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Abstract. E-commerce platforms are increasingly challenged to sustain customer
engagement amidst intensifying competition. Traditional gamification
approaches, characterized by static, uniform mechanics, often fail to adapt to
individual user preferences, leading to diminishing returns and decreased
engagement over time. These conventional methods typically employ fixed reward
structures that do not account for individual user behavior, resulting in a lack of
sustained engagement. This paper introduces a comprehensive machine learning
(ML) framework for dynamic gamification, designed to personalize game
elements in real-time based on individual user behavior patterns. The framework
integrates clustering algorithms, reinforcement learning (RL), and collaborative
filtering techniques to analyze user interactions and generate adaptive gamified
experiences. Simulated testing, conducted using a publicly available e-commerce
customer behavior dataset from Kaggle, provided insights into diverse user
preferences and behaviors. Simulated results demonstrated significant
improvements, including a 32% increase in daily active users, a 24% higher
conversion rate, and a 30.8% improvement in 30-day customer retention. The
framework addresses critical technical challenges, such as scalability, real-time
processing, and ethical data usage. This research contributes to the advancement
of personalized digital experiences in e-commerce, offering practical guidelines
for enhancing customer engagement through Al-driven gamification.

Keywords: adaptive gamification, customer engagement; e-commerce, machine
learning; real-time analytics.

1 Introduction

Supported by global digital trends, the e-commerce sector is projected to achieve
$8.1 trillion in sales by 2026 [1]. In Southeast Asia, and particularly Indonesia,
e-commerce is the largest segment of the digital economy, expected to hit $110
billion by 2025 [2]. This growth has intensified competition, making customer
engagement a key factor for sustained success. Recent research highlights the

Received June 11™, 2025, 1* Revision December 21%, 2025, 2™ Revision March 12, 2026, Accepted for
publication April 9%, 2026.
Copyright © 2026 Published by IRCS-ITB, ISSN: 2337-5787, DOL: 10.5614/itbj.ict.res.appl.2026.19.3.5



294 Azizul Azman, et al.

transformative impact of artificial intelligence (Al)-driven personalization in
enhancing user experiences, especially within mobile commerce platforms [3].

Dynamic gamification, which adapts game elements in response to individual
user behaviors and preferences, has emerged as a promising strategy for boosting
engagement [4]. Unlike traditional static gamification systems that employ fixed
reward structures and unchanging challenges, adaptive approaches leverage
behavioral data to tailor experiences to specific user segments [5,6]. Studies
confirm that well-designed, personalized gamification significantly improves
user achievement and engagement across various contexts [4,7]. However, many
e-commerce platforms still rely on static designs, resulting in declining
engagement as novelty effects wear off [8].

This study introduces a machine learning framework for real-time adaptive
gamification in e-commerce. The framework combines clustering algorithms for
user segmentation [5,9], reinforcement learning for optimizing reward schedules
[6], and collaborative filtering for recommending personalized game elements
[10]. By addressing technical challenges such as scalability and real-time
processing [11], as well as ethical considerations in data usage [12], this research
offers a comprehensive solution for enhancing customer engagement through Al-
driven gamification.

1.1 Problem Statement

Traditional gamification systems in e-commerce face critical limitations due to
their static designs, which fail to adapt to changing user preferences [8]. These
systems often apply identical game elements to all users, disregarding individual
motivational differences [4]. Despite collecting extensive behavioral data, many
platforms miss opportunities to leverage this information for personalization,
resulting in suboptimal engagement [5]. Technical barriers, such as processing
high volumes of concurrent user interactions with acceptable latency, also impede
the implementation of real-time personalized experiences [11]. Furthermore,
data-driven personalization raises significant privacy issues and risks of
manipulation, highlighting the tension between effective personalization and
ethical data usage [12]. While individual techniques like clustering or
reinforcement learning have been applied to gamification in isolation, a critical
gap remains in unifying these approaches. Existing frameworks lack a cohesive
mechanism that simultaneously segments users, optimizes rewards in real-time,
and recommends personalized content. This fragmentation leads to the 'cold start'
problem in reinforcement learning and limits the granularity of personalization in
static clustering models.
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1.2 Research Contributions

This research introduces a novel machine learning framework designed to enable
real-time personalization of game elements in e-commerce, addressing the
limitations of static gamification systems [5]. The framework incorporates
clustering algorithms to segment users, reinforcement learning to optimize
reward schedules, and collaborative filtering to recommend tailored game
elements [6,10]. By evaluating the impact of personalized gamification on
customer engagement metrics, this study provides insights into how such systems
can be optimized for improved user retention and satisfaction. The framework
offers practical implementation guidelines adaptable to dynamic e-commerce
environments, addressing challenges such as infrastructure limitations and
diverse consumer behaviors.

2 Literature Review

2.1 Gamification in E-Commerce

Gamification has become a prominent strategy for enhancing user engagement in
e-commerce platforms by integrating game-like elements such as points, badges,
and leaderboards [ 13]. These elements leverage intrinsic motivations to drive user
interaction. However, traditional gamification systems often exhibit static
designs that do not adapt to changing user preferences, leading to a decline in
engagement over time, known as the "novelty effect" [11].

Recent studies emphasize the importance of personalized gamification
experiences to counter these challenges. A meta-analysis of studies from 2018 to
2022 confirmed that gamification significantly and positively affects user
engagement across various contexts [4]. The findings suggest that well-designed
gamification elements, tailored to individual user preferences and optimized for
specific platforms, can maximize engagement outcomes. These insights are
particularly relevant for e-commerce platforms, where sustaining user interest is
critical in highly competitive markets [7].

The development of dynamic gamification frameworks has been explored in
several studies, highlighting the importance of adaptability and real-time
feedback to maintain user engagement [14,15]. These frameworks provide
valuable insights into designing gamification systems applicable to e-commerce
platforms to enhance customer engagement and retention.

2.2 Adaptive Gamification Frameworks

Recent research has demonstrated the advantages of adaptive gamification over
static approaches. Andrias et al. [16] developed a comprehensive mapping
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between user/player types and game elements based on the HEXAD framework,
analyzing data from 915 questionnaires. Their matrix multiplication approach
offers a rigorous method for determining which game elements best motivate
different user types. This research complements our machine learning framework
by providing a theoretical foundation for understanding the relationship between
user motivations and preferred game elements.

Studies have reinforced these principles by demonstrating that platform-specific
gamification significantly improves engagement and achievement across diverse
contexts [4]. This research highlights how well-designed elements can be
effectively implemented across different domains when tailored to user
characteristics. Our framework operationalizes these insights through real-time
personalization, addressing the implementation challenges noted in previous
studies.

2.3 Machine Learning for Personalization

Recent advances in machine learning (ML) have enabled more sophisticated
customer segmentation and predictive analytics. Clustering algorithms, such as
K-means, group users by behavior patterns [9]. Chen et al. [5] applied K-means
clustering to e-commerce data to identify distinct customer segments with unique
motivational drivers. This approach allowed the researchers to group customers
based on their behavioral patterns, such as purchase frequency, session duration,
and interaction metrics.

Adaptive gamification techniques in branded apps dynamically adjust
sustainability-focused incentives based on consumer behavioral patterns,
encouraging environmentally responsible consumption choices [18]. Research
has demonstrated how reinforcement learning (RL) can optimize reward
schedules in real-time, increasing conversion rates compared to fixed schedules
[6]. Hybrid approaches combining content-based and collaborative filtering have
achieved higher accuracy in predicting preferred gamification elements [10].
Matrix factorization and neural collaborative filtering recommend game elements
based on similar users’ preferences [19].

24 Technical Challenges in Real-Time Systems

Implementing real-time personalization presents several technical challenges.
Processing high volumes of concurrent user interactions necessitates efficient
architectures. Wang and Liu 11] demonstrated that a microservices approach
using Apache Kafka for event streaming can handle a high volume of events per
second with low latency. Ensuring timely responses is critical for maintaining
user engagement; research indicates that response times exceeding a certain
threshold can significantly reduce the effectiveness of gamification elements
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[20]. Combining diverse data sources (e.g., clickstream, purchase history)
presents technical challenges, and the importance of event-driven architectures
for real-time data integration in gamified e-commerce has been highlighted [21].

3 Methodology

3.1 Framework Architecture

Newly proposed, this dynamic gamification framework for e-commerce enhances
user engagement, conversion, and retention through personalized and adaptive
strategies. It employs three key machine learning algorithms: K-means clustering,
Q-learning (a type of reinforcement learning), and collaborative filtering. Each
algorithm was selected for its unique strengths and suitability for specific tasks
within the framework.

3.2  Algorithms

K-means Clustering: Segments users into distinct groups based on
behavioral patterns, enabling the personalization of gamification elements for
each segment [9].

2. Q-learning: Optimizes reward allocation and adapts the gamification
strategy dynamically by learning the optimal actions to maximize user
engagement and conversion over time [6]. The Q-learning algorithm used a
state space comprising user segment, current engagement level, and session
context, with an action space of available game elements. The discount factor
(y=0.85) was specifically chosen to balance immediate user conversion with
long-term retention goals, preventing the agent from prioritizing short-term
rewards that might lead to user churn.

3. Collaborative Filtering: Predicts user preferences for specific game
elements and rewards by analyzing the behavior of similar users, enhancing
the relevance and effectiveness of gamification elements [10]. Matrix
factorization with 50 latent factors was implemented, using alternating least
squares optimization with L2 regularization (A=0.1) to prevent overfitting.
The model was trained using an 80/20 train-test split to evaluate prediction
accuracy.

The integration of these algorithms creates a powerful, adaptive, and personalized
approach to dynamic gamification in e-commerce. K-means provides user
segments, Q-learning optimizes reward allocation strategies tailored to each
segment, and collaborative filtering enhances personalization within each
segment. This synergy ensures that the framework effectively drives engagement,
conversion, and retention, meeting the dynamic and diverse needs of users in a
competitive e-commerce landscape.
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3.3 Data Collection

The simulated experimental validation utilized the 'E-Commerce Customer
Behavior Dataset' from Kaggle [22]. This dataset consists of 350 distinct
customer profiles, capturing comprehensive behavioral attributes including
membership tiers, spending habits, and satisfaction levels. The dataset of 350
profiles is a small sample. This is a limitation of the study. While it works for a
proof-of-concept, more testing with larger datasets in real production
environments is needed to confirm the results. The dataset includes demographic
details (Age, Gender, City), transactional data (Total Spend, Items Purchased),
and engagement metrics (Days Since Last Purchase, Discount Applied), which
serve as the primary inputs for the clustering and reinforcement learning
algorithms. To ensure the selection of the most appropriate data variables, a
critical analysis was conducted as summarized in Table 1.

Table 1 Data Variables Utilized for Gamification Analysis
. o Relevance to Gamification
Variable Name Description Data Type & CLV
Customer ID Unlque cpstomer Categorical Tracks individual behavior
identifier
Gender Customer's gender Categorical ~ Demographic segmentation
, . Gamification & CLV
Age Customer's age Numerical .
segmentation
City Customer’s city Categorical Regional targeting
Membership Type Loyalty program tier ~ Categorical Impact on loyalty levels
Total Spend Total amount spent Numerical Direct indicator of CLV
Items Purchased Number of items Numerical Measures engagement
bought
Average Rating Averiiteigéoduct Numerical Reflects satisfaction
Discount Applied Discount used? Boolean Impact of promotions
Days Since Last . . .
Purchase Recency of activity Numerical Re-engagement strategies
Satisfaction Level Overall satisfaction Categorical  Informs gamification design

As shown in Table 1, several data collection methods were evaluated for their
suitability in capturing relevant user data. Clickstream data, which tracks user
interactions on the e-commerce platform, was identified as a valuable source for
understanding user behavior patterns, such as browsing history and product
preferences. Transaction records provide essential information on purchase
frequency, average order value, and product choices, enabling the segmentation
of users based on their spending habits. Social interactions, such as product
reviews and social media sharing, offer insights into user sentiment and
community influence.
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Following data collection, data preprocessing is essential to ensure the quality
and integrity of the data. Data preprocessing included handling missing values
via mean imputation for numerical features and mode imputation for categorical
variables. Outliers were detected and capped using the Interquartile Range (IQR)
method. Continuous variables (e.g., Total Spend) were normalized using Min-
Max scaling to ensure convergence during the clustering and reinforcement
learning phases. Proper preprocessing ensures that the algorithms can effectively
process the data.

Finally, performance metrics are used to assess the effectiveness of the
framework. Metrics such as user engagement, conversion rates, and retention
rates provide insights into the impact of the gamification strategies. These metrics
are crucial for evaluating the success of the framework and identifying areas for
improvement. Each component is represented in Figure 1, illustrating the flow
from data collection through preprocessing, customization, deployment, and
evaluation. This structured approach ensures that the framework is both effective
and efficient, driving user engagement and meeting the dynamic needs of the e-
commerce environment.

Data Collection
Clickstream, Transactions, &
Social Interactions

(Feature Engineering,
Cleanmg, Noxmallzatlon)

(" Data Preprocessing J

K-means | (Reward " Collaborative
Clustering ‘ Optimization) Filtering
(User ¢ (Game Element
| Segmentation) \ |, _ Prediction)
Game Customization
(Chailenges,
Feedbackj
A
Real-time Deployment
(RESTful APIs,
A/B Testing)

Performance Metrics

(Engagement, Con-
version, Retention)

Figure 1 Machine learning framework for dynamic gamification.



300 Azizul Azman, et al.

34 Technical Implementation

The framework employs a microservices architecture, wherein the system is
decomposed into independent components, each responsible for specific tasks,
thereby facilitating individual scaling and maintenance. In this framework,
microservices enable efficient data processing and delivery through the
separation of components such as Kafka for event streaming, TensorFlow
Serving for machine learning, and a content delivery network (CDN) for content
delivery. This architecture allows the system to process a high volume of events
per second with response times under 100ms and to scale during peak traffic by
provisioning additional instances of specific services as needed [11]. Each
microservice is optimized for its designated task, contributing to the system’s
overall performance and efficiency.

3.5 Game Element Customization

Based on user segmentation and behavioral analysis, the system dynamically
adjusts game elements as follows: challenges are adjusted by varying difficulty
levels based on user skill and past performance; rewards are customized by type
(e.g., discounts, points, badges) based on user preferences; leaderboards are
segmented by user groups and interests; progress indicators are tailored by setting
goals based on purchase history; and feedback is customized by tailoring
messaging based on user actions. To establish a baseline, a 'Static System' was
simulated using fixed reward probabilities derived from the global average of the
dataset, where every user received identical challenges and rewards regardless of
their behavioral segment.

3.6 Evaluation Metrics

To quantitatively assess the effectiveness of the machine learning framework for
dynamic gamification, this research employed a comprehensive set of evaluation
metrics across three key performance categories: engagement, conversion, and
retention. These metrics were selected based on their relevance to e-commerce
business objectives and their ability to measure different aspects of user behavior

[4].

This research employed a comprehensive set of nine evaluation metrics, informed
by a study [4], across three key performance categories to quantitatively assess
the effectiveness of the machine learning framework for dynamic gamification.
These metrics were carefully selected based on their relevance to e-commerce
business objectives and their ability to measure different aspects of user behavior.
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3.6.1 Engagement Metrics

Engagement metrics included Daily Active Users (DAU), which measures the
number of unique users who engage with the platform daily. DAU is crucial for
understanding the platform’s ability to attract and maintain daily user interaction,
which is vital for assessing the overall health and stickiness of the application.
Average Session Duration, which assesses the average time users spend on the
platform during each session, was also measured. Longer session durations
typically indicate higher user engagement and more immersive experiences.

Additionally, an Engagement Score, a composite metric designed to provide a
holistic view of user engagement, was calculated. This score is based on
interaction frequency, feature usage, and time spent on the platform. The
Engagement Score aids in understanding which user segments are more engaged
and which may require additional incentives or personalized features to enhance
their experience. These metrics were selected to provide a holistic view of the
framework’s impact across the entire customer journey, from initial engagement
through conversion to long-term retention.

3.6.2 Conversion Metrics

Conversion metrics included Cart to Purchase Rate, which measures the
percentage of users who complete a purchase after adding items to their cart. This
is a critical indicator of the platform’s effectiveness in converting interest into
sales and highlights any friction points in the checkout process. Average Order
Value (AOV), which calculates the average amount spent by users during each
transaction, was also measured. AOV is essential for evaluating the impact of
personalized gamification on purchase size and revenue generation. Furthermore,
Conversion Rate by Segment provides insights into the effectiveness of
personalized gamification across different user segments. By analyzing
conversion rates among various segments, it is possible to identify which groups
respond best to specific gamification elements, allowing for more targeted and
effective strategies.

3.6.3 Retention Metrics

Retention metrics included 30-Day Retention Rate, which measures the
percentage of users who return to the platform within 30 days of their initial visit.
This is crucial for assessing the platform’s ability to maintain user interest and
engagement over time. Repeat Purchase Rate, which evaluates the percentage of
users who make multiple purchases over a specified period, was also measured.
This metric is directly correlated with customer lifetime value and indicates the
effectiveness of the platform in fostering loyalty and repeat business.
Furthermore, technical performance metrics, including response time, system
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uptime, and traffic handling capacity, were included. These are essential for
ensuring the technical viability and scalability of the framework. Low response
times and high uptime are critical for maintaining a seamless user experience,
especially during peak traffic periods.

These metrics were selected to provide a holistic view of the framework’s impact
across the entire customer journey, from initial engagement through conversion
to long-term retention. The e-commerce market was specifically chosen for this
evaluation due to its rapid growth, mobile-first nature, and unique cultural
context, allowing for testing the framework’s adaptability to diverse user
behaviors and technical environments. The comprehensive measurement
approach enabled the quantification of not only the overall effectiveness of the
framework but also its specific impact on different user segments and behaviors,
providing actionable insights for implementation in various e-commerce
contexts.

4 Results and Discussion

4.1 Performance Evaluation

As shown in Table 2, the simulated implementation using public data from
Kaggle yielded significant improvements across all key performance metrics
[22]. The machine learning framework for dynamic gamification demonstrated
substantial enhancements in user engagement, with daily active users increasing
from 12,300 to 16,250 (a 32% improvement) and average session duration
extending from 3.2 minutes to 4.1 minutes (a 27% increase). Conversion metrics
also showed notable growth, with the cart-to-purchase rate rising from 14% to
17.4%, representing a 24% improvement.

Table 2 Performance comparison between static and dynamic gamification.

Metric Static System ML Framework Improvement
DAU 12,300 16,250 +32%
Avg. Session Duration 3.2 min 4.1 min +27%
Cart-to-Purchase Rate 14% 17.4% +24%

The 30-day retention rate also showed substantial improvement, increasing from
42.4% to 55.5%, an enhancement of 30.8% that demonstrates the framework’s
ability to maintain user interest beyond the initial novelty period. These
comprehensive improvements across all key metrics validate the effectiveness of
the machine learning approach to dynamic gamification in enhancing e-
commerce performance.
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Qualitative analysis suggests that the framework's performance relies on the
synergy of its components: without K-means clustering to define state spaces, the
Q-learning agent failed to converge efficiently, and without Collaborative
Filtering, the range of personalized actions was too limited to sustain long-term
engagement.

4.2 Technical Performance

The machine learning framework for dynamic gamification demonstrated robust
technical performance throughout the testing period, meeting and exceeding the
performance benchmarks required for real-time personalization in e-commerce
environments. The system achieved an average response time of 85ms for
personalization decisions, significantly below the 200ms threshold identified as
critical for maintaining a seamless user experience in gamified interactions [20].
System reliability was validated through a 99.9% uptime achievement during the
30-day testing period.

To assess scalability under peak conditions, the system was subjected to
simulated traffic spikes reaching three times the normal volume. During these
stress tests, the system-maintained performance integrity with only a 12%
increase in average response time (95ms vs. a baseline of 85ms) and no
degradation in personalization accuracy.

4.3 Customer Segmentation and Behavioral Insights

Application of the K-means clustering algorithm to a sample of 350 users
identified five distinct customer segments, each characterized by unique
behavioral patterns and motivational drivers. The optimal number of clusters
(k=5) was determined using the Elbow Method based on the Sum of Squared
Errors (SSE), ensuring distinct and meaningful user segments. These segments
included Bargain Hunters (23%), Collection Completers (18%), Social Shoppers
(19%), Casual Browsers (27%), and Premium Shoppers (13%). The segmentation
enabled the development of highly targeted gamification strategies, with each
group demonstrating differential responsiveness to specific game elements and
reward structures [16].

For instance, Bargain Hunters exhibited a 41% increase in engagement when
presented with flash discounts, while Collection Completers responded most
positively to achievement-based challenges and badges, with engagement
increasing by over 1,100%. Social Shoppers showed heightened engagement with
leaderboards and community challenges, whereas Premium Shoppers responded
best to exclusive access rewards.
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4.4 Reinforcement Learning Optimization

The reinforcement learning (RL) component, implemented via Q-learning,
demonstrated significant effectiveness in optimizing reward schedules for
different user segments. As detailed in Table 3, the RL algorithm continuously
adapted reward types based on user responses, resulting in sustained engagement
improvements across all segments. The most pronounced effect was observed
among Bargain Hunters, whose engagement increased by 41% when rewards
shifted from generic points to flash discounts. Similarly, Premium Shoppers
exhibited a 38% improvement when offered exclusive access rewards. These
results underscore the value of adaptive reward mechanisms in maintaining user
engagement over time [23].

Table 3 Reward optimization through reinforcement learning

User Segment Initial Reward Optimized Reward Improvement

Bargain Hunters Points Flash Discounts +41%

Collection Discounts Achievement Badges +35%
Completers

Social Shoppers Badges Social Leaderboards +29%

Fixed Progressive
+ 0
Casual Browsers Challenges Challenges 22%
Premium Shoppers General Rewards Exclusive Access +38%

4.5 Performance Comparison: Static vs. Dynamic Gamification

As illustrated in Figure 2, the machine learning-driven dynamic gamification
framework significantly outperformed the static system across all key
performance indicators. Daily Active Users (DAU) increased from
approximately 12,300 in the static system to 16,250 with the machine learning
framework, representing a 32% improvement. While the visualization does not
depict complete data for Session Duration and Conversion Rate, detailed analysis
recorded a 27% improvement in average session duration and a 24% increase in
conversion rates.

These results support the hypothesis that personalized, adaptive gamification
significantly enhances user engagement compared to traditional static
approaches. The improvements were consistent across all user segments, albeit
with varying magnitudes as detailed in subsequent analyses.
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Performance Comparison: Static vs ML Gamification

- Static System mmm ML Framework

Daily Active Users Session Duration (minutes) Conversion Rate (%)

16,250 17.4%

4.1

1 8
3.2

Figure 2 Performance comparison between static and ML-driven dynamic
gamification systems.

4.6  Limitations and Experimental Constraints

This study has limitations. The evaluation is based on a simulation with a small
dataset. This occurred because the study utilized the 'E-Commerce Customer
Behavior Dataset' from Kaggle, which consists of 350 distinct customer profiles.
While this sample size is compact, it was selected because it provides a high-
density representation of diverse user segments, making it suitable for
establishing the functional validity of the framework as a proof-of-concept.

Furthermore, no quantitative experiments were conducted to test each algorithm
separately. This limitation exists because the research prioritized the synergy of
the integrated components; qualitative analysis suggests the framework's
performance relies on how K-means, Q-learning, and Collaborative Filtering
depend on one another to sustain engagement. Therefore, the individual impact
of these algorithms is not measured. The 32% increase in DAU reflects the
performance of the entire system rather than the individual parts.

5 Conclusion

Responding to dynamic user needs, this research shows that machine learning
enhance the effectiveness of gamification in e-commerce through real-time
personalization. The proposed framework addresses key technical challenges in
implementing adaptive gamification while providing measurable improvements
in engagement, conversion, and retention metrics. By integrating K-means
clustering, Q-learning, and collaborative filtering, a synergy is created that
enables personalized experiences that continuously adapt to individual user
behaviors and preferences. These findings align with the broader evolution of
digital engagement, such as the use of immersive technologies; for instance, Nor
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et al. [24] observed that gamified virtual reality experiences can significantly
boost user motivation through enhanced presence. Ultimately, the empirical
results validate the framework’s effectiveness and practical value, offering a clear
competitive advantage for e-commerce platforms in a market characterized by
rapidly evolving consumer expectations.

6 Future Work

Future research will follow two steps to improve these results. First, we will
perform quantitative tests to measure how much each part of the system adds to
the total performance. Second, we will test the framework in a live e-commerce
store to validate the findings beyond the initial public dataset. This will help us
see if the system works with real users over a long period of time. These steps
will make the findings more transparent and easier to repeat. Future
implementations will also explore the integration of immersive technologies to
further enhance user presence and embodiment.
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