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What is SmyleLand?

e SmyleLand is a game that can be played on various applications and websites. It

Convert values to
SCOFES

presents the idea of creating a platform that can be used as a SmyleLand reward to
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y claim various rights in real life as Play to Earn Privilege. User can play the minigame in
o Partner Landmark and earn special rights range from movie tickets, dining hall tickets,
o \ AN special privileges to receive and discounts from restaurants and coffee shops, etc.
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Points ot Pattern Identification in Privilege Assignment & Redemption:
* Pain Point:
solation Forest Company didn't know specific odds patterns that can lead to assigned and redeemed privileges.
e Objective:
pca Kmean To detect patterns in user behavior that influence privilege assignment and redemption.
* Process:
caoon 0% Training et B feal Uee Case Data from SQL and MongoDB (fields included User ID, Play Time, Partner, Reward, Privilege Status)

was combined and processed using Python. Machine learning techniques were then applied:
o Isolation Forest was used to detect anomalies in user behavior, helping to flag unusual
patterns, like repetitive or automated activity.
o PCA (Principal Component Analysis) was applied to reduce the dataset’'s dimensionality,
making pattern identification easier.
o K-means clustering grouped users into four clusters based on their assignment and
redemption behavior. Transactions were labeled as either "o" (redeemed) or "x" (assigned).
® Results:
This analysis identified clusters of users based on their behavior. For example, bot-like patterns were
flagged through the Isolation Forest method, and K-means clustering showed groups of users with
similar privilege engagement. The results were exported into an Excel file for further analysis, with
the cluster numbers and anomaly flags added as extra columns.
e Benefits:
Company can see data visualized in different ways but pattern still remains unclear.
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User Retention & Engagement Analysis (RFM Analysis):

¢ Pain Point:
Company did not know the current active user’s retention and engagement status result.

e Objective:
To understand user retention and engagement, we applied the RFM (Recency, Frequency, Monetary)
analysis. This method categorizes users based on how recently and frequently they engage with the
game, as well as the value they generate through in-game privileges.

®* Process:
User data was queried from the database, including fields such as user ID, last login date (recency),
play frequency, and privilege value (monetary). Each of these metrics was then scored from 1 to 5
using Python, with score ranges separated by the 20th percentile. The users were grouped into
segments based on their RFM scores. | . N

e Results:
The results showed segmented groups such as "Champions” (users with high scores in all categories) -
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and "Lost" users (low scores across the board). This segmentation made it easy to identify which L7771l 7n BE_T7. .
users are highly engaged and which are at risk of leaving. We visualized these findings in a table } .
showing the number of users based on their recency and FM scores, with segments highlighted for s Be " .
- . . !
clarity. ; o <
e Benefits:
Company can create personalized experiences that keep users interested, improve retention, and —
encourage more activity. This approach helps apply the right strategies for different user groups, g
leading to business growth and long-term success. . :
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¢ Pain Point:
Company doesn’t know if users are going to redeem the assigned privileges they got in the future or
Optimization of Privilege Assignment Timing: not.

e Pain Point: e Objective:
Company did not know which hour was the best to let users come and get assigned privileges. To predict whether users will redeem their assigned privileges using a machine learning model.
®* Process:

e Objective:

To discover the optimal times for assigning in-game privileges by analyzing user activity patterns.

®* Process:
Data was queried for user ID, play datetime (hour, day, month, year), assigned datetime, minigame
type, and partner category. Power Bl was then used to visualize the data, focusing on the separation
of play and assigned activity counts.
e Visualization:
o Bar graphs displayed daily and monthly play patterns to reveal trends over time.
o Line graphs were used to show hourly trends, identifying peak user activity hours.
o Box and whisker plots provided an overview of datetime distribution, offering insights into
when users are most active.
e Results:
From these visualizations, we found that users primarily play games and are assigned privileges
between 10 PM and midnight, with certain minigames (like Claw Machine, Lucky Card, and Lucky
Wheel) being the most popular. This information enables the company to strategically assign
privileges during peak times, maximizing engagement.
e Benefits:
Company can track when users play to earn and redeem privileges. This information can help decide
the best times to offer more or fewer privileges.
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The combined dataset was used to build a predictive model using the XGBoost algorithm. The
dataset was split 70-30 for training and testing, ensuring robustness:
o Non-numerical data, such as partner category and privilege type, were transformed using one-
hot encoding.
o SMOTE (Synthetic Minority Over-sampling Technique) was applied to balance the dataset due
to the disproportionate number of assigned privileges compared to redeemed ones.
o A confusion matrix was used to evaluate the model's performance on metrics such as
accuracy, precision, recall, and F1 score.
® Results:
The predictive model performed well after applying SMOTE, showing high accuracy in predicting true
positives, true negatives, and false negatives. Although false positives (cases predicted to redeem
but actually assigned) were less accurate, this issue was minor since users could still redeem
privileges later. The model’s accuracy was confirmed after testing it on new data two months later,
and the results were exported into Excel with additional columns for predicted redemption status and
probability of redemption.
e Benefits:
Company get usable model that can predict if user will redeem privileges in the future or not. This
enables companies to manage resources more effectively, enhance user engagement and retention,
optimize marketing strategies, and ultimately increase revenue.
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