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1. Introduction 2. Objectives 6. Overall Results

In any game, the selection of a team's best players significantly impacts the overall| |, Identifying the most impactful features for Experimental Setup
team performance. This work aims to leverage machine learning techniques to assessing a player’s performance in batting Training-Testing Dataset: 90%-10%
predict player performance in T20 cricket matches, ultimately aiding in the and bowling
lecti f ol f ional hi hi d | id b e _ Table 2: Overall results
selection of players for national teams. At this stage, this study only considers about | |, Developing a Graphical User Interface to
the Batting and Bowling performance for making predictions in T20 format using facilitate user-friendly team selection. section | Algorithms Training Dataset | Testing Dataset
Linear Regression and Random forest. RSE MSE RSE MSE
Linear Regression 0.9752 6.2218 0.9551 | 6.6149
Batti
\\ " [ Random Forest 0.9873 | 0.9965 | 0.9941 | 1.5066
3 o D a t a S Et 4 : M Et h O d o I O gy Linear Regression 0.9015 | 10.9456 | 0.8898 | 9.8721
Bowli
° Kaggle: oW Random Forest 0.9456 0.0054 0.9098 | 5.1478

Step 1: Pre-processing Figure 4: GUI Implementation

www.kaggle.com/datasets/bhuvaneshprasad/all-t20-internationals-
dataset-2005-t0-2023
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Data Set Linear Regression: Actual vs Predicted Runs Random Forest: Actual vs Predicted Runs Linear Regression: Actual vs Predicted Conceded Runs Random Forest: Actual vs Predicted Conceded Runs
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Fours Overs categorical data into numerical format by :

Balls Balls assigning a unique integer to each category. | //
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WicketType Economy | Feature Selection | Figure 5: Actual vs Predicted for Runs Figure 6: Actual vs Predicted for Conceded

Feilders Dots 2.1. Applied Principal Component Analysis I

Bowlers ours (PCA) to the entire dataset and selected the [ } \
jvllsz most influential feature contributing to ‘1' 7 D i SCUSS i on
No Balls PCA-1 for both batting and bowling. .

For each Model:
Table 1: Features of the Dataset ain Model o g Se This study utilises machine learning techniques to predict cricket performance metrics for both batting and bowling. By analysing key

: i i Test Model on TestingSet .. . . L. . . .
2°2°. Afte.r PCA, applied correlation analy§|s statistics such as balls faced, fours, sixes, and economy rate, we developed predictive models using Linear Regression and Random
\ to identity features most correlated with I Forest Regressor. The models achieved high accuracy, with Random Forest performing particularly well. These findings underscore the
_ 1 elecC odel wi Ignes . . . . . . . . .
5 . Resu ItS the selected PCA-derived feature. These Accuracy for Final Sse potential of machine learning in sports analytics, offering valuable insights for player performance evaluation and strategy
correlated features were then used to development in cricket.
a) For Batting, predict the target variable.
Runs are the most influential feature Figure 1: Proposed Methodology ) \ \
contributing to PCA-1 when applying PCA 8. Conclusion 9. Reference
to the entire batting dataset. After ) For Bowling, _ — ,
correlating with runs, the plot appears as Conceded is the most influential feature contributing to PCA-1 when 1. Jhanwar, M. G., & Pudi, V. (2016). Predicting the Outcome of ODI Cricket
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