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Abstract
To augment traditional monetization strategies, digital platform providers increasingly draw on gamblification (i.e., the use of
gambling design elements). By means of gambling design elements (e.g., lottery tickets, scratch cards, loot boxes), platform
providers do not only entertain users but also incentivize them to purchase digital products. Yet, despite the increasing prevalence
of gamblified digital platforms, little is known about how gamblification influences user purchase behaviors. Drawing on
prospect theory, we investigate gamblification in the form of loot box menu designs and the associated effects of uncertainty,
loss experience and behavioral control on user purchase behavior. Specifically, we conducted a contest-based online experiment
with 159 participants, finding that platform providers can profit from offering loot boxes with certain (vs. uncertain) rewards in
loot box menus. Furthermore, this effect intensifies when participants previously experienced a loss and decreases when they
perceive to have more control over the result. Thus, our findings provide theoretical and practical insights for a better under-
standing of gamblification in general and of loot box menu designs for enhancing digital business models in particular.
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Introduction

Because competition among digital platforms for regular and
new customers has intensified, digital platform providers find
it increasingly difficult not only to channel users to their plat-
forms but also to encourage them to complete and repeat
transactions (e.g., Roethke et al., 2020; Schneider et al.,
2020; Weinmann et al., 2016). Consequently, digital platform
providers attempt to enhance their digital business models and
thus increasingly experiment with newmonetization strategies
based on digital design elements to complement and/or sup-
port their traditional revenue streams (e.g., sales, ads and sub-
scriptions). One strategy to stand out in the fierce competition

is gamification, which can be defined as the use of game
design elements (e.g., points, badges and leaderboards) to in-
crease user engagement in the form of experiential (e.g., mo-
tivation, enjoyment) and instrumental outcomes (e.g., reve-
nues, profit) (Liu et al., 2017). As such, gamification promises
to enhance digital business models through fundamental
changes in the way business is carried out and revenues are
generated (Veit et al., 2014; Wagner et al., 2014).

A gamification-related but hitherto neglected phenomenon is
gamblification, which we analogously define as the use of gam-
bling design elements (e.g., lottery tickets, scratch cards, loot
boxes) to increase user engagement. As such, gamblification
and gamification usually share the same settings (e.g., a user
interacts with a digital platform) and goals (e.g., user engage-
ment) but work with different means to attain the goals:
Whereas gamification adapts the digital platform through the
levers of game design elements (e.g., Uber introducing badges,
which have no to little value outside the Uber ecosystem)
(Rosenblat & Stark, 2016; Uber, 2020), gamblification uses the
levers of gambling design elements (e.g., Starbucks utilizing an
augmented reality lottery, providing users the prospect to win
cash-equivalent rewards) (Starbucks, 2020). This difference
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introduces new opportunities to design digital platforms and thus
digital business models. Gamblification broadly implies individ-
ual gambling design elements (e.g., dice, cards, chance-based
mechanisms) that can be used in isolation or in combination.
As such, gamblification impacts digital platforms’ revenue
streams (e.g., sales, ads and subscriptions) through improving
user engagement with a digital platform (e.g., user onboarding,
revisits, activity) (e.g., Shen et al., 2014; Fabbri et al., 2019;
Mazar et al., 2017). For instance, Google Pay (Google, 2020)
uses digital scratch cards and Starbucks (2020) employs aug-
mented reality lotteries after the purchase of products to entertain
users and incentivize repurchases, thus gamblifying their digital
product offerings (see Fig. 1).

While gamification has been widely investigated enjoying
immense popularity both among researchers and practitioners
(e.g., Hamari & Lehdonvirta, 2010; Hamari et al., 2014;
Koivisto & Hamari, 2019), there is only scarce knowledge
on how gamblification is implemented and how it may influ-
ence purchase behaviors. More specifically, because users
who face gamblified digital product offerings act in inherent
uncertain environments, they are subject to psychological ef-
fects that may largely differ from non-gamblified interactions.
As such, these effects may urge some users to be attracted by
gamblified digital products offerings while others may refrain
from any interaction with gamblified digital products offer-
ings. In particular, loot boxes (i.e., virtual goods that contain
chance-based selections of other virtual goods) are abundantly
used gamblification design elements and have recently re-
ceived increasing media and research attention (e.g., King &
Delfabbro, 2019; Macey & Hamari, 2019; Griffiths, 2018).

Although some research indicates how to optimize the
monetization of digital business models (e.g., Voigt & Hinz,
2016; Guo et al., 2019), only recently the importance of

focusing on user engagement and user decision-making in
uncertain environments has been recognized (Harviainen
et al., 2018).Moreover, it remains to be examined, particularly
in the context of product offerings within digital business
models that rely on loot boxes and related loot box menus,
how platform providers can gamblify their menus to generate
additional revenues and how users react to different loot box
menu designs. Indeed, literature on consumer behavior docu-
ments that – depending on the context – gamblification design
elements can trigger optimal or sub-optimal user behavior:
One the one hand, an option with a reward of probabilistic
uncertainty (i.e., random/chance-based/algorithm-based) can
be more motivating and exciting than an option with a reward
of a certain magnitude (Shen et al., 2014). On the other hand,
substantial research has demonstrated that users are risk-
averse and prefer certain rewards, even willing to pay a pre-
mium for this certainty (Von Neumann &Morgenstern, 2007;
Kahneman & Tversky, 1979; Allais, 1953). As such, in the
context of product offerings within digital business models
that built on loot box menus to generate revenues, the question
arises whether a certain (vs. uncertain) reward in a loot box
menu can lead to improved user decision-making and thus
higher revenues for the digital platform. Likewise, user behav-
ior and decision making in gamblified environments are pre-
sumably governed to a larger extend by psychological effects
that are less salient in non-gamblified environments. In partic-
ular, motivations such as ambition-to-win or fear-of-losing
generally seem to be important behavioral drivers within
gamblified environments. In this regard, it remains to be ex-
amined how these effects influence user behavior when faced
with gamblified digital product offerings.

Against this backdrop, the objective of our study is to in-
vestigate (1) the effect of a certain (vs. uncertain) reward in

Online Gaming: E.g., Loot Boxes

(Riot Games 2019)

E-Commerce: E.g., Scratch Cards 

(Google 2020)

Fig. 1 Examples of gamblified
digital product offerings
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loot box menus – as a comparison of two different loot box
menu designs – on user purchase behaviors (i.e., certainty
effect); (2) how perceived loss experience – as a common
experience in interactions with gambling design elements that
may amplify the fear-of-losing– influence the certainty effect;
and (3) how user perceptions in form of behavioral control – a
perception that has been frequently analyzed in gambling lit-
erature and presumably reflects ambitions-to-win – influence
the certainty effect. Consequently, we ask the following re-
search questions:

RQ1: How do certain vs. uncertain rewards affect user
purchase behavior?
RQ2: How do previous loss experience and perceived
behavioral control interact with the effect of certain vs.
uncertain rewards on user purchase behavior?

To investigate our research questions, we performed a
contest-based online experiment with 159 participants.
Drawing on prospect theory (Kahneman & Tversky, 1979),
we provide ideas on how gamblification can be employed and
modified to increase revenue generation in digital business
models through an enhanced loot box menu design. Our study
contributes in three major ways to the still nascent research on
gamblification in general and on loot box menu designs for
enhancing digital product offerings within digital business
models in particular: First, we contribute to previous IS re-
search by shedding light on gamblification and providing in-
sights into its role in the form of loot boxes, particularly the
role of certain vs. uncertain rewards in loot box menu designs.
Second, our study sheds light on two crucial moderators of the
effect, namely previous loss experience and perceived behav-
ioral control, which exhibit intriguing opposite moderating
effect patterns on the effect of certain vs. uncertain rewards.
Third and last, addressing the call for future research into the
cognitive dimension of digital decision contexts (Goes, 2013),
we add to the emerging literature on cognitive biases in virtual
envi ronments by der iving act ionable and easi ly
implementable design recommendations for loot box menus
designs.

Theoretical background

Gamification has become an established phenomenon in IS
research (e.g., Liu et al., 2017; Hamari et al., 2014; Schöbel
et al., 2020; Huotari & Hamari, 2017). For instance, through
the earning and collection of digital points, users can demon-
strate their performance in leaderboards and thus drive com-
petition and excitement among users of the digital platform
(Liu et al., 2019). Excitement surrounding gamification results
from its many potential organizational and commercial bene-
fits, such as making monotonous tasks enjoyable (Thiebes

et al., 2014) and allowing for cost savings and performance
improvements (Penenberg, 2015). Consequently, organiza-
tions and digital platforms apply gamification in various ways
to engage, steer and nudge all kinds of individuals toward
desired goals (e.g., Roethke et al., 2020; Weinmann et al.,
2016; Adam et al., 2020; Schneider et al., 2020).

Although IS researchers have paid considerable attention to
gamification, little research has been conducted on
gamblification. We consider gamblification a gamification-
related but under-investigated phenomenon and analogously
define the term as the use of gambling design elements. The
term covers both the employment of isolated or combined
gambling design elements without necessarily incorporating
full-fledged gambling in the context. In addition to a general
elaboration of this business practice (i.e., gamblification in
various business settings), the particularities in an online set-
ting – especially through the augmented possibilities of inter-
activity and multi-media content – are especially interesting
and worthwhile for gamblification as an information systems
phenomenon.

Loot boxes are gamblification design elements in the form
of virtual goods that have substantially increased in impor-
tance and can be usually bought by users to gain a selection
of goods (Hamari & Keronen, 2017; Macey & Hamari, 2019).
Loot boxes typically contain one or more contents from a set
of different virtual goods, which are not necessarily obtained
with certainty, but with a specific probability (e.g., a loot box
can contain several goods, one with a 50% chance, another
with a 25% chance, etc.) (Overwatch Wiki, 2019). To gener-
ate additional revenue and to provide a rich user experience,
an loot box menu of different prized loot boxes is usually
offered, where the more expensive loot box contains the “bet-
ter deal” (e.g., the same good can be obtained with a 40%
increased chance of winning, but only a 15% price increase)
(Riot Games, 2019). Loot boxes and related loot box menu
designs are particularly interesting for two main reasons: First,
from a theoretical perspective, these gamblification design
elements inspire intriguing new research questions and may
ultimately provide novel theoretical insights. Second, from a
practical perspective, loot boxes are the most common and
successful forms of gamblified digital product offerings with-
in digital business models. Indeed, loot boxes do not only
represent predominant means of monetization in most free-
to-play gaming (e.g., Fortnite, Battle Royale and League of
Legends) (e.g., Koch & Benlian, 2017; Wagner et al., 2014),
but have also increasingly become prevalent in fully priced
games and many other gamblified digital business models
(e.g., Forza 7 and Overwatch) (Macey & Hamari, 2019).
Thus, the analysis of loot boxes and related loot box menu
designs is of utmost importance for platform providers who
rely on the success of these gamblified design elements to
increase revenues and even ascertain the prosperity and sus-
tainability of their business.
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Despite the prevalence of gamblification in practice, the
question still remains how to gamblify digital product offer-
ings to optimally leverage uncertain outcomes in the design of
loot box menus to increase user engagement (e.g., Liu et al.,
2017; Hamari & Lehdonvirta, 2010). Indeed, researchers rec-
ommend that users need to appreciate the possible lottery-
results without the feeling that the gambling experience is
deliberately designed to extract revenues (Hamari &
Keronen, 2016), thus promoting purchases without impeding
user experiences (Hamari & Keronen, 2017). For instance,
Starbuck’s Starland (2020) multi-million dollar event trans-
formed the rather profane purchase of coffee into an exciting
gambling adventure through an in-app augmented reality lot-
tery for 16 million Starbucks Rewards members, only to en-
tertain and incentivize further Starbuck’s visits and purchases.
However, despite acknowledging the importance of how
goods should function and how to visually design themwithin
the specific digital surrounding, there has been only scant
research on the effects of designing reward option menus
(e.g., loot box menus), such as the conditions under which
goods can be purchased (Hamari & Keronen, 2016;
Harviainen et al., 2018).

Previous research has revealed that uncertainty can en-
hance motivation in form of investments in effort, time and
money (Shen et al., 2014). Likewise, uncertain incentives in
the form of uncertain price promotion has been demonstrated
to evoke the same level of positive responses compared to
certain incentives (Goldsmith & Amir, 2010). Moreover, in
the context of retailing Mazar et al. (2017) highlights that
consumers prefer a probabilistic free price promotion to the
deterministic price promotion. However, when promotions
displayed very high probabilities (greater than 90%) no evi-
dence for the aforementioned preference of probabilistic to
deterministic price promotions was found. Besides research
on consumer behavior, the effect that the result of peo-
ple’s evaluation when comparing two lotteries changes if
one of the lotteries is riskless has been as well investigat-
ed in the context of gambling (Bleichrodt & Schmidt,
2002; Wärneryd, 1996).

Moreover, previous research has indicated that crucial
contextual variables, such as previous loss experience
(Tversky & Kahneman, 1973) and perceived behavioral
control (Weinstein & Lachendro, 1982), can define and
severely influence the experience of uncertain offerings
and thus the decision outcome. Because uncertainty is a
defining aspect of gamblified interactions, these interac-
tions are arguably affected by psychological mechanisms
relevant for decision making under uncertainty (e.g.,
ambition-to-win or fear-of-losing) to a larger extent com-
pared to interactions that involve little or no uncertainty.
Since interactions within such uncertain environments are
central to and characteristic for gambling, insights from
research on gambling behavior are instructive to

investigate interactions with product offerings in
gamblified digital business models. In the context of gam-
bling behavior, a substantial amount of research has dem-
onstrated that previous loss experience may evoke fears-
of-losing. As such, these previous loss experience fre-
quently alters gamblers’ risk-perception and thus influ-
ences subsequent gambling behavior (Croson & Sundali,
2005; Guryan & Kearney, 2008). For instance, Croson
and Sundali (2005) showed that 80% of subjects quit rou-
lette gambling after losing on a spin, but only 20% did so
after a winning spin. Likewise, perceived behavioral con-
trol and the related optimism bias (Klein & Helweg-
Larsen, 2002) may boost ambitions-to-win and have been
investigated as important drivers of engaging in gambling
behavior in particular (Gibson & Sanbonmatsu, 2004;
Rogers, 1998). Consequently, the certainty effect, previ-
ous loss experience and perceived behavioral control are
crucial aspects that have demonstrated to individually in-
fluence gambling behavior and are important to consider
when investigating gamblification design elements in-
volving uncertainty (i.e., the purchase of loot boxes) to
provide a better and more holistic understanding of the
role and effectiveness of uncertain vs. certain reward in
loot box menus. Taken together, insights from consumer
behavior and gambling literature demonstrate that uncer-
tainty regarding the conditions under which loot boxes are
sold can enhance motivation and increase purchases.
Since probabilistic outcomes are defining features of
gambl i f ica t ion des ign e lements ( in cont ras t to
gamification design elements) and thus of loot box
menus, it stands to reason to investigate the under-
researched question of how probabilistic uncertainty re-
garding the result of the purchase of loot boxes affects
user purchase decisions and how previous loss experience
and perceived behavioral control moderate this effect.

Research model and hypothesis development

Drawing on prospect theory (Kahneman & Tversky, 1979),
we develop a research model that illuminates the effects of
altering the eligible probabilities of receiving a reward on
users’ choices between two loot boxes (H1). We hereby com-
pare whether user purchase behavior changes when users are
confronted with two loot boxes with uncertain outcomes (i.e.,
uncertain & uncertain) vs. one loot box with an uncertain
outcome and one loot box with a certain outcome (i.e., uncer-
tain & certain), while keeping the expected values similar for
each decision. We then continue by elaborating on the inter-
action effect between altering probabilities of receiving re-
wards and a previously experience of loss (H2) as well as on
the interaction effect between altering probabilities of receiv-
ing rewards and perceived behavioral control (H3). In the
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following sections, we expound upon each of the posited re-
lationships depicted in Fig. 2.

Main effect of reward winning probability on loot box
selection

According to prospect theory (Kahneman & Tversky, 1979),
people overweight small probabilities and underweight high
(near certain) probabilities, being contrary to implications
from expected utility theory. This propensity can lead to in-
consistencies where the same individual acts risk-averse and
risk-seeking, depending on whether the occurrence probabili-
ty of a risk-involving event is high or low (Allais, 1953; Von
Neumann &Morgenstern, 2007). The underweighting of high
(near certain) probabilities leads to a risk aversion phenome-
non manifesting in a systematic preference of a certain gain
over a near certain chance of winning a reward.

In contrast to expected utility theory, which predicts a pref-
erence of the loot box with a higher expected value, this risk
averse preference even develops when the expected value is
higher for the uncertain outcome than for the certain gain.
When the outcome of both loot boxes is uncertain, this sys-
tematic risk-averse preference does not occur and a risk-
seeking behavior in line with predictions from expected utility
theory (i.e., selection of the riskier loot box if it yields a higher
expected value) can be observed. An explanation for this
change in risk preferences is provided by the certainty effect.
It refers to a psychological effect resulting from a reduction in
the probability of winning a reward from certainty to uncertain
(e.g., from 100% to 75%) which induces a perception of great-
er loss than a corresponding reduction (e.g., from 80% to
60%) in the probability from uncertain to more uncertain
(Tversky & Kahneman, 1986).

Thus, we argue that when users face a decision to choose
between two differently priced loot boxes with the same ex-
pected value, they are more likely to choose the more expen-
sive loot box if it is certain vs. if it is uncertain. This is in
accordance with previous research on the certainty effect

(e.g., Tversky & Kahneman, 1986; Daniels & Zlatev, 2019;
Mazar et al., 2017) in that users prefer certain gains over
uncertain gains.

H1 When faced with a choice to purchase one of two
differently-priced loot boxes with the same expected value,
users are more likely to choose the more expensive loot box
if it features a certain gain vs. when it features only an uncer-
tain gain (i.e., certainty effect).

Interaction effect of reward winning probability and
previous loss experience

Next, we look at the interaction effect of certainty effect and
perceived loss experience – a common experience in interac-
tions with gambling elements. To hypothesize on the interac-
tion effect we draw on the availability heuristic, which refers
to the biased evaluation of probabilities which is skewed to-
wards information more readily available (Tversky &
Kahneman, 1973). According to this heuristic, people evalu-
ate the probability of uncertain events depending on previous
experience and examples related to that event that immediate-
ly come to a given person’s mind. If a related previous expe-
rience or example can be vividly recalled, the probability of
the event in question will be evaluated higher compared to
situations where a related examples or experiences cannot be
recalled. Consequentially, because recent information can be
retrieved more easily, people tend to weight their judgment
toward more recent information.

Accordingly, we propose that when users experience a loss
(i.e., a gambling element does not contain the desired good),
users’motivation to engage in further gambling (i.e., subsequent
purchase of loot boxes with uncertain content) will be impeded.
This is also in line with substantial research on gambling, dem-
onstrating that the availability heuristic can explain why recent
loss experiences is negatively correlated with subsequent risk
seeking in that previous loss experiences drives users to overes-
timate their chances to lose (e.g., Ma et al., 2014; Goodie &

Fig. 2 Research model
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Fortune, 2013; Fortune & Goodie, 2012). Consequently, we hy-
pothesize that when users choose between the certain and the
uncertain loot box, previous loss experience will boost the cer-
tainty effect such that users prefer the certain gain.

H2 Previous loss experience (vs. no such experience) am-
plifies the certainty effect.

Interaction effect of reward winning probability and
perceived behavioral control

An important precondition for users to participate in and
enjoying gambling is their believed skill to master the chal-
lenges and objectives they encounter while gambling. If they
perceive that they have the necessary knowledge and capabil-
ities (i.e., perceived behavioral control) to master gambling,
they enjoy gambling and focus their attention on the affective
experience of gambling rather than on the outcome of gam-
bling (Takatalo et al., 2010; Shen et al., 2014). In this regard,
optimism bias, defined as the irrational assessment of one’s
own behavioral control in a given situation and the belief to be
less likely to experience negative events (Dunning et al., 2004;
Klein & Helweg-Larsen, 2002), seems to be a strong predictor
for increased risk-taking (i.e., choosing an uncertain loot box).

In light of this, we investigate user perceptions in form of
behavioral control – a perception that has been frequently
analyzed in gambling literature. We suggest that when users
choose between the certain and the uncertain loot box, per-
ceived behavioral control attenuates the certainty effect such
that users prefer the uncertain reward. Indeed, extant research
has investigated that biases from personal assessment about
one’s own capabilities can lead to an overly optimistic evalu-
ation of situations and to increased risk-taking increasing
ambitions-to-win (Weinstein & Lachendro, 1982; Dunning
et al., 2004). Specifically previous research on digital business
models demonstrates that conversion behavior is influenced
by biased risk assessments, such that situations are overly
optimistically evaluated which leads to increased risk-taking
(Koch & Benlian, 2017; Helweg-Larsen & Shepperd, 2001).
Given the above arguments and empirical evidence, we hy-
pothesize that.

H3 Perceived behavioral control attenuates the certainty
effect.

Research methodology

In the following, we describe how our experiment was de-
signed and implemented as well as how we operationalized
the probabilities of winning the rewards and previous loss
experience. Further, we discuss the choice, the reliability and
validity of the variables we chose to measure.

Experimental design and treatments

In line with procedures in previous online experiments (e.g.,
Lowry et al., 2013; Koch & Benlian, 2017), the study was
framed as a warm-up for a subsequent online contest in a
self-developed game, where users had the chance of winning
€20 depending on their performance. Consequently, our entire
experiment was aligned to ascertain that (1) it replicates a real
surrounding in which gamblification elements could potential-
ly exist and (2) users were well motivated and involved in the
upcoming decisions of the experiment. To comprehend the
overall setting and which steps participants completed in the
course of the study please refer to Fig. 5. However, to fully
understand the procedure, first we explain how the overall
setting built upon the game and the connected procedure.

Prior to participating in the contest, the tutorial explained
the controls and mechanics of the gamewhich was inspired by
the classic game “Snake.” As depicted in Fig. 3, the game
featured a representation of the eponymous reptile which
was navigated by the player. The goal was to prevent the
snake from colliding with the walls and its tail as well as to
guide it to pieces of food which are represented by red pixels
randomly generated on the screen. After the snake was suc-
cessfully navigated to a piece of food, which was subsequent-
ly eaten, the length of the snake and the players’ score in-
creased. If the player’s navigation led to a collision, the game
restarted. After the tutorial, participants could test the game
and train their skills for 2 min in preparation for the contest
which took the same amount of time. In a subsequent step, a
loot box offering the chance to gain extra playtime in ex-
change for a part of the potential contest reward was present-
ed. We introduced the conditions of the contest to participants
as follows: “After the survey is finished, you will be able to
play the game again in a competition. The 50% best compet-
itors have the chance to win one of three Amazon vouchers”.

The score achieved during playing the game determined
which participant would be among the 50% best participants.
The score increased with every successful navigation of the
snake to a piece of food. Starting with 10 points for the first
piece of food, every time the snake successfully navigated to
an additional piece of food the score obtained for eating an-
other piece of food increased (11 points for the 2nd piece, 12
points for the 3rd piece, etc.). After a collision of the snake
with the wall or its tail, the game continued but the points for
eating a piece of food reset to 10 points and increased again in
the manner descripted above. The score, however, was saved
such that every further successful navigation adds to the score
already obtained. Therefore, extra playtime indirectly led to a
higher score and thus increased the chance for a participant to
be among the best 50% participants that were eligible for
winning a voucher.

We chose to present a loot box including a reward with
functional attributes because this category of goods can be
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unambiguously operationalized and manipulated without ly-
ing out a complex story and environment (Lehdonvirta, 2009;
Hinz et al., 2015). Participants had to choose between two loot

boxes in exchange for either €4 or €6 where the cheaper loot
box provided a ten percentage points smaller chance of
gaining extra playtime compared to the more expensive loot

Fig. 3 Experimental version of
“Snake”

Manipulated Design Features Explanation

Reward winning probability:
 uncertain & uncertain

Reward winning probability:
uncertain & certain

Previous loss experience

Fig. 4 Manipulation treatments
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box (see Fig. 4). However, the expected value of the price for
both loot boxes was identical. In our online experiment two
independent variables (probabilities of winning the reward
(PWR) and previous loss experience (PLE) were manipulated
with a 2 (probabilities of winning the reward: uncertain and
uncertain vs. uncertain and certain) × 2 (previous loss experi-
ence: absent vs. present) between subjects, full-factorial de-
sign (e.g., Benlian, 2015).

Manipulations and measured variables

To implement our probabilities manipulations, we displayed
different versions during the loot box selection event. As
depicted in the upper part of Fig. 4, in the condition probabil-
ities of winning the reward: uncertain and uncertain partici-
pants could choose between a 50% chance of getting 24 s extra
playtime for €4 or a 60% chance of getting 30 s extra playtime
for €6 (resulting in the same expected value of 3 s per €).

Whereas in the condition probabilities of winning the re-
ward: uncertain and certain (middle part of Fig. 4) the choice
was changed to a 90% chance of getting 20 s extra playtime
for €4 vs. a 100% chance of getting 27 s extra playtime for €6.
To rule out expected utility-driven behavior, we designed all
manipulations in such a way that the expected value of the
price for both eligible loot boxes was identical (e.g., 3 s per €
in the condition uncertain and uncertain) and thus equally
attractive in regard of their expected value. We choose 50%
& 60% and 90% &100% as probabilities because these are
among the proposed combinations that were used when re-
searchers first investigated and introduced the certainty effect
(Allais, 1953; Kahneman, 2011). The proposed prices (i.e., €4
& €6) were used because they are within the range of prices
for contemporary loot boxes (e.g., Riot Games, 2019; FIFA
Analytics, 2020; FIFAUTEAM, 2020).

Prior to loot box selection, to create a previous immediate
loss experience, participants in the condition previous loss
experience: present had to purchase a separate loot box that
could contain up to €10 in exchange for a €5 reduction of their
winnable amount. Participants were told prior to the loss event

that their total winnable amount is €25 (instead of €20 like the
other group). As the lower part of Fig. 4 exhibits, the €5
reduction is illustrated through visualizations of the remaining
winnable amount and by a depiction of the empty loot box
representing the loss event.

To start the process subjects clicked on a web link. As
depicted in Fig. 5, we segmented the experiment into five
parts. The first part introduced the experiment’s outline
and the conditions of the contest (Step 1). Second, the
game practices were explained and the tutorial (i.e.,
warm-up) with the training session started (Step 2).
Third, participants in the condition previous loss experi-
ence present received a virtual chest in exchange for €5 of
their potential reward with the information that the chest
contains up to €10 of extra winnable reward but that it can
also contain nothing what was actually the case.
Afterwards participants in the previous loss experience
condition were informed that their winnable amount in
form of a voucher decreased from €25 to €20. In this step
participants in the condition previous loss experience ab-
sent were informed that their winnable amount in form of a
voucher was €20 (Step 3). The fourth step introduced the
loot box selection event featuring two treasure chests with
specific probabilities attached to contain extra play time
for the contest providing the opportunity to earn extra
points. Participants had to choose between two loot boxes.
One loot box could be bought in exchange for a €4 reduc-
tion of the winnable reward and the other for a €6 reduc-
tion. Both loot boxes were labelled with a numeric com-
bination of probability and extra playtime (e.g., 50% and
24 s, see the upper two panels of Fig. 4) (Step 4). In the
last step participants were guided to a post-experiment
questionnaire which assessed demographics, previous
gaming experiences and other variables (Step 5).
Afterwards, the contest was conducted. However, because
all participants could choose to participate in the contest or
not, only the warm-up but not the actual contest was part
of the experiment. Because all participants invested similar
time and effort we wanted to make sure that no treatment

Fig. 5 Experimental procedure
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favored a specific group. Therefore, for ethical reasons, all
participants had the choice to play for 2 min, regardless
which condition was assigned to them. Afterwards, all
participants who chose to provide their email address
could potentially win one of three €20 Amazon vouchers.

The connection of the experiment and the contest was nec-
essary so that participants had something at stake (i.e., “skin in
the game”), motivating them to carefully consider their deci-
sion. Further, this combination was chosen to make the user
understand during the warm-up why the content of the loot
box is useful in the context of the game and thus for the
contest.

We measured participants’ purchase decision (selection of
the more expensive loot boxes), and whether they experienced
a loss event previously. Both decisions were captured.
Participants were then directed to the post-experimental ques-
tionnaire, where we recorded our moderating construct (i.e.,
perceived behavioral control) and our control variables to rule
out alternative explanations. Perceived behavioral control was
measured on a 7-point Likert scale ranging from (1) strongly
disagree to (7) strongly agree using two items based on (Hong
& Tam, 2006) (see Table 3 in Appendix A).

We measured the following alternative drivers for loot box
selection in our experiment drawing on previous IS adoption
literature (Gray & Durcikova, 2005; Hong & Tam, 2006;
Fuller et al., 2009), namely risk aversion, perceived monetary
value, and product involvement. For all items, a 7-point
Likert-type scale was employed with values ranging from
strongly disagree (1) to strongly agree (7). We chose the con-
struct risk aversion because the decision involved risk (i.e.,
potential loss of money) and could be thus governed by gen-
eral attitudes toward risk. Perceived monetary value was in-
cluded because we wanted to rule out that the certain loot box
had only be chosen due to its higher perceived value, not
because it was certain. Likewise, we measured product in-
volvement and loot box spending to rule out that the decision
to choose the more expensive loot box was driven by a general
interest in loot boxes/previous spending on loot boxes.

For our constructs, the reliability was measured by using
Cronbach alpha, composite reliability (CR) and average vari-
ance extracted (AVE) (see Table 3 in Appendix A). The al-
phas of the constructs had a value above .75, which is a proper
value. The CR of all constructs was above .5, which is also a
satisfying value. The AVE met the requirements for a suitable
level of reliability as well (Fornell & Larcker, 1981).
Furthermore, we collected information on subjects’ gaming
experience, previous spending on loot boxes (see Table 4 in
Appendix A), and demographic information. We further
employed checks to assure the comprehension of all instruc-
tions and included two manipulation check questions to ascer-
tain that our manipulations were perceived and remembered
correctly.

Sample description and manipulation checks

Similar to previous experiments in contest-based studies (e.g.,
Koch & Benlian, 2017; Lowry et al., 2013; Ho et al., 2011),
we recruited participants via social media from a subject pool
of students operated by a large German university. The pool of
participants were recruited from various media channels (e.g.,
flyers, and online advertisement) to assure a heterogeneous
sample and limit any potential selection biases (MacKenzie
et al., 2011). We choose to draw our sample from a student
subject pool because they are highly knowledgeable regarding
digital games and are typically also among the most frequent
buyers of loot boxes (Juniper Research, 2017).

We conducted a power analysis using G* power 3.1 (Faul
et al., 2009; Schneider et al., 2020) specifying the parameters
as follows: four groups (2 × 2 full-factorial design), a moder-
ate effect size, and a desired power level of .90. The results
yielded that a sample size of 143 is sufficiently powerful to
detect significant effects (Baroudi & Orlikowski, 1989;
Cohen, 1992). Out of a total of 217 participants, we excluded
24 due to suspicious click patterns (e.g., low response vari-
ability, high rate of missing values) and 34 due to failing at
least on attention or manipulation check (Benlian et al., 2020),
resulting in a final sample of 159 participants used for data
analysis. Of the 159 subjects, 71 were females and 88 were
males. 97 participants purchased the more expensive loot box,
which results in an overall proportion of 61% across all four
subgroups. Table 1 summarizes the descriptive statistics of the
data.

Table 1 Descriptive statistics of demographics, controls and dependent
variables

Mean StD

Demographics

Age 25.5 8.43

Gender (male) 55%

Moderator

Perceived behavioral control 6.12 1.01

Controls

Perceived monetary value 5.02 1.41

Risk aversion 4.09 .99

Gaming experience 11.37 8.93

Product involvement 2.60 2.05

Loot box spending 1.22 .55

Note: All variables with exception of Gender (binary) and Gaming
Experience (years) were measured on 7-point-Likert Scales
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Results

Main effect of changing the probabilities of winning

As Table 2 exhibits, to test our hypotheses, we conducted a
two-stage hierarchical logistic regression on our dependent
variable loot box selection. In the first stage, we entered all
control variables, as well as our independent variables proba-
bilities of winning the reward (PWR), previous loss experi-
ence (PLE), and perceived behavioral control (PBC). In the
second stage, we added the interaction term of PWR and PLE
as well as the interaction term of PWR and PBC. Nagelkerke’s
R2 was computed to test the fit for both stages.

None of our controls had a significant effect on selection
decisions. The results of our logistic regression’s first stage
demonstrated a significant positive main effect of changing
probabilities of winning the reward (b = .92; Wald statistic
(1) = 6.50; p < .05) on loot box selection, supporting H1.
Hence, participants that were faced with a choice potentially
governed by the certainty effect were more likely to select the
more expensive loot box compared to when both probabilities
of winning the reward were uncertain. The average revenue
per decision in the group with only uncertain loot boxes was

€4.98 and in our scenario with one certain loot box €5.46.
Thus, the change in preference due to employing the certainty
effects results in an average increase in revenue of €0.48 per
purchase (+9.6%).

Interaction effect analysis of changing the
probabilities of winning and previous loss experience

Moreover, our second stage unveiled a significant two-way
interaction of changing probabilities of winning the reward
and previous loss experience (b = 1.67; Wald statistic (1) =
4.52; p < .05) on the propensity to select the more expensive
loot box, supporting H2. The positive interaction term sug-
gests that the effect of changing probabilities of winning the
reward on loot box selection is amplified when a previous loss
event is experienced. With regard to monetary consequences,
this positive interaction is associated with an average increase
in revenue of €0.82 per purchase (+16.2%).

To further evaluate our H2 hypothesis, we conducted a
contrast analysis. As depicted in Fig. 6, the results highlight
that when probabilities of winning were uncertain and certain,
participants are more likely to select the more expensive loot
box when previous loss experience is present compared to
when it is absent (86% vs. 62%; F = 6.418; p < .05).
However, a significant difference in loot box selection between
the presence (45%) and absence (54%; F = .614; p > .1) of
previous loss experience did not emerge when probabilities
of winning were uncertain and uncertain, in support of H2.

Interaction effect analysis of changing the
probabilities of winning and perceived behavioral
control

The results of the second stage additionally indicated a signif-
icant two-way interaction between changing probabilities of
winning the reward and perceived behavioral control (b =
−.77; Wald statistic (1) = 3.86; p < .05) on the propensity to
select the more expensive loot box, supporting H3. The neg-
ative interaction term documents that the effect of changing
probabilities of winning the reward on loot box selection is
attenuated by perceived behavioral control. As such, the
change in preference due to the certainty effect when per-
ceived behavioral control is high results in an average increase
in revenue of only €0.30 per purchase (+6.0%).

Likewise, to investigate our H3 hypothesis, we conducted a
contrast analysis as exhibited in Fig. 7. The results illuminate that
when perceived behavioral control was low (i.e., when PBC
exhibited a value of smaller than 6), participants are more likely
to select the more expensive loot box when probabilities of win-
ning were uncertain and uncertain opposed to when they were
uncertain and certain (39% vs. 86%; F = 12.43; p < .01).
However, in support of H3, when perceived behavioral control
was high (i.e., when PBC exhibited a value equal to or higher

Table 2 Logistical regression analysis on loot box selection

Stage 1 Stage 2

Coef. SE. Coef. SE.

Intercept −4.71* 1.02 −6.46 2.27

Manipulations

PWR .92* .37 4.60* 2.62

PLE .45 .38 −.25 .52

PBC .06 .18 .70 .27

Interaction

PWR x PLE – – 1.77* .80

PWR x PBC – – −.73* .41

Controls

Perceived monetary value .09 .14 .11 .14

Risk aversion .13 .23 .13 .23

Gaming experience .02 .02 .01 .02

Product involvement .17 .11 .22 .12

Loot box spending .39 .48 .29 .50

Gender (male) −.04 .27 −.05 .39

Age .00 .02 .00 .03

Model fit

Log likelihood −87.56 −91.80
Nagelkerke R2 .22 .28

Note: p < .05; p < .01; p < .001; N = 159; Coef. Coefficient, SE Standard
error, PWR Probabilities of winning the reward, PLE Previous loss expe-
rience, PBC Perceived behavioral control
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than 6), no significant difference in terms of selection of themore
expensive loot box occurred when probabilities of winning were
uncertain and uncertain as opposed to when they were uncertain
and certain (53% vs. 69%; F = 2.80; p > .05).

Discussion

Digital platform providers find it increasingly difficult to com-
pete for regular and new customers and therefore experiment
with various new monetization strategies to increase revenues
and thus enhance digital product offerings within their digital
business models. One emerging and promising strategy is
gamblification, which complements and supports traditional
revenue streams through a gamblified design of digital prod-
uct offerings. Against this background, our research was guid-
ed by two research questions. The first research question fo-
cused on the effect of certain vs. uncertain rewards in loot box
menus on user purchase behavior. The findings support our
premise that the probabilities of winning rewards in loot box
menus influence users’ loot box selection.

Our second research question sheds light on the moderating
role of previous loss experience and perceived behavioral con-
trol, two factors that had a potentially intriguing effect on the
certainty effect. Our results reveal that previous loss experi-
ence augments the effect of different probabilities of winning
on users’ loot box selection. Although the effects of this
changed evaluation of the uncertain loot box should be unam-
biguous when users have a choice between a certain and an
uncertain loot box (i.e., they should be more likely to opt for
the certain loot box), it is less straight forward for the situation
involving the choice between two uncertain loot boxes. On the
one hand, participants could be urged to opt for the less risky
loot box with less monetary resources at stake (i.e., the

cheaper loot box). On the other hand, to counterbalance the
previously experienced loss (i.e., “break-even effect”) (Thaler
& Johnson, 1990), participants could be as well urged to opt
for the loot box with the potentially higher reward, despite the
higher stakes involved. Thus, it is not entirely clear which of
these two effects prevail when participants have to choose
between two uncertain loot boxes. In contrast, when paired
together with perceived behavioral control, the certainty effect
is attenuated, such that users are more likely to prefer an un-
certain loot box when they perceive to be more in control.

Theoretical contributions

This study contributes in three important ways to the emerging
research on gamblification in general and on loot box menu
designs for enhancing digital product offerings within digital
business models in particular.

First, we contribute to IS research by providing insights on
the nascent research on gamblification. From a broader per-
spective, we tease the unique features of gamblification and
how gamblification elements differ from gamification ele-
ments. Whereas substantial research has investigated
gamification and explicitly acknowledged the possibility of
“uncertain” outcomes in game elements (e.g., Liu et al.,
2017; Bartle, 1996), the more distinct and specific character-
istics and effects of gamblification elements have received
little attention so far. Our study not only answer calls for
research that stress the importance of peculiarities of design
elements (e.g., Hamari et al., 2014; Schöbel et al., 2020;
Huotari & Hamari, 2017) but also advances theory and re-
search by providing insights for a more nuanced understand-
ing of the impact of design elements by highlighting their
contextualized usage through gamblification. As such, follow-
ing the framework by Corley and Gioia (2011), we believe

Fig. 6 Loot box selection when PLE is absent vs. present
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that gamblification provides (1) a new perspective on digital
design elements for research and (2) important insights for
practice by covering the prevalent phenomenon of gamblified
digital product offerings in general and the multi-billion dollar
market of loot box transactions in particular. In this study, we
focused on the loot box menu design as one of the most prev-
alent forms of gamblification that currently shape many digital
business models. Precisely, we investigate the effect of uncer-
tain vs. certain rewards in loot box menu designs and how
different combinations of probabilities of winning rewards
drive purchase behavior (i.e., loot box selection) and thus
revenue generation. Our results support the premise that prob-
abilities of winning a reward in the form of “uncertain and
uncertain” vs. “uncertain and certain” has an impact on users’
purchase behaviors. Specifically, we demonstrate that infor-
mation processing relevant for digital gaming monetization
(i.e., evaluation of probabilities) can deviate from rational de-
cision making as postulated by expected utility theory.
Thereby, we assert that researchers should take alternative the-
oretical explanations (e.g., prospect theory) into account when
they investigate and design loot box menus that utilize proba-
bilistic uncertainty. Taken together, we enrich the nascent
gamblification research by emphasizing the design of
uncertainty-based mechanisms and how they may shape the
success of digital business models through enhanced revenues.

Second, we shed light on the peculiar role of uncertainty in
gamblified digital product offerings and highlight that due to
the inherent uncertainty in gamblified settings the psycholog-
ical effects governing user behavior are presumably different
compared to non-gamblified settings. In particular, we inves-
tigate behavioral drivers specific to and salient in interactions
in uncertain environments. In this regard, fear-of-losing which
may be triggered by contextual factors such as loss previously
experience is an important behavioral driver to consider.

Additionally, individual factors such as ambitions-to-win
which are represented by users’ perceived behavior control
is as well a crucial behavioral driver in gamblified settings.
More specifically, our study provides knowledge on how to
amplify and attenuate the certainty effect by considering two
intriguing moderators that exhibit opposite effect patterns:
Whereas previous loss experience amplifies the certainty ef-
fect, perceived behavior control attenuates the certainty effect.
Consequently, we shed light on what factors in the environ-
ment need to be considered when designing and evaluating
loot box menus, as the loot box menu does not exist in a
vacuum but in tandem with variables in the digital
surrounding.

Third and last, heeding Goes (2013) call for further re-
search into the cognitive dimension of judgment in digital
decision contexts, our study contributes nuanced insights into
the burgeoning literature on cognitive biases in digital envi-
ronments. More specifically, while previous studies have
largely focused their investigations on attributes of a cognitive
bias (e.g., continuity and linearity of anchoring effects)
influencing consumer preferences in e-commerce (e.g.,
Adomavicius et al., 2013; Bodoff & Vaknin, 2016), our find-
ings from a randomized online experiment provide actionable
design recommendations on how the certainty effect, distinct-
ly and in combination with the availability heuristic and opti-
mism bias, can be employed to shape conversion outcomes.

Practical contributions

This research has also important practical implications for
digital platforms tasked with designing loot box menus and,
more broadly, to help better understand the mechanism behind
the microscopic economic behavior of individuals. Our study
provides actionable design recommendations on how

Fig. 7 Loot box selection when PBC is low vs. high
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probabilities of winning a reward can be employed distinctly
and in combination with previous loss experience to improve
conversion behavior and thus revenues in digital business
models. In this regard, if digital businesses choose the right
menu design in similar settings, our results imply an average
increase in revenue of up to €0.82 per decision (+16.2%). This
particularly applies to all digital business models incorporat-
ing uncertain elements, which are particularly prevalent in the
150-billion-dollar market of digital games (Wijman, 2020)
and in particular in the 30-billion-dollar loot box market
(Juniper Research, 2017). Moreover, our insights can also be
transferred to uncertain offerings in e-commerce, such as the
offering of surprise boxes (i.e., boxes containing uncertain
selections of items fitting the customer preferences) (Xu,
2020). By providing a choice between two design elements,
one containing a certain and the other an uncertain reward,
providers can leverage the motivating uncertainty effect and
simultaneously appeal to consumers who prefer to avoid un-
certainty. Thus, they can optimize product differentiation in
line with users’ preference patterns. Nonetheless, when
implementing those changes to better match users’ preference
patterns practitioners need to consider users’ subjective per-
ceptions and individual differences regarding their capabilities
of mastering the gambling game. On the one hand, when users
perceive a high level of behavioral control and thus believe
their capabilities to be sufficient enough to master the gam-
bling game increasing their ambitions-to-win, they are more
likely to exhibit risk-seeking behavior (i.e., selecting a loot
box with uncertain content) reducing the necessity for plat-
form providers to offer different loot boxes with a certain or
uncertain reward. On the other hand, when users perceive a
low level of behavioral control their preferences are likely to
be motivated by risk avoidance such that the product differ-
entiation proposed above would lead to a better match of
users’ preference patterns. Likewise, practitioners need to con-
sider contextual factor such as previous loss experience that
may reduce the appeal of loot boxes with uncertain rewards.
Taken together, practitioners should design their loot box
menus with at least one certain reward offered to users with
less ambitions to win and to users who previously experiences
a loss. Conversely, users with a high ambition-to-win or users
who didn’t experience a loss beforehand are presumably
attracted by loot boxes with uncertain rewards making it rea-
sonable to offer these type of loot box menus to these user
groups.

Limitations and directions for future research

The conducted study is an initial empirical investigation into
the realm of gamblification and, thus, needs to be understood
with respect to some noteworthy limitations that pave avenues
for future research.

First, we investigated gamblification only in the form of
gamblified digital business models through loot box menu
designs. Although loot boxes represent one of the most com-
mon contemporary gamblification elements, several other
forms (e.g., betting and card games) exist and require research.
Indeed, gamblification comprises much more and promises
many more venues for theory development above and beyond
the gamblification of loot box menu design. Consequently, we
encourage future research to shed more light on the potentials
and consequences of gamblification. For instance, future stud-
ies can examine gamblification in a number of different non-
gambling contexts besides digital business models, such as
enterprise systems and organizational contexts.

Second, utilizing a self-developed game and animated loot
boxes during the experiment, we mimicked a realistic setting,
making it easy for participants to be involved. Despite this
high degree of realism of our experimental setting, our depen-
dent variable was designed in such a way that it only captured
a part of the conversion process. Participants had to choose
between purchasing two different loot boxes. They were not
able to decide whether they want to buy a loot box or not.
Therefore, it would be interesting how the findings of our
study would translate to a setting where explicit purchase de-
cisions are undertaken. Specifically, how presenting just one
loot box (e.g., the 90% loot box) without contrasting it with
another or how presenting more than two loot boxes affects
user purchase decisions.

Third, we implemented the probabilities of winning in a
dichotomous (i.e., uncertain and uncertain vs. uncertain and
certain) way and determined the specific values in both con-
ditions (e.g., “50%” and “60%” vs. “90%” and “100%”) based
on reference values in previous literature. However, it remains
unclear how changing these reference values affect conver-
sion behavior and whether linear or non-linear relationships
can be expected. Future research is thus warranted to examine
the linear or potentially non-linear relationships between the
extent of changing the probabilities of winning and conver-
sion behavior in digital business models. Moreover, future
research should confirm and refine the results in a field study
and in other cultural contexts to increase the robustness of our
findings.

Conclusion

Because competition among digital platforms for regular and
new customers has intensified, platform providers increasingly
rethink how to design their digital business models to improve
user onboarding and conversion outcomes. Gamblification
promises not only to evoke excitement in users but also to in-
crease revenues. In this research, we explain how loot boxmenus
can be designed to increase revenue generation by shaping user
decision-making. Specifically, we investigate through a contest-
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based online experiment how certain vs. uncertain rewards in
loot box menus influence user purchase behavior. Our results
demonstrate that platform providers can profit from offering cer-
tain (vs. uncertain) rewards in loot box menus. Moreover, this
effect increases when participants previously experienced a loss
and decreases when they perceive to have more control over the
result. Thus, our findings provide insights on loot box menu
designs to increase revenue generation. We hope that our find-
ings not only provide an impetus for scholars to advance under-
standing of gamblification, but also offer actionable guidelines
for providers to refine their knowledge about how they can ef-
fectively gamblify their digital business models.
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