
from the vendor that eliminates product fit uncertainty (holding
all other factors constant). Thus, if online vendors include
mechanisms that eliminate product fit uncertainty, we hold that
this results in a competitive advantage and helps them to attract
more customers, which we will measure in terms of purchases
per vendor. We also hold that such mechanisms create a strong

bond between the online vendor and the consumer which pays
off in terms of consumers’ repeated purchases with the same
online vendor. We therefore suggest:

H1a: If online vendors eliminate product fit uncertainty,
they will increase the number of purchases.
H1b: If online vendors eliminate product fit uncertainty,
they will increase the number of returning customers.

We know from prior research that the extent of product fit
uncertainty is known to differ across product types (Bock et al.
2012). Therefore, for certain goods it is easier for consumers to
assess product fit prior to a purchase than for others. Internet-
enabled technologies have substantially altered the way prod-
ucts can be evaluated prior to a purchase. Although consumers
can profit from these advancements, it might still be difficult for
them to quantify the remaining level of product fit uncertainty.
Because of this, consumers often apply heuristics or guesses to
assess uncertainty levels and therefore, concepts of perceived
uncertainty are applicable here (Pavlou et al. 2007).

If consumers assess uncertain outcomes, they weigh up the
opposing directions of the uncertain outcomes differently. Ac-
cording to prospect theory, people fear potential losses more
than they appreciate equally large potential gains (Kahneman
and Tversky 1979). Therefore, if potential gains and losses are
equally distributed around a common mean, but the magni-
tude differs, consumers are likely to choose the option with the
smaller maximum loss.

Online vendors can differ in the extent to which they re-
duce product fit uncertainty for consumers. First, this can be
due to different measures that online vendors apply. While
customer reviews and recommender systems presumably re-
duce product fit uncertainty only to some degree, full product
samples or money-back guarantee can fully eliminate product
fit uncertainty since consumers have access to the entire prod-
uct prior to a purchase or they can return it at no cost. Second,
there can be differences in the quality of the applied mecha-
nisms, e.g. some online vendors might use state of the art
search technologies or better fitting recommender algorithms
than others (Huang et al. 2007; Wang and Benbasat 2008).
Assuming that consumers can buy similar products from dif-
ferent online vendors, which differ in the extent to which they
reduce product fit uncertainty, consumers’ tendency to avoid
uncertainty should direct them to buy from those online ven-
dors that offer the lowest level of product fit uncertainty. Fur-
ther, the advantage of reducing product fit uncertainty should
become larger, the higher the difference in product fit uncer-
tainty towards the products that are offered by other vendors
is. We therefore conclude:

H2a: An elimination of product fit uncertainty is more
beneficial for online vendors in terms of purchases if
the general level of product fit uncertainty is high.
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H2b: An elimination of product fit uncertainty is more
beneficial for online vendors in terms of returning cus-
tomers if the general level product fit uncertainty is high.

Experimental layout

To assess our hypotheses we conducted an economic laboratory
experiment models the consumers’ perspective. A total of 96
participants (47 male, 49 female, average age 24.32 years),
consisting of mostly graduate and undergraduate students from
various fields, complete the experiment. We selected students
as participants for our experiment, not simply because this is the
most accessible population, but also because of their broad
experience in Internet usage and online-shopping in general.
The participants were randomly assigned to two different
groups, which differed in the level of the applied product fit
uncertainty. The experiment comprised three phases, one initial
training phase and two different treatment phases with five
rounds each. We implemented multiple rounds per treatment
to reduce singular outlier effects. In order to prevent fatigue
during the experiment, participants received interim informa-
tion on their current payout level. To ensure that participants
understood the task we provided elaborate instructions includ-
ing sample screens, which provided a clear picture of the ex-
periment. To avoid latent participant intentions, i.e. persistent
preferences which are not related to the current experiment, we
did not show actual URLs, websites or products.

Experimental task

In each round, participants’ task was to purchase a digital
experience good that provided the highest utility after
deducting all search costs necessary for finding this product.
We applied search costs for newly inspected product to ac-
count for participants’ opportunity costs.

Participants could choose to purchase products from two
different online vendors. One of the two online vendors inte-
grated new technological advancements and due to this, of-
fered products without product fit uncertainty. This vendor is
referred to as the Bstate of the art (SOTA)^ vendor. The other
vendor on average offered the same goods, but without addi-
tional mechanisms to reduce product fit uncertainty and is
therefore called Bconventional vendor .̂ Product fit uncertain-
ty for the conventional vendor was mapped as a lottery-based
variance factor that affected a product’s utility, with the true
utility being revealed to participants only after the purchase.2

Therefore, when inspecting products from the conventional

vendor, participants saw two different utility values, each with
a 50 % chance of being drawn. In contrast to this, since the
SOTA vendor eliminated all product fit uncertainty, the final
utility of its products was revealed to participants
immediately.

We assigned a specific utility to each product, which was
based on a uniform distribution and that ranged from 100 to
200 experimental units for the SOTA vendor, and from 100
+/− x to 200 +/− x experimental units for the conventional
vendor, with x being the product fit uncertainty factor.

Utilities for products i and j:

Conventional vendor : ui ¼ 100þ =−x…200þ =−x½ �
SOTA vendor : u j ¼ 100…200½ �

In every round participants could choose to buy either from
the conventional vendor or the SOTA vendor and they could
inspect as many products as they wished, while freely
switching between the two vendors.

Also in electronic markets, search for different products
and vendors involves costs. Search costs have a major impact
on consumer search, while lower search costs should be ben-
eficial to consumers (Bakos 1997; Brynjolfsson et al. 2011;
Johnson et al. 2004). Therefore, for each newly inspected
product, participants incurred a monetary cost which repre-
sented search costs. In contrast to this, returning to any of
the previously inspected products was free of charge, i.e. all
products that had been inspected once remained accessible
during that round for free. Longer search efforts could lead
participants to finding better experience products, but search
costs increase. Participants’ objective was to maximize the
difference between the utility of the purchased product and
the total search costs incurred at that point.

To increase participant motivation, payment depended on
participants’ results in the experiment. After each round k,
participants received the payoff yk which was calculated by
subtracting the search costs ck from the accumulated balance
of the purchased product’s utility uk in each round. The total
payoff ywas the sum of the payoffs from all the single rounds:

Payoff af ter each round k : yk ¼ uk − ck

Total payoff : y ¼ ∑yk with yk≥0

Treatment parameters

We implemented a mixed design, consisting of two groups
with one training phase and two different treatments (Phase I-
II) each, while one phase consisted of five rounds. The treat-
ments differed in the level of product fit uncertainty and the
search costs for the inspection of a novel product. Table 1 sum-
marizes the different treatments’ primary characteristics and the
values of the treatment parameters (in experimental units).

2 In accordance with random utility theory, a product’s overall utility is a
single value that integrates all attributes of a product including its price
(McFadden 1986).
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Group B had a high product fit uncertainty in the form of a
standard deviation that accounted for 20 % of the average
product utility. For Group A, product fit uncertainty was sig-
nificantly lower with a standard deviation that was 1/3 of those
of Group B. To analyze whether a reduction of product fit
uncertainty between Groups A and B had an effect, we tested
for differences in participants’ vendor selection choices.

We decided to vary the implemented search costs in two
levels to account for the possibility that the level of search
costs may have affected our results. In Phase I search costs
were assumed to be equal to the amount of the low product fit
uncertainty scenario of Group A, whereas in Phase II, the
search costs of the SOTAvendor were only 20% of the search
costs of the conventional vendor. We decreased search costs
only for the SOTA vendor as this accounts for the advantages
of employing new technological innovations such as novel
search technologies.

Results

An overview of the results is provided in Table 2 which,
for each of the two phases, reports the average values for
the number of inspected products, the total search costs and
the profits per participant as well as the share of purchases
conducted at each of the two vendors. The share of con-
secutive purchases per round for the two vendors is pro-
vided in Table 3. Based on this, we define consumer loy-
alty as the share of two consecutive purchases at the same
vendor within one phase.

The Kolmogorov-Smirnoff test as well as other graphical
indicators showed that most of the data did not follow a

normal distribution; the following results are therefore based
on non-parametric tests. To test the effects of the presence of
the product fit uncertainty reduction, the results within both
groups were compared first. In Phase I the SOTA vendor ex-
perienced a significantly higher number of search requests (as
indicated by the number of inspected products) than the con-
ventional vendor for both groups (for Group A and B:
p < 0.01; Wilcoxon-Signed-Rank-Test). If participants were
indifferent towards both vendors, each of the two vendors
should have accounted for approximately 50 % of the pur-
chases. However, in both groups the SOTAvendor accounted
for significantly more than 50 % of the purchases in Phase I
(for Group A and B: p < 0.01; χ2-test). Furthermore, as indi-
cated in Table 3, the SOTAvendor also had the largest number
of consecutive purchases, thus indicating an increase in cus-
tomer loyalty (for Group A and B: p < 0.01; χ2-test). Alto-
gether, in Phase I, the SOTA vendor was viewed as more
favorable by participants. The lower search costs in Phase II
reinforced this tendency and led to a further increase in the
number of inspected products, purchases and the level of cus-
tomer loyalty. Hence, the gap between the conventional and
the SOTA vendor became larger (all of the aforementioned
tests revealed p-values of <0.01). Thus, there is support for
Hypotheses 1a and 1b.

To analyze the effects of varying levels of product fit un-
certainty, differences between Groups A and B in Phase I and
in Phase II were compared. Our assumption was that a higher
level of product fit uncertainty is favorable for the SOTA
vendor. However, the data showed that search requests for
the SOTA vendor and the conventional vendor did not differ
significantly between the two groups in each of the two
phases, whereas the SOTA vendor had even slightly less
search requests compared to the conventional vendor in Phase
II (Phase I: p = 0.886; Phase II: p = 0.750; Mann-Whitney-U-
Test). This was also true for the differences in the share of
purchases at both vendors – the differences were not signifi-
cant in both phases and the SOTA vendor accounted for even
slightly less purchases than the conventional vendor in Phase
II (Phase I: p = 0.209; Phase II: p = 0.837; χ2-test). In addition,
the share of loyal customers was also in line with this and there
were no significant differences in both phases (Phase I:
p = 0.123; Phase II: p = 0.123; χ2-test). Therefore, indepen-
dent of the conventional vendor’s level of product fit

Table 1 Parameter Values for the Different Phases and Groups

Phase Group Product Fit Uncertainty Search Costs

Conventional SOTA Conventional SOTA

I A 10 0 10 10

B 30 0 10 10

II A 10 0 10 2

B 30 0 10 2

Table 2 Descriptive Results for
the Different Phases Phase Group No. of Inspected Products Search Costs Profit Share of Purchases at

Conventional SOTA Total Total Conventional SOTA

I A 0.88 1.67 25.50 153.37 36.25 % 63.75 %

B 0.68 1.81 24.92 152.48 30.83 % 69.17 %

II A 0.16 3.98 9.57 177.35 5.00 % 95.00 %

B 0.16 3.80 9.18 173.89 5.42 % 94.58 %
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uncertainty the SOTAvendor accounted for a similar share of
purchases and loyal customers. Apparently, participants
placed a larger focus on whether or not a product underlies
product fit uncertainty rather than on the actual magnitude of
the product fit uncertainty. Hence, Hypotheses 2a and 2b were
not supported.

Discussion and further implications

The results from the experiment have interesting implications,
both for theory and practice. First, the experiment has shown
that a reduction in product fit uncertainty can help online
vendors to attract more consumers. Although the
uncertainty-inherent alternative in our experiment had an ex-
pected value that was equal to the uncertainty-free alternative
of the SOTA vendor (i.e. in the long run there should be no
substantial utility differences between the two options), con-
sumers had a preference towards the vendor without product
fit uncertainty. Approximately two-third of the participants
showed uncertainty-averse behavior, which is in line with the-
ory, stating that consumers generally tend to avoid uncertainty
(Holt and Laury 2002). This can be explained by behavioral
economics and the phenomenon of Bloss aversion^, which
indicates that consumers value potential losses greater than
potential gains (Tversky and Kahneman 1991, 1992). Accord-
ing to Abdellaoui et al. (2007), the psychological impact of
losses is twice as high as of gains. However, at the same time
this means that approximately one-third of the participants did
not behave in an uncertainty-averse way. One reason for this
could be the comparably small investments participants need-
ed to make in our experiment and the fairly small conse-
quences of an unfavorable outcome for their payment.

A second focal point of the experiment was to analyze the
effect of different magnitudes of product fit uncertainty. In line
with this, previous research has questioned what the ideal
level of free sampling is and has taken both the quality uncer-
tainty reduction as well as the revenue generation perspective
into account (Halbheer et al. 2014). We varied the magnitude
of product fit uncertainty between the two groups, while the
expected value of the conventional vendor’s products was
equal to the value of the SOTA alternative. According to

prospect theory and the concept of loss aversion, larger losses
are weighted higher than equal gains (Kahneman and Tversky
1979). However, participant behavior did not significantly
deviate between the high and the low uncertainty scenario.
Thus, higher levels of product fit uncertainty (and thus higher
potential losses) did not lead to a further increase of the share
of consumers who decided to purchase from the SOTA ven-
dor. Taking into account the overall high preference towards
the SOTA vendor for both groups, this indicates that con-
sumers seem to highly value a full elimination of product fit
uncertainty, while a variation of the extent of a partial product
fit uncertainty reduction may not necessarily have a strong
influence on consumers’ vendor choices. Apparently, con-
sumers tend to see the presence of product fit uncertainty
rather as a Bblack and white^ decision and accordingly their
vendor choices are not perfectly uncertainty-adjusted. How-
ever, it is important to note that in our experiment, participants
presumably had much better chances to assess the concrete
level of remaining product fit uncertainty than in practice. Our
results have shown that the positive effects of a full product fit
uncertainty reduction can be further stimulated by a simulta-
neous reduction of search costs, which in practice can be
achieved by employing better user interfaces, personalized
services and effective recommender systems, among others.

The results have important implications for online vendors.
We see the integration of new Internet-enabled technologies to
reduce eliminate product fit uncertainty as a key variable that
online vendors could use to stimulate their business and to
increase profits. Better-fitting recommendations and extended
previews will help vendors to reduce product fit uncertainty,
especially for experience goods and for other goods that are
currently still difficult to describe. For instance, for hotel
search, interactive 360° videos could give users more infor-
mation and a better experience prior to a booking. For clothes,
first online shops provide other users’ assessments of size/
body fit, i.e. how well an item in a given size has fit to their
body. Other websites offer novel features that enable users to
virtually view how the clothes will look on their body. Al-
though all these measures will help to lower product fit uncer-
tainty, they will presumably not be able to fully eliminate it.
For a full elimination of product fit uncertainty, online vendors
will have to provide either technology-enabled full product

Table 3 Share of Consecutive
Purchases at the Conventional
and the SOTAVendor

Phase Group Consecutive Vendor Choices

Conventional SOTA Conventional SOTA
- > Conventional - > SOTA - > SOTA - > Conventional

I A 20.31 % 45.31 % 15.10 % 19.27 %

B 16.67 % 57.29 % 12.50 % 13.54 %

II A 0.52 % 94.27 % 2.60 % 2.60 %

B 1.04 % 87.50 % 7.29 % 4.17 %
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samples (which is not technologically possible or economical-
ly reasonable for all product types), or they need to establish
other policies that fully eliminate product fit uncertainty (e.g.
convenient product returns at no cost). However, from online
vendors’ rationale, the provision of these measures to reduce
product fit uncertainty usually involves both benefits and
costs. As demonstrated in our experiment, a full reduction of
product fit uncertainty can lead to a substantial increase in
sales and thus may compensate for the higher costs. Using a
cost-benefit analysis, online vendors should seek to maximize
the difference between potentially higher revenues and accru-
ing costs.

Online vendors need to distinguish three types of effects:
First, the potential positive effects in form of higher revenues.
No product fit uncertainty means lower barriers for consumers
to purchase products and can result in higher spending per
customer. Second, vendors face the negative effects in form
of costs for the establishment of additional measures to reduce
product fit uncertainty. This includes costs related to the tech-
nical implementation and operation of new technologies (e.g.
product samples with digital rights management protection).
The extent of these costs can vary significantly, based on
concrete technologies to be implemented, the vendor’s current
technological competencies, and the complexity of the current
information systems in use. Third, as another negative aspect,
lost revenues could accrue due to potential abuse of additional
measures to reduce product fit uncertainty. Among others,
consumers could manage to illegally download streaming
samples without paying for them. Therefore, the technological
protectability of the product has to be considered.

Further, online vendors need to take short-term and long-
term effects into consideration. This holds especially for fac-
tors related to competition. Not only in the case of Google has
history told us that technological advancements can lead to a
substantial competitive advantage within a short period of
time. Likewise, our results confirm that a superior level of
pre-purchase product evaluations and the elimination of prod-
uct fit uncertainty could lead to substantial changes in con-
sumers’ favor. If competition allows, it might even be possible
for vendors to charge higher prices for the elimination of
product uncertainty. The provision of products without prod-
uct fit uncertainty could be particularly profitable for vendors,
if there is only a low overall level of product fit uncertainty
and thus the risk of product returns is comparably low. This is
similar to insurances, where in the presence of low uncertain-
ty, many consumers still opt to purchase a full damage waiver
even if they have to pay a substantial surcharge for it, and even
if they could bear the financial consequences of an accident.
Research has provided suggestions on how companies can
exploit strong levels of uncertainty avoidance and how they
can encourage consumers to opt for such insurances (Camerer
and Kunreuther 1989; Kunreuther et al. 2001). For the case of
digital experience goods this would mean that online vendors

could offer extensive product fit uncertainty measures in mar-
kets where chances for product misfit are rather low. This
could apply for instance to repeated purchases within one
clearly defined product category (e.g. a specific band’s songs)
or purchases of successor products – if a user has positively
evaluated its predecessor. It could also apply to products that
have already been shown to fit a large number of consumers
(blockbuster products) and therefore the likelihood of fitting
other users is likely to be higher than for specific niche prod-
ucts. In general, such mechanisms might be more relevant for
experience goods, since price alone is not necessarily a good
indicator of their product quality or fit (Bergemann and
Välimäki 2006; Gale and Rosenthal 1994).

As noted, the provision of money-back guarantees repre-
sents another alternative to fully reduce product uncertainty.
However, while the costs for the technological implementa-
tion are presumably low, potential losses due to abuse may
constitute a challenge. Thus, online vendors need to think
about how they can protect their content and whether the
product type is suitable for timely limited full product pre-
views. While music and video games are typically used over
a longer time horizon, other product types (e.g. news articles)
are often only consumed once and, thus, these products have
little to no value for users after the initial consumption. Hence,
for such products, free sampling or a money-back guarantee
can easily be abused. Instead of money-back guarantees, on-
line vendors could also think about offering product ex-
changes to skim the revenue from the product purchase. In
practice, online vendors might be able to charge higher prices
for giving consumers the option to trade a purchased song for
another song in case they did not like their first purchase.
However, consumers intended usage frequency for the prod-
uct still has to be considered in this case. If ordinary consump-
tion for a product takes place only once, consumers would still
get a Bbuy 2 get 1 free^ deal. Further, when offering product
returns, online vendors need to assure that they have a large
product offer to ensure that consumers will find a suitable
exchange for their initial purchase.

Conclusion

In this paper, we sought to analyze the effects of new Internet-
enabled technologies that aim to reduce product fit uncertainty
on consumers’ vendor choice decisions. Reducing product fit
uncertainty is important for online vendors since high levels of
uncertainty may lead consumers to refrain from purchases. In
addition, technology-enabled changes to pre-purchase product
evaluations are also of high importance for the competition
between offline and online channels as the latter have for long
been known to include higher challenges for pre-purchase
evaluations. However, due to recommender systems and free
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full-length samples, consumers enjoy new possibilities of pre-
purchase evaluations online, which they do not enjoy offline.

We decided to test the effects of declining product fit un-
certainty using the example of digital experience goods. Prod-
uct fit uncertainty plays a large role for these types of goods
and the new technological advancements can fully play their
strengths. We presented an experiment-based consumer-cen-
tric approach and contributed to the theoretical body of knowl-
edge on product fit uncertainty. We also drew practical impli-
cations for online vendors that need to think about additional
investments to reduce product fit uncertainty and thus rely on
a profound understanding of consumer behavior in this
context.

First, our study shows that online vendors can benefit from
a full elimination of product fit uncertainty and considerably
increase the number of purchases in their shops. Furthermore,
consumers do not only choose their shops more often, but also
show a higher loyalty and buy from these vendors repeatedly.
Thus, online vendors will most likely benefit from a substan-
tial increase in revenues, whereas even a higher willingness to
pay seems plausible and should be subject to further studies.
However, a full elimination of product fit uncertainty may not
be technologically feasible or economically reasonable (e.g.
due to potential abuse) for certain types of products. We there-
fore suggest testing the validity of this study’s findings in
accordance with other market scenarios and product types.

Second, online vendors that offer a partial elimination of
product fit uncertainty substantially fall behind those vendors,
who offer a full elimination of product fit uncertainty. Further,
this does not necessarily depend on the differences in remain-
ing product fit uncertainty between these two vendors. The
results demonstrate that many consumers do not want to en-
counter any form of product fit uncertainty when purchasing
digital experience goods – even if the general level of product
fit uncertainty is already low. This means that even if con-
sumers know quite well what kind of product they are looking
for and even if they can to some degree assess, whether a
product fits their needs, they still tend to avoid facing remain-
ing levels of product fit uncertainty. Online vendors may be
able to profit from this strong tendency to avoid product fit
uncertainty by charging higher prices (if competition permits)
for offering a full elimination of product fit uncertainty. The
determination of consumers’ willingness-to-pay for such ser-
vices presents an opportunity for future research.

Our results suggest that product fit uncertainty should no
longer be neglected, both in research and in practice, as it
substantially determines consumers’ vendor choice decisions.
For certain products and scenarios, we even suspect that prod-
uct fit uncertainty may have a stronger impact than the previ-
ously more frequently discussed factors vendor and product
quality uncertainty. Further research in this area can support a
better adaption of online shops to consumer’ needs and further
stimulate the growth of online channels.

However, we must acknowledge several limitations of this
study. To avoid latent participant preferences, we did not use
real vendor names, websites and products. Nevertheless, in
practice consumers may tend to build relationships of trust
with certain vendors and could therefore be more accustomed
to their websites. In addition, consumers may also face tech-
nological lock-in effects (e.g. due to certain standards and
formats) that hinder them from easily switching to other ven-
dors (Burkard et al. 2012; Hess and Matt 2013). Contractual
aspects (such as subscription services) can also constrict con-
sumers’ choice of vendors. There may be other factors that
affect consumers’ initial and repeated purchase intentions that
we could not consider (Chiu et al. 2014). To be able to clearly
isolate the effects of matter, we assumed that measures to
reduce product fit uncertainty were free to consumers. How-
ever, certain vendors may be tempted to allocate the costs for
the product fit uncertainty reduction to consumers. Price dif-
ferences across vendors could play an important role in con-
sumers’ vendor selection. It therefore seems worthwhile to
quantify how much consumers are willing to pay for encoun-
tering less product fit uncertainty.
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