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Personalized Game Design for Improved User Retention and Monetization  
in Freemium Mobile Games 

 
Abstract 

One of the most significant levers available to gaming companies in designing digital games is 
setting the level of difficulty, which essentially regulates the user’s ability to progress within the 
game. This aspect is particularly significant in free-to-play (F2P) games, where the paid version 
often aims to enhance the player’s experience and to facilitate faster progression. In this paper, 
we leverage a large randomized control trial to assess the effect of dynamically adjusting game 
difficulty on players’ behavior and game monetization in the context of a popular F2P mobile 
game. The results highlight the intertwined dynamics of customer retention and monetization in 
such settings. As expected, offering players an easier game significantly decreases purchases in 
the specific round played — faced with an easier game, users do not need to resort to in-game 
purchases to make progress. However, because lowering the game difficulty increases both 
immediate engagement and long-term retention, lower difficulty levels result in a significant 
increase in customer spending both in the short and long run. We find substantial heterogeneity 
in the strength of these effects. Customers who are more prone to making progress in the game 
exhibit stronger effects in both the short and long run, whereas customers who previously spent 
money on the game exhibit stronger effects in long-term monetization. We leverage these 
insights to demonstrate how the focal firm can use game difficulty adjustment to further increase 
revenues from both advertising and premium services and to recommend personalized product 
design strategies for freemium apps more broadly. 
 
Keywords: gaming, game difficulty, dynamic difficulty adjustment (DDA), freemium, retention, 
monetization, field experiments 
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1. INTRODUCTION 

Mobile gaming is one of the fastest-growing sectors in the digital realm, accounting for over 

70% of consumer spending on mobile apps.1 By 2027, mobile gaming revenue is projected to 

surpass $222 billion worldwide, as per Statista (2023). Free-to-play (F2P) games stand as a 

dominant force within this burgeoning market. F2P is the application of freemium pricing to 

games. In such games, users can play without incurring any cost but also have the option of 

accessing premium services through in-app purchases (IAP) or “add-ons”. These can be in the 

form of virtual tools, puzzle cues, extra time, and the like, which enhance the game, facilitate 

progress, or provide an edge against other players. 

Central to the appeal of the F2P model is its dual-revenue stream. One part of a company’s 

income is derived from advertising, capitalizing on the large user base engaged with the free 

version of the game. Simultaneously, a significant portion of firms’ revenues comes from players 

making premium purchases to augment their experience. This setup presents a multifaceted 

strategic challenge for game companies. They not only view user retention and monetization as 

pivotal revenue drivers but also acknowledge that these two aspects can sometimes clash in 

terms of game design strategy. On the one hand, the allure of the game’s free version must 

remain intact, as its quality and attractiveness are fundamental to attracting and maintaining a 

large user-base, and in turn advertising revenue and pipeline for IAP-based monetization. On the 

other hand, there is a pressing need to steer players toward premium purchases, which often 

involves restricting the range or simplicity of the freely available game content. 

One important lever that game designers can use to strike the balance between the “free” 

and “paid” aspects of a game is dynamic difficulty adjustment (DDA), which involves tailoring 

 
1 https://www.appannie.com/en/insights/market-data/games-accounted-for-70-of-consumer-spend-in-apps-in-q3-2019/ 
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the game’s difficulty over time based on the user’s performance or current level of play. This 

mechanism is widely regarded as influential by academics (Hunicke 2005) and consumers 

(Reddit 2023) alike and has received ample scholarly attention in human-computer interaction as 

a method of modifying the game so that players do not feel bored when the game is very simple, 

or frustrated when it is very difficult (Zohaib 2018). DDA is an important and broadly applicable 

tool for gaming companies to increase player engagement and retention. It can be viewed as 

achieving for single-player games and game modes (when single and multi-player modes 

coexist, which is often the case) what matchmaking achieves in multi-player gaming (Lopez-

Vargas, Runge, and Zhang 2022): personalizing the level of challenge to individual players’ 

motivation and skill level. 

From a marketing perspective, DDA is a personalization of the product. By hitting the right 

mix of reward and challenge, DDA aims to provide a more motivating game experience, 

enhancing customer’s engagement and retention (Huang, Jasin, and Manchanda 2019). Unlike 

financial levers, such as promotional offers or discounts for IAP (Runge, Levav, and Nair 2022), 

or communication levers, like in-app notifications (Runge et al. 2014; Bashirzadeh, Mai, and 

Faure 2022), which require the customer to respond to company-initiated interactions, DDA is 

more subtle as it does not interrupt gameplay. Instead, users encounter a seamlessly adjusted 

difficulty level based on their current performance. Furthermore, the ease of customization in 

digital products (Ansari and Mela 2003) enables game designers to vary the difficulty both 

across users and dynamically over time. 

This research leverages experimental variation from the rollout of a DDA system in a 

popular F2P mobile game to analyze its impact on customer behavior and game monetization. 

We demonstrate that, although reducing game difficulty often substitutes for IAPs and 
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immediate game monetization, its positive effect on customer engagement and retention leads to 

a long-term increase in monetization. Specifically, we find that enhancements to engagement and 

retention among low-activity users, through adjustments to the game's difficulty level, yield a 

boost in in-game spending. From a scholarly perspective, to the best of our knowledge, we are 

the first to document how a DDA system can alleviate the commonly assumed tension between 

the 'free' and monetized aspects of freemium games (Halbheer et al., 2014; Lambrecht and Misra, 

2017; Lee, Kumar, and Gupta, 2017). From a practical standpoint, our research explores an 

important personalization strategy for game designers—namely, dynamically and individually 

adjusting game difficulty. Personalization is particularly vital in the F2P domain, as these games 

often experience high churn rates (Runge et al. 2014; Ceci 2023). Our empirical findings indicate 

that modifying the game’s difficulty can transform previously inactive or 'at-risk' players into 

profitable customers. 

We collaborated with a large game company that ran a field experiment to evaluate the 

rollout of a DDA system in a popular F2P mobile game. Specifically, we track the behavior of 

over 300,000 players over the course of 12 weeks through which game difficulty was 

exogenously manipulated. This dynamic adjustment is compared to a fully randomized holdout 

group without any adjustments to difficulty. In the treatment condition, users who were 

identified to be at higher risk of churning received increasingly easier game puzzles. In the 

control condition, game difficulty remained the same irrespective of risk of churn. From this 

exogenous and randomized variation in the level of difficulty, we measure the short- and long-

term effect of the DDA intervention on customer engagement, retention, and purchases.  

We identify two types of positive synergies between retention and monetization under 

DDA. Firstly, while reducing the game's difficulty decreases the immediate propensity to 
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purchase extras—often utilized to ease gameplay and hasten progress—the beneficial impact of 

reduced difficulty on same-day engagement and future retention leads to an overall positive 

effect on game monetization, resulting in additional spending on IAPs. This positive effect on 

monetization is apparent even on the first day of the intervention. Secondly, the increased 

retention resulting from the lowered difficulty under DDA is particularly pronounced in IAPs for 

items that provide access to more game content, such as gates (repeated paywalls that gate access 

to further levels of a game), both in the short and long term. 

We explore the heterogeneity of these effects, examining how individual player 

characteristics, such as prior in-game spending and progress, intensify or mitigate the observed 

impacts. We observe significant heterogeneity in the effect of reducing game difficulty. 

Customers more inclined towards making progress in games, especially during moments of 

frustration or when they can achieve more progress, exhibit a stronger positive response to 

reduced game difficulty. Additionally, those who previously spent money on the game, display 

the strongest effect on IAP spending. These findings align with the notion that, though users are 

less inclined to spend on making the game easier when difficulty is lowered, they're more willing 

to invest in removing other obstacles (such as paywalls) that hinder their continued consumption 

and progress (Lambrecht and Misra 2017; Aral and Dhillon 2021). 

The paper proceeds with a brief review of relevant literature before presenting empirical 

results. The paper concludes with a discussion and overview of contributions. 

2. LITERATURE REVIEW 

Substantively, this paper contributes to the literature on games in marketing and the 

marketing of and in games (Nair 2007; Hofacker et al. 2016; Appel et al. 2020; Haenlein, Libai, 

and Muller 2023; Runge and van Dreunen 2024). While games were historically distributed on 
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physical media such as discs, CDs, and DVDs and sold in retail stores (Nair 2007), digitization, 

the freemium business model, and the proliferation of mobile phones have deeply transformed 

the games industry (Runge, Levav, and Nair 2022). Gaming on handheld devices and phones 

now accounts for three times the revenue of gaming on all other platforms such as consoles, PCs, 

and laptops combined. More than 3 billion people play digital games worldwide (Statista 2023). 

Games are distributed to phones as mobile apps that are downloaded in real-time from app stores 

such as Apple’s Appstore and Google’s Playstore. Most gaming apps make use of freemium 

pricing with the ability to obtain in-game goods in IAP or through advertising exposure. 

Despite the economic significance of mobile games, the role of marketing strategy in this 

industry has not received substantial attention in the academic literature. In a study of mobile 

apps and games, Appel et al. (2020) observed that “the question of choosing the correct business 

model and marketing mix becomes more pressing.” Runge, Levav, and Nair (2022) urge 

marketing scholars to revise their perspectives on the price and promotion dimensions of the 

marketing mix in this context. Utilizing a large-scale field experiment in a F2P mobile game, 

they find that price reductions are remarkably profitable, both in the short and in the long run.  

One of the key strategies available to publishers of mobile games to address the product 

dimension of the marketing mix is DDA, i.e., the data-driven adaptation and personalization of 

the game’s difficulty to a specific user’s needs and preferences (Xue et al. 2017; Zohaib 2018; 

Huang, Jasin, and Manchanda 2019). The focus of our paper is to explore the role of DDA in 

affecting both customer behavior and game monetization. We do so by leveraging experimental 

manipulation of the DDA system of a popular F2P mobile game.  

The present work is also related to literature investigating customer engagement and progress 

in video games (e.g., Huang, Jasin, and Manchanda 2019; Rutz, Aravindakshan, and Rubel 
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2019). Huang et al. (2019) find that gamers in different engagement states exhibit varied 

responses to motivations, such as the need for challenge. Rutz et al. (2019) examined user 

behavior across 193 mobile games, modeling user engagement following the initial download. 

They identified significant usage heterogeneity across these games. While these studies offer 

invaluable insights into player behavior within games, their reliance on observational data 

curtails their ability to explore the effects of game design alterations on user behaviors and game 

outcomes. Hofacker et al. (2016) suggested that achieving an optimal balance between game 

difficulty and the correlation between difficulty and reward can yield positive game outcomes. 

Amabile and Kramer (2011) posit that, for optimal player engagement, game designers should 

ensure players 1) experience daily progress, 2) attain small victories even amidst setbacks, and 3) 

progress in diverse manners. The DDA system we study manipulates precisely that: progress and 

incremental wins achieved and realized by players through dynamically personalized game 

difficulty. 

Several computer science and information systems papers (e.g., Hadiji et al. 2014; Lee et 

al. 2016; Runge et al. 2014; Viljanen et al. 2020) employed machine learning classifiers to 

predict churn in F2P games. In a context similar to ours, Runge et al. (2014) studied the impact 

of firm communications on at-risk customers. In this paper, we explore a strategy to prevent 

churn not through communication but through “behind the scenes” product adjustment by 

changing the level of difficulty. The notion of DDA is well-established in the Human-Computer 

Interaction (HCI) literature in Computer Science. Scholars in this field have crafted advanced 

artificial intelligence tools to enhance the incorporation of DDA in game design (Hunicke 2005; 

Xue et al. 2017; Zohaib 2018). However, to the best of our knowledge, the current literature has 
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not yet examined the implications of DDA systems on customer behavior and game monetization 

– a gap that we address. 

This work is also related to the literature on freemium monetization (Halbheer et al. 2014; 

Lambrecht and Misra 2017; Gu, Kannan, and Ma 2018; Aral and Dhillon 2021). Despite its 

potential significance, the impact of the design of a freemium offering on customer retention is 

not well understood. A notable exception is Appel et al. (2020) who develop an analytical model 

in which satiation (a parameter that captures the customer’s likelihood of becoming satiated with 

the content and thus churning) can influence the design of the freemium product. More recently, 

Haenlein, Libai, and Muller (2023) also explored the role of satiation in a specific game, 

examining it in the context of cross-promotions intended to transition players to other games. 

Both studies consider satiation as an external aspect of the product, while we study one of the 

most impactful product strategies available to game publishers (DDA systems) that has the 

potential to fundamentally change a product’s satiation and retention dynamics (Xue et al. 2017; 

Zohaib 2018). Our findings bear relevance for the effects of personalized freemium product 

design on customer retention more generally. While existing accounts (e.g., Lee, Kumar, and 

Gupta, 2017) commonly posit a substitutive relationship between monetization and retention — 

suggesting that more of the game for free (i.e., lower monetization) will increase retention at the 

cost of lower monetization — our results indicate that product personalization strategies can 

instead turn this relationship synergistic, both in the short and in the longer run. 

In the literature on freemium design, several studies have explored the economic viability 

of the freemium model in comparison to its two extremes: exclusively free or solely paid (e.g., 

Li, Jain, and Kannan 2019; Liu et al. 2014; Shi, Zhang, and Srinivasan 2019; Deng, Lambrecht, 

and Liu 2020). Other research has centered on determining the quantity of free products to offer 
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(Lambrecht and Misra 2017) or the effects of broadening the product range (Gu, Kannan, and 

Ma 2018). The majority of the aforementioned studies examine feature-limited versions of 

freemium, where customers access a restricted, free version of the product, and a subset 

transition to a paid variant. These studies generally emphasize the factors influencing customer 

conversion from free to premium (e.g., Lee, Kumar, and Gupta 2017). In contrast, in this work, 

we delve into the IAP version of freemium, sometimes termed noncontractual freemium. Here, 

customers can use the app (or play the game) for free but have the option to enrich their 

experience by purchasing add-ons at any moment. In this model, because premium usage is on a 

“per transaction” basis (as opposed to switching to a paid subscription), other elements of 

customer lifetime value, such as usage, monetary purchases, and retention, become vital in 

comprehending the profitability of the freemium design. Due to the noncontractual nature of 

purchases and due to purchases at many price levels being available, this setting further promises 

to allow for a more nuanced study of associations between user monetization and retention. 

3. EMPIRICAL APPLICATION 

In this section, we introduce the empirical context and provide model-free evidence of the impact 

of game difficulty on game engagement, retention, and monetization. We also detail the field 

experiment and the data employed in our empirical study. 

3.1 Business context: A free-to-play (F2P) game 
 

We collaborated with a company specializing in mobile gaming applications. The game utilized 

for our empirical study is a F2P puzzle mobile game, reminiscent of the popular Candy Crush 

Saga. In this game, players advance through levels by matching three or more pieces of the same 

color arranged on a game board. When these pieces are matched successfully, they vanish, 

allowing new pieces to occupy the vacant spaces on the board. The more pieces a player matches 
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in a single move, the higher the points they earn. The game features numerous levels, which 

players must tackle sequentially. For instance, one cannot access level 33 without successfully 

completing level 32. Each level poses distinct objectives/challenges, such as matching a 

particular number of specific colored pieces or reaching a set score. These objectives must be 

achieved within a set number of moves or a designated time. Failing to achieve the goal means 

the player loses a “life” and must retry the level to progress. Upon successfully meeting a level’s 

objectives, players are awarded one to three stars, determined by their performance, and can then 

advance to the subsequent level. 

The game has inbuilt mechanisms that periodically hinder players' progress. Firstly, players 

have a limited life count at any given time, starting with a stock of five lives. If all lives are 

depleted, players must wait for new lives to be generated to continue playing. Specifically, the 

game replenishes one life every 30 minutes, with the stock never exceeding five lives at any 

time. Secondly, there is a “gate” every 20 levels, starting from level 40. This implies that after 

completing levels 40, 60, 80, and so on, players face a five-day waiting period during which they 

cannot attempt higher levels and thus cannot progress. Regardless of their position in the game, 

be it halted by a gate or otherwise, players can replay previous levels as long as they have lives. 

3.1.2 Monetization via in-app-purchases (IAP) 

The game monetizes its users through the sale of in-game currency, commonly referred to as 

“coins” which can be purchased using real money. Upon starting the game, users receive an 

initial amount of 70 coins. This amount can be increased or replenished by spending real money. 

Coins can be redeemed for one of three benefits. Firstly, if a user depletes all their lives, they can 

buy a new life with coins to continue playing. Secondly, when faced with a gate, players can 
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expend coins to bypass it and advance to higher levels.2 Lastly, coins can be used to purchase 

“extras” that assist in achieving level objectives. For instance, a player might purchase a booster 

that reduces the number of pieces’ colors in a puzzle, facilitating easier matches and thereby 

aiding progress towards level goals and achieving higher scores. Essentially, these “extras” allow 

users to pay to reduce the difficulty of the level they are playing. All purchasable items (extras, 

gates, lives) essentially enhance a user’s ability to progress in the game. 

Like most freemium products and mobile games in the market, a significant portion of 

players never spend money. However, those who do often make multiple purchases, contributing 

a substantial portion of the firm’s revenue. In our game, the majority of IAP revenue stems from 

users purchasing extras and bypassing gates rather than buying additional lives. To provide some 

context regarding the amounts spent by players, the average purchase amount is approximately 

$4 per player, and the cost to bypass a gate is equivalent to $1. 

3.1.3 Monetization via in-app advertising 

The mobile game also earns revenue from advertising, which is directly tied to the number of 

active players at any given moment (“eyeballs”). The in-app advertising market has been 

growing rapidly, with projections indicating it will amount to $315B in 2023 (Statista 2023a). 

The most prevalent form of advertising in this game consists of brief (10-30 second) videos that 

users must watch before starting another round. This method is widely adopted across mobile 

games, with 94% of game developers stating they used in-app advertising in 2019. While we 

lack specific data on advertising exposure and revenue for our focal company (as this 

information was not shared), all other factors being equal, the more rounds a user plays, the 

 
2 Users can add one life to their “stock” or “break” a gate by sending requests to friends via Facebook. However, at 
the time of the data, this feature was rarely used—less than 10% of our uses even linked their game to Facebook—
and therefore we ignore the activity on Facebook. 
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greater their exposure to advertisements, leading to higher advertising revenue. Consequently, 

player engagement is a critical metric for the firm and is consistently monitored and optimized 

(Seufert 2013). 

3.2 User behavior 
 

3.2.1 Retention and monetization in F2P games 
 

Like most other freemium services, including F2P games and mobile apps, retention rates tend to 

be low. Figure 1(left) displays the proportion of users who play the game X days after 

installation (up to 28 days), based on a random sample of users (N=10,000). From the figure, it is 

evident that only 47.54% of users continue playing the game the day after installation, and this 

number drops to just 9.02% by the 28th day. Additionally, among those who continue playing, 

the level of engagement with the game diminishes over time. Figure 1(right) illustrates the 

average number of rounds played, provided that the user plays at all on that specific day. This 

significant decline in both retention and engagement underscores the importance for firms to 

focus on retaining and engaging their customers.  

 
Figure 1: Retention and Engagement by day after installation. The figure on the left 
shows the proportion of users who play up to 28 days after having installed the game. 
The figure on the right shows the average number of rounds played up to 28 days after 
installation, conditional on the user playing on that particular day. 
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Consistent with patterns observed in most F2P games, many users never spend money on 

the game. For instance, of the customers who churned during their first 28 days of play after 

installation, over 60% did not use any coins (keep in mind every user begins the game with an 

endowment of 70 coins), and over 99% did not spend any money. Of the users who remained 

active past their first 28 days (meaning we observed them playing subsequently), 64% used at 

least one (free) coin, and 4.1% spent money within those initial 28 days. While this discrepancy 

in monetization rates between early churners and users who continue playing can be partially 

attributed to the game’s increasing complexity in later stages, it also underscores the significance 

of user retention in achieving high in-game expenditures. 

We will now delve into how specific aspects of the game design impact user engagement, 

retention, and monetization. It is important to note that these model-free analyses are not 

intended to accurately gauge the effect of game characteristics and progress on customer 

behavior. For such precision, we would require a clear and exogenous measure of progress. 

Instead, our goal is to showcase evidence in our data linking game design and progress to user 

engagement, retention, and monetization. We will further bolster this with data from a large-

scale field experiment. 

3.2.2 Progress and game design 

In most puzzle-type games, the primary motivation for playing is to progress through new 

levels. Consequently, the capacity to make progress influences user retention, engagement, and 

monetization. Figure 2 shows the relationship between the progress achieved — measured by 

the number of new levels passed on one day of play — and the likelihood that the user will play 

again on the subsequent day. A distinct positive correlation is evident: users are more inclined to 

return and play if they have made significant progress in the game the prior day. Moreover, given 
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that they have lives remaining to continue the game, users are 14% more likely to pause playing 

for at least 10 minutes after failing to clear a level in the current round compared to when they 

have successfully completed a level for the first time. 

 
Figure 2: Probability of playing again tomorrow as a function of progress today. 
Progress today is measured as the number of new levels that the user passed in a 
particular day (levels that the user did not pass in the past). 

 
Despite the positive relationship between game progress and user engagement and 

retention, game designers often introduce mechanisms that deliberately impede progress to create 

a sense of challenge and monetize the game. As expected, these mechanisms influence user 

retention and engagement. One such mechanism that directly hinders users from progressing is 

the introduction of gates. Here, users must wait for 5 days to play higher levels unless they use 

coins to bypass the gate. Figure 3-left shows that users are more likely to churn (defined as not 

playing in the next 30 days) after surpassing a gate level — namely, levels 40 and 60 — 

compared to non-gate levels. Additionally, we note that users tend to stop playing immediately 

after clearing a “gate” level (even though they can still engage with lower levels) more than after 

surpassing a non-gate level (as seen in Figure 3-right). Here, “stop playing” means not initiating 

another round for at least 10 minutes, assuming they have lives left to continue. These 

illustrations offer clear, model-free evidence that users' interest wanes when they realize they 
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cannot progress further in the game, even after completing the most recent level and having lives 

remaining.  

 
Figure 3: Retention and engagement when stopped at gates. The left figure displays a 
histogram of the highest level achieved by churners (defined as users who have not 
played for the next 30 days). The figure on the right illustrates the proportion of users 
who stop playing right after clearing a level for the first time (here, “stop playing” is 
defined as not initiating another round for at least 10 minutes, despite having lives 
available). Vertical dashed lines indicate “gate” levels. Only users who surpassed level 
20 are considered in this analysis. 

 
One may wonder why the firm would introduce gates given their higher churn rate. Gates 

represent a juncture where the free portion of the game intersects with the company’s 

monetization strategy, enticing players to spend money. In fact, one of the primary uses for coins 

is to enable users to bypass a gate, allowing them to access higher levels without enduring the 

five-day wait. This behavior is corroborated in Figure 4, which displays the average likelihood 

of spending money based on the highest level reached in the game. The figure clearly 

demonstrates that users are indeed prone to using coins immediately after clearing a gate level, 

precisely when they have the option to bypass a gate using coins. 
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Figure 4: Total money spent by level. Total amount of money (multiplied by an 
unannounced factor to disguise firm’s revenues) collected in each level of the game. 
Vertical dashed lines mark “gate” levels. The pattern shows clear peaks right after a 
user has passed a “gate” level (e.g., levels 40, 60), indicating that the game obtains 
meaningful revenue from monetizing the gates. Note that this analysis does not control 
for the number of users playing each level. 

 
To examine the correlation between game progress and monetization, we zero in on 

instances when users are halted at a gate. Figure 5 displays the average number of newly 

completed levels (referred to as progress) on the day a gate is reached, segmented by whether 

users spend money or coins at that gate. Across both scenarios, users who achieve more progress 

on a given day are more inclined to spend money or coins to bypass a gate without the five-day 

wait. Consequently, we deduce that a user’s recent progress impacts their willingness to spend 

money or coins at a gate. Specifically, users with substantial progress during the day have a 

heightened desire to advance to higher levels and are, thus, more willing to pay for it. This 

implies that facilitating user progress, perhaps by easing game difficulty, can not only reduce 

their chances of stopping at a gate but also increase their propensity to pay to move past it.  
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Figure 5: Monetization in gates and progress made. Progress is measured as the 
number of new levels that a user has passed on that playday. The progress (number of 
new levels played) is significantly higher for users who paid at the gate relative to users 
who did not (left-figure; t=–3.82, p-val<0.001) and for users who used coins at the gate 
relative to users who did not (right-figure; t=–5.63, p-val<0.001). Only users stopped at 
a gate are considered in these figures. 

 
3.2.3 The role of game difficulty 

Another factor that directly impacts how much progress users can make in the game is the 

difficulty of each round. The total difficulty of a round arises from two components: (1) the goal 

of the level played, which captures the specific requirement to pass each level (for example, 

some levels necessitate players to reach a particular score, while others demand a certain number 

of piece combinations within a fixed timeframe), and (2) the allocation of pieces on the game 

board. Whereas the goal of each level is pre-specified by the game and is the exact same for all 

users, the allocation of pieces has a stochastic component whereby the co-occurrence of same-

colored pieces as well as the number of “special” pieces, is allowed to vary across users and 

across time. As mentioned previously, a “move” in this game entails matching three or more 

pieces of the same color. When the game design clusters more pieces of identical colors together, 

accomplishing the level’s goal becomes more straightforward. Similarly, there are “special 

chips” that empower users to clear multiple pieces simultaneously, thereby elevating the score 

and increasing the likelihood of completing the level. Even though the specific placement of 
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each piece is randomized — with pieces getting shuffled every round — the probability of 

encountering two or more pieces of the same hue remains steady across all attempts at the same 

level. The same consistency applies to the appearance of “special chips.” 

The game design encompasses a broad spectrum of difficulty levels. Even though there's a 

general trend of increasing difficulty as players advance, the challenge can fluctuate significantly 

between consecutive levels. Some levels are effortlessly cleared, typically within two to three 

tries, while others present a steeper challenge, often demanding 20 or more attempts for success. 

Notably, numerous blogs and forums exist, centering their discussion on infamously challenging 

levels in popular games. Aligning with the observed relationship between game progress and 

user behavior, we discern a strong correlation between a level’s difficulty and the retention and 

monetization of users at that specific level. We define a level’s difficulty based on the average 

number of attempts users require to surpass it. Subsequently, we determine the correlations 

between this difficulty metric and both monetization and churn metrics. To ensure a uniform 

difficulty metric across levels — one that accounts for survival bias (meaning weaker players 

might abandon the game sooner, resulting in a skewed representation in the initial levels) — we 

assess game difficult considering only users who have reached level 100. 

  P(coin) P(money) % users who churn P(churn) 
Correlation with difficulty 0.302 0.553 0.880 0.394 

P-value (0.000) (0.002) (0.000) (0.012) 
# obs (game levels) 100 100 100 100 

Table 1: Correlation between level difficulty and user behavior. % users who churn is 
the proportion of users who ever reached a particular level but did not make it to the next 
(during our observation window of at least 30 days). P(churn) is the propensity to churn 
in each round played.  We include levels 1-100 as they have a large number of 
observations. Results are robust to exclude gate levels, which would avoid the possible 
confound with the use of coins/money for passing the gate.) 
 

Table 1 illustrates that the likelihood of a user using coins or spending money during a 

round at a specific level is positively correlated with the difficulty of that level, with correlation 
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values of 0.302 and 0.553, respectively. Difficulty also has a pronounced correlation with 

customer churn, which we evaluate in two ways. Firstly, we calculate the percentage of 

customers who reach a level but then churn (refraining from playing in the subsequent 30 days). 

The correlation between this metric and level difficulty is notably high at 0.880. However, this 

metric can be intertwined with game difficulty since users engage in numerous rounds at more 

challenging levels. As a result, we also determine the proportion of rounds at a given level that 

ended up being a user’s “final round” (with “final round” being characterized by the user not 

playing again for a minimum of 30 days). We observe a positive correlation of 0.394 between the 

likelihood of churning during a specific round and the level’s difficulty, even after accounting 

for the number of rounds a player engaged in during that concluding level. 

Our model-free evidence demonstrates that game design elements like gates and elevated 

game difficulty can boost immediate monetary expenditures, but at the same time, they may 

reduce game engagement and escalate churn rates. We also show that the connection between 

game difficulty and churn is, to some extent, tied to the player’s capacity to progress. When 

players encounter roadblocks in their advancement (due to either increased difficulty or gates), 

they are more prone to disengage. Our preliminary analyses further indicate that even in the short 

run, reducing game difficulty might bolster game monetization at gates. This is because players 

are more inclined to make payments at gates if they have experienced substantial progress before 

encountering them. 

In the subsequent sections of this paper, we primarily focus on the role of game 

difficulty—more so than the role of gates. This emphasis is due to difficulty’s direct connection 

to game progression. Additionally, game difficulty is a unique feature that can be tailored to 

individual players without disrupting the collective experience for the broader player community. 
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The level of difficulty can also be adjusted for an individual player across different play sessions. 

This adaptability empowers firms to intervene dynamically, either maximizing impact when 

anticipated to be most effective or averting looming player drop-offs. Consequently, difficulty 

becomes a powerful tool, facilitating the external control of a player’s progression within the 

game. 

3.3 Field experiment 

Building upon the model-free analyses, we now aim to empirically and causally investigate the 

interplay of the impact of game difficulty and game progression on trade-offs between retention 

and monetization in freemium environments. We are particularly interested in understanding the 

short- and long-term impact of product design on customer retention and monetization. Such 

insights could offer firms direction in balancing customer retention and monetization through 

strategic freemium product or service design. To this end, we utilize a field experiment that 

manipulates a user’s capacity for game progression. Specifically, we collaborated with a 

company that independently ran a field experiment that adjusted the difficulty each user 

encountered, thereby influencing their game progression potential.  

Notably, this difficulty adjustment used in the experiment is user-centric, keeping other 

game aspects consistent.  Specifically, players interact with the same game levels, in their 

intended sequence, but certain users enjoy a more favorable piece allocation on the board. As 

detailed in Section 3.2.2, the game’s initial design ensured pieces were randomly positioned with 

consistent color co-occurrence probabilities for users at an equivalent game level. However, our 

partner company later introduced technology allowing user-specific, day-to-day difficulty 

modulation (or dynamic adjustment). Essentially, each day’s onset saw a subset of users 

allocated a modified difficulty level, making it likelier to find adjacent pieces of the same color 
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or obtain “special chip” than usual. This technological adoption aimed at curbing churn among 

seasoned players.3 The company’s policy entailed reducing difficulty (increasing the chances of 

color co-occurrence by 20% and special chips by 10%) for users who played under 20 rounds in 

the previous week. Fewer rounds in the past week led to further difficulty decreases. If a user 

played any between zero to five rounds in the preceding week, difficulty was reduced but 

increasing color co-occurrence chances up by 100% and special chip acquisition by 45%. More 

details on manipulation intensity and game visuals are in Appendix A1. 

Significantly, this policy was trialed in a controlled randomized experiment (A/B test), with 

half the eligible players unaffected during the 50-day period. From the start of the experiment, 

qualifying players (those past level 20 and with less than 20 rounds in the past week) were 

randomly assigned to the modified difficulty group (41.8% of users become treatment), with 

others retaining default difficulty (control). This arrangement presents an advantageous scenario, 

where similar players face varying difficulty levels while attempting the same game level. 

It is worth noting that randomization was induced at the user level. Once assigned to a 

group, users remained there for the experiment’s duration (from June 11th to August 3rd). 

However, placement in the modified difficulty group did not guarantee consistently lowered 

difficulty. Instead, every day at midnight (00:00 UTC), a user’s past week play was assessed, and 

those in the modified group received adjusted difficulty based on their activity in the last seven 

days. This difficulty persisted for 24 hours. This experiment structure significantly influences our 

analysis approach. 

Like other longitudinal studies employing user-level randomization, observations from 

days subsequent to the initial intervention must be handled carefully since game difficulty in 

 
3 For the focal company, a “seasoned” player was a player who had already passed level 20, thus showing a certain 
level of commitment for the game. 
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these periods may not mirror the control group. While we can measure the treatment’s long-term 

causal effect by contrasting the overall cumulative behaviors across experimental groups, we 

should be wary when ascertaining game progress’s causal effect on retention and monetization at 

any specific point in time beyond the initial round. However, comparing cumulative behavior up 

to a certain point in time in the future between the treatment and control group is causally valid. 

3.4 Data 

Our dataset encompasses the complete gameplay history for the 330,000 players who were 

eligible for the experiment. To be eligible, players needed to have surpassed level 20 in the 

game, and at some point between June 11th and August 3rd (period in which the experiment was 

running), they had to show low levels of engagement, defined as having played fewer than 20 

rounds within the preceding week. Only players who downloaded the game between May 1st and 

July 3rd were considered, ensuring that each user is observed from their initial round and for at 

least a month after they started playing the game. During this period, these 330,000 users 

embarked on a cumulative 79 million rounds, from which we observe: 

• Level played: Denoting the Level the customer is playing on that round 

• Outcome of the round: 

o Win: did the player pass the round? 

o Stars: # stars (from 0 to 3) obtained in the round 

o Points: numerical score obtained in the round 

o Combination size: maximum number of pieces that were connected to 

form a snake. 

o Moves: number of cell combinations formed in total 

o Time: # seconds that the round lasted 

• Other behaviors of interest: 

o Coins: did the player use any coins before finishing the round? 
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o Extras: did the player use any extra (to make the board more favorable) 

during this round? 

o Purchase: did the player spend real money to buy game currency before 

finishing the round? 

 Table 2 shows the descriptive statistics for these per-round attributes. 
 

Table 2: Descriptive statistics of round-level data. N = 79,030,000 rounds. 

We also create a set of metrics capturing user heterogeneity in terms of their skills and level 

of engagement prior to treatment. Those metrics are based on the users’ activity prior to passing 

level 20—as all qualifying users were required to have passed that level. We define Level20 

variables as the number of days/rounds played before level 20, total number of stars and coins 

collected before level 20, and whether the user had used coins/extras before level 20. We also 

use the round-level panel data to capture user-level variables that change over time and that will 

be relevant for the analysis. These include Age variables (e.g., maximum level achieved, tenure 

with game), RFM variables (e.g., amount of play, days since last play), Stuck metrics (e.g., # 

rounds in the current level, proportion of wins in the last day), and Skill variables (e.g., 

average # rounds per level, average # stars per level). Table 3 shows the summary statistics for 

the most relevant variables (see Appendix A2 for the full list of variables). 

 Mean SD p5 p25 p50 p75 p95 
Level played this round 34.0 22.8 7.0 17.0 29.0 43.0 77.0 
Win 0.39 0.49 0 0 0 1 1 
Stars 1.10 0.79 0 1 1 1 3 
Points 35,006 19,280 11,650 22,450 31,400 43,050 69,900 
Combination size 5.14 1.18 4 4 5 6 7 
Moves 15.63 6.94 6 10 16 19 28 
Time 121.1 71.5 47 76 106 146 248 
Coins 0.007 0.081 0 0 0 0 0 
Extras 0.028 0.204 0 0 0 0 0 
Purchase 0.001 0.033 0 0 0 0 0 
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Mean SD p5 p25 p50 p75 p95 
Level20 # rounds 45.83 36.91 23 29 36 49 99 

Did use coins 0.513 0.5 0 0 1 1 1 
Age  # rounds 189.6 217.7 35 62 113 225 615 

Max level achieved 37.74 16.97 20 24 39 40 72 
RFM # days since last play 13.88 17.9 1 3 7 16 54 

# rounds last week 5.728 6.68 0 0 2 12 18 
Stuck # rounds in this level 26.72 62.45 0 2 7 25 115 

# playdays in this level 3.054 3.804 0 1 2 4 10 
Prop. wins yesterday 0.308 0.341 0 0 0 1 1 

Skill Avg. # rounds/level 4.410 3.653 2 2 3 5 11 
Avg. # stars/level 1.988 0.257 2 2 2 2 2 

Table 3: Descriptive statistics for the user-level variables. Level20 variables were 
measured at the moment the customer passed level 20. The rest of the variables are 
dynamic (i.e., values change over time) and are summarized using the values on the day 
each user qualified for the experiment. N = 329,999 users. 

Users exhibit substantial heterogeneity in their gameplay patterns. For instance, on average, 

users necessitate 45.8 rounds to advance beyond level 20, though this exhibits a standard 

deviation of 36.9. Additionally, 51.3% of users deploy some coins prior to reaching level 20. The 

gameplay level at the point of intervention also displays marked variation; users, on average, 

have completed 189.6 rounds by the time they are subjected to treatment or assigned to the 

control condition. The highest level attained spans from level 20 (at the 5th percentile) to level 72 

(at the 95th  percentile). There is a discernible variation in the degree to which players are 

entrenched within a level — the number of rounds engaged in their current level can range from 

a mere 0 to an extensive 115. Moreover, there are differences in their gameplay proficiency — 

the mean rounds per level is 4.4, but this can range from a minimum of 2 to a maximum of 11. 

Such variation offers a valuable framework to investigate the potential effects of moderating 

game difficulty across diverse user segments. 

4. ANALYSES AND RESULTS 

4.1 Randomization and manipulation tests 
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We first confirm that the randomization was well executed by comparing the distributions of the 

user-level variables at the moment of the intervention. We verify that there are no systematic 

differences across conditions (see Appendix A2 for the full set of results). Second, we 

corroborate that the intervention caused the intended effect of making the game easier for treated 

users. To do so, we look at four outcomes that are directly affected by the difficulty of the round 

namely Win, Stars, Points, and CombinationSize at the observations (rounds) of 

treatment and control players in the first day of the intervention. Specifically, we run a linear 

model for each outcome against a treatment dummy and cluster the standard errors at the user 

level (unit of randomization).  See Table 4 for the results. All outcomes show a substantial and 

(statistically significant) positive change for users in the treatment condition; users have a higher 

chance to win, collect more stars, get more points, and are able to create longer snakes. For 

example, users in the treatment condition on average earn 7,382 points and 0.297 star more than 

those in the control condition. All these outcomes were expected as treated customers faced more 

favorable board allocations. 

  Win Stars Points Combination 
Size Treatment 0.141 0.297 7,382 0.172 

 (0.002) (0.003) (64.7) (0.004) 
Constant 0.368 1.048 35,412 5.157 
 (0.001) (0.002) (36.0) (0.002) 
# obs 2,009,966 2,009,966 2,009,966 2,009,966 

Table 4: Manipulation checks. OLS of the round outcome against a treatment dummy 
using all rounds on the first day of the experiment. Standard errors (in parenthesis) are 
clustered at the user level. Bold numbers indicate that p-value<0.01. 
We also run separate regressions for each level of difficulty reduction in the first day of 

the intervention—recall that the intensity of difficulty adjustment changed by the amount of play 

in the previous week. As expected, the impact of the difficulty adjustment on these outcomes is 

stronger for users with lower playing levels in the seven days prior to treatment (more 

pronounced difficulty decrease). For example, looking at the effect of treatment on the 
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probability of winning and the number of stars collected in each round (Table 5), we observe that 

the magnitude of the effect increases monotonically as the difficulty adjustment increases (where 

level 1 is the lowest difficulty level).4 We therefore conclude that the randomization was well 

executed and was successful at manipulating game difficulty as intended. 

 Win (difficulty 5 = default) Stars (difficulty 5 = default) 
  4  3 2 1 4  3 2 1 
Treatment 0.030 0.076 0.133 0.190 0.052 0.135 0.249 0.419 
 (0.004) (0.004) (0.004) (0.002) (0.005) (0.006) (0.006) (0.003) 
Constant 0.327 0.347 0.358 0.393 0.983 1.012 1.030 1.090 
 (0.002) (0.002) (0.003) (0.001) (0.003) (0.004) (0.004) (0.002) 
# obs 370,137 302,836 281,827 1,055,166 370,137 302,836 281,827 1,055,166 

Table 5: Manipulation checks by degree of difficulty. OLS of Win and Stars against a treatment 
dummy using all rounds on the first day of the experiment. Standard errors are clustered at the 
user level. Treatment variable in bold indicates p-value<0.01. 
 

4.2 Evaluating the impact of the intervention on player behavior 

We explore the impact of the intervention on customer behavior, focusing on the behavioral 

outcomes relevant to understanding retention and monetization in this context. For every user, we 

tabulate the cumulative metrics of playdays, rounds, money expenditure, and coin utilization 

during the 30 days after the intervention. As Figure 6 shows, the intervention significantly 

changed customer behavior. As anticipated, gameplay increased among the treated cohort, with 

the magnitude of this increase becoming more pronounced over time. Specifically, within a month 

following the intervention (or assignment to the control condition), treated participants, on 

average, have engaged in an additional playday and ten more rounds compared to their 

counterparts in the control group. Additionally, they demonstrate accelerated progression in the 

game, attaining level 44 as opposed to level 42. For the focal gaming company, these effects are 

 
4 This pattern is consistent across outcomes (results for Points and CombinationSize are shown in Appendix 
A3). In the remainder of the analyses, we report the average treatment effect, i.e., across the four treatment intensities 
and present the results conducted by groups in Appendix A4.  
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of considerable significance, translating to an approximate 20% uptick in overall customer 

engagement. 

 
Figure 6: Cumulative behavior across experimental conditions. These figures show the 
cumulative number of playdays, rounds, money spent (scaled by an unknown amount) and 
coins used in the game. Standard errors around the lines are reflected in the graphs but are 
not detectable due to their small magnitude.  

The intervention not only increases gameplay and engagement, but it also has a positive 

impact on monetization, with treated users spending more money and more coins than those in 

control (see last two charts in Figure 6). Not only does this finding go against the company’s prior 

expectations (i.e., that customers would spend more money and coins when the game is more 

difficult), but it seems at odds with the preliminary evidence (Section 2) where we show that users 

tend to spend money and coins when progress is prevented (gates and difficult levels). This 

difference is already visible on the first day of the intervention and increases monotonically over 

time. Thus, in the tradeoff between offering more of the free product (easier game) and 

encouraging consumers to purchase in-app goods, we find that by providing an easier game, the 

firm increases, rather than decreases, long-term IAPs. 



 29 

While the above cumulative analysis allows us to make causal claims about the overall 

increase in behavior due to treatment, it does not allow us to separate whether this increased 

behavior stems directly from an increase in the user’s tendency to spend coins and money or 

because lower difficulty decreases churn or makes it less likely to run out of lives, and therefore 

allows the user to play more rounds and make more progress, having the chance to use more extras, 

coins However, from this aggregate and cumulative analysis, we cannot definitively conclude that 

a reduction in game difficulty—or the increased capacity to progress within the game— directly 

affects the user tendency to spend coins and money. This is because lower difficulty makes it less 

likely to run out of lives, and therefore allows the user to play more rounds and make more 

progress, etc. Furthermore, if the ability to make progress in the game increases retention and 

engagement — as we expect given the preliminary evidence — treated users will be more likely 

to play again after being treated than control users. As such, the increased use of money or coins 

might not be a direct consequence of ability to make progress but merely an artifact of treated 

users’ extended gameplay. 

Moreover, the experimental design was such that whether a treated user receives difficulty 

level 1, 2, 3, 4, or 5 depends on the number of rounds they have played in the previous seven days 

(recall that control users always get difficulty 5). Therefore, it is possible that treated users get 

different intensities of difficulty adjustment when they play the game after the first day in which 

they were treated.5 This means that while the allocation to the treatment group is fully randomized, 

the degree to which the ability to make progress is manipulated, is not constant over time, and 

hence can be endogenous after the first day of the experiment. 

 
5 See Appendix A1 for an illustration of how difficulty adjustment intensity vary over time depending on the user 
amount of play. 
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To make causal statements about the direct impact of progress on user retention and 

monetization, we focus on the first day of play after treatment. Recall that treatment adjustments 

are only done at the end of each day, so the first day provides a clear causal measure.  

4.2.1 Impact of treatment on user engagement and retention 

Focusing on the first day of the experiment, we conduct intent-to-treat (ITT) analyses running 

linear regressions with the dependent variable being a behavior of interest and using treatment as 

a dummy variable:  

  𝑦! = 𝛼 + 𝛽	𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡! + 𝜖!           (1) 

Utilizing this ITT approach ensures that the coefficient for the ‘treatment’ variable across all 

regressions offers an unbiased comparison between treated and control users. Note that the 

‘treatment’ is binary and refers to ‘whether the user was allocated to the dynamic difficulty 

condition;’ it does not represent the exact level of difficulty faced in a particular round. We 

examine the following dependent variables (𝑦!): 

• #Rounds, denoting the number of rounds played on the day of the experiment. 

• Progress made, defined as the number of (new) levels passed on the day of the 

experiment. 

• Engagement, calculated at the conclusion of each round and signifies whether a user opts 

to play another round within the subsequent 10 minutes, provided they have lives 

remaining (thus, we exclude observations when users deplete their lives). 

• Retention 1, measuring if the user plays the following day. 

• Retention 7 measures if the user plays at least once in the subsequent 7 days.  

• Retention 14 measures if the user plays at least once in the subsequent 14 days.  
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Table 6 shows the parameters from the ITT analyses, with “Treatment” presenting the 

estimated difference between treated and control observations. We observe that treated users 

engage in more rounds and achieve greater progress than users for whom the difficulty level 

remained constant, with an average of 1.25 additional rounds played and 0.746 more levels 

attained. Admittedly, these metrics may be influenced to some extent by whether a player retains 

lives to continue their gameplay, which is more likely to have lives when users face easier levels 

during the first day of treatment. As a result, we investigate differences in “engagement”, which 

only considers rounds in which a user has remaining lives. We find that users engage in more 

rounds (0.0213 on average) when the level of difficulty is low, offering compelling evidence that 

reducing the game’s difficulty, thus facilitating user progress, markedly enhances engagement. 

  
# Rounds 

played 
Progress 

made Engagement Retention 1 Retention 7 Retention 14 
Treatment 1.2470 0.7460 0.0213 0.0270 0.0246 0.0199 
 (0.0251) (0.0088) (0.0007) (0.0016) (0.0017) (0.0016) 

p-val 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 
Constant 5.5650 0.7840 0.8180 0.2950 0.6430 0.7430 

 (0.0132) (0.0039) (0.0005) (0.0011) (0.0011) (0.001) 
# obs 329,999 329,999 1,867,849 326,472 316,257 308,003 

Table 6: Impact of the intervention on engagement and retention on the day of the 
experiment. The table presents the parameters from the intent-to-treat analyses in (1), with 
“Treatment” presenting the estimated difference between treated and control observations The 
number of observations for “Engagement” corresponds to the rounds in which a user has lives 
to continue playing. Standard errors are clustered at the user level (unit of randomization). All 
other regressions are at the individual level. The number of observations decreases for 
retention metrics because some users (both treatment and control) started their treatment 
shortly before our observation period ended, so we didn't have enough time to observe the 
retention outcome. Robust standard errors (in parenthesis) and p-values are reported. 
Treatment variable in bold indicates p-value<0.01. 
 

Similarly, the treatment significantly increases the proportion of users who play again the 

day after (Retention 1), 7 days later (Retention 7), and 14 days later (Retention 14).6 As discussed 

 
6 We replicate the analysis using retention in the next 3 days, 28 days, and 45 days, obtaining similar results for all 
metrics, with diminishing effects as the retention window is longer. We also replicate the analysis including 
different set of control variables: (1) ‘time-varying’ factors related to the day in which the intervention took place, 
including day of the week, month, and holiday, (2) ‘max level of play’ at the moment of the intervention, and (3) 
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earlier, this significant increase in retention rates might have caused the positive impact on 

monetization rates (Figure 6). That is, treated users may have generated more expenditures in the 

long run not because greater progress directly increases monetization, but rather because progress 

delays churn, giving treated users more opportunities to spend money in the game. 

4.2.2 Impact of treatment on user monetization 

To disentangle the direct impact of the intervention on customer spending from its effect on 

increased retention, we assess the consumption of extras and IAPs at two distinct levels: per-day 

monetization and per-engagement monetization. The former evaluates the total number of rounds 

in which a user consumes extras, coins, and money on the first day—corresponding to the initial 

data points in Figure 6. The latter represents the propensity to utilize premium content within a 

specific round during the first day. Since this metric is conditional on a user’s active participation 

in that round, any observed effect on monetization inherently accounts for variations in 

engagement or retention across users.7 Essentially, this measure captures the direct influence of 

the treatment on the likelihood of spending within the game, excluding changes in expenditure 

attributed to heightened engagement. The outcomes of our regression analyses are presented in 

Table 7.  

 
‘degree of difficulty adjustment’, which is determined by the activity during the 7 days prior to the intervention. 
Results are presented in Web Appendix A4. 
7 One might still worry about potential bias induced by the type of users who continue playing; we discuss that 
possibility in Appendix A4 and present a set of analyses demonstrating robustness of our results to that potential 
concern. 
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 Per-day monetization Per-engagement monetization 

  
# Rounds 

with extras 
# Rounds 
with coins 

# Rounds 
with money 

Prob(Use 
extras) 

Prob(Use 
coins) 

Prob(Use 
money) 

Treatment 0.0075 0.0051 0.0012 –0.0025 –0.0004 0.0000 
 (0.0010) (0.0007) (0.0003) (0.0003) (0.0002) (0.0001) 
p-val 0.0000 0.0000 0.0000 0.0000 0.0051 0.6340 
Constant 0.0922 0.0390 0.0057 0.0229 0.0078 0.0013 
 (0.0007) (0.0004) (0.0002) (0.0002) (0.0001) (0.0000) 
# obs 329,999 329,999 329,999 2,009,966 2,009,966 2,009,966 

Table 7: Impact of the intervention on monetization on the first day of the experiment. 
For per-day metrics, the number of observations correspond to the number of users 
participating in the experiment. Robust standard errors are reported in parentheses. For 
per-engagement metrics, the number of observations corresponds to the rounds used for 
each regression. Standard errors (in parentheses) are clustered at the user level. Treatment 
variable in bold indicates that p-value<0.01. 

 

Notably, treated players utilize more extras, spend more coins, and invest more money on 

the first day of their intervention compared to control group participants. Yet, when we dive deeper 

and adjust for engagement/retention effects, a contrasting pattern emerges. Given that a user is 

actively playing a round, their probability of deploying extras or coins in that round is diminished 

under the treatment condition. This reduction in game difficulty’s influence on the usage of extras 

and coins aligns with expectations; making the game easier substitutes for the need to use extras 

to ease the gameplay (enhancing the user’s ability to combine board pieces).  

Thus, our results demonstrate that even though easing game difficulty substitutes for the need 

for monetary investment in any particular round played, contrary to expectations, even in the short 

run (on the first day of intervention), the overall effect of reducing game difficulty on monetization 

becomes positive due to increased engagement and retention. This challenges the firm’s strategy 

of increasing difficulty to spur short-term spending, though the likelihood of using real money is 

not significantly influenced by game difficulty. While these variations might seem minor, they 

bear significant implications for the firm, especially since such behaviors are infrequent in the 

actual gaming context.  
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To gain deeper insights into monetization behavior, we further dissect per-engagement 

expenditures on the first day post-treatment—both coins and money—distinguishing between 

expenditures on extras (to surpass levels) and on gates (to bypass them). Results are presented in 

Table 8.8 Another interesting finding emerges, even though reducing the difficulty decreases using 

coins and money for extras to pass the level, it significantly increases the propensity to expend 

coins and actual currency on gates. It is important to emphasize that the spending coin and money 

to pass gates are contingent upon users being halted at a gate—meaning this effect is not merely 

because users more frequently encounter gates. Hence, this treatment effect solely corresponds to 

an elevated likelihood of spending coins and real money once faced with a gate. The progress that 

customers made due to the easier game experience in the treatment condition enticed customers to 

spend coins and money once they got to non-difficulty-related obstacle (gate). This finding is 

particularly intriguing as it underscores the paradox that offering more of the free game 

component—anticipated, at face value, to diminish purchases of premium features—unexpectedly 

propels users to spend more. 

 
8 To ensure the robustness of our results, we replicated the results from Tables 7 and 8 by adding controls 
(including day-level controls and past levels of activity on the intervention) as to the regressions as well as using 
subsets of data. See results in Appendix A4. 
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  P(Coin extra) P(Coin gate) P(Money extra) P(Money gate) 
Treatment –0.00059 0.00082 –0.00007 0.00019 

 (0.00012) (0.0002) (0.00005) (0.00008) 
p-val 0.00000 0.00003 0.13000 0.02540 

Constant 0.00449 0.00548 0.00069 0.00105 
 (0.00449) (0.00548) (0.00069) (0.00105) 

# obs 2,009,966 652,574 2,009,966 652,574 
Table 8: Impact of the intervention on the type of expenditure. OLS of the behavior of 
interest against a treatment dummy. Standard errors (in parentheses) are clustered at the 
user level. The number of observations corresponds to the rounds used for each 
regression on the first day post treatment. The gate-related outcomes are conditioned on 
the user being at a gate Treatment variable in bold indicates that p-value<0.03. 
 

To summarize, while much of the literature on freemium design has centered on the notion 

that “enhancing” the free product boosts customer engagement at the cost of diminishing 

monetization, our findings challenge this in the context of F2P games. Specifically, for users at the 

risk of churning—which accounts for roughly 50% of users of our focal firm at any given 

moment—the tradeoff does not materialize. Instead, we observe a beneficial synergy between 

enhancing the free product and monetization. Modifying the product design to offer an enhanced 

(easier) game not only bolsters user engagement and retention but also amplifies the likelihood 

that users will use premium features, both immediately (on the initial day of intervention) and in 

the longer run (Figure 6). 

4.3 Heterogeneity in treatment effects 

Our results provide actionable insights to firms as to how personalization in the product design 

can be leveraged to manage customer retention efforts as well as to increase the revenue of each 

customer. Specifically, the firm can use these insights to identify players who will be most likely 

to increase revenue — from advertising, premium purchases, or both — via a temporal difficulty 

reduction. Arguably, there is no strong need to leverage the heterogeneity in treatment effect in 

this case because, as it was shown in Section 4.2, the overall impact of the intervention was 
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overwhelmingly positive. Nevertheless, we believe that this exercise is still of interest for two main 

reasons. First, investigating heterogeneity in treatment effects can further shed light on the account 

that progress is the underlying mechanism for the observed effect of game difficulty on 

monetization. If individuals with a higher need or sensitivity for progress exhibit stronger 

treatment effects. Second, given the ease of product design personalization in online games, as 

demonstrated by the experimental design of our study, an analysis that identifies individuals with 

greater benefit from game personalization, illustrates the more general potential value of 

personalization in the product design, which has been understudied in the marketing literature.   

Building on the analysis from Section 4.2, we anticipate that users who tend to seek more 

progress or situations wherein users are inclined to seek progress will display the most pronounced 

treatment effects. By examining user behaviors prior to the intervention, we identify specific 

players (termed “target” users) whose long-term value is most likely to increase following a game 

difficulty reduction. We subsequently assess the intervention’s impact on the future behaviors of 

these identified players, comparing it against similarly profiled individuals in the control group. 

4.3.1 Identifying targets: Heterogeneity in treatment effect 

In this section, we assess how the treatment effect of making the game easier varied between users. 

Such an analysis can help the firm identify potential targets for the intervention. We identify 

potential targets in two different ways. First, we identify “types” of users who would be more 

responsive to the game difficulty reduction treatment. We do so by capturing intrinsic differences 

across users that are of substantive importance across games. We select progress and spending as 

two key behavioral dimensions in games from a marketing perspective. Progress is a unifying 

characteristic of games. Progress and skill have been shown to be crucial inputs for game 

engagement and monetization, sometimes facilitated by social elements such as competition and 
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collaboration (Lopez-Vargas, Runge, and Zhang 2022). Making progress in and becoming skillful 

at the game are further economically meaningful as they are likely to increase switching cost 

(Klemperer 1987; Caminal and Matutes 1990), making it less likely for players to turn to other 

activities.  

Second, we identify circumstances when it might be a good moment to intervene. Even for 

users who might not generally benefit from reduction in difficulty, there might be circumstances 

(e.g., when they are increasingly frustrated because of lack of progress) that make them more 

responsive to the intervention. Conceptually, the moment of frustration can be framed as a moment 

of satiation with the app (Appel et al. 2020) and relatively lower switching cost, making the player 

more at-risk of disengaging (Caminal and Matutes 1990; Hartmann and Viard 2008). Similarly, 

users who strive for a more distant goal (e.g., are far from a gate), may have lower attainment 

expectations and experienced self-efficacy (Manderlink and Harackiewicz 1984; Latham and 

Seijts 1999), which  may lead to lower switching cost as they are further from obtaining a perceived 

reward (Hartmann and Viard 2008). It is worthwhile to note that, given our experimental design, 

we cannot pin down the exact moment when the company should intervene, but rather investigate 

if general moments, such as when user is more frustrated, are characterized by a stronger treatment 

effect.  

For the first type of metrics, the “who”, we rely on the behavior up to level 20. This is in the 

spirit of Padilla and Ascarza (2021) who use the first transaction of users to identify customers 

with higher responsiveness to marketing interventions. We use the behavior up to level 20, in part, 

because every user in our sample reached that level and therefore everyone is observed up to that 

point. But most importantly, because it allows for apples-to-apples comparison of the degree of 

complexity and difficulty of the game across users. If, on the contrary, we used the full history or 

only the most recent history of each player, users would be playing at very different levels of the 

game, and therefore the behavior observed would not necessarily reflect intrinsic differences (i.e., 

customer heterogeneity) but rather differences in the characteristics of the levels being played. 
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For the second type of metrics, the “when”, we use the most recent behavior prior to the 

moment of first intervention. That way, we can identify characteristics of the current play (e.g., 

related to the progress made or the need to spend money at a certain moment) that are associated 

with a stronger sensitivity to the intervention at that moment. This type of information is of great 

value to developers in the context of gaming and other online/mobile services as they can not only 

modify the product characteristics individually, but also alter the product features dynamically to 

better match users’ variable needs as they evolve in their use of the product/service. 

We consider the following types of customers (who) and situations (when): 

• Players who seem to enjoy (or seek) progress more than the average player. We expect the 

intervention will be more impactful to customers who tend to seek progress in the game. We 

create two variables that serve as a proxy for progress:  

Who:Early_Progress is determined by the number of days a user played before reaching level 

20. The idea is that users keen on progression will advance quickly, especially in initial levels 

with lesser difficulty. While this may also reflect a player’s skill (since skilled players might 

reach level 20 faster), we introduce another metric to address this. 

Who:Progress_Prone captures a user’s inclination to continue playing based on their progress. 

Using rounds played prior to level 20, we calculate the frequency a user plays after passing a 

level versus stopping after achieving it.9 Users who value progress are more likely to play again 

upon level completion. 

• Who:Spender: Players more inclined to spend money in the game. At first, it may seem 

counterproductive to ease the game for spenders as it might reduce sales. However, because 

 
9 By definition right after passing a level the user has at least one life and hence is eligible to continue playing. 
Continue playing equals 1 when the user plays another round within 10 minutes of ending the current round. 
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of the dual impact on retention, these users are likely to increase spending provided that the 

intervention extends their lifetime. While we do not anticipate these players to engage more 

than the typical user, the sheer increase in their engagement and retention will elevate their 

spending compared to others. We measure this using a binary variable indicating if a user 

made any purchase before reaching level 20. 

• When:Frustrated: Players who, at the time of first intervention, might be more frustrated than 

usual, due to lack of progress in recent rounds. We posit that these players need progress 

more than usual, and therefore their reaction to the intervention might be stronger. We 

operationalize this variable using the number of rounds that a user has attempted to pass 

(unsuccessfully) the current level (which is the level they were at when first receiving the 

lower difficulty treatment). 

• When:Distance-to-gate: Players currently at a point distant from the next gate are likely to 

enjoy more progress before encountering a gate. Our findings indicate that users are more 

inclined to purchase complementary products when they have recently progressed. We 

hypothesize that the intervention’s impact on complementary product purchases is amplified 

when users are further from a gate. This allows them to experience more progress before 

hitting the gate. Since these players can enjoy more uninterrupted progress, they are also 

likely to engage more in terms of rounds played and days played. We measure this using the 

count of levels remaining until the upcoming gate. 

4.3.2 Impact of the intervention on customer targets 

We assess the long-term implications of the intervention for these customer groups by examining 

the variation in treatment effects across users. This is achieved through a set of linear regressions 

(extension of the model used in previous analyses) where the dependent variable represents the 
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outcome of interest 30 days post-experiment. As independent variables we include the treatment 

variable, all five moderator variables along with their interaction effects with treatment, and all 

possible combinations of 3-way interactions among the moderators.10 The model also controls for 

the amount of gameplay during the 7 days preceding the experiment, which captures the degree of 

difficulty reduction players would have encountered on the experiment’s initial day. This control 

ensures that observed differences between groups are not due to potential correlations between 

heterogeneity variables and the degree of difficulty adjustment (we standardize these variables to 

ensure coefficient magnitude comparability). Lastly, for each regression, we calculate the ratio of 

the interaction term to the treatment effect, providing a metric of “the extent to which the treatment 

effect amplifies for each customer type” (as depicted in Figure 7). Comprehensive regression 

outcomes can be found in Table A12 and Table A13 of Appendix A5. 

Consistent with the discussion earlier, we find that early_progress users (one standard 

deviation above the mean on that metric) exhibit treatment effects that are approximately 15-17% 

stronger than those of the average customer in terms of retention and engagement, and between 

40% and 60% stronger in terms of monetization outcomes.  The interaction is marginally weaker, 

albeit still meaningful and significant, when progress is characterized as progress_prone. The 

group of spenders reveals a distinct pattern: Predictably, these users do not exhibit enhanced 

effects in retention metrics (for instance, comparable levels of playing days, rounds, and progress). 

However, due to their inclination to spend, they display a significant and strong impact on 

monetization outcomes.  

 
10 Results are robust to running excluding the three-way interactions and to running separate regressions for each moderator. We 
favor the joint model with all interactions to capture possible correlations as well as interactions effects among moderators. 
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Figure 7: Increase in treatment effect for selected group of customers. This figure 
shows the percentage increase in the average treatment effect (ATE) of the 
intervention (on each outcome) for a standard deviation change in the heterogeneity 
variable. For example, the first (red) whisker point means the intervention’s impact 
increases by 15% (in playdays over the next 30 days) when “early_progress” is one 
standard deviation above average. The left panel is a zoomed-in view of the right 
panel, making differences easier to see. 

 

In contrast, frustrated users exhibit the reverse pattern. They react more favorably to the 

intervention in terms of engagement (evident in the increased number of rounds, playdays, and 

progress), but this heightened engagement does not yield more potent effects on monetization 

outcomes (with the exception of ‘paying at gates’). Additionally, the variable distance_to_gate not 

only moderates the intervention’s effect on engagement outcomes (with a 27% increase in 

playdays and a 34% rise in rounds) but also exerts an even stronger influence on monetization, 

leading to a 55% surge in purchases and a 57% growth in coin usage. These findings underscore a 

secondary impact of retention: When users are further from a gate, they derive greater benefits 

from progress, resulting in heightened engagement. Simultaneously, the additional progress they 

achieve, enhanced by the intervention, spurs them to expend more in their pursuit of continued 
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progress. Thus, game designers should pay particular attention to players who are still further away 

from gates, because they can benefit more from game alterations that enhance game progress. 

The three-way interactions (presented in Table A13 of Web Appendix 5) provide a more 

nuanced understanding of these moderation effects. For example, when we delve deeper into the 

moderation effect of "early progress," we observe that exhibiting progress along two dimensions 

further intensifies the treatment effect as users who are identified as both “early progress” and 

"progress prone" exhibit stronger effects across all behaviors. Likewise, the moderation effect of 

"early progress" becomes more significant among frustrated customers, especially concerning 

monetary outcomes like spending and coin usage, suggesting that relieving frustration among early 

progress users is particularly valuable. Moreover, the effect of users who are prone to spending on 

the effect of reduced game difficulty on spending behavior is particularly pronounced for users 

who are far from gates, possibly suggesting a useful timing consideration for the firm in targeting 

the intervention. On the other hand, frustration negatively moderates the effect of user spending 

on spending behavior.  

Overall, our targeting analysis aligns with the notion that the primary mechanism underlying 

the effects we observe is game progress. We demonstrate that groups of players, who are 

theoretically most likely to be affected by the treatment due to a need for progress or a tendency 

to spend, indeed demonstrate the strongest treatment effects. From a managerial perspective, we 

highlight that certain players, at specific times, show a much stronger response (dozens, and 

sometimes hundreds, of percent stronger) to reductions in game difficulty. This underscores the 

opportunity for personalizing product design in freemium settings, where IAPs are a significant 

source of revenue. 
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5. DISCUSSION 

In this study, we investigate the effects of dynamic difficulty adjustment on user retention 

and monetization leveraging a field experiment conducted by a popular F2P mobile game during 

the rollout of such a system. Results highlight the intertwined dynamics of customer engagement, 

retention and monetization in such settings. As expected, giving customers an easier game 

significantly decreases purchases in the specific round played. However, lowering the game 

difficulty not only increases short-term play and subsequent retention, but also increases customer 

spending on premium services both in the short and in the longer run. We explore this synergistic 

relationship between customer retention and monetization within the framework of F2P games in 

greater depth. Enhancing progress in the free segment of the game for users at risk of churn does 

not merely enhance engagement and retention. It also heightens game monetization via IAP, given 

that retained users encounter more opportunities to expand. Financially, this translated to an 

additional revenue of $0.07 per user, with approximately 82% of this surplus stemming from the 

monetization of premium services.  

Whereas we find overall highly positive effects from the DDA system, we observe 

considerable heterogeneity in the outcomes. Those customers with a predisposition towards game 

progression manifested more pronounced effects. Notably, users who had previously made 

purchases within the game showed the most significant impact on IAP. Surprisingly, providing 

these “spender” users with added free benefits (e.g., simplifying gameplay) led to a surge in their 

spending, exceeding twice the uptick observed in the average user. Furthermore, during moments 

of frustration or when players were distanced from gates (in-game barriers), the impact of 

decreased difficulty was magnified. The nuances discerned from our heterogeneity in treatment 
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effect analyses corroborate that the observed patterns are predominantly driven by consumers’ 

motivation for game progression. 

In the discussion, we want to shed light on potential impacts of the DDA system on ad 

monetization and discuss limitations and avenues to generalize findings to non-gaming settings.  

5.1. Impact on IAP and ad monetization 

We have illustrated the impact of reduced difficulty on engagement, retention, and monetization. 

A comprehensive approach to understanding these effects is to convert them into monetary values, 

representing revenue for the firm. While the proportion of players who spend money on IAP tends 

to be relatively small (around 4%) in our data, their contribution to overall revenue is often high. 

IAP have been estimated to account for nearly 50% of all mobile app earnings and more than three 

times the revenue from advertising.11  In this section, we quantify the net monetary impact of the 

intervention and decompose it into additional revenue derived from both the free (i.e., advertising) 

and premium (i.e., additional purchases) components of the service. We further contrast the effect 

decomposition of the average player with that of the “target” users.  

Given that we do not have access to the advertising revenue data from the focal company, 

and the precise monetization rates (from premium services) were obscured for confidentiality 

reasons, we rely on average industry figures and reports from the focal company for this analysis. 

Specifically, we assume that the revenue for an ad exposure is 1.40¢ per round, and that the average 

expenditure, once a purchase is made, stands at $4.21 per transaction.12 

 
11https://www.businessofapps.com/guide/in-app-
purchases/#:~:text=In%2Dapp%20purchases%20account%20for,worldwide%20on%20in%2Dapp%20purchases. 
12 We corroborate with members of the focal firm that these figures are representative of their business. The 
average expenditure per paying round is obtained from our data and the advertising revenue can be thought as 
an average of $7 per thousand exposures (CPM) and a single ad being shown every 5 rounds. 
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We combine the monetization estimates with the gameplay data and our treatment effect 

projections to calculate both the net and disaggregated impacts of the treatment, expressed in USD. 

Specifically, given our observations of the rounds played and purchases made by each player over 

the 30 days post-experiment, we multiply the ad revenue per round by the increase in the number 

of rounds played. Similarly, we multiply the average purchase amount by the uplift in the number 

of purchases attributable to the intervention. The findings are depicted in Figure 8.  

 
Figure 8: Decomposition in treatment effect for the average customer and for selected 
groups of customers. This figure shows the additional revenue generated by the 
intervention. The numbers (in red) correspond to the proportion of additional revenue that 
comes from the advertising side. To be read: for an average customer, the intervention 
increased total revenue by $0.07. 18% of this revenue increase comes from advertising. 
The heterogeneity user groups reflect one standard deviation above the mean for that 
heterogeneity metric.  

From these back-of-the-envelope calculations, the intervention added a net revenue of $0.08 

per customer within 30 days. Considering the millions of customers eligible for this intervention 

within the firm, this increase is of substantial financial magnitude. Of this revenue, 21% comes 

from additional revenue from ads served to engaged customers. Conversely, 79% comes from their 

added purchases. The predominant treatment effect is from in-app spending. This might seem 
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counterintuitive since the intervention made the game easier, which could have reduced IAP—

especially as players often buy in-app extras to overcome challenges. Yet, consistent with our 

findings, the main revenue uplift from retention is due to increased purchases. 

Comparing these figures across “target” groups, we can further “monetize” the heterogeneity 

in treatment effect analysis. The group that offers the least benefit with respect to the average user 

is the frustrated type, whereas “spenders” generate more than twice the additional revenue. For 

those users, 94% of the extra revenue is coming from the purchase of premium items. While these 

“back-of-the-envelope” calculations are only approximative in that they are based on general 

industry revenue figures, we believe that this analysis highlights the importance of incorporating 

the impact of retention on short- and long-term monetization. Furthermore, it also allows us to 

combine together the differential effects of the game design to better understand differences across 

customers. 

5.2. Avenues to generalize beyond gaming 

Substantively, we introduce DDA as a key lever in the marketing of mobile games (Xue et 

al. 2017; Zohaib 2018; Huang, Jasin, and Manchanda 2019), and as a lever that relates to the 

product aspect of the marketing mix (Appel et al. 2020). As the system was evaluated in a 

randomized control trial, we were able to document the causal, incremental impact of such a 

system on player behavior.  

DDA can be thought of as reducing satiation with a gaming app (Appel et al. 2020) by 

infusing a burst of progress in players’ experience through easier gameplay. This easier gameplay 

is timed to set on when players exhibit behavior consistent with satiation, i.e., when they display 

relatively lower use of the app. In this way, DDA counters hedonic decline, i.e., the fact that 
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repeated exposure to a stimulus can reduce the hedonic response such as enjoyment (Galak and 

Redden 2018). It automatically and intrinsically changes the stimulus for users with lower 

enjoyment as induced from the observation that they play relatively less. 

Appel et al. (2020, p. 106) provide recommendations on how such effects could be achieved 

beyond games; e.g., by encouraging users to change their consumption rates, imagining future 

changes and variety in experience, or managing the similarity of experiences. Firms, thereby, need 

to carefully manage experiences such that they are neither too similar nor too dissimilar (Lasaleta 

and Redden 2018). Based on the reported results, it appears that the DDA system studied in this 

paper achieves a good and appropriately targeted balance of variety and similarity. 

Levers other than difficulty available to app publishers to modulate similarity and variety of 

experiences can be the amount and type of free content; various informational popups (Galak, 

Kruger and Loewenstein 2013; Appel et al. 2020); or frequency, type and length of advertising. 

While the F2P gaming industry is substantial, these levers can serve to fuel beneficial outcomes in 

freemium settings outside the gaming industry. For example, learning apps like Duolingo can 

adjust exercise types and add hints dynamically to improve engagement and learning outcomes, 

potentially boosting revenue. Similarly, streaming platforms like Spotify or YouTube can reduce 

the number or length of ads at strategic moments, such as during drops in activity, to encourage 

user engagement and future upgrades. Nascent work by Agrawal et al. (2023) reports similarly 

beneficial effects on engagement and retention for “ed tech” (educational technology) software, as 

do Huang et al. (2021) for massively online open courses (MOOCs). One distinction of the system 

we investigate, compared to Huang et al. (2021), is that the DDA system intrinsically rewards 

users, whereas the incentives in Huang et al. (2021) likely work both intrinsically and extrinsically, 

or mostly extrinsically. The fact that DDA systems implicitly and intrinsically change incentives 
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may help explain why we observe relatively strong treatment effects (Gneezy, Meier, and Rey-

Biel 2011; Levitt et al. 2016).  

More broadly, our research demonstrates that systems for data-driven personalization of 

freemium product experiences may be able to induce a dual positive effect for customer retention 

in navigating the trade-off between the free and premium facets of freemium products. By failing 

to consider this dual effect of retention, firms may make myopic decisions when designing the free 

aspect of the service, potentially leading to lost long-term monetization opportunities. While our 

analyses are rooted in online gaming and game difficulty, we believe they provide strong 

motivation for further study of personalization systems in freemium apps and virtual experiences 

more generally to drive such synergistic and dual positive effects. 

Firms may overlook significant revenue opportunities by not adequately valuing retention’s 

possible dual impact in freemium contexts more generally. This study offers compelling empirical 

evidence that tailoring the freemium product individually and dynamically can bolster financial 

profitability. While our empirical analysis did not identify individuals adversely impacted by 

reducing game difficulty—potentially due to focusing on high-risk customers—we anticipate that 

excessively simplifying gameplay for challenge-seeking users might have counterproductive 

effects (Ascarza 2018). In such scenarios, assessing and paying close attention to the heterogeneity 

in treatment effects, as discussed in Section 4.3, is of paramount importance. 

5.3. Limitations and future research 

Our research has several limitations that suggest promising directions for future exploration. 

First, while our collaboration with a game publisher during the rollout of a DDA system provided 

us with a unique dataset and high ecological validity, it also restricted our control over treatment 
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design and protocols. As a result, difficulty assignment was partly endogenous—a feature 

welcomed by our industry partner—but this, coupled with the DDA system’s effectiveness across 

user segments, limits our ability to explore boundary conditions. Specifically, the DDA system's 

method of reducing game difficulty for users who exhibited lower engagement in the previous 

week had positive effects overall, but we cannot assess its impact on users with higher levels of 

engagement. Another limitation is that users could receive multiple difficulty adjustments of 

varying intensity over time. This has constrained our ability to measure the impact of different 

levels of difficulty adjustment and instead led us to measure the overall cumulative impact of the 

DDA system. Future research could address these limitations by implementing a field experimental 

approach that initially randomizes different global difficulty levels to develop an optimal policy. 

This approach would also clarify boundary conditions where difficulty reduction might negatively 

impact player engagement.  

Second, we do not directly observe ad revenue but instead impute it using usage data. To 

generate treatment effect estimates with this approach, we assume that the rate of ad 

consumption—ads consumed per time spent in-app—is unaffected by the treatment. However, this 

assumption could be violated. For instance, in some mobile games, players may watch a short 

video ad to gain a power-up. If the game's difficulty is reduced, players’ willingness to engage 

with such rewarded ads might decrease. Since the partnering game primarily used non-rewarded 

interstitial ads, we believe this assumption is reasonable in our case. Future research focused 

specifically on the financial implications of DDAs could measure directly both IAP and Ad 

revenues.  

A further promising research trajectory, building upon this work and recent theoretical work 

on the sequencing of game experiences (Li, Ryan, and Sheng 2023), might explore the long-term 
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effectiveness of difficulty adjustments as a strategic tool. Key questions include how users’ 

sensitivity to adjusted difficulty evolves over time and how treated users behave if difficulty levels 

are restored. Would their behavior resemble that of never-treated users, or does the intervention 

hinder skill development, affecting future performance? Beyond online gaming, this research 

avenue could be relevant to fields like education, where adjusting difficulty could influence 

engagement and learning outcomes. 

Moreover, future research could investigate potential interactions between DDA and systems 

for social engagement in freemium settings. Social interactions, such as messaging, collaborating, 

competing, sharing, and trading, are critical to engagement in many F2P games and freemium 

apps. These social systems could complement DDA systems to enhance engagement, retention, 

and monetization (Lopez-Vargas, Runge, and Zhang 2022). Future work could explore how 

individual and social personalization systems might be orchestrated. 

In conclusion, our research emphasizes the importance of considering heterogeneity and 

dynamics when balancing free products and monetization within the freemium pricing model. As 

digital gaming and freemium models continue to evolve, our findings encourage firms to adopt a 

broader perspective that considers both the multifaceted dynamics of player engagement and the 

overarching ramifications for revenue generation. 
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