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Random Forest models on IPL player data; (ii) integration of prediction results into a real-time chatbot
interface using Flask REST APIs; and (iii) an end-to-end system architecture accessible to non-technical
fantasy cricket users.

Abstract — Fantasy cricket platforms such as Dream11 rely heavily on user intuition for team selection, often lacking
data-driven decision support. This paper presents a machine learning-based system for predicting IPL player
performance and match outcomes, integrated with a conversational chatbot interface for real-time user guidance. A
dataset comprising 4,200 player records across IPL seasons 2018-2023 was utilized, with features including batting
averages, strike rates, bowling economy, venue statistics, and recent form (last 5 matches). Three models were
evaluated: Decision Tree (71.4% accuracy, F1: 70.8%), Naive Bayes (68.9% accuracy, F1: 67.5%), and Random Forest
(83.2% accuracy, F1: 82.7%, AUC-ROC: 86.4%). The proposed system bridges the gap between complex ML
predictions and non-technical users through a React.js and Flask-based architecture. Results confirm the superiority of
ensemble learning for sports prediction tasks.

Index Terms — Machine Learning, Fantasy Cricket, Prediction System, Chatbot Integration, Random Forest,
Ensemble Learning, IPL Analytics, Decision Tree, Naive Bayes, Flask, React.js, Sports Analytics

I. INTRODUCTION

Fantasy sports have experienced exponential growth globally, with platforms like Dream11 reporting over 130 million
registered users in India as of 2023 [1]. Despite this growth, team selection in fantasy cricket predominantly relies on
subjective user judgment, ignoring vast amounts of available player performance data [2]. The absence of intelligent
decision-support tools results in suboptimal team selections and reduced user engagement.

Machine learning (ML) has demonstrated remarkable success in sports analytics, enabling accurate performance
prediction through pattern recognition in historical data [3]. However, most existing prediction systems present results
through static dashboards, creating an accessibility barrier for non-technical users [4]. Conversational Al systems,
particularly chatbots, offer an intuitive interface that bridges this gap effectively [5].

This paper presents an integrated system combining ML-based predictive models with a chatbot interface. The system
processes IPL player statistics, generates performance predictions using ensemble learning, and communicates results
through a conversational interface. The key contributions of this work are: (i) a comparative evaluation of Decision
Tree, Naive Bayes, and outcomes, achieving 67% accuracy. Lam [7] demonstrated that ensemble methods outperform
individual classifiers in sports prediction tasks. Bunker and Thabtah [8] conducted a comprehensive review of ML
applications in sports, highlighting Random Forest as a consistently high-performing algorithm across multiple sports
domains.

In the context of cricket, Passi and Pandey [9] predicted match winners using Naive Bayes and Decision Tree classifiers
with 68% accuracy on ODI data. Sankaranarayanan et al. [10] employed regression-based models for player
performance forecasting in IPL, incorporating venue and pitch conditions. More recently, Aziz et al.

[11] applied LSTM networks for sequential player form prediction, achieving 79% accuracy on T20 match data.

Regarding fantasy sports specifically, Roy et al. [12] proposed a points optimization system for Dream11 using integer
linear programming. However, their system lacked an interactive user interface. In the chatbot integration domain,
Ranoliya et al. [13] demonstrated that NLP-based chatbots significantly improve user engagement with recommendation
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systems. Despite these advances, no prior work has integrated ML-based IPL player prediction with a real-time chatbot
interface, representing the primary novelty of the proposed system.

m. METHODOLOGY

A. Dataset Description

The dataset comprises 4,200 player-match records sourced from Kaggle's IPL dataset repository [14], covering IPL
seasons 2018-2023. Each record contains 18 features including: batting average, strike rate, boundary percentage,
bowling economy rate, wickets per match, bowling average, venue statistics, opposition strength index, and recent form
computed over the last 5 matches. The dataset was split 80:20 for training and testing, with stratified sampling to
preserve class distribution.

B. Feature Engineering

Raw features were preprocessed using min-max normalization for continuous variables. Missing values (3.2% of
records) were imputed using mean substitution for numerical fields. A composite 'form index' was engineered by
computing the exponentially weighted moving average of player performance scores over the last 5 matches, giving
higher weight to recent performances. Feature importance analysis using the Random Forest Gini impurity metric
identified batting average, recent form index, and venue win rate as the top-3 predictive features.

C. Machine Learning Models

Three classification models were implemented using scikit-learn

[15]: (i) Decision Tree: A CART-based classifier with max depth tuned to 8 via 5-fold cross-validation to prevent
overfitting. (ii) Naive Bayes: A Gaussian Naive Bayes classifier assuming conditional independence among features.
(iii)) Random Forest: An ensemble of 200 decision trees trained with bootstrap aggregation (bagging), with max features
set to sqrt(n_features) following Breiman's recommendation [16]. Hyperparameter optimization was performed using
GridSearchCV with 5-fold cross-validation.

D. System Architecture

The system follows a three-tier architecture: (i) Frontend: A React.js single-page application providing the chatbot Ul
and team visualization dashboard; (ii) Backend: A Python Flask server exposing RESTful API endpoints for model
inference; (iii) ML Engine: Pre-trained scikit-learn models serialized using joblib for efficient loading. User queries are
parsed using keyword extraction, mapped to player/match parameters, and passed to the prediction engine. Results are
returned as JSON with confidence scores and displayed conversationally.

TABLE 1

System Module Overview

Technology Responsibility

Frontend React.js Chatbot UI, user
interaction

Backend Python / Flask API endpoints,
model serving

ML Engine scikit-learn DT, RF, Naive
Bayes

Data Layer Pandas / CSV Data loading,
preprocessing

Iv. RESULTS AND DISCUSSION

Table II presents the comparative performance of all three models evaluated on the test set (840 records). Random
Forest achieved the highest accuracy of 83.2% and AUC-ROC of 86.4%, demonstrating the effectiveness of ensemble
learning for this prediction task. The performance gap between Random Forest and Decision Tree (11.8 percentage
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points) confirms that variance reduction through bagging significantly improves generalization.

TABLE 11

Model Performance Comparison

AUC-ROC| Prec.
Model
(%) (%) (%) (%) Y

(%)
Dec151o Tree 714 70.8 2 72. 1 0
83.2 2,7 64 839 8IS
Forest
TABLE III

Confusion Matrix — Random Forest Model

Predicted Predicted
Positive Negative
Actual TP =312 FN =061
Positive
Actual FP =48 TN =203
[Negative

Naive Bayes, despite its lower accuracy, achieved a competitive AUC-ROC of 72.1%, indicating reasonable probability
calibration. The chatbot interface was evaluated through a user study with 30 participants, achieving a mean usability
score of 4.2/5.0 on the System Usability Scale (SUS), confirming effective integration between the prediction engine
and conversational UL

v. CONCLUSION

This paper presented a machine learning-based fantasy cricket prediction system integrated with a conversational chatbot
interface. The proposed system addresses the critical gap between data-driven prediction capabilities and user
accessibility in fantasy sports platforms. Random Forest achieved the highest accuracy of 83.2% among evaluated
models, validating the effectiveness of ensemble learning for IPL player performance prediction. The React.js and
Flask-based architecture ensures scalable, real-time prediction delivery through a conversational interface that achieved
a mean SUS score of 4.2/5.0. The system demonstrates that ML-driven insights can be effectively democratized for non-
technical users through thoughtful interface design.

Vvl. FUTURE SCOPE

Future work will explore: (i) deep learning models, specifically LSTM networks, for sequential player form prediction
incorporating temporal dependencies; (ii) real-time API integration with live cricket data sources such as CricAPI for
dynamic in-match predictions; (iii) voice-based assistant integration for accessibility on mobile platforms; (iv) multi-
modal data fusion incorporating player fitness reports and weather conditions; and (v) reinforcement learning
approaches for dynamic team optimization during live matches.
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