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Abstract

Many mobile app providers offer their apps for free and base their business models on user engagement. However, declining
usage over time threatens apps’ ability to add business value. To keep users engaged, app providers use gamification—that is,
they use game elements (e.g., levels, points)—in their nongame apps. Complementing traditional loyalty strategies that reward
value-added activities (e.g., purchases) through value rewards, gamification rewards ongoing engagement through game elements.
Thus, reward architectures of many apps have become hybrid, with value- and game-reward pursuit simultaneously driving
engagement. However, it is unclear to what extent gamification helps drive user engagement and add business value. To address
this question, the authors study unique data from a gamified market research app comprising daily individual-level app usage
observations of 18,952 users. The findings show that game rewards increase engagement significantly over and above value
rewards, leading to a lift in business value, especially when users are in closer proximity to both types of rewards. However,
the analysis also shows a dark side of gamification: When users enter a state of flow in the game, game engagement has a weaker

effect on value-added engagement. The authors discuss implications for gamified reward architectures.
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The mobile app market has seen an eightfold increase in the
number of apps in ten years (PocketGamer 2023), with reve-
nues almost doubling from 2019 to 2022 (to $474.8 billion;
Statista 2023). Firms profit from apps if they increase sales
(e.g., Gill, Sridhar, and Grewal 2017) and firm value (e.g.,
Boyd, Kannan, and Slotegraaf 2019). However, given the rise
in the number of apps, app providers face strong competition
to attract and retain users. In 2023, Apple users could choose
from more than 5 million apps (PocketGamer 2023). To facili-
tate app adoption, 95% of apps are free (42matters 2021).
Rather than generating up-front revenue (at the moment of
download), providers use engagement-based business models,
leading to business value through in-app purchases, in-app
advertising, or data collection (Appel et al. 2019).

With this development, ongoing user engagement—that is,
repeated and continued usage of an app—is key to sustaining
engagement-based mobile app business models (Rutz,
Aravindakshan, and Rubel 2019). However, retaining app
users is a key challenge for any business (Ascarza, Iyengar,
and Schleicher 2016). Especially for mobile apps, wear-out in
user engagement over time poses a major threat to business

models (Van Heerde, Dinner, and Neslin 2019). Localytics
(2018) reports that just 27.6% of users use an app again one
day after download, dropping to 11.4% two weeks later.

To stimulate user engagement inside their apps, providers
have begun to gamify their apps by adding game elements
(e.g., levels, rankings, badges; Eisingerich et al. 2019). As
shown in Table 1, among the top 15 mobile apps in the U.S.
market (see Web Appendix W1 for the top 50), nearly one-half
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Table I. Use of Game Elements in the Top |5 Mobile Apps in the U.S. Market.

Rank No. (Apple

App App Store/ Non-Value-Added

Name Gamified? Google Play) Category Activities (Examples) Value-Added Activities (Examples)

Temu Yes #1/#1 Shopping Creating a profile, In-app shopping, inviting people to
browsing through the app
categories or topics,
joining groups, chatting
with users

Max No H#H2H2 Entertainment Watching series and movies ~ Making in-app purchases, subscribing to

in-app services

Spill No #3/N.R. Social Sharing gossip with the Watching in-app ads

Networking community

CapCut No #4/#13 Photo & Video Video cutting Making in-app purchases (additional

features)

TikTok Yes H5/#3 Entertainment Creating and watching Making in-app purchases
TikTok clips (additional features), watching

in-app ads

Instagram Yes H6/H8 Photo & Video Sharing, connecting, and Watching in-app ads
chatting with other
users

Google No #7/N.R. Utilities Searching for information Watching in-app ads

YouTube Yes #8/N.R. Photo & Video Woatching videos Watching in-app ads, subscribing

to in-app services

WhatsApp No #9/#6 Social Chatting with contacts Subscribing to in-app services

Networking (WhatsApp Business)
Google No #10/N.R. Navigation Route planning, searching for  Watching in-app ads, generating data
Maps places used for data licensing
Facebook Yes #11/#16 Social Sharing, connecting, and Woatching in-app ads
Networking chatting with other
users
Gmail No #12/N.R. Productivity Emailing Watching in-app ads, making in-app
purchases (additional features: more
storage)

ChatGPT No #13/N.R. Productivity Communicating with a Making in-app purchases, subscribing to
chatbot via text-based in-app services, paying fees for API
messages usage

Shein Yes #14/#4 Shopping Creating an account, In-app shopping, subscribing to
browsing products in-app services (Shein Club)

Snapchat Yes #15/#10 Photo & Video Sending pictures/videos Making in-app purchases,

to contacts

subscribing to in-app services
(Snapchat+)

Notes: N.R. = the app was not ranked in the top 50 of Google Play. APl = application programming interface. Gamified apps are in bold. Ranking retrieved on July 4, 2023.

(7 out of 15) use gamification, underscoring the prevalence and
relevance of gamification in business practice. Global market
spending on gamification reached $9.1 billion in 2020 and is pre-
dicted to reach $30.7 billion by 2025 (MarketsAndMarkets
2020). Gamification is used across industries, with the strongest
prevalence in retail, banking, health care, and education and
research (Fortune Business Insights 2020). The goal of this
research is to understand how a gamified app drives user engage-
ment and adds downstream value for the firm.

Gamification refers to integrating game elements such as
levels and points (hereinafter, “game rewards”) to reward
engagement through game-like activities within the app (here-
inafter, “game engagement”). For example, unlocking a new
game level provides users with a sense of competence and
mastery—central tenets of intrinsic motivation, as outlined by

Ryan and Deci (2000)—and thereby stimulates intrinsic moti-
vation, fostering a more enjoyable app experience.

Market research apps are one example of gamification and
constitute the research setting of this article. A market research
app serves survey questions (from clients) to collect consumer
opinions. In our research application, the app provider added
gamification through fun questions that users had to answer
to gain game rewards. This game-like approach is designed to
keep users engaged, make them return to the app often, and
then have them answer regular survey questions, which is the
value-added activity for the firm.

More engagement with game-playing activities does not
automatically generate more value (Kumar and Pansari 2016).
Only when users engage in a value-added activity that contrib-
utes to the business model (hereinafter, ‘“value-added
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engagement”)—such as answering survey questions in the
market research app example—does the provider generate the
intended value. Likewise, apps monetized through in-app
advertising or purchases require engagement with value-added
activities (e.g., watching ads, buying additional app features) to
create value for the app provider. To reinforce value-added
engagement, many app providers reward those value-added
activities with discounts or coupons (hereinafter, “value
rewards”), well-known from traditional loyalty programs
(e.g., Kivetz, Urminsky, and Zheng 2006). By rewarding
value-added engagement through traditional rewards and
rewarding game engagement through game rewards, an app’s
reward architecture becomes hybrid. However, a potential risk
of gamification is that users become so immersed in game-
playing that they neglect value-added engagement, reducing
the benefits of gamification for the app provider.

Despite the proliferation of engagement-based business
models in digital services (e.g., Rutz, Aravindakshan, and
Rubel 2019) and the related challenge to keep users engaged
(e.g., Van Heerde, Dinner, and Neslin 2019), the literature on
how rewards can engage mobile app users is surprisingly
scarce. A literature review by Stocchi et al. (2021) points to sig-
nificant research gaps regarding customer rewards that may
help providers stimulate customer engagement in their mobile
apps. In particular, no study has investigated how hybrid
reward architectures with game rewards and value rewards
drive user engagement and business value. This article aims
to fill this gap in the literature.

Prior research has focused on the consequences of rewarding
value-added engagement (e.g., Kivetz, Urminsky, and Zheng
2006; Leenheer et al. 2007). We are aware of only one study
investigating the consequences of rewarding game engagement.
Eisingerich et al. (2019) compare the effects of several gamifi-
cation principles (i.e., social interaction, sense of control, goals,
progress tracking, rewards, and prompts) on customer engage-
ment. Using survey data, the authors show that rewards are per-
ceived as the most effective gamification principle in
stimulating customer engagement. Our work differs from
Eisingerich et al. in that we (1) use individual-level field data
(rather than survey data) to (2) study a hybrid reward architec-
ture with both value and game rewards (rather than just game
rewards) and (3) examine the potentially value-detracting con-
sequences of mobile app gamification when users become too
immersed in the game.

Eisingerich et al. (2019) have examined the consequences of
gamification for app revenue as a quantitative indicator of
value-added engagement. However, in the case of a market
research app, the provider is interested in obtaining not only
many survey responses but also responses of high quality.
Likewise, for in-app advertising, an app provider (and the
company that pays the app provider to play ads) wants users
not only to see many ads (i.e., value-added engagement quan-
tity) but also to conscientiously engage with the ads (i.e.,
value-added engagement quality) rather than directly clicking
away. Therefore, we investigate whether game engagement
increases or detracts from the quantity and quality of

value-added engagement. In summary, this article addresses
the following research questions:

1. How does the combination of game-reward pursuit and
value-reward pursuit influence individual-level game
engagement and value-added engagement?

2. Does game engagement have positive effects on
value-added engagement quantity and quality?

3. Do these effects become weaker as a user becomes more
immersed?

This work is the first to link an individual model of actual user
engagement to an app’s reward architecture. Unlike prior
research focusing almost exclusively on the role of value
rewards (e.g., Kivetz, Urminsky, and Zheng 2006; Leenheer
et al. 2007), our model captures the simultaneous effects of
game and value rewards on individual-level game and
value-added engagement. We use a unique dataset from a gami-
fied market research app. The dataset contains daily app-usage
observations at the user level for 18,952 users over a period of
one year. The observations include every single activity each
user carried out in the app during this period with a
milliseconds-based timestamp and the status of their reward
pursuit (i.e., proximity to rewards and attainment of rewards).

The key insight of our analysis is that a combination of game
and value rewards can help counteract the wear-out effect in
mobile apps, as the pursuit of these rewards has positive
effects on user engagement. However, we also find that
success in game-reward attainment makes users less inclined
to engage in value-added activities. As for the interplay
between game-reward and value-reward pursuit, we find that
proximity to both types of rewards works in a synergetic
fashion. However, the results also show that the effect of attain-
ing one type of reward is less positive when users also attain the
other type of reward, a potential downside of a hybrid reward
structure. Finally, we find that when users are in a flow state,
higher game engagement has a less positive effect on the quan-
tity and quality of value-added engagement. We discuss the the-
oretical and managerial implications of these nuanced findings
in the “Discussion” section.

Rewarding User Engagement in Mobile Apps

Little empirical evidence exists on how to stimulate user
engagement and thereby add business value to mobile apps.
One exception is Zhang et al. (2019), who show that alerting
app users to price promotions based on their level of engage-
ment increases app revenue. While sending notifications can
make app users come back to an app, it cannot ensure
ongoing user engagement within an app. Thus, we suggest
that mobile app providers should also consider reward strategies
to stimulate engagement inside an app by using gamified
reward architectures.
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Gamified Reward Architectures

Value-added activities include activities that generate revenue,
such as answering survey questions in a market research app or
viewing ads in an app that earns ad revenue. Traditional loyalty
strategies reward value-added engagement (e.g., purchasing
goods) with monetary incentives (e.g., vouchers; Kopalle
et al. 2012), and many mobile app providers follow this practice
(Hofacker et al. 2016). Value rewards reinforce users’
value-added engagement (Rutz, Aravindakshan, and Rubel
2019). For example, the Audible app provides users discounts
or free credits when they renew their subscriptions. Value
rewards drive users’ extrinsic motivation to use the app (i.e.,
the accumulation of economic value; Hofacker et al. 2016).

However, value-added activities in common app business
models (e.g., watching ads, making in-app purchases) are
not necessarily the primary focus of app users (Rutz,
Aravindakshan, and Rubel 2019). Instead, users mainly
engage in non-value-added activities (e.g., listening to audio-
books, running) that do not directly contribute to the app’s
primary revenue stream. Even though they have no direct mon-
etary value, non-value-added activities can increase engage-
ment with value-added activities. For example, in market
research apps, non-value-added activities (e.g., answering fun
questions) aim to keep users engaged so that they are more
inclined to engage in value-added activities (e.g., answering
client survey questions).! Considering the importance of
non-value-added activities in apps, rewarding only value-added
activities may not be enough to maintain user interest
(Nevskaya and Albuquerque 2019). Instead, rewarding
non-value-added activities ensures that the app provides a
steady stream of motivating incentives for users, preferably
(for the firm) without reward costs.

Against this background, app providers have started to
gamify their apps by adding game elements (e.g., levels,
badges) to a non-value-added activity of a nongame app. For
example, Audible rewards “night owl” listeners who engage
at late hours with a badge. These game rewards fulfill users’
core intrinsic psychological needs identified by self-
determination theory—autonomy, competence, and relatedness
(Bitridn, Buil, and Catalan 2021; Ryan and Deci 2000). For
example, progressing through game levels activates users’
need to feel competent and increases their self-efficacy by rein-
forcing their belief in their ability to overcome challenges.’
Game rewards provide users with an escalating series of expe-
riences (e.g., surprising events associated with unlocking game
levels, such as activating new app features), referred to as
involvement spirals (Siebert et al. 2020). Importantly, game

! In addition, in apps such as TikTok or Snapchat, a user’s non-value-added
activities (e.g., creating video content) can increase the value-added activities
of other users (e.g., watching in-app ads), eliciting network effects; these
effects are not part of this study.

2 Likewise, rankings and leaderboards, for example, enable social comparison
and encourage app users to compete with other users (Kunkel, Lock, and
Doyle 2021).

rewards come at zero marginal costs for app providers, unlike
value rewards.

Figure 1 shows how game rewards complement classical
value rewards. The firm’s objective is to lift value-added
engagement (box in dark gray), which is traditionally done by
rewarding customers through value rewards (top half of
Figure 1). An example of such a “classical value-reward
engine” are loyalty programs that reward customer purchases
through coupons. Gamification induces a ‘“game-reward
engine” (bottom half of Figure 1). This engine triggers game
engagement, which in turn drives value-added engagement.
Every user activity triggers one or both engines, thereby
“locking” users into the ongoing pursuit of new rewards,
referred to as “ludic loops” (Busby 2018). However, little is
known about the effectiveness of such hybrid reward architec-
tures, which is what this article studies.

Table 2 shows prior research on value rewards and game
rewards. Our research differs from these studies in two impor-
tant ways. First, all previous studies have examined either value
rewards or game rewards; none have examined hybrid reward
architectures. We study how game- and value-reward pursuit
and their interplay drive user engagement. Second, prior
research has not explored whether game engagement affects
value-added engagement and whether this effect is moderated
by a state of flow (i.e., when the user is immersed in the
game). Thus, this research is the first to analyze—using
individual-level field data—hybrid reward pursuit in a gamified
mobile app and its payoff in terms of value-added engagement.

Effects of Hybrid Reward Pursuit on User Engagement

The hybrid reward architecture raises the question of whether
the combination of game rewards and value rewards leads to
cross-engine complementarity or substitutability. We next
discuss the main effects of value- and game-reward pursuit on
user engagement and then focus on the interaction effects
between the two. Figure 2 overviews our study framework.

Main effects of value- and game-reward pursuit. To capture a
user’s reward pursuit, we distinguish between reward proximity
and reward atfainment. Reward proximity captures the idea that
users show more engagement as they approach a reward.
According to the goal-gradient hypothesis, people become
more motivated to achieve a goal as they reduce the distance
toward the goal (e.g., Hull 1932). This effect also holds for con-
sumers’ efforts to receive rewards in loyalty programs (Kivetz,
Urminsky, and Zheng 2006; Kopalle et al. 2012). For gamified
apps, the goal-gradient hypothesis implies that users increase
their engagement the closer they are to the next game reward
(e.g., unlocking the next game level) or value reward (e.g.,
receiving the next coupon).

Reward attainment refers to a user achieving either a game or
value reward. Traditionally, researchers have posited that moti-
vation decreases once the reward has been attained. For
example, Kivetz, Urminsky, and Zheng (2006) show that cus-
tomers reduce their efforts to attain the next reward after
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Figure 1. How Gamified Reward Engines Drive User Engagement and Mobile App Value.

receiving the first reward (“postreward resetting”). However,
achieving a reward may also lead to positive affect (e.g.,
Gershon, Cryder, and John 2020) and enhance engagement.
Thus, the direction of the effect of reward attainment on user
engagement is an empirical question.

Interaction between game- and value-reward proximity. If a user
becomes extra motivated to attain one type of reward (e.g.,
game reward) when getting close to the other type of reward
(e.g., value reward), we may see complementarity, or a positive
interaction effect, of reward proximity. Nevertheless, if reward
proximity is high for one type of reward, increasing reward
proximity in the other type of reward might also induce
“reward conflicts.” Imagine a user who is very close to a
game reward. Reward conflicts might occur when this user is
asked to perform app activities that progress them toward the
next value reward, while this user is more motivated to attain
the game reward. This scenario echoes the decrease in interrup-
tion tolerance observed by Jhang and Lynch (2015) as partici-
pants approached task completion. Transferred to our context:
users who are close to achieving a game reward in a gamified
app may show a similar resistance to engage in other activities.
In addition, the availability of two reward engines might reduce
users’ perceived velocity in progressing toward a certain
reward, which can harm user engagement (Huang and Zhang

2011). In the described cases, a positive effect of reward prox-
imity in one engine might decrease with reward proximity in the
other engine—that is, create a substitution effect, or a negative
interaction effect.

Interaction between game- and value-reward attainment. A hybrid
reward structure may induce “double postreward resetting.”
When users attain rewards in both engines, value and game
rewards reset simultaneously, which can reduce user engage-
ment. Conversely, attaining both rewards simultaneously may
also synergistically enhance user affect and therefore boost
user engagement. Taken together, whether game- and
value-reward engines are complementary or substitutable
remains an open empirical question that this research aims to
answer.

Value Consequences of Mobile App Gamification

Research into the antecedents of mobile app value has docu-
mented the influence of mobile app launches (Lee and Raghu
2014), app business models (Ghose and Han 2014), app ver-
sioning decisions (Lee, Zhang, and Wedel 2021), app engage-
ment (Van Heerde, Dinner, and Neslin 2019), and app design
(Boyd, Kannan, and Slotegraaf 2019) on app value, including
revenue and firm value. Despite these findings, there is little
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Table 2. Effects of Value and Game Rewards: Selected Studies’ Findings and Positioning.

Study

Value
Rewards

Reward-
Proximity
Effects

Reward- Interplay
Attainment Between
Effects Rewards

Key Findings

Lewis (2004)

Kivetz, Urminsky,
and Zheng (2006)

Dreze and Nunes
(2006)

Koo and Fishbach
(2012)

Kopalle et al. (2012)

Dorotic, Bijmolt,
and Verhoef
(2012)

Wang et al. (2016)

Toker-Yildiz et al.
(2017)

Stourm and
Bradlow (2023)

v

v

v

v

v (reward
progress X
focus)

v 4
(rewards X
customer tiers)

v v (monetary
rewards X
social
interactions)

Loyalty programs (LPs) increase
purchase rates.

Reward proximity lifts
engagement (purchase behavior,
website visits). Attaining the
first reward diminishes
engagement (“‘postreward
resetting”).

Successful reward attainment
contributes to an increase in
effort exhibited in successive
attempts to reach the same
reward.

Depending on their reward
proximity, individuals invest
more resources when they
focus on accumulated progress
(for low proximity) versus
remaining progress (for high
proximity).

Consumers increase their
purchase rates as they get closer
to a reward (“points pressure
effect”). Customers highly value
tier components that
characterize their status within
an LP.

Redeeming points enhances
purchase behavior even when
members do not redeem all
points.

Reward-attainment success
(compared with failure)
increases revenues for a
customer, but failure results in a
reduction in revenues.

Online social interactions drive
repeat service usage. Not taking
the effect of monetary
incentives into account
overstates the impact of social
influence.

Customers’ store affinities within
coalition LPs (i.e., shared LPs
between multiple stores) can
lead to spillover effects for
rewards.

Jang, Kitchen, and
Kim (2018)

Eisingerich et al.
(2019)

()

theor.

()

theor.

Personal and social integrative
gamified customer benefits
increase engagement and
purchases.

Gamification principles promote
hope and consequently
customer engagement and
digital sales.

(continued)
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Table 2. (continued)

Reward-
Proximity
Effects

Game
Rewards

Value

Study Rewards

Reward-
Attainment
Effects

Role
of
Flow

Interplay
Between

Rewards Key Findings

Hwang and Choi v

(2020)

Bitrian, Buil, and
Catalan (2021)

Lu, Bradlow, and
Hutchinson
(2022)

Zhao et al. (2022)

THIS STUDY v
(value and
game

rewards)

v

(value and
game rewards)

()

theor.

Gamified LPs (vs. conventional
LPs) increase loyalty and
consequently LP participation
and app download intentions.

Motivational affordances (e.g.,
achievement, progression)
satisfy psychological needs and
promote user engagement in
apps, resulting in positive
marketing outcomes (e.g.,
continued app usage).

Learner engagement on an online
learning platform changes in
accordance with an inverted
U-shaped function of current
goal progress.

Different player types’ gameplay
motivation is differentially
affected by level progression
and achievement.
“Experiencers” derive more
utility from playing a game, while
“achievers” are strongly
motivated by finishing an entire
game.

Both value and game rewards
drive game engagement, which
in turn drives value-added
engagement yet less so when a
user experiences flow.

v

(game rewards
X player types)

v
(value X game
rewards)

Note: v/ = analyzed; theor. = only theoretically discussed.

empirical evidence on the value consequences of rewards.
Eisingerich et al. (2019) explicitly call for research into the
potential value-detracting effects of mobile app gamification.
To answer this call, we investigate the value consequences of
mobile app gamification along the dimensions of value-added
engagement quantity and quality.

Translation of game engagement into value-added engagement.

We conceptualize value-added engagement in terms of two
characteristics, namely quantity and quality. Value-added
engagement quantity accounts for the quantity of an app
user’s value contributions. For example, because app users
with high game engagement spend more time in an app, the
app provider can send out more paid ads or surveys to them.
Consequently, high game engagement should increase a
user’s value-added engagement quantity. Value-added engage-
ment quality refers to the extent to which users engage consci-
entiously with an app’s value-added activity. The more users
engage with the game, the more focused they are likely to be
when using the app, leading to higher value-added engagement
quality. However, in a market research app, there is the risk that

users answer questions just to receive the associated rewards
and may thus spend very little time on the questions (so-called
“speeders”). Likewise, users may directly (or more quickly)
click away from ads because ads interrupt the game-playing
experience, suggesting that high game engagement could
decrease a user’s value-added engagement quantity (or
quality). This may be especially true when users enter a state
of flow, as we discuss next.

The moderating impact of flow. According to Hoffman and
Novak (1996), flow experiences occur when consumers (1)
focus their attention on interacting with a medium and (2) per-
ceive a balance between their skills and the challenge provided.
Gamified mobile apps can evoke such experiences because the
game-like structure (1) puts users in a state of concentration and
enjoyment and (2) involves a gradual increase in challenge to
achieve rewards in accordance with user progress (Przybylski,
Rigby, and Ryan 2010). In a state of flow, users are so
immersed in playing a game that “nothing else seems to
matter” (Csikszentmihalyi 1990, p. 4). While users may initially
contribute more value-added engagement quantity and quality
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Figure 2. Study Framework.

as they become more engaged with game-playing activities,
entering a state of flow in a game may result in users becoming
less responsive to value-added activities that prevent them from
progressing in the game. This intense focus due to flow is con-
ceptually similar to Woolley and Sharif’s (2022) findings that
users who engage deeply with a media category show an
increased preference and anticipated enjoyment for similar
media. In a similar vein, Schweidel and Moe (2016) show
that users who enter a state of flow when bingeing video
content are less responsive to advertising. As value-added
engagement is expected to interrupt users’ flow experience in
a game, flow should mitigate the expected positive effect of
game engagement on value-added engagement.

Data and Measures

App Description

The dataset stems from an app developer and provider operating
primarily in Europe that released a market research app in 2015.
The app has more than 1 million downloads in the Google Play
Store and an average rating of 4.3 out of 5 stars based on more
than 54,900 user ratings (retrieved March 15, 2024). Clients of
the app provider can send out survey questions to users via the
app (hereinafter, “client survey questions”). Because the app’s

key selling point is that survey results are promptly available,
the app provider depends on a highly engaged user base. To
engage users, the provider implemented gamified reward
engines by linking activities within the app to cycles of game-
and value-reward pursuit. To provide a better understanding of
how the app works, we describe the typical user journey next.
After registration, users can start to answer questions, which
come in two types: (1) fun (or game) questions to engage users
and (2) client survey questions (Web Appendix W2,
Figure W2.1). An example of a fun question is “Did you watch
the Netflix series Squid Game?” Fun questions are typically mul-
tiple choice, and after answering, users can observe the answer
frequencies from all users who answered that question.
Answering fun questions counts toward a point system—that is,
users earn “experience points” or XP. By collecting XP, users
can climb up to 26 levels (hereinafter, “game levels”).
Progressing to the next game level is associated with game
rewards. Not only do users obtain a sense of accomplishment
when they reach the next game level, they also unlock new app
features (e.g., an XP-based ranking of users at Game Level 6,
an avatar designer for a user’s personal profile at Game Level 12).
The client survey questions stem from actual client surveys.
Answering client survey questions awards users so-called
“coins,” an in-app currency that can be redeemed for shop
vouchers (e.g., for online marketplaces) or for donations to
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charities. Users can achieve these value rewards by answering
client surveys. By explicitly labeling questions sourced from
external companies as such and by showing a disclaimer at
the beginning of a client survey, users can clearly distinguish
between client service questions and fun questions. For more
details, see Figure W2.1 in Web Appendix W2.

Fun questions are available at any time, whereas client
survey questions are sent to users in designated target groups
when requested by clients. If a user is part of a target group,
they receive a notification in the app during an active usage
session that a client survey is available and can then decide
whether to answer this client survey.® That is, the app displays
available client surveys only during active sessions or upon a
user’s next app access. In virtually all cases in which a user is
selected to answer a client survey while in the app, the user
answers the client survey questions, motivated by the associated
value reward. Importantly, the data provider explained that
whether a user receives a survey is exogenously determined
by the needs of clients. Hence, the key determinant of
whether a user answers a survey is whether they open and
spend time in the app.

Data Structure

The initial data for each user consists of a milliseconds-based
event log that indicates every single activity a user carries out
in the app. Moreover, each event log includes the number of
experience points, the number of coins, and the current game
level of the corresponding user. We analyze the data at the
user-day level so that each observation represents usage on
one day for a given user. The dataset includes all days after a
user downloaded the app until the day of their last activity
recorded during the observation period, which is up to a year.

Sample Selection and Description

As we aim to understand users’ entire usage history since they
downloaded the app, we only include users who downloaded
the app during the observation period.* The observation
period started shortly after the launch of the app in April
2015, and we followed users for up to 365 days. A large propor-
tion of users used the app only a few times, a pattern that has
been reported in previous research on mobile apps (e.g., Rutz,
Aravindakshan, and Rubel 2019). As users with only one day
of app usage showed little activity such that we cannot
observe lagged variables from the day before, we require
users in our sample to have at least two days of app access.
In our dataset, 18,952 users meet this condition, representing
58.62% of all app users in our data.’

3 During the observation period, the app did not use push notifications outside
the app to notify users about surveys.

# The app is among the most-downloaded apps of its type. We provide more
details in Web Appendix W2.2.

313,376 users in our raw data only visited the app once and quickly left it and/or
deleted it from their phones.

In total, this dataset contains 702,329 user-day observations.
These users performed a total of 8,762,304 activities in the app,
including answering fun questions and client survey questions
and checking their experience points and coin balances. On a
day with app access, on average, users accessed the app 3.6
times and used it for 349 seconds. Figure 3 illustrates how
users used the app. In total, 86% of users accessed the app
between 2 and 20 days during the observation period, 8.6%
accessed it between 20 and 40 days, and a little more than
5% of users accessed the app more than 40 days. Close to
87% of users answered at least one client survey question,
which means that a large proportion of users in our sample con-
tributed market research data through their app usage. During
their app lifetime, 99.7% of users triggered the game-reward
engine (i.e., they accumulated experience points), and 86.7%
triggered the value-reward engine (i.e., they accumulated
coins), highlighting the importance of both engines in the app.

Wear-Out in User Engagement

Figure 4 shows that, on average, users start with high
app-access probability, suggesting that app users exhibit an
initial interest in using the app. Over time, however, this
initial interest wears off as app-access probability and the
number of active users decreases. Thus, even in the presence
of gamified reward engines, wear-out represents a threat to
mobile apps with engagement-based business models. At the
same time, it highlights the importance of our research ques-
tion—namely, whether gamified reward engines can delay
wear-out by stimulating user engagement.

Variable Specification

Table 3 describes all the variables included in our model and
their conceptualizations, while Table 4 provides descriptive
statistics.

Dependent variables (game engagement and value-added
engagement). We measure game engagement quantity with a
binary variable indicating whether a user engaged in gameplay
on a given day (GameEngagementQuantity;=1) or not
(GameEngagementQuantity;; =0). We measure game engage-
ment quality as the natural logarithm of the number of seconds
a user spent on gameplay in the app on a given day plus 1
(LogGameEngagementQuality;,).

For value-added engagement quantity, we use a binary
variable for whether a user answered a client survey question
on a given day (Value-AddedEngagementQuantity;;=1) or
not (Value-AddedEngagementQuantity;;=0).° To measure
value-added engagement quality, we use the average response
time to answer a client survey question, an established quality

© Results are robust when using a negative binomial model for value-added
engagement quantity with a metric dependent variable indicating the number
of client surveys answered on a given day (see Web Appendix W7.3).
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indicator in market research (e.g., Goetz, Tyler, and Cook
1984). From the perspective of the app provider and its
clients, quick response times for client survey questions indi-
cate that respondents do not take sufficient time to answer the
questions thoroughly and may prioritize speed over the
quality of their responses. As client surveys consist of a
varying number of questions, we measure value-added engage-
ment quality as the (log of) the average time in seconds a user
took to answer per client survey question on a given day. The

mean time users spent answering one client survey question
is 15.6 seconds, but the variability is large (SD = 16.3 seconds).

Independent variables (game-reward engine). Customers assess
their reward proximity by considering the total distance to the
focal reward as a reference point (Kivetz, Urminsky, and
Zheng 2006). The app allows users to keep track of their proxim-
ity to the next game level through a progress bar running from
0%-100% (see Web Appendix W2, Figure W2.1). To mirror
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Table 3. Variable Operationalizations.

Variable Name Operationalization

Dependent Variables: Game Engagement

GameEngagementQuantity;, Binary variable that equals | for any day t where user i answered at least one fun question (i.e., engaged in
gameplay) in the app and 0 otherwise.

Log total number of seconds user i spent on gameplay (i.e., answering fun questions) in the app on day t;
operationalized as In(| + total number of seconds).

Dependent Variables: Value-Added Engagement

Value-AddedEngagementQuantity;, Binary variable that equals | for any day t where user i takes at minimum one client survey question in the
app and 0 otherwise.

Log average number of seconds user i spent per client survey question on day t; operationalized as In(l +
average number of seconds).

Independent Variables: Reward Pursuit

LogGameRewardProximity;, _ | Log cumulative number of experience points user i earned in the current game level divided by the
number of experience points that can be earned in total in this game level (= relative proximity) on day t
— |; operationalized as In(.01 + relative proximity).

Log number of game levels user i unlocked on day t — I; operationalized as In(| + number of game levels).

Log number of coins in the account of user i divided by the number of coins this user still needed for the
next coin redemption (= relative proximity) on day t — |; operationalized as In(.0| + relative proximity).

LogGameEngagementQuality;,

LogValue-AddedEngagementQuality;

LogGameRewardAttainment;, _ |
LogValueRewardProximity;. _ |

LogValueRewardAttainment;, _ |

Log number of coins redeemed to purchase vouchers or make donations by user i on day t— |;

operationalized as In(l + number of coins redeemed).

Moderator Variable: Flow
LogFlow;,

experience points earned).
Independent Variables: Controls
LogUserTenure;, _ |

Log number of experience points earned per minute on day t; operationalized as In(l + number of

Log cumulative number of app accesses since user i downloaded the app on day t — |; operationalized as

In(l +accesses since download).

Weekday;,
SineSeasonality;,
CosineSeasonality;,

Day of the week corresponding to day t of user i (baseline: Monday).
Sine function of user i at day t to capture seasonal variation.
Cosine function of user i at day t to capture seasonal variation.

how game-reward proximity is displayed in the app, we use the
fraction of the current game level completed at a given point in
time. Specifically, we define GameRewardProximity;, _ | as the
number of experience points gained in the current level divided
by the total number of experience points needed to complete
the entire level (note that every level requires a different
number of experience points; see Web Appendix W3,
Table W3.1). The variable GameRewardProximity;; _ | ranges
from 0 to 1, with O indicating the start of a new game level
(0% reward proximity) and 1 indicating the completion of the
current game level (100% reward proximity). We calculate the
log of this variable at the daily level for each user, and we use
a lag (day t — 1) to avoid simultaneity with the dependent vari-
able (user engagement on day t).

Completing the required experience points for a level unlocks
a new game level, leading to game-reward attainment (see Web
Appendix 3, Table W3.1). Users can unlock several game levels
on the same day. GameRewardAttainment;, _ ; measures the
number of game levels user i unlocked on day t — 1. For instance,
auser could start at Game Level 1 and reach Game Level 3 on the
same day. In this case, GameRewardAttainment;, _ | takes the
value 2 (= 3 — 1). As with game-reward proximity, we take
the lag and log.

Independent variables (value-reward engine). With each com-
pleted client survey question, users earn coins in the app.

ValueRewardProximity;, _; indicates the proximity to the
next value reward. We divide the number of coins in a user’s
coin account at the end of day t— 1 by the number of coins a
user needs to attain their next value reward. Thus, a
value-reward proximity of 0 means that a user does not have
any coins in their coin account (0% proximity), and a
value-reward proximity of 1 indicates that the user has as
many coins in the account as needed for the next coin redemp-
tion (100% proximity). We again take the lag and log.

Value-reward attainment comprises coin redemptions for
online shop vouchers and donations to charitable projects.
Accordingly, ValueRewardAttainment;, _; indicates the total
number of coins spent by user i for coin redemptions on day t
— 1. We again take the lag and log. Web Appendix W3 illus-
trates the calculation for the different reward variables.

Moderator variable: flow. Prior literature documents that flow
experiences in online contexts are characterized by focused
concentration on a task, a loss of self-consciousness
(Hoffman and Novak 1996), and even addictive behaviors
(e.g., binge-watching; Schweidel and Moe 2016).
Extrapolating these characteristics to potential behavioral con-
sequences within our focal app, app users who experience
flow are expected to be highly focused on answering fun ques-
tions to receive the associated rewards (e.g., unlocking a new
game level). This strong focus likely makes users process
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Table 4. Descriptive Statistics and Correlations Using Nonlogged Variables.

Correlations

Variable (Scale/Measure) M SD 1 2 3 4 5 6 7 8 9
I. Game engagement quantity (binary .25 A3
indicator)
2. Game engagement quality® (no. of sec.)  304.50 209.13 N.A.
3. Value-added engagement quantity (binary A7 38 NA. I8
indicator)
4. Value-added engagement quality® 1557 1627 NA. 199 NA.
(number of sec. per question)
5. Flow (change in XP per minute) 1496 98.14 N.A. —24% _ 7% _)0%
6. Lag game-reward proximity® (0 to ) 44 27 .09 13 9 06FF  08FF
7. Lag game-reward attainment (no. of levels .32 59 3R lerF — |0 05k 3 — | 4%F
unlocked)
8. Lag value-reward proximity (0 to I) .53 24 .07%  07F  I7¥ 05%F  06*F  05FF —02%F
9. Lag value-reward attainment (number of .58 1075 .05%F  .02% —02% -0l .05% .00 A3 — | 5%
coins redeemed)
10. User tenure (cumulative app access) 4051  75.69 .10% — 03k 7%k |OFF  [3FE Q¥ —[IFF Q9FF — 02FF

*p <.05, ¥p<.0l.

*To report game engagement quality conditional on game engagement quantity, we exclude days with no access for this variable.
®To report value-added engagement quality conditional on value-added engagement quantity, we exclude days with no answers to client survey questions for this

variable.

“For days without app access, we use the status of reward proximity from the last day (end of day) with app access.

Notes: N =702,329 user-day observations (18,952 users). N = 174,358 user-day observations of game engagement quality (excluding days with no fun questions),
and N = 35,870 user-day observations of value-added engagement quality (excluding days with no client survey questions). N.A. = not available, as the binary variable
(i.e., game engagement quantity or value-added engagement quantity) always equals | when the corresponding variable is measured.

information more fluently and, thus, answer the fun questions
more quickly. Therefore, we construct a continuous measure
that captures LogFlow;; as the log of the number of experience
points earned per minute for a user on a given day. This oper-
ationalization is in line with the interactivity speed’ dimension
of flow (Novak, Hoffman, and Yung 2000).

Importantly, from the app provider’s perspective, flow
during game engagement (i.e., when answering fun questions)
is not necessarily a problem, as it indicates user engagement.
Since the app provider does not use these data (the answers
to the fun questions) for the market research commissioned
by clients, the speed of answering fun questions is not relevant
for the provider. However, flow during value-added engage-
ment (answering client survey questions) can be a symptom
of users prioritizing speed over quality, which can lead to
data quality issues (lower value-added engagement quality).

Independent variables (controls). We capture wear-out in user
engagement over time by incorporating the number of app
accesses since download (UserTenure;; _ 1) as a control vari-
able. Because app usage may change over the course of a
week, we include dummies for days of the week as control
variables (Weekday,). Moreover, user engagement in
mobile apps can depend on seasonal influences (e.g., users
might use an app less in the summer when they spend more

7 We report the results of a robustness check with the focus dimension of flow in
Web Appendix W7 (Section W7.6).

time outside). Instead of estimating 11 monthly parameters,
we use sine and cosine functions that robustly and
parsimoniously capture seasonal variations in customer
behavior (Mukherjee and Kadiyali 2018): SineSeasonality;;
=sin(%%) and CosineSeasonality;, = cos(Z%), where T=a
calendar day from 1 to 365, corresponding to observation t
of user i.

Model Development

We model the effects of game- and value-reward proximity and
attainment (up to day t— 1) on both forms of app user engage-
ment on day t, using four dependent variables: game engage-
ment quantity (gameplay incidence), game engagement
quality (log time spent on gameplay), value-added engagement
quantity (binary decision to respond to a client survey ques-
tion), and value-added engagement quality (log time spent per
client survey question). Two data characteristics guide our
model choice. First, as users did not access the app every
day, we observe many zero-usage days, as illustrated for four
selected users in Figure 5. Second, users do not necessarily
engage in a value-added activity (i.e., respond to a client
survey question) when they use the app, creating zeros in the
client survey responses.

We parsimoniously account for the zeros in both dependent
variables (game engagement and value-added engagement)
with two Type II Tobit models (e.g., Danaher and Dagger
2013; Van Heerde, Gijbrechts, and Pauwels 2008). These
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Figure 5. Model-Free Evidence: Heterogeneity in User Engagement.

Notes: Each plot shows the overall usage duration (including time spent on gameplay and value-added activities) of one of four selected users over time.

models capture all possible cases: (1) neither game nor
value-added engagement, (2) game engagement only, (3)
value-added engagement only, or (4) both types of engagement.
Table 5 shows the distribution of these cases in our data.

Game Engagement

We operationalize game engagement (yj;) as the log number of
seconds user i spent on gameplay in the app on day t. The index
t is not calendar time but refers to the user-specific sequence of
days user i used the app starting with the first day of app access
(t=1) and ending with the last day of app access (t=T;). We
address the zeros in game engagement by modeling gameplay
incidence and time spent on gameplay (i.e., game engagement)
as two interrelated equations. Game engagement quantity
follows a probit equation, and game engagement quality
follows a censored regression equivalent to a Type II Tobit
model (Wooldridge 2010, p. 690).
A user engages in gameplay if yj; > 0, where

(1

This model includes a user-specific intercept ay; that accounts
for heterogeneity in gameplay incidence. The covariates in
Wi _ 1 are the reward-pursuit covariates (game-reward proxim-
ity and attainment, value-reward proximity and attainment, and

*
Vi = i + Bywie—1 + Mz + €1t

cross-engine interactions). Covariate vector z; contains the
control variables: log user tenure, weekday, and seasonality.

Conditional on gameplay incidence (i.e., y; > 0), we model
log time spent on gameplay as follows (e.g., Danaher et al.
2020):

In(y; + 1) = oo + BoyWi—1 + Aazip + €21 (2)

In this equation, we also account for heterogeneity in game
engagement (oy;) and use the same independent variables
(wig — 1 and zy) as in the gameplay-incidence probit
Equation 1. Finally, unobserved factors are captured by the
bivariate normally distributed error term vector

(@6 G )

where 6. measures the variance in the game engagement equa-
tion and p, captures the error correlation. The variance of €; is
set to 1 because gameplay incidence is binary.

Value-Added Engagement

Users can answer client survey questions, creating value for the
firm (i.e., value-added engagement quantity). When a user
answers at least one client survey question, qj is the log



262

Journal of Marketing Research 62(2)

Table 5. Distribution of the Four Possible Cases in the Data.

(1) No Game (2) Game (3) No Game (4) Game
Engagement, Engagement, Engagement, Engagement,
No Value-Added No Value-Added  Value-Added Value-Added
Engagement Engagement Engagement Engagement
No. of observations 522,168 144,291 5,803 30,067
Percentage share of the total no. of observations 74.35% 20.54% .83% 4.28%
No. of users represented 15211 17,747 3,205 15,879
Percentage share of users out of total no. of users 80.26% 93.64% 16.91% 83.79%

average time in seconds user i spends on answering a survey
question on day t (i.e., value-added engagement quality). We
use a probit model to capture whether or not a user responds
to any client survey question, which happens if qj; > 0, where

q;kt = o3; + ﬁ3wit71 +0;In (yit + 1) + S flows
+ 83 In(y; + 1) X flowie + A3z + 0y 3)

The intercept a3; captures individual-specific tendencies to
answer client survey questions and the parameter vector f;
captures the effects of reward pursuit. The model captures the
effect of game engagement through the independent variable
In(y;, + 1) and its interaction with flow, where In(y;, + 1) is
the log time (in seconds) user i spends on gameplay in the
app on day t. We use the same control variables as in
Equations 1 and 2 in the covariate vector z;: log user tenure
(to capture wear-out effects), weekday controls and seasonality.

Conditional on a survey incidence (i.e., gj; > 0), we model
value-added engagement quality as the log of time spent per
client survey question:

In(q; + 1) = oj + B4Wit—1 + 84 In(y;; + 1) + dsflow;
+ 66 ln (yit + 1) X ﬂowit + )\-4th + n2it' (4)

This equation accounts for heterogeneity in value-added
engagement quality (o;) and uses the same independent vari-
ables as the survey-incidence probit Equation 3. Unobserved
factors are captured by the bivariate normally distributed error
term vector analogous to Equation 3, with error correlation cap-
tured by p,. We provide estimates for the error (co)variances in
Web Appendix W4.1. Web Appendix W4.2 reports the likeli-
hood function of the models.

Model identification. The system of four Equations 1-4 is recur-
sive because the dependent variable of Equation 2, log time
spent on gameplay, appears as an independent variable in
Equations 3 and 4. This recursive four-equation system is iden-
tified, as we do not allow correlations in the off-diagonal ele-
ments of the 4 X4 error term correlation matrix (Wooldridge
2010, p. 258). We provide an overview of model identification
rules for recursive (triangular) systems and the Type II Tobit
model in Web Appendix W5.

Even though they are not needed for a recursive system from
an identification viewpoint, adding instrumental variables (IVs)
meeting the exclusion restriction may help the identification

(Ailawadi, Pauwels, and Steenkamp 2008; Leeflang et al.
2000, p. 381). Thus, as a robustness check, we run our focal
model with additional IVs that add extra exogenous variation
in the selection Equations 1 and 3. We reestimate the model
and show that the findings are robust (see Web Appendix
W5, Table W5.1). Because IVs produce less efficient estimates,
our focal model reported in the manuscript does not include
IVs.

We use the lag of the reward-pursuit covariates before a
given day (w;_ ) to avoid simultaneity with user engagement
on a given day (y}, yi, g, and q;), limiting the risk of contem-
poraneous correlation between the reward pursuit covariates
and the error terms of Equations 1-4. However, a potential
endogeneity issue arises if there are unobserved individual-
level, time-varying factors reflecting unobserved user engage-
ment levels that affect both w;;_; and the error terms. We
address this potential issue with three separate robustness
checks: (1) We implement two-stage copula estimation
(Yang, Qian, and Xie 2023) as an instrument-free approach to
address endogeneity; (2) we add a control variable that
proxies a user’s recent engagement level by using hitherto
unused information on users’ social activities including visit-
ing/changing their profile and avatar and checking out other
users; and (3) we include an autoregressive individual-level
error term in the focal model, addressing unobserved, time-
varying individual-level characteristics leading to changes in
the reward-pursuit covariates and the engagement decisions.
All three approaches yield findings very similar to the focal
model (see Web Appendix W6, Tables W6.1-W6.6), providing
strong evidence for the validity and robustness of the findings.

Model estimation. We use a Bayesian approach to estimate the
model, which we implement in Stan. To facilitate the
Hamiltonian Monte Carlo estimation algorithm, we use
weakly informative priors centered at 0 (e.g., p ~ N(O, 1)).
Robustness checks with less informative priors produced prac-
tically identical results (Web Appendix W7, Section W7.7) but
take significantly more estimation time. Moreover, we use LKJ
correlation priors for the correlation matrix decomposition of
(Lewandowski, Kurowicka, and Joe 2009).

We achieve convergence, as measured by the R statistic
(Gelman and Rubin 1992) with 2,000 iterations. We provide
the full Stan model code, including the prior specification, in
Web Appendix WS. In a robustness check, we estimate the
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model with maximum likelihood (and no random intercepts),
yielding very similar outcomes (Web Appendix W7, Section
W7.2).

Results

We first report the effects of reward pursuit on game- and
value-added engagement. Next, we discuss the translation of
game engagement into value-added engagement. Finally, we
use a simulation to understand the economic impact of the
game- and value-reward engines. For all reported effects the
95% posterior density intervals of the parameter estimates
exclude zero (unless stated otherwise), indicating significance
of the parameter estimates at the 5% level.

Effects of Reward Pursuit on Game Engagement and
Value-Added Engagement

Table 6 reports the posterior means and the 95% posterior
density intervals (in brackets) for the effects of the covariates
on user engagement using the full model. Web Appendix
W7.1 includes a base model without interactions to show the
robustness of the main effects.

Direct effect estimates. User tenure (cumulative app access over
time) that accounts for wear-out in user engagement decreases
gameplay incidence (—.18), log time spent on gameplay
(—.50), survey incidence (—.14), and log time per survey
(—=.17), providing evidence that wear-out represents a major
threat to engagement-based business models. We discuss the
effects of day of the week and seasonality on user engagement
in Web Appendix W9.

We now discuss the effects of the game-reward engine on
engagement. As app users get closer to the next level and
unlock new levels, gameplay incidence increases (game-reward
proximity: .22; game-reward attainment: 1.43) as does log time
spent on gameplay (game-reward proximity: .43; game-reward
attainment: 2.15). Thus, both game-reward proximity and game-
reward attainment lift game engagement. However, while game-
reward proximity increases survey incidence (.05) and log time
per survey (.05), game-reward attainment decreases survey inci-
dence (—.68) and log time per survey (—.60). Thus, game-reward
attainment (on the previous day) has negative effects on
value-added engagement (on the current day).

The value-reward engine lifts gameplay incidence and log
time spent on gameplay. As app users come closer to the next
coin redemption (value-reward proximity), gameplay incidence
(.27) and log time spent on gameplay (.39) increase. Redeeming
coins (value-reward attainment) also significantly increases
gameplay incidence (.12) and log time spent on gameplay
(.20). Thus, both value-reward proximity and value-reward
attainment lift game engagement.

Regarding the direct effects on value-added engagement,
value-reward proximity lifts survey incidence (.21) and log
time per survey (.21). Value-reward attainment has no

significant effect on value-added engagement (—.01; for both
survey incidence and log time per survey).

Discussion of direct effects. Consistent with research suggesting
that goal proximity increases perseverance (e.g., Hull 1932;
Kivetz, Urminsky, and Zheng 2006), game-reward and
value-reward proximity increase game and value-added
engagement. The observation that proximity to one type of
reward leads to more engagement with activities that entail a
different type of reward is a novel finding, suggesting that the
anticipation of a nearby reward can create a motivational
context that enhances engagement more broadly within the
app. We propose that feeling that a reward is nearby primes
users cognitively and emotionally (Asgeirsson and
Kristjansson 2014), making them more receptive to other
behaviors that lead to rewards.

Consistent with research showing that reward attainment can
be motivating (e.g., Gershon, Cryder, and John 2020; Nunes
and Dreze 2006), we observe that users increase their game
engagement not only when they attain a game reward but also
when they attain a value reward, suggesting that the positive
feelings and reinforcement from a value reward (Gershon,
Cryder, and John 2020) can generalize across other activities
within the app, in line with theories of generalized reinforce-
ment (Hull 1943). Game-reward attainment, in contrast, has a
negative effect on value-added engagement quantity and
quality. Extrapolating the reduced interruption tolerance in
goal pursuit documented by Jhang and Lynch (2015) to the
context of mobile app gamification, attaining game rewards
may be so engaging that users show resistance to other (i.e.,
value-added) activities, highlighting a novel downside of
reward attainment in the context of gamified mobile apps.
Finally, the insignificant effect of value-reward attainment on
value-added engagement suggests satiation in value-added
engagement, in line with postreward resetting (Kivetz,
Urminsky, and Zheng 2006). Together with the finding that
value-reward attainment increases game engagement, we
propose that value-reward attainment leads to goal substitution,
such that once the goal of value-reward attainment is achieved,
users shift their focus to game engagement, especially because
game rewards appear more accessible (Fishbach, Dhar, and
Zhang 2006) after users reset their value-reward proximity
through value-reward attainment.

Interaction effects. Since our study is the first to examine hybrid
reward architectures, the observed cross-engine interaction
effects provide novel insights into the interplay of rewards.
Specifically, we find positive interaction effects between game-
reward proximity and value-reward proximity on gameplay
incidence (.12), log time spent on gameplay (.23), survey inci-
dence (.20), and log time per survey (.19). Thus, high reward
proximity in one engine lifts the positive effect of reward prox-
imity on engagement in the other engine. This result shows that
the motivational appeal of reward proximity can be enhanced
by serving both intrinsic and extrinsic motivation through two
reward engines (Ryan and Deci 2000), contrary to
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Table 6. Game Engagement and Value-Added Engagement Model Results: Bayesian Type Il Tobit Model.

Dependent Variable

Gameplay Incidence
[Game Engagement

Quantity]

Parameter

Log Time Spent on
Gameplay® [Game
Engagement Quality]

Survey Incidence
[Value-Added
Engagement Quantity]

Log Time Per Survey®
[Value-Added
Engagement Quality]

Random individual-level Included

Included

intercepts

Game-Reward Engine

Lag log game-reward
proximity

Lag log game-reward
attainment

Value-Reward Engine

Lag log value-reward
proximity

Lag log value-reward
attainment

Cross-Engine
Interactions

Lag log game-reward
proximity X lag log
value-reward proximity

Lag log game-reward
attainment X lag log
value-reward attainment

Game Engagement

Log time spent on gameplay

Flow

Log game progress per
minute

Game Engagement x
Flow

Log time spent on gameplay
X log game progress per
minute

Controls

User tenure

Sine seasonality

Cosine seasonality

22%[22, 23]

1.43% [1.41, |.44]

27% [26; 28]

2510, .14]

2%, .12]

—.08* [-.11, —.05]

—18% [-.19, —.17]
31%[30, .32]
.05% [.04, .06]

43* [42, 43]

2.15% [2.13, 2.18]

39%[38, 41]

20417, 22]

23%[22, 24]

—.06* [.10, —.02]

—50% [-.51, —49]
29%[27, 30]
—01 [-.02, 01]

.05% [.04, .06]

—68% [-.71, —.65]

21%[20, 23]

—01 [-.04, 03]

20519, 21]

—.02 [-.08, .03]

8180, .82]

— 155 [—.16, —.14]

—40% [—40, —39]

—14% [=.15, —.13]
—.04% [-.05, —.02]
—.01 [-.02, .00]

05% [.04, .06]

—.60% [—.64, —.56]

21519, 22]

—0l1 [-.06, .04]

195 .18, 21]

07 [-.01, .15]

T1%[.70, 73]

—21%[-24, —.19]

—26% [-.27, —25]

—17%[-.18, —.15]
—27% [-.29, —25]
—33% [-.34, —31]

No. of observations (users)

702,329 (18,952)

174,358 (18,727)

702,329 (18,952)

35,870 (16,238)

*p <.05.

*To ensure that the model can be used when the DV =0, we add | to it before taking logs.
Notes: We use 95% posterior density intervals (in brackets) for the significance of the parameter estimates (reflected by * for p <.05 even though p-values are not
common in Bayesian modeling). We omit the estimates for weekdays for the sake of space.

Wrzesniewski et al.’s (2014) observation that combining intrin-
sic and extrinsic motives can lead to negative outcomes.
Conversely, there are negative interaction effects between
game-reward attainment and value-reward attainment on game-
play incidence (—.08) and log time spent on gameplay (—.06).
This result means that when both types of rewards are achieved
simultaneously, users are more likely to become temporarily
less engaged with the game. Consequently, the documented
negative effect of postreward resetting (Kivetz, Urminsky,
and Zheng 2006) is amplified by hybrid reward architectures
—that is, users of gamified mobile apps experience double post-
reward resetting.

Effect sizes. To assess effect sizes, we report the marginal
effects on gameplay probability and time spent on gameplay
(i.e., game engagement) as well as survey probability and
time spent per survey (i.e., value-added engagement) for differ-
ent levels of the independent variables. For a low level of
reward proximity, we use a 20% completion, while 80% com-
pletion represents a high level. We also compare low reward
attainment (= 0) with high (= average) reward attainment,
which is 1.16 levels for game-reward attainment and 57.72
coins for value-reward attainment. All other variables are set
to their means. Web Appendix W4.3 documents calculation
details.
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As Figure 6 shows, going from low to high game-reward
proximity lifts gameplay probability by 40% (from 25% to
35%), time spent on gameplay by 124% (from 34 to 76
seconds), survey probability by 12% (from 17% to 19%), and
time per survey by 21% (from 14 to 17 seconds). Going from
low to high game-reward attainment lifts users’ gameplay prob-
ability from 25% to 70% (+180%) and time spent on gameplay
from 30 to 578 seconds (+1,827%). These effect sizes are sub-
stantial, highlighting the engaging powers of game-reward
attainment. However, game-reward attainment also has a dark
side, as it decreases survey probability (i.e., value-added
engagement quantity) from 19% to 7% (—63%) and time per
survey (i.e., value-added engagement quality) by 67% (from
18 to 6 seconds).

In the value-reward engine, going from low to high reward
proximity increases gameplay probability from 21% to 33%
(+54%), time spent on gameplay by 120% (from 29 to 64
seconds), survey probability by 62% (from 13% to 21%), and
time per survey by 73% (from 10 to 17 seconds).
Value-reward attainment increases gameplay probability from
28% to 46% (+64%), and it increases time spent on gameplay
from 47 to 152 seconds (+223%). The effects of value-reward
attainment on value-added engagement (quantity and quality)
are nonsignificant.

Interaction effects for reward proximity. Figure 7 illustrates the
positive and significant cross-engine interaction effects of
reward proximity on both game engagement (quantity: .12;
quality: .23; see Table 6) and value-added engagement (quan-
tity: .20; quality: .19; see Table 6). Specifically, the increase in
gameplay probability (Panel A), time spent on gameplay
(Panel B), survey probability (Panel C), and time per survey
(Panel D; each on the left) from low to high reward proximity
in one engine is larger when reward proximity is high (vs. low)
in the other engine. For example, when reward proximity in
the game-reward engine is high, going from low to high
reward proximity in the value-reward engine leads to a stron-
ger increase in gameplay probability (from 25% to 43%;
+72%) compared with when reward proximity in the game-
reward engine is low (from 20% to 28%; +40%). Taken
together, high reward proximity in both engines leads to a
strong boost in both game engagement and value-added
engagement.

Interaction effects for reward attainment. For reward attainment,
Table 6 shows significantly negative cross-engine interactions
on gameplay probability (—.08) and time spent on gameplay
(—.06). Illustrating the latter, Figure 7 (Panel B, right side)
shows that the increase in time spent on gameplay due to a
low-to-high lift in value-reward attainment is stronger for no
game-reward attainment (from 31 to 103 seconds, +232%)
than for average game-reward attainment (from 612 to 1,445
seconds, +136%). Thus, the effect of reward attainment in
one engine on game engagement is weakened when users
attain a reward in the other engine.

In summary, while for game- and value-added engagement,
cross-engine reward proximity shows complementarity, cross-
engine reward attainment shows substitutability for game
engagement (while we find no cross-engine attainment interac-
tions for value-added engagement).

Translation of Game Engagement into Value-Added
Engagement

Table 6 shows that time spent on gameplay (i.e., game engage-
ment quality) has a positive and significant impact on survey
incidence (.81) and log time per survey (.71). Thus, higher
game engagement lifts value-added engagement quantity and
quality generated for the app provider and its clients.
However, more flow (log game progress per minute) leads to
a significant decrease in both survey incidence (—.15) and log
time per survey (—.21), thus decreasing the quantity and
quality of the data provided.

As expected, we find a significantly negative interaction
effect between log time spent on gameplay (i.e., game engage-
ment quality) and log game progress per minute (i.e., flow) on
survey incidence (—.40) and log time per survey (—.26). To
show the relevance of the interactions, we calculate the condi-
tional effects for low and high game engagement at two
levels of the flow moderator (while all other variables are at
their means). Figure 8 visualizes how flow weakens the positive
translation of time spent on gameplay (i.e., game engagement)
into predicted survey-incidence probability (i.e., value-added
engagement quantity; Figure 8, Panel A) and predicted time
per survey (i.e., value-added engagement quality; Figure §,
Panel B).

Specifically, when flow is low, high (vs. low) time spent
on gameplay (i.e., game engagement quality) lifts
survey-incidence probability (i.e., value-added engagement
quantity) from 27% to 36% (4+33%). When flow is high,
the effect of time spent on gameplay on survey incidence-
probability becomes negative: high (vs. low) time spent
on gameplay drops survey-incidence probability from 5%
to 4% (—20%). These findings illustrate the strength of the
negative interaction effect between flow and time spent on
gameplay on survey-incidence probability (f=-.40, see
Table 6).

Likewise, flow weakens the translation of time spent on
gameplay (i.e., game engagement quality) into time per
survey (i.e., value-added engagement quality). When flow is
low, high (vs. low) time spent on gameplay lifts time per
survey from 9.83 seconds to 18.39 seconds (+87%). When
flow is high, high (vs. low) time spent on gameplay lifts time
per survey less strongly (from 3.3 seconds to 4.4 seconds;
+32%), illustrating the negative interaction between flow and
time spent on gameplay on time per survey (f=-—.26, see
Table 6). These findings suggest that users with high levels of
flow spend very little time on survey questions (so-called
“speeders”), illustrating the potential value-detracting conse-
quences of flow in gamified mobile apps.
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A: Main Effects of Reward Pursuit on Game Engagement Quantity

Variable Level [[]] Low [l High

C: Main Effects of Reward Pursuit on Value-Added Engagement Quantity

Game-Reward Engine Value-Reward Engine
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Figure 6. Changes in Game and Value-Added Engagement Conditional on Reward Engines.
Notes: The four reward-engine variables are set to either low (20% proximity, no attainment) or high (80% proximity, average attainment) levels one at a time. For
example, the two numbers on the top left of the figure represent the gameplay-incidence probability for a low (24.52%) and high (34.80%) level of game-reward

proximity.

Heterogeneity of the Effects of Reward Pursuit on User
Engagement

While Models 1-4 account for heterogeneous intercepts, they
can—in theory—be extended by heterogenous slope parame-
ters. We tried estimating such a model, but the data do not
allow identifying heterogeneous slope parameters, especially
for users with very short usage histories (e.g., two days of
app access during the observation period).

To explore whether the effects of reward pursuit on user
engagement vary for different user groups, we conduct a
median split on game engagement to build segments of
“heavy” and “light” users. As reported in more detail in Web
Appendix W10, we find that heavy users are very sensitive to
reward attainment and strongly influenced by flow, such that
they stick more to gameplay and pay less attention to
value-added engagement. Compared with heavy users, light
users are more sensitive to the value reward engine and to
reward proximity.

Economic Relevance of the Reward Engines

To demonstrate the economic relevance of the reward engines,
we simulate the effect of exogenous reward-pursuit shocks—
that is, changes in reward proximity and/or reward attainment
resulting from an app provider’s intervention—on game

engagement and value-added engagement. It is common prac-
tice for app providers to offer users free virtual in-app currency
(e.g., points or virtual money; “sudden rewards,” Friedrich et al.
2020). Such shocks affect users’ reward pursuit, which in turn
drives their game engagement and value-added engagement.

To compare the effects of reward-pursuit shocks between the
two reward engines, we simulate two scenarios in which users
receive free in-app experience points (XP) in the game-reward
engine (Scenario 1: free XP) or free currency in the
value-reward engine (Scenario 2: free coins). To use realistic
values, we note that users earn, on average, 90 XP and 30
coins (worth €.30) a day when they progress in the correspond-
ing engine.® Correspondingly, in Scenario 1, all users are gifted
90 XP (to simulate a game-reward engine shock), and in
Scenario 2, they are gifted 30 coins (to simulate a value-reward
engine shock).

We use a baseline scenario that approximates the real data
observations as a starting point (more details below). After sim-
ulating the effect of an exogenous reward-pursuit shock, we
update game-reward proximity and attainment (Scenario 1) or
value-reward proximity and attainment (Scenario 2) for each

8 Since the exact number fluctuates each day and between users, we round the
average to a multiple of 10 for the simulation (XP: from 87.84 to 90; coins: from
30.60 to 30).
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A: Interaction Effects of Reward Pursuit on Game Engagement Quantity
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C: Interaction Effects of Reward Pursuit on Value-Added Engagement Quantity
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Figure 7. Change in Game and Value-Added Engagement Conditional on Cross-Engine Interaction Effects of Reward Pursuit.

Notes: Reward proximity and reward attainment are set to either low (20% reward proximity, no reward attainment) or high (80% reward proximity, average
reward attainment) levels in the game-reward engine and in the value-reward engine one at a time. For example, the two numbers on the top left of the figure
(Panel A) represent the gameplay-incidence probability for a low (19.66%) and high (28.27%) level of value-reward proximity when game-reward proximity is set

to a low level.

user. To control for the potential influence of the chosen day of
the reward-pursuit shock, we impute the shock on each sep-
arate day during the observation period (one shock at a time)
and report the average impact on the dependent variables.
For each observation and each of the two scenarios, we sub-
tract the predicted outcome after the free gift from the pre-
dicted outcome without the free gift, yielding the change in
the outcome caused by the shock. We use the median of
this change across days. For details see Web Appendix
W4.4.

We scale the effects during the one-year period for an esti-
mated overall number of app users. The market research app
studied in this article has more than 500,000 downloads in
the Google Play Store. Based on our discussion with the
company, approximately 100,000 people use the app.
Therefore, we multiply the changes in (1) average gameplay
probability, (2) seconds of game-usage duration (i.e., game
engagement), and (3) survey-incidence probability (i.e.,
value-added engagement quantity) by 100,000. Consequently,
the effects shown in Table 7 are based on each of the
100,000 users receiving a gift (XP or coins) once in their app
lifetime. For time spent per survey (i.e., value-added engage-
ment quality), we report the change in the number of seconds
spent per survey caused by the reward-pursuit shock because
a cumulative number is not meaningful for the app provider.

The baseline scenario (see the “Baseline” column in Table 7)
approximates how the app usage behavior of 100,000 users
translates into user engagement and economic value on an
average day. Specifically, we use our real data observations
(before the shocks) to predict average daily user engagement
and scale it by the number of users. For instance, multiplying
the average predicted gameplay probability of 27% by the
number of users yields 27,000 gameplays on an average day.

The reward-pursuit shock in the value-reward engine costs
the app provider €6,300 (i.e., €.30 per user with a redemption
rate of 21%) because the app provider needs to buy vouchers
from online shop owners that users can redeem with their
coins (one coin equals €.01). In contrast, the reward-pursuit
shock in the game-reward engine is free. Due to the size of
the reward-pursuit shock, users attain game reward-attainment
(48% of the observations; Scenario 1) or value-reward attain-
ment (21% of observations; Scenario 2). We find that gifted
XP (Scenario 1) lead to more positive downstream conse-
quences than gifted coins (Scenario 2). Gifted XP lead to not
only more additional gameplays than gifted coins (+3.8k vs.
+2.5k) but also more time spent on gameplay (4354 hours
vs. +194 hours), more value-added engagement quantity
(+4,000 surveys vs. +3,500 surveys), and more value-added
engagement quality (+9 additional seconds vs. +6 additional
seconds per survey).
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Figure 8. Conditional Effects of Game Engagement (Time Spent on Gameplay) on Value-Added Engagement for Low Versus High Levels of

Flow.

Notes: We vary the level of time spent on gameplay and flow between the 20th percentile (for low levels) and the 80th percentile (for high levels) of the

observations. all other variables are set to their mean values.

To convert these findings into monetary figures, we note that
market research clients of the app provider buy credits on the
provider’s website. This enables us to calculate a realistic
revenue estimate per client survey answered (€1.60), which
we multiply by the additional number of surveys answered.
Taken together, we find that an app provider who implements
a game-reward engine shock earns €6,400 additional revenue
versus €5,600 due to a value-reward engine shock.
Importantly, gifted XP are free of cost for the app provider,
while gifted coins cost €6,300. In our simulation, the
value-reward engine shock does not fully cover the costs of
the additional rewards provided. While these calculations
depend on the assumptions made, they show that both reward
engines can substantially increase the value of mobile apps,
while the game reward engine has the benefit of zero marginal
cost.

Discussion

Theoretical Implications

Although scholars and mobile app providers recognize the
importance of approaches to counteract wear-out in app user
engagement over time (e.g., Localytics 2018; Van Heerde,
Dinner, and Neslin 2019), to the best of our knowledge, our
research is the first to study how gamification and a hybrid

reward structure involving game and value rewards can help
engage users, and how this engagement translates into mobile
app value.

This research contributes to the literature on reward architec-
tures by analyzing the impact of game- and value-reward
engines and their interplay in the mobile app engagement
value chain. While reward pursuit has been studied in nondigi-
tal contexts (e.g., cafe reward programs; Kivetz, Urminsky, and
Zheng 2006), we extend prior research by investigating the
effects of reward pursuit in gamified mobile apps. We find
that reward pursuit through both engines—conceptualized by
reward proximity and reward attainment—increases user
engagement. Our results complement Wrzesniewski et al.’s
(2014) work on mixed motives. While these authors pointed
to potential negative consequences of combining intrinsic and
extrinsic motives, our study reveals a more nuanced interaction
in gamified apps. The integration of game and value rewards in
apps might blur the lines between intrinsic and extrinsic moti-
vations, fostering a holistic engagement where these motiva-
tions complement rather than conflict with each other.

Our study is the first to examine hybrid reward architectures
and the first to investigate the effectiveness of value rewards in
the context of mobile apps. We find positive effects of reward
proximity on game engagement and value-added engagement
in both reward engines, suggesting that the goal-gradient
hypothesis also holds for gamified mobile apps. In line with
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Table 7. Effects of Simulated Shocks in Reward Engines on Economic Mobile App Value.

Baseline:
Daily Average

Shocked Engine

Scenario 2:
Value-Reward Engine

Scenario |:
Game-Reward Engine

Shock size +70 XP +30 coins (€.30)
Number of users 100,000 100,000 100,000
Attainment rate® (redemption rate) 9% | 2% 48% 21%
Reward costs €1,160° +€0 +€6,300°
Expected effect on game engagement quantity 27,000 gameplays 43,849 gameplays +2,459 gameplays

Change in number of gameplay incidences
Expected effect on game engagement quality

Change in game-usage duration
Expected effect on value-added engagement

quantity

Change in number of survey incidences
Expected effect on value-added engagement

quality

Change in survey quality (time per survey)
Expected effect on economic value

Change in revenue

3,704 gameplay hours

13,000 surveys

7 seconds per survey

€20,800

+354 gameplay hours +194 gameplay hours

+3,978 surveys +3,511 surveys

+ 9 seconds per survey

+ 6 seconds per survey

+€6,365 +€5,618

*The attainment rate (redemption rate in value-reward engine) indicates the percentage of observations crossing the attainment threshold (reward proximity >

100%).

®Baseline reward costs for value rewards = number of users X attainment rate X average coin redemption (i.e., 58 coins = €.58).
“Shock reward costs for value rewards = number of users X attainment rate X shock size.

9Real-world informed assumption: $1.60 per survey for each responding user.

prior research that documented a negative effect of reward
attainment on customers’ efforts in reward programs (postre-
ward resetting; Kivetz, Urminsky, and Zheng 2006), we
observe negative direct effects of game-reward attainment on
value-added engagement. This finding suggests that attaining
game rewards may make users enter a (psychological) reward
rush (e.g., striving for repeated positive feelings of compe-
tence), detracting users from value-added engagement.

However, we observe positive direct effects of game- and
value-reward attainment on game engagement. Thus, unlike
the postreward resetting that we find for value-added engage-
ment and that Kivetz, Urminsky, and Zheng (2006) report for
reward programs, achieving game or value rewards enhances
gameplay incidence and gameplay time. This finding suggests
that the positive affect that users feel about receiving rewards
(Gershon, Cryder, and John 2020) encourages them to engage
even more with the game.

There is a caveat, though. As users trigger two reward
engines during their app usage, the hybrid setup of reward
engines requires an analysis of cross-engine interactions. We
find that a hybrid reward architecture may backfire when
users attain rewards in both engines concurrently.

Furthermore, while there is initial evidence of positive effects
of gamification on user engagement in contexts such as learning
(e.g., Da Rocha Seixas, Gomes, and De Melo Filho 2016) and
branding (e.g., Yang, Asaad, and Dwivedi 2017), potential neg-
ative consequences have not yet been explored. Accordingly,
Eisingerich et al. (2019, p. 14) call for research that “examines
the potential negative effects of gamification on engagement.”
We answer this call by introducing the concept of flow to

show the value-detracting effects of mobile app gamification.
In particular, we explore the consequences of users entering a
state of flow for business models wherein both the quantity
and quality of user engagement count toward an app’s value.
Our findings suggest that when users enter a state of flow, the
positive effect of users’ game engagement on value-added
engagement decreases. This observation aligns with the findings
of Woolley and Sharif (2022), who demonstrated that increased
immersion in a category, akin to a flow state, increases the like-
lihood that users select similar (from that category) over dissim-
ilar media. This alignment suggests that the flow state not only
detracts from value-added activities but may also foster a prefer-
ence for similar types of engagement that created flow.

Managerial Implications

Our research offers several important managerial implications for
mobile app providers. First, gamification offers the option of
deploying a hybrid reward architecture comprising a
value-reward engine and a game-reward engine. This reward
setup might be novel for managers who only consider value
rewards that incur costs for their firms (Toker-Yildiz et al.
2017). We propose that managers should leverage the power of
psychological motivation inherent in humans by providing
game rewards, utilizing the motivational appeal of game-like
structures (Przybylski, Rigby, and Ryan 2010). In our study,
we find that game rewards (which are free) increase user engage-
ment significantly over and above value rewards (which are not
free), leading to a lift in business value. Thus, gamification rep-
resents a cost-effective way to enhance user engagement.
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Second, while managers have been struggling with the neg-
ative effects of postreward resetting in their reward strategies—
that is, when users reduce their effort after attaining a reward
(Kivetz, Urminsky, and Zheng 2006)—our results suggest
that the hybrid use of two reward engines can reduce this phe-
nomenon. Thus, mobile apps should enable the continuous
pursuit of both value and game rewards. This insight from
our study of gamification of nongame apps extends to apps
where gameplay is the central feature (e.g., video game apps)
and where ad viewing is often an essential part of the business
model. Building on our findings on the synergistic effects of
hybrid reward architectures, incorporating value rewards (e.g.,
in-app currency, exclusive game content) in video game apps
for value-added activities such as viewing ads can increase
the perceived value of engaging with these activities. In addi-
tion, in this setup, ads are less likely to interrupt gameplay
flow but rather complement it.

However, incorporating value rewards makes the reward
architecture hybrid. Our findings show that the pursuit of both
value and game rewards might backfire when reward attainment
coincides in both reward engines. Accordingly, managers
should avoid simultaneous reward attainment in both engines.
We propose a temporal decoupling of reward attainment in
the engines, for example, by providing game rewards at a
higher frequency than value rewards.

Third, despite its positive effects on user engagement, gami-
fication can facilitate app-usage patterns that can detract users’
attention from value-added engagement. One potential issue for
app providers is that success in game-reward attainment makes
users less inclined to engage in value-added activities. To
prevent this effect, app providers can restrict access to certain
game rewards until users have engaged with a certain number
of value-added activities. For the time of the restriction,
value-added activities could be integrated into the gamification
process, such that users earn game rewards through value-added
activities such as watching ads.

Another issue that we uncover is that entering a psycholog-
ical state of flow inhibits the translation of game engagement
into value-added engagement. We expect that this finding
extends to one of most relevant business models for mobile
apps and other digital services (Appel et al. 2019; Rutz,
Aravindakshan, and Rubel 2019), which is in-app advertising
that monetizes engagement with an app by displaying ads.
While app providers earn more revenue by exposing users to
many ads, advertisers that pay providers to place ads in an
app rely on the quality of users’ responses to these ads
(Schweidel and Moe 2016). Therefore, as our results indicate,
the value-detracting effects of users entering a state of flow
can harm the value creation of both app providers and advertis-
ers. Against this background, it is important to counteract the
value-detracting effects of gamification that result from users
entering a state of flow. Our results suggest that app providers
may benefit from ensuring that value-added activities do not
interrupt users’ flow in game-playing activities. Specifically,
app providers could consider exposing users to ads early in
their usage sessions, which decreases the probability that

users have already entered a state of flow. In line with this
notion, advertisers could offer to pay app providers a
premium to advertise in the early stages of usage sessions.
Ideally, app providers could employ algorithms to detect each
user’s current engagement state (Zhang et al. 2019). Thus,
app providers could expose users to ads at points when these
algorithms detect users not being in a state of flow.
Combining our results with Shin and Grant’s (2019) theory of
the curvilinear relationship between intrinsic motivation and
task performance, high engagement in gamified activities
appears to create a psychological contrast effect, reducing
engagement in less intrinsically motivating value-added app
activities. This finding shows the need for a balanced reward
strategy in app design, to steer engagement harmoniously
across all app activities.

Our empirical investigations show that combining value
rewards and game rewards increases user engagement and its
subsequent translation into value-added engagement. This
translation works even for the market research app under
study, in which answering market research questions is a utili-
tarian activity that is not considered engaging per se (Goetz,
Tyler, and Cook 1984). We believe that gamification is a prom-
ising approach to entice users to conduct utilitarian tasks that
require ongoing user engagement to create value for individuals
or society. For example, an education app can provide game
rewards for learning (e.g., vocabulary tests) and value
rewards for purchasing learning materials (e.g., unlocking
paid learning chapters).

Limitations and Future Research

This research has limitations that offer avenues for future
research. Our sample consists of users who accessed the app
on at least two different days. Thus, we excluded users from
our analysis who stopped using the app on the first day of
usage and therefore did not meet our sample-selection criteria.
Managers need to understand how to engage such users before
they leave an app at a very early stage, and future research
should aim to provide such insights.

Further, we study gamified reward engines in only one spe-
cific app. Some business models may benefit more from game-
reward engines, while others may benefit more from
value-reward engines. In particular, business models that incor-
porate social features—that is, features that involve social inter-
actions between users (Boyd, Kannan, and Slotegraaf 2019)—
could benefit more from game rewards than business models
that do not. For instance, striving for achievements likely has
a stronger impact on user engagement when a user is competing
with other app users through rankings or leaderboards (Kunkel,
Lock, and Doyle 2021).

Finally, we focus on a reward strategy that rewards all app
users equally. However, there is evidence that customers’ indi-
vidual reward preferences affect the effectiveness of reward
strategies (Kivetz and Simonson 2002). App providers can
implement personalized reward strategies by customizing
rewards to individual users. For example, app providers could
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define user segments based on users’ shared response patterns
to different types of rewards and reward each user segment dif-
ferently. Future research could explore what kind of benefits
personalized reward strategies offer for user engagement and
value creation in mobile apps.

Despite these limitations, this research offers several new
insights into how gamified reward engines drive the mobile
app engagement value chain and helps app providers counteract
wear-out in user engagement over time.

Acknowledgments

The authors thank their data provider, who wishes to remain anony-
mous. The authors furthermore thank the Regional Computing
Center of the University of Cologne (RRZK) for providing computing
time on the DFG-funded (funding number: INST 216/512/1FUGG)
high-performance computing system CHEOPS as well as support.

Coeditor
Raghuram Iyengar

Associate Editor
P.K. Kannan

Author Contributions

The second, third, and fourth authors contributed equally to the paper
and are listed alphabetically.

Declaration of Conflicting Interests

The authors declared no potential conflicts of interest with respect to
the research, authorship, and/or publication of this article.

Funding

The authors disclosed receipt of the following financial support for the
research, authorship, and/or publication of this article: This work was
supported by the Deutsche Forschungsgemeinschaft (grant number
258669002).

ORCID iDs

Jens W. Paschmann
Harald J. van Heerde

https:/orcid.org/0000-0003-0208-8598
https:/orcid.org/0000-0001-6767-7591

References

42matters (2021), "Distribution of Free and Paid Apps in the Apple
App Store and Google Play as of August 2021,” Statista
(September 7), https:/www.statista.com/statistics/263797/number-
of-applications-for-mobile-phones/.

Ailawadi, Kusum L., Koen Pauwels, and Jan-Benedict
E.M. Steenkamp (2008), “Private-Label Use and Store Loyalty,”
Journal of Marketing, 72 (6), 19-30.

Appel, Gil, Barak Libai, Eitan Muller, and Ron Shachar (2019), “On

the Monetization of Mobile Apps,” International Journal of

Research in Marketing, 37 (1), 93-107.
Ascarza, Eva, Raghuram Iyengar, and Martin Schleicher (2016), “The
Perils  of Churn Using  Plan

Proactive Prevention

Recommendations: Evidence from a Field Experiment,” Journal
of Marketing Research, 53 (1), 46—60.

Asgeirsson, Amni G. and Ami Kristjansson (2014), “Random Reward
Priming Is Task-Contingent: The Robustness of the 1-Trial
Reward Priming Effect,” Frontiers in Psychology, 5, 309.

Bitrian, Paula, Isabel Buil, and Sara Catalan (2021), “Enhancing User
Engagement: The Role of Gamification in Mobile Apps,” Journal
of Business Research, 132, 170-85.

Boyd, D. Eric, P.K. Kannan, and Rebecca J. Slotegraaf (2019),
“Branded Apps and Their Impact on Firm Value: A Design
Perspective,” Journal of Marketing Research, 56 (1), 76-88.

Busby, Mattha (2018), “Social Media Copies Gambling Methods ‘to
Create Psychological Cravings’,” The Guardian (May 8), https:/
www.theguardian.com/technology/2018/may/08/social-media-
copies-gambling-methods-to-create-psychological-cravings.

Csikszentmihalyi, Mihaly (1990), Flow: The Psychology of Optimal
Experience. Harper Perennial.

Danaher, Peter J. and Tracey S. Dagger (2013), “Comparing the
Relative Effectiveness of Advertising Channels: A Case Study of
a Multimedia Blitz Campaign,” Journal of Marketing Research,
50 (4), 517-34.

Danaher, Peter J., Tracey S. Danaher, Michael S. Smith, and
Ruben Loiza-Maya (2020),
Multiple Retailer-Brands in a Multimedia and Multichannel
Environment,” Journal of Marketing Research, 57 (3), 445-67.

Da Rocha Seixas, Luma, Alex S. Gomes, and Ivanildo J. de Melo Filho
(2016), “Effectiveness of Gamification in the Engagement of

“Advertising Effectiveness for

Students,” Computers in Human Behavior, 58, 48-63.

Dorotic, Matilda, Tammo H.A. Bijmolt, and Peter C. Verhoef (2012),
“Loyalty Programmes: Knowledge and Research
Directions,” International Journal of Management Reviews, 14
(3), 217-37.

Dréze, Xavier and Joseph C. Nunes (2006), “Recurring Goals and
Learning: The Impact of Successful Reward Attainment on
Purchase Behavior,” Journal of Marketing Research, 48 (2),
268-81.

Eisingerich, Andreas B., André Marchand, Martin P. Fritze, and
Lin Dong (2019), “Hook vs. Hope: How to Enhance User
Engagement Through Gamification,” International Journal of
Research in Marketing, 36 (2), 200-215.

Fishbach, Ayelet, Ravi Dhar, and Ying Zhang (2006), “Subgoals as
Substitutes or Complements: The Role of Goal Accessibility,”
Journal of Personality and Social Psychology, 91 (2), 232-42.

Fortune Business Insights (2020), “Gamification Market Size, Share &
COVID-19 Impact Industry Analysis,” (accessed March 10, 2024),
https:/www.fortunebusinessinsights.com/industry-reports/

Current

gamification-market-100632.

Friedrich, Julia, Michael Becker, Frederik Kramer, Markus Wirth, and
Martin Schneider (2020), “Incentive Design and Gamification for
Knowledge Management,” Journal of Business Research, 106,
341-52.

Gelman, Andrew and Donald B. Rubin (1992), “Inference from
Iterative Simulation Using Multiple Sequences,” Statistical
Science, 7 (4), 457-72.

Gershon, Rachel, Cynthia Cryder, and Leslie K. John (2020), “Why
Prosocial Referral Incentives Work. The Interplay of Reputational


https://orcid.org/0000-0003-0208-8598
https://orcid.org/0000-0003-0208-8598
https://orcid.org/0000-0001-6767-7591
https://orcid.org/0000-0001-6767-7591
https://www.statista.com/statistics/263797/number-of-applications-for-mobile-phones/
https://www.statista.com/statistics/263797/number-of-applications-for-mobile-phones/
https://www.statista.com/statistics/263797/number-of-applications-for-mobile-phones/
https://www.theguardian.com/technology/2018/may/08/social-media-copies-gambling-methods-to-create-psychological-cravings
https://www.theguardian.com/technology/2018/may/08/social-media-copies-gambling-methods-to-create-psychological-cravings
https://www.theguardian.com/technology/2018/may/08/social-media-copies-gambling-methods-to-create-psychological-cravings
https://www.theguardian.com/technology/2018/may/08/social-media-copies-gambling-methods-to-create-psychological-cravings
https://www.fortunebusinessinsights.com/industry-reports/gamification-market-100632
https://www.fortunebusinessinsights.com/industry-reports/gamification-market-100632
https://www.fortunebusinessinsights.com/industry-reports/gamification-market-100632

272

Journal of Marketing Research 62(2)

Benefits and Action Costs,” Journal of Marketing Research, 57 (1),
156-72.

Ghose, Anindya and Sang Pil Han (2014), “Estimating Demand for
Mobile Applications in the New Economy,” Management
Science, 60 (6), 1470-88.

Gill, Manpreet, Shrihari Sridhar, and Rajdeep Grewal (2017), “Return
on Engagement Initiatives: A Study of a Business-to-Business
Mobile App,” Journal of Marketing, 81 (4), 45-66.

Goetz, Edward G., Tom R. Tyler, and Fay L. Cook (1984), “Promised
Incentives in Media Research: A Look at Data Quality, Sample
Representativeness, and Response Rate,” Journal of Marketing
Research, 21 (2), 148-54.

Hofacker, Charles F., Ko de Ruyter, Nicholas H. Lurie,
Puneet Manchanda, and Jeff Donaldson (2016), “Gamification
and Mobile Marketing Effectiveness,”
Marketing, 34, 25-36.

Hoffman, Donna L. and Thomas P. Novak (1996), “Marketing in
Hypermedia Computer-Mediated Environments:
Foundations,” Journal of Marketing, 60 (3), 50-68.

Huang, Szu-Chi and Ying Zhang (2011), “Motivational Consequences

Journal of Interactive

Conceptual

of Perceived Velocity in Consumer Goal Pursuit,” Journal of
Marketing Research, 48 (6), 1045-56.

Hull, Clark L. (1932), “The Goal-Gradient Hypothesis and Maze
Learning,” Psychological Review, 39 (1), 25-43.

Hull, Clark L. (1943), Principles of Behavior: An Introduction to
Behavior Theory. Appleton-Century-Crofts.

Hwang, Jiyoung and Laee Choi (2020), “Having Fun While Receiving
Rewards? Exploration of Gamification in Loyalty Programs for
Consumer Loyalty,” Journal of Business Research, 106, 365-76.

Jang, Seongsoo, Philip J. Kitchen, and Jinwon Kim (2018), “The
Effects of Gamified Customer Benefits and Characteristics on
Behavioral Engagement and Purchase: Evidence from Mobile
Exercise Application Uses,” Journal of Business Research, 92,
250-59.

Jhang, Ji H. and John G. Lynch Jr. (2015), “Pardon the Interruption:
Goal Proximity, Perceived Spare Time, and Impatience,” Journal
of Consumer Research, 41 (5), 1267-83.

Kivetz, Ran and Itamar Simonson (2002), “Earning the Right to
Indulge: Effort as a Determinant of Customer Preferences
Toward Frequency Program Rewards,” Journal of Marketing
Research, 39 (2), 155-70.

Kivetz, Ran, Oleg Urminsky, and Yuhuang Zheng (2006), “The
Goal-Gradient Hypothesis Resurrected: Purchase Acceleration,
[lusionary Goal Progress, and Customer Retention,” Journal of
Marketing Research, 43 (1), 39-58.

Koo, Minjung and Ayelet Fishbach (2012), “The Small-Area
Hypothesis: Effects of Progress Monitoring on Goal Adherence,”
Journal of Consumer Research, 39 (3), 493-509.

Kopalle, Praveen K., Yacheng Sun, Scott A. Neslin, Baohong Sun, and
Vanitha Swaminathan (2012), “The Joint Sales Impact of
Frequency Reward and Customer Tier Components of Loyalty
Programs,” Marketing Science, 31 (2), 216-35.

Kumar, V. and Anita Pansari (2016), “Competitive Advantage Through
Engagement,” Journal of Marketing Research, 53 (4), 497-514.
Kunkel, Thilo, Daniel Lock, and Jason P. Doyle (2021), “Gamification

via Mobile Applications: A Longitudinal Examination of its Impact

on Attitudinal Loyalty and Behavior Toward a Core Service,”
Psychology & Marketing, 38 (6), 948—64.

Lee, Gunwoong and T. Santanam Raghu (2014), “Determinants
of Mobile Apps’ Success: Evidence From the App Store
Market,” Journal of Management Information Systems, 31
(2), 133-70.

Lee, Seoungwoo, Jie Zhang, and Michel Wedel (2021), “Managing the
Versioning Decision Over an App’s Lifetime,” Journal of
Marketing, 85 (6), 44-62.

Leeflang, Peter, Dick R. Wittink, Michel Wedel, and Philippe A. Naert
(2000), Building Models for Marketing Decisions. Springer.

Leenheer, Jorna, Harald J. van Heerde, Tammo H.A. Bijmolt, and
Ale Smiidts (2007), “Do Loyalty Programs Really Enhance
Behavioral Loyalty? An Empirical Analysis Accounting for
Self-Selecting Members,” International Journal of Research in
Marketing, 24 (1), 31-47.

Lewandowski, Daniel, Dorota Kurowicka, and Harry Joe (2009),
“Generating Random Correlation Matrices Based on Vines and
Extended Onion Method,” Journal of Multivariate Analysis, 100
9), 1989-2001.

Lewis, Michael (2004), “The Influence of Loyalty Programs and
Short-Term Promotions on Customer Retention,” Journal of
Marketing Research, 41 (3), 281-92.

Localytics (2018), “Overall App Benchmarks H1 2018,” (accessed
March 10, 2024), https:/uplandsoftware.com/localytics/resources/
cheat-sheet/overall-app-benchmarks-h1-2018/.

Lu, Joy, Eric T. Bradlow, and J. Wesley Hutchinson (2022), “Testing
Theories of Goal Progress in Online Learning,” Journal of
Marketing Research, 59 (1), 35-60.

MarketsAndMarkets (2020), “Gamification Market by Component,
Deployment, Organization Size, Application, End-User, Vertical,
and Region — Global Forecast to 2025,” (accessed March 10,
2024), https:/www.marketsandmarkets.com/Market-Reports/
gamification-market-991.html.

Mukherjee, Anirban and Vrinda Kadiyali (2018), “The Competitive
Dynamics of New DVD Releases,” Management Science, 64 (8),
3536-53.

Nevskaya, Yulia and Paulo Albuquerque (2019), “How Should Firms
Manage Excessive Product Use? A Continuous-Time Demand
Model to Test Reward Schedules, Notifications, and Time
Limits,” Journal of Marketing Research, 56 (3), 379—400.

Novak, Thomas P., Donna L. Hoffman, and Yiu-Fai Yung (2000),
“Measuring the Customer Experience in Online Environments:
A Structural Modeling Approach,” Marketing Science, 19 (1),
22-42.

PocketGamer (2023), “Number of Available Apps in the Apple App
Store from 2008 to July 2022,” Statista (accessed March 10,
2024), https:/www.statista.com/statistics/26825 1/number-of-apps-
in-the-itunes-app-store-since-2008/.

Przybylski, Andrew K., C. Scott Rigby, and Richard M. Ryan (2010),
“A Motivational Model of Video Game Engagement,” Review of
General Psychology, 14 (2), 154-66.

Rutz, Oliver, Ashwin Aravindakshan, and Olivier Rubel (2019),
“Measuring and Forecasting Mobile Game App Engagement,”
International Journal of Research in Marketing, 36 (2),
185-99.


https://uplandsoftware.com/localytics/resources/cheat-sheet/overall-app-benchmarks-h1-2018/
https://uplandsoftware.com/localytics/resources/cheat-sheet/overall-app-benchmarks-h1-2018/
https://uplandsoftware.com/localytics/resources/cheat-sheet/overall-app-benchmarks-h1-2018/
https://www.marketsandmarkets.com/Market-Reports/gamification-market-991.html
https://www.marketsandmarkets.com/Market-Reports/gamification-market-991.html
https://www.marketsandmarkets.com/Market-Reports/gamification-market-991.html
https://www.statista.com/statistics/268251/number-of-apps-in-the-itunes-app-store-since-2008/
https://www.statista.com/statistics/268251/number-of-apps-in-the-itunes-app-store-since-2008/
https://www.statista.com/statistics/268251/number-of-apps-in-the-itunes-app-store-since-2008/

Paschmann et al.

273

Ryan, Richard M. and Edward L. Deci (2000), “Self-Determination
Theory and the
Development, and Wellbeing,” American Psychologist, 55 (1), 68-78.

Schweidel, David A. and Wendy W. Moe (2016), “Binge Watching
and Advertising,” Journal of Marketing, 80 (5), 1-19.

Shin, Jihae and Adam M. Grant (2019), “Bored by Interest: How
Intrinsic Motivation in One Task can Reduce Performance on
Other Tasks,” Academy of Management Journal, 62 (2), 415-36.

Siebert, Anton, Ahir Gopaldas, Andrew Lindridge, and Claudia Simdes
(2020), “Customer Experience Journeys: Loyalty Loops Versus
Involvement Spirals,” Journal of Marketing, 84 (4), 45-66.

Statista Digital Market Insights (2023), “Revenue of Mobile Apps
Worldwide 2019-2027, by Segment” Statista (accessed March 10,
2024),  https:/www.statista.com/forecasts/1262892/mobile-app-
revenue-worldwide-by-segment.

Facilitation of Intrinsic Motivation, Social

Stocchi, Lara, Naser Pourazad, Nina Michaelidou, Arry Tanusondjaja,
and Paul Harrigan (2021), “Marketing Research on Mobile Apps.
Past, Present, and Future,” Journal of the Academy of Marketing
Science, 50, 195-225.

Stourm, Valeria and Eric T. Bradlow (2023), “Cross-Reward Effects in
a Coalition Loyalty Program: The Impact of a Point Currency
Devaluation,” International Journal of Research in Marketing, 40
(2), 276-93.

Toker-Yildiz, Kamer, Minakshi Trivedi, Jeonghye Choi, and Sue
R. Chang (2017), “Social Interactions and Monetary Incentives in
Driving Consumer Repeat Behavior,” Journal of Marketing
Research, 54 (3), 364-80.

Van Heerde, Harald J., Isaac M. Dinner, and Scott A. Neslin (2019),
“Engaging the Unengaged Customer: The Value of a Retailer
Mobile App,” International Journal of Research in Marketing,
36 (3), 420-38.

Van Heerde, Harald, Els Gijbrechts, and Koen Pauwels (2008),
“Winners and Losers in a Major Price War,” Journal of
Marketing Research, 45 (5), 499-518.

Wang, Yanwen, Michael Lewis, Cynthia Cryder, and Jim Sprigg
(2016), “Enduring Effects of Goal Achievement and Failure
Within Customer Loyalty Programs: A Large-Scale Field
Experiment,” Marketing Science, 35 (4), 565-75.

Wooldridge, Jeffrey M. (2010), Econometric Analysis of Cross Section
and Panel Data, 2nd ed. MIT Press.

Woolley, Kaitlin and Marissa A. Sharif (2022), “Down a Rabbit Hole:
How Prior Media Consumption Shapes Subsequent Media
Consumption,” Journal of Marketing Research, 59 (3), 453-71.

Wrzesniewski, Amy, Barry Schwartz, Xiangyu Cong, Michael Kane,
Audrey Omar, and Thomas Kolditz (2014), “Multiple Types of
Motives Don’t Multiply the Motivation of West Point Cadets,”
Proceedings of the National Academy of Sciences, 111 (30), 10990-95.

Yang, Yang, Yousra Asaad, and Yogesh Dwivedi (2017), “Examining
the Impact of Gamification on Intention of Engagement and Brand
Attitude in the Marketing Context,” Computers in Human
Behavior, 73, 459—69.

Yang, Fan, Yi Qian, and Hui Xie (2023), “Addressing Endogeneity
Using a Two-Stage Copula Generated Regressor Approach,”
National Bureau of Economic Research Working Paper 29708,
https:/www.nber.org/papers/w29708.

Zhang, Yingjie, Beibei Li, Xueming Luo, and Xiaoyi Wang (2019),
“Personalized Mobile Targeting With User Engagement Stages:
Combining a Structural Hidden Markov Model and Field
Experiment,” Information Systems Research, 30 (3), 787-804.

Zhao, Yi, Sha Yang, Matthew Shum, and Shantanu Dutta (2022), “A
Dynamic Model of Player Level-Progression Decisions in Online
Gaming,” Management Science, 68 (11), 8062-82.


https://www.statista.com/forecasts/1262892/mobile-app-revenue-worldwide-by-segment
https://www.statista.com/forecasts/1262892/mobile-app-revenue-worldwide-by-segment
https://www.statista.com/forecasts/1262892/mobile-app-revenue-worldwide-by-segment
https://www.nber.org/papers/w29708
https://www.nber.org/papers/w29708

	 Rewarding User Engagement in Mobile Apps
	 Gamified Reward Architectures
	 Effects of Hybrid Reward Pursuit on User Engagement
	 Main effects of value- and game-reward pursuit
	 Interaction between game- and value-reward proximity
	 Interaction between game- and value-reward attainment

	 Value Consequences of Mobile App Gamification
	 Translation of game engagement into value-added engagement
	 The moderating impact of flow


	 Data and Measures
	 App Description
	 Data Structure
	 Sample Selection and Description
	 Wear-Out in User Engagement
	 Variable Specification
	 Dependent variables (game engagement and value-added engagement)
	 Independent variables (game-reward engine)
	 Independent variables (value-reward engine)
	 Moderator variable: flow
	 Independent variables (controls)


	 Model Development
	 Game Engagement
	 Value-Added Engagement
	 Model identification
	 Model estimation


	 Results
	 Effects of Reward Pursuit on Game Engagement and Value-Added Engagement
	 Direct effect estimates
	 Discussion of direct effects
	 Interaction effects
	 Effect sizes
	 Interaction effects for reward proximity
	 Interaction effects for reward attainment

	 Translation of Game Engagement into Value-Added Engagement
	 Heterogeneity of the Effects of Reward Pursuit on User Engagement
	 Economic Relevance of the Reward Engines

	 Discussion
	 Theoretical Implications
	 Managerial Implications
	 Limitations and Future Research

	 Acknowledgments
	 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


