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Executive Summary

This project focuses on predicting whether a gameplay session will result in an incorrect
outcome using early behavioral signals. The main idea is to determine whether patterns
within the first 20 actions of a session can indicate struggle before the final result occurs.
Using gameplay telemetry data from a Kaggle dataset, I engineered session-level and
early-session features that capture timing patterns, pauses, and engagement behavior. Two
models were evaluated: Logistic Regression and Random Forest. To prevent inflated perfor-
mance, a group-based train-test split was applied at the session level to avoid data leakage.
The Random Forest model achieved a ROC AUC of approximately 0.64. While this
performance is moderate, the model was effective for ranking risk. By flagging the top 20%
highest-risk sessions, the system captured approximately 44% of incorrect outcomes. This

shows that early behavioral signals can support targeted and efficient intervention strategies.

Problem Statement and Motivation

The central question of this project is:
Can early gameplay behavior (first 20 actions) predict whether a session will

end in an incorrect outcome?



In many learning systems, support is provided only after failure occurs. However, if early
signs of struggle can be detected, intervention can happen sooner. The goal is not perfect
classification, but rather risk scoring identifying sessions that are more likely to struggle so

support can be prioritized.

Data Collection and Preparation Methodology

The dataset comes from the Kaggle competition “Predict Student Performance from Game
Play.” It includes question-level labels (correct = 1, incorrect = 0), session IDs, level groups
(04, 5-12, 13-22), timestamped gameplay events, and player interaction logs.

Because the event log file is large, it was processed in chunks, and a 20% sample was
used due to computational constraints.

Two sets of features were engineered:

Overall Session Features
These summarize the entire session and include:
e Total number of events

Session time

e Mean and median time between actions

Number of long pauses

e Unique event count

Pause ratio

Early Session Features (First 20 Actions)

These focus only on early behavior and include:



Early mean timing

Early timing variability (standard deviation)

Early long pauses

Early unique events

Early pause ratio

Labels were merged with session features using session ID and level group. Because
multiple questions belong to the same session, a group-based split was used to prevent data

leakage across training and testing sets.

Analysis Methods and Implementation

Two models were trained:
e Logistic Regression (baseline)
e Random Forest (nonlinear ensemble model)

The dataset is imbalanced (approximately 14% incorrect sessions), so class weighting was
applied to reduce bias toward predicting correct outcomes.

Model performance was evaluated using ROC curves and Area Under the Curve (AUC).
Random Forest achieved a ROC AUC of approximately 0.64, while Logistic Regression
achieved approximately 0.61.

Feature importance analysis showed that total events, session time, long pauses, and

early timing variability were among the strongest predictors.



ROC Curve Comparison
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Results and Interpretation

The ROC curve (fig 1) shows that both models perform better than random guessing, with
Random Forest outperforming Logistic Regression.

Risk bucket analysis ( fig 2)divided sessions into five groups from Very Low to Very High
risk. As predicted risk increased, correctness steadily decreased. The Very High risk group
had a correctness rate of about 69%, compared to about 96% in the Very Low risk group.
This confirms that the model successfully ranks sessions by difficulty level.

In the intervention simulation:
e Overall correctness rate: approximately 86%

e Top 20% highest-risk sessions were flagged



Intervention Impact: 20% Flagged vs 44% Incorrect Captured
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Figure 3: Enter Caption
e Approximately 44% of incorrect sessions were captured

This demonstrates that incorrect outcomes are concentrated in higher-risk groups. In-
stead of helping every session, intervention can focus on a smaller subset while still covering

a large portion of struggling cases.

Key Findings

Early gameplay behavior contains meaningful predictive signals.

Timing patterns and pauses are strong indicators of struggle.

Preventing data leakage reduced inflated model performance and produced more real-

istic evaluation.

Even with moderate AUC (0.64), the model is effective for risk ranking.

Conclusion and Future Work

This project demonstrates that early-session behavioral data can be used to estimate risk
before the final outcome occurs. Although model performance is moderate, the system

effectively prioritizes high-risk sessions for targeted support.



Future improvements may include:

Using the full dataset instead of sampling

Adding richer temporal features

Testing gradient boosting models

Performing cross-validation across sessions

Evaluating real-world intervention impact
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