
International Journal of Engineering & Extended Technologies Research   (IJEETR) 

                |ISSN: 2322-0163| www.ijeetr.com | A Bimonthly, Peer Reviewed, Scholarly Indexed Journal | 

| Volume 8, Issue 2, March - April 2026 | 

DOI:10.15662/IJEETR.2026.0802242 
 

IJEETR©2026                                                   |     An ISO 9001:2008 Certified Journal   |                                                         2574 

 

Hybrid Ensemble Learning Framework for Player 

Performance Forecasting and Automated Playing 

XI Selection in T20 Cricket 
 

Mr. G. Parthipan
1
, Dr. N. Devakirubai

2
, Ms. B. Jeevika

3
, Ms. P. S. Nandhinidevi

4
, Ms. N. Punitha

5
 

Assistant Professor, Department of AI&DS, R P Sarathy Institute of Technology, Salem, Tamil Nadu, India
1
 

Professor & Head, Department of AI&DS, R P Sarathy Institute of Technology, Salem, Tamil Nadu, India
2
 

UG Students, Department of AI&DS, R P Sarathy Institute of Technology, Salem, Tamil Nadu, India
3-5

 

 

Publication History: Received: 25.02.2026; Revised: 20.03.2026; Accepted: 25.03. 2026; Published: 28.03.2026. 

 

ABSTRACT: The highly dynamic and unpredictable nature of Twenty20 (T20) cricket makes accurate player 

performance forecasting and optimal team selection a challenging analytical task. Traditional selection methods largely 

rely on historical aggregates and subjec- tive expert judgment, often neglecting contextual factors such as pitch 

characteristics, venue-specific behavior, opposition strength, and recent player form. To address these limitations, this 

study proposes a context-aware hybrid artificial intelligence framework for probabilistic Playing XI selection and pre-

match performance prediction in T20 cricket. The proposed framework combines multi-factor feature engineering with 

ensemble machine learning models to estimate player performance using probabilistic ranges rather than deterministic 

point predictions. The system generates bounded batting run intervals, expected wicket contributions, and calibrated 

confidence scores, thereby explicitly modeling the uncertainty inherent in short-format cricket. Contextual variables 

such as venue-adjusted statistics, pitch influence, role-based player weighting, and recent performance consistency are 

incorporated to improve predictive reliability and interpretability. Experimental evaluation conducted on real-world T20 

international match datasets demonstrates strong predictive reliability for bowling outcomes and stable probabilistic 

intervals for batting performance. The findings suggest that integrating contextual information with probabilistic 

modeling significantly improves forecasting robustness compared to traditional aggregate-based approaches. Overall, 

the proposed framework offers a scalable, interpretable, and data- driven decision-support tool for team strategists, 

analysts, and selectors. This work contributes to the advancement of AI-driven sports analytics by enabling 

probabilistic team optimization and performance forecasting in modern cricket. 

 

KEYWORDS: T20 Cricket, Player Performance Prediction, Probabilistic Modeling, Ensemble Machine Learning, 

Team Selection Optimization, Sports Analytics, Artificial Intelligence, Context-Aware Systems. 

 

I. INTRODUCTION 

 

Advancements in artificial intelligence and data-driven technologies have significantly transformed analytical practices 

across numerous fields such as finance, healthcare, transportation, and competitive sports. The growing availability of 

large-scale datasets and improved computational capabilities has enabled researchers to develop intelligent systems that 

support complex decision-making processes. Within this context, sports analytics has emerged as an important 

interdisciplinary area that applies statistical methods and machine learning techniques to evaluate player performance, 

optimize strategies, and improve competitive outcomes. Cricket, one of the most widely followed sports globally, offers 

a particularly challenging environment for analytical modeling due to its multifaceted structure and strong contextual 

dependencies. Player roles vary widely across batting, bowling, and all-round capabilities, and individual performance 

can fluctuate depending on match conditions. The introduction of the Twenty20 (T20) format has further increased the 

analytical complexity of the sport. T20 matches are characterized by high scoring rates, aggressive gameplay, and 

significantly shorter match durations, which amplify uncertainty and make performance prediction more difficult. 

 

Unlike longer formats such as Test matches or One Day Internationals (ODIs), T20 cricket operates within a highly 

compressed timeframe of only twenty overs per innings. This limited duration increases the influence of randomness 

and situational factors on match outcomes. A few deliveries or a single over can drastically alter the trajectory of the 

game. As a result, player contributions are often influenced by contextual elements such as pitch characteristics, ground 

dimensions, venue history, toss decisions, opposition strategies, and the specific phase of the match. Conventional 
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statistical indicators, including batting averages or bowling economy rates, do not fully capture these contextual 

dependencies when used independently. 

 

Selecting the optimal team combination, particularly the final Playing XI, remains one of the most critical strategic 

decisions in cricket. Traditionally, team selection has relied on the experience and subjective judgment of selectors, 

coaches, and captains. These decisions are often supported by basic statistical summaries and qualitative assessment of 

recent player performances. Although expert knowledge is valuable, intuition-based selection methods may not 

consistently incorporate multiple quantitative factors simultaneously. Additionally, simple historical statistics often fail 

to reflect recent fluctuations in player form or contextual match-specific influences that are highly relevant in T20 

cricket. 

 

The application of machine learning techniques in sports has recently gained significant attention, leading to the 

development of predictive systems for tasks such as match outcome forecasting, tournament simulations, and win 

probability estimation. However, a considerable portion of existing research focuses primarily on predicting overall 

match results rather than estimating individual player contributions. Furthermore, many prediction models generate 

precise numerical outputs, which may not be appropriate for a format like T20 cricket where performance variability is 

inherently high. Predicting an exact run value or wicket count often ignores the uncertainty associated with short-format 

gameplay. To overcome these limitations, this study proposes an artificial intelligence–based framework for Playing 

XI prediction and player performance estimation in T20 cricket. The framework combines multiple performance 

indicators, contextual match features, and historical data to generate probabilistic performance forecasts. Instead of 

relying on single-point predictions, the system produces performance intervals for batting runs, estimates potential 

wicket contributions for bowlers, and assigns confidence scores that represent prediction reliability. 

 

The proposed framework incorporates feature engineering strategies that account for the specific roles of different 

players, including specialist batters, bowlers, wicketkeepers, and all-rounders. By applying role-based weighting 

mechanisms, the model ensures that each player’s contribution is evaluated according to their primary responsibilities 

within the team. Additionally, contextual parameters such as venue characteristics and pitch behavior are integrated 

through adjustment factors that influence predicted performance ranges. Recent performance consistency is also 

analyzed to derive confidence scores that reflect the stability of player contributions across recent matches. To assess 

the effectiveness of the proposed approach, an experimental evaluation was conducted using real-world T20 

international match data. Predicted performance ranges were compared with actual match outcomes in order to analyze 

alignment patterns and forecasting accuracy. The results indicate that probabilistic modeling provides a more realistic 

representation of player performance variability and is particularly effective in identifying impactful bowling 

performances. 

The major contributions of this research can be summarized as follows: 

 Design of an AI-based framework for probabilistic player performance prediction in T20 cricket. 

 Integration of contextual and role-based factors to improve the reliability of performance forecasts. 

 Development of a confidence scoring mechanism to quantify prediction stability. 

 Empirical evaluation using real match data to assess the effectiveness of the proposed methodology. 

 

In summary, this research presents a scalable and interpretable approach for applying artificial intelligence techniques 

to cricket analytics. By combining contextual modeling with probabilistic prediction methods, the proposed system 

supports data-driven team selection and contributes to the broader development of intelligent decision-support tools 

in sports analytics. 

 

II. LITERATURE SURVEY 

 

The rapid advancement of machine learning and artificial intelligence has significantly transformed modern sports 

analytics, particularly in structured and data-intensive domains such as cricket. The availability of large-scale datasets, 

including player statistics, match conditions, and contextual variables, has enabled researchers to develop data-driven 

models for performance evaluation, match prediction, and team optimization. Recent studies emphasize the integration 

of statistical methods, machine learning algorithms, and optimization techniques to improve decision-making in cricket 

analytics. 

 

Ahmed et al. [1] investigated the application of ensemble learning techniques for forecasting player performance in T20 

cricket. Their study utilized boosting-based regression models to predict key performance indicators such as 

runs scored and wickets taken. By incorporating multiple input features including historical performance, strike 
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rate, and match context, the proposed models demonstrated improved predictive accuracy compared to traditional 

regression approaches. The authors highlighted that ensemble learning methods are particularly effective in handling 

nonlinear relationships and high-dimensional datasets commonly found in sports analytics. 

 

Breiman [2] introduced the Random Forest algorithm, a widely used ensemble learning method that constructs multiple 

decision trees using bootstrap sampling and random feature selection. The aggregation of predictions from multiple 

trees reduces variance and improves model generalization. In cricket analytics, Random Forest has been extensively 

applied for player performance prediction, feature importance analysis, and match outcome forecasting due to its 

robustness and ability to handle noisy and complex datasets. 

 

Brownlee [3] provided comprehensive guidance on practical machine learning implementation, emphasizing critical 

aspects such as data preprocessing, feature engineering, model evaluation, and ensemble techniques. His work 

highlights that the success of predictive models depends not only on algorithm selection but also on the quality of input 

features and proper validation strategies. These insights are particularly relevant in cricket analytics, where 

heterogeneous data sources must be effectively integrated. 

 

Chakraborty et al. [4] explored ensemble learning techniques for predicting T20 cricket match outcomes. Their study 

compared multiple machine learning models and demonstrated that ensemble approaches, such as Random Forest and 

Gradient Boosting, outperform individual classifiers. The inclusion of contextual variables—such as venue, pitch 

conditions, and team composition—significantly improved prediction accuracy. The authors concluded that combining 

multiple models enhances robustness and captures complex interactions among performance indicators. 

 

Chawla et al. [5] proposed the Synthetic Minority Over-sampling Technique (SMOTE), which addresses class 

imbalance by generating synthetic samples for minority classes. In sports analytics, imbalance often arises when 

certain outcomes (e.g., rare match scenarios) are underrepresented. SMOTE improves classifier sensitivity and ensures 

balanced learning, thereby enhancing prediction performance in classification tasks such as win/loss prediction. 

 

Chen and Guestrin [6] developed Extreme Gradient Boosting (XGBoost), an advanced implementation of gradient 

boosting that incorporates regularization, parallel processing, and efficient handling of missing values. XGBoost has 

gained widespread popularity in predictive analytics due to its high accuracy and scalability. In cricket analytics, it has 

been applied to tasks such as match outcome prediction, player performance evaluation, and feature importance 

analysis, often outperforming traditional machine learning algorithms. 

 

Fawcett [7] emphasized the importance of Receiver Operating Characteristic (ROC) curves and Area Under the Curve 

(AUC) as reliable evaluation metrics for classification models. These metrics provide a threshold-independent measure 

of model performance, making them particularly suitable for imbalanced datasets. In cricket analytics, ROC-AUC is 

commonly used to evaluate models predicting match outcomes or player success probabilities. 

 

Hochreiter and Schmidhuber [8] introduced Long Short-Term Memory (LSTM) networks, a type of recurrent neural 

network designed to capture long-term dependencies in sequential data. In the context of cricket analytics, LSTM 

models are useful for analyzing time-series data such as player performance trends across matches, enabling more 

accurate forecasting of future performance. 

 

James and Patel [9] examined the role of contextual variables in cricket match prediction. Their study demonstrated 

that factors such as pitch conditions, weather, venue characteristics, and toss outcomes significantly influence match 

results. By incorporating these variables into predictive models, the authors achieved higher accuracy compared to 

models relying solely on historical player statistics. 

 

Sahu et al. [10] proposed a machine learning-based system for optimized cricket team selection. Their approach 

integrates classification models with heuristic constraints to ensure balanced team composition, including appropriate 

representation of batsmen, bowlers, and all-rounders. The study highlights the importance of combining predictive 

analytics with domain-specific constraints to generate practical and implementable team selection strategies. 

 

Singh and Mehta [11] developed an integrated machine learning framework that combines historical match data with 

player impact metrics. Their model accounts for both individual performance and team dynamics, resulting in improved 

robustness under varying match conditions. The study emphasizes the need for holistic modeling approaches that 

capture both micro-level (player) and macro-level (team) factors. 
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Smith et al. [12] analyzed position-specific fieldng contributions in professional T20 cricket. Their research 

demonstrated that fielding plays a critical role in match outcomes and should be considered alongside batting and 

bowling performance. By incorporating spatial and positional data, the study provides a more comprehensive 

evaluation of player contributions. 

 

Storn and Price [13] introduced Differential Evolution (DE), a population-based optimization algorithm used for 

solving complex nonlinear optimization problems. DE is particularly effective for hyperparameter tuning in machine 

learning models, where traditional optimization methods may fail. In cricket analytics, DE can be used to optimize 

model parameters and improve predictive performance. 

 

Xu et al. [14] proposed Conditional Tabular Generative Adversarial Networks (CTGAN), a generative modeling 

approach designed for structured datasets. CTGAN generates realistic synthetic data while preserving relationships 

between features, making it suitable for data augmentation in scenarios with limited or imbalanced datasets. In cricket 

analytics, CTGAN helps improve model generalization by expanding training data diversity. 

 

III. PROPOSED METHODOLOGY 

 

A. System Overview 

The proposed system introduces an intelligent data-driven framework for predicting player performance and selecting 

an optimal Playing XI in T20 cricket. Traditional team selection approaches rely heavily on expert judgment, historical 

averages, and subjective analysis of player form. While such methods provide useful insights, they often fail to capture 

complex relationships between multiple performance indicators, match conditions, and player roles. 

 

To address these limitations, the proposed system integrates machine learning, synthetic data generation, and 

optimization techniques into a unified analytical pipeline. The architecture consists of several interconnected modules 

including data acquisition, preprocessing, feature engineering, data augmentation, predictive modeling, optimization, 

explainability analysis, and team selection. 

 

The system begins with user input through a web dashboard where the squad, venue conditions, pitch type, and captain 

selection are provided. These inputs are validated and processed through an automated pipeline that extracts relevant 

player attributes and contextual information. The processed data is then transformed into structured feature vectors that 

represent player performance indicators and match conditions. 

 

Machine learning models are subsequently trained to estimate player performance metrics such as expected runs, 

wickets, and role-based contributions. These predictions are further optimized using evolutionary algorithms to 

improve accuracy and generalization. Finally, an optimization-based selection module constructs the optimal Playing 

XI while satisfying team composition. 
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Fig.1. System Architecture 

 

Data Collection and Representation 

The effectiveness of machine learning models largely depends on the quality and diversity of the training dataset. The 

proposed framework utilizes historical T20 cricket statistics collected from multiple matches across different venues 

and tournaments. The dataset includes batting statistics, bowling statistics, and contextual match attributes. 

 

Each record in the dataset corresponds to a player-match instance containing features such as: 

 Batting statistics (runs scored, strike rate, batting average) 

 Bowling statistics (wickets taken, economy rate, bowling average) 

 Player role (batter, bowler, all-rounder, wicketkeeper) 

 Match context (venue, pitch type, opposition strength) 

 Recent form indicators 

 

The dataset can be mathematically represented as 

 

X = {x1, x2, x3, ..., xn} (1) 

 

where X represents the complete dataset and xi denotes the feature vector corresponding to the i
th

 observation. 

Each feature vector consists of multiple performance attributes: 
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xi = [f1, f2, f3, ..., fm]  (2) 

 

where f1, f2, ..., fm represent performance features such as batting average, strike rate, wickets taken, and pitch 

impact factors. 

 

The corresponding target variable used for prediction is defined as 

 

Y = {y1, y2, y3, ..., yn} (3) 

 

where yi denotes the performance outcome for the i
th

 player instance. 

 

Data Preprocessing and Feature Engineering 

Before training the predictive models, the dataset undergoes several preprocessing steps to ensure data quality and 

consistency. Missing values are handled using statistical imputation techniques, while categorical variables such as 

player roles and pitch types are encoded into numerical representations. 

Feature normalization is applied to ensure that attributes with different scales do not disproportionately influence the 

learning process. Additionally, derived features such as recent performance averages, strike-rate momentum, and 

venue-specific performance indices are generated to capture dynamic player behavior. 

 

A pitch impact factor is also introduced to quantify the influence of pitch conditions on player performance: 

 

    
       

         
(4) 

 

where SRpitch represents the strike rate on a specific pitch type and SRoverall denotes the player’s overall strike 

rate. 

 

Synthetic Data Augmentation 

In many sports analytics datasets, certain player roles or match scenarios may be underrepresented. To address this 

issue, the proposed system utilizes Conditional Tabular Generative Adversarial Networks (CTGAN) to generate 

synthetic samples that resemble real player performance data. 

The adversarial objective function used in the generative model can be expressed as 

 

GD 

min max V (D, G) = Ex∼pdata(x)[log D(x)] + Eg∼pz (z)[log(1 − D(G(z)))] (5) 

 

where G represents the generator network responsible for producing synthetic data samples and D denotes the 

discriminator network that distinguishes between real and generated data. 

This augmentation process improves dataset diversity and enhances the robustness of machine learning models. 

 

Machine Learning Prediction Models 

The proposed framework employs ensemble machine learning models to predict player performance metrics. Random 

Forest and XGBoost are selected due to their strong predictive capabilities and ability to capture nonlinear relationships 

in sports datasets. 

 

For the Random Forest model, the predicted performance output is computed as 

 

 ̂   
 

 
∑    ( )
 
    (6) 

 

 

where T represents the number of decision trees and ht(x) denotes the prediction generated by the t
th

 tree. 

XGBoost further improves prediction accuracy by minimizing a regularized objective function: 

 

 ( )   ∑   (    
 
    ̂ )   ∑  (  )

 
    (7) 

 

where l(yi, yˆi) represents the loss function and Ω(fk) denotes the regularization term. 
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Model Optimization 

To optimize model performance, Differential Evolution (DE) is applied as a hyperparameter tuning strategy. DE 

iteratively evolves candidate solutions using mutation and crossover operations. 

The mutation operation in Differential Evolution is defined as
                        

 

  
(   )

     
( )
  (   

( )
     

( )
       (8) 

 

where F represents the mutation scaling factor and xr1, xr2, and xr3 are randomly selected candidate solutions.
 

 

 

A. Playing XI Selection Optimization 

After predicting individual player performance scores, the system selects the optimal Playing XI using a constraint-

based optimization strategy. The objective is to maximize the total predicted team performance while maintaining 

role balance. 

The optimization objective function is defined as 

 

   ∑     
 
        (9) 

 

where Pi represents the predicted performance score of player i and Xi is a binary variable indicating whether the 

player is selected. 

Constraints ensure that: 

• Exactly 11 players are selected 

• Role balance between batters, bowlers, and all-rounders is maintained 

• Captain and vice-captain selections are enforced 

 

Output Visualization 

The final results are presented through an interactive visualization layer that displays the predicted Playing XI, 

performance ranges, confidence scores, and pitch insights. This interface allows analysts and team strategists to 

interpret model predictions and explore different match scenarios. 

By combining machine learning prediction models, generative data augmentation, and optimization techniques, the 

proposed system provides a robust decision-support framework for intelligent T20 team selection. 

 

IV. SYSTEM ARCHITECTURE AND METHODOLOGY 

 

The proposed intelligent T20 team selection framework is designed as a multi-layered architecture that integrates 

statistical data processing, machine learning prediction models, and optimization techniques. The objective of the 

system is to analyze historical cricket performance data and generate a balanced and high-performing playing XI by 

considering both individual player statistics and contextual match conditions. 

 

The architecture consists of multiple interconnected components including data acquisition, preprocessing, feature 

engineer- ing, predictive modeling, and constraint-based team selection. Each module contributes to transforming raw 

cricket statistics into meaningful performance indicators that guide the final team selection process. 

 

Data Acquisition 

The first stage of the system involves collecting historical cricket performance data from structured datasets. These 

datasets include batting statistics such as runs scored, batting average, strike rate, bowling statistics including wickets 

taken and economy rate, and contextual information such as venues and match conditions. 

The dataset used for model training can be represented as shown in Equation (1): 

 

D = {(x1, y1), (x2, y2), (x3, y3), ..., (xn, yn)} (10) 

 

where xi represents the feature vector corresponding to the i
th

 observation and yi represents the associated 

performance outcome. 

 

Data Preprocessing 

Before training the predictive models, the dataset undergoes preprocessing to remove inconsistencies and normalize 

feature scales. Feature normalization ensures that variables with large ranges do not dominate the learning process. 
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Min-max normalization is applied to transform feature values into a standard range as shown in Equation (2): 

 

Xnorm=  X − Xmin       (11) 

       Xmax − Xmin 

 

where X represents the original feature value, while Xmin and Xmax represent the minimum and maximum values 

of that feature. This normalization step ensures that all features contribute proportionally during model training. 

 

Feature Engineering 

Feature engineering is performed to derive additional indicators that better represent player performance characteristics. 

One important feature is the recent form of a player, which measures performance over the most recent matches. 

The recent form score is calculated using Equation (3): 

 

                                                                                             
 

 
∑   
 
       (12) 

 

where Pi represents the player’s performance in the i
th

 recent match and k represents the number of matches 

considered. Another derived metric is the consistency score, which measures the stability of a player’s 

performance across matches. 

Consistency is calculated using Equation (4): 

 

                                  1 

                                                                 Consistency = 
1 + σ2    (13)  

 

where σ
2
 represents the variance in player performance across matches. 

 

Pitch Impact Modeling 

Pitch conditions significantly influence match outcomes in T20 cricket. Some venues favor batting, while others 

support bowling due to pitch behavior. 

 

To incorporate this contextual information, a pitch impact factor is introduced as defined in Equation (5):  

 

                                                                                                      
         

          
          (14) 

 

where Runsvenue represents the average number of runs scored at a particular venue and Runsglobal represents the 

global average runs across all venues. 

The adjusted player performance score is calculated using Equation (6): 

 

                                                                Scoreadj = Scoreraw × PIF   (15)  

 

This adjustment ensures that predicted player performance aligns with venue-specific conditions. 

 

Predictive Modeling 

Predictive models are used to estimate expected player contributions in upcoming matches. For batting performance 

prediction, a gradient boosting regression model is employed. 

 

The predicted output is calculated using Equation (7): 

 

                              ̂   ∑   ( )
 
      (16) 

 

where fk represents the k
th

 regression tree and K represents the number of boosting iterations. 

For bowling performance prediction, a logistic regression model estimates the probability of a successful bowling 

outcome. This probability is calculated using Equation (8): 
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                                                                              (     )   
 

    ( 
    )       (17) 

 

where w represents the model weight vector and b represents the bias parameter. 

 

Model Optimization 

To enhance model performance, hyperparameter tuning is performed using the Differential Evolution algorithm. 

This optimization technique iteratively improves candidate solutions. 

The mutation operation in Differential Evolution is defined in Equation (9): 

 

vi = xr1 + F (xr2 − xr3)    (18) 

 

where xr1, xr2, and xr3 are randomly selected candidate solutions and F represents the mutation scaling factor. 

 

Composite Player Performance Score 

After predicting individual batting and bowling contributions, a composite performance score is calculated to evaluate 

overall player impact. 

The combined performance score is defined in Equation (10): 

 

Scoreplayer = αBscore + βBowscore (19)  

 

where α and β are weighting coefficients representing the importance of batting and bowling contributions. 

 

Constraint-Based Team Selection 

The final stage of the system selects the optimal playing XI using an optimization-based approach. The objective 

is to maximize the overall team performance score. 

The optimization problem is formulated as shown in Equation (11): 

 

   ∑         
 
         (20) 

 

subject to the constraint given in Equation (12): 

 

∑      
 
        (21) 

 

where xi is a binary variable indicating whether player i is selected in the team. 

 

 

Prediction Confidence Estimation 

To measure the reliability of the predictions, a confidence score is computed. This score evaluates the stability of 

predicted player performance values. 

 

The confidence metric is defined in Equation (13): 

 

Confidence = 1 – 
σpred     

                                                   µpred              (22)          

 

where σpred represents prediction variance and µpred represents the mean predicted score. 

Higher confidence values indicate more reliable predictions and stronger trust in the selected team composition. article 

graphicx caption booktabs [margin=1in] geometry 

 

V. COMPARATIVE ANALYSIS WITH BASELINE MODELS 

 

To rigorously evaluate the efficacy of the proposed hybrid AI framework, its predictive performance was benchmarked 

against conventional machine learning models commonly employed in sports analytics. For batting run prediction, 

Linear Regression (LR) and Random Forest Regressor (RF) were used as baselines, whereas for bowling performance, 

Logistic Regression (LogReg) and Random Forest Classifier (RFC) were considered for wicket classification, and 

Linear Regression and Random Forest for wicket regression. All models were trained under identical preprocessing 
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protocols and assessed using the cross-validation methodology described in Section IV. 

 

TABLE I COMPARISON OF BATTING RUN PREDICTION PERFORMANCE 

 

Model MAE RMSE 

Linear Regression 16.842 23.917 

Random Forest Regressor 14.276 19.884 

Proposed XGBoost 

Regressor 

12.513 17.599 

 

The XGBoost-based regressor consistently achieves the lowest MAE and RMSE values among all evaluated models, 

indicating superior accuracy in capturing non-linear relationships among strike rate, recent form, and pitch contextual 

features. Compared to Linear Regression, the MAE is reduced by approximately 25.7%, demonstrating the enhanced 

capability of boosting-based models in modeling complex interactions. Furthermore, the reduction in error relative to 

Random Forest underscores the benefit of sequential error correction inherent to gradient boosting. 

 

 
 

Fig.2. Predicted batting score distribution 

TABLE II BOWLING WICKET CLASSIFICATION PERFORMANCE METRICS 

 

Model Accuracy Precision Recall F1-score 

Logistic Regression 0.81 0.79 0.74 0.76 

Random Forest Classifier 0.85 0.83 0.80 0.81 

Proposed XGBoost 

Classifier 
0.89 0.881 0.841 0.86 

 

Bowling Wicket Classification 

The proposed XGBoost classifier outperforms baseline models across all classification metrics. Notably, the F1-score 

improvement over Logistic Regression ( 13%) indicates a more balanced trade-off between false positives and false 

negatives, while the enhanced precision confirms more reliable wicket detection. This is particularly critical in T20 

squad optimization, where accurate role-specific predictions directly inform team composition strategies. 

 

The proposed XGBoost-based regression model achieves the lowest values of both Mean Absolute Error (MAE) and 

Root Mean Squared Error (RMSE), demonstrating its superior predictive accuracy for batting run estimation. In 

comparison to the baseline Linear Regression model, the proposed approach yields an approximate improvement of 

25.7% in MAE, highlighting its enhanced ability to capture complex and nonlinear relationships inherent in cricket 

performance data, such as strike rate variations, recent player form, and pitch-specific contextual factors. Furthermore, 

when compared with the Random Forest Regressor, the XGBoost model exhibits notable performance gains. This 
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improvement can be attributed to the boosting mechanism, which sequentially minimizes residual errors by iteratively 

refining weak learners. Such an approach enables the model to better adapt to intricate data patterns and reduces both 

bias and variance more effectively than traditional ensemble methods. 

 

The proposed XGBoost classifier consistently outperforms both Logistic Regression and Random Forest Classifier 

across all evaluation metrics, including Accuracy, Precision, Recall, and F1-score. Notably, the model achieves a 

significant improvement in F1-score, with an approximate increase of 13% over Logistic Regression. This 

enhancement indicates a more effective balance between false positives and false negatives, which is essential in 

handling class imbalance and ensuring robust classification performance. The higher precision achieved by the 

XGBoost classifier demonstrates its improved reliability in correctly identifying wicket-taking instances while 

minimizing false alarms. This is particularly critical in cricket analytics, where accurate wicket prediction directly 

influences strategic decision-making and optimal squad selection. 

 

The superior performance of the XGBoost model can be attributed to its gradient boosting mechanism, which 

iteratively refines predictions by focusing on previously misclassified instances. This enables the model to capture 

complex nonlinear patterns and interactions among features such as bowling economy, pitch conditions, and 

player form. Overall, the results validate the effectiveness of the proposed approach in delivering accurate and 

dependable bowling performance classification. The proposed XGBoost-based regression model achieves the lowest 

error values in wicket prediction, as evidenced by its superior MAE and RMSE performance. The reduced MAE 

indicates that the model is capable of estimating wicket counts with an average deviation of less than one wicket, 

which is particularly significant in the context of T20 cricket analytics. In such 

 

TABLE III TABLE 3: BOWLING WICKET (REGRESSION) COMPARISON 

 

Model MAE RMSE 

Linear Regression 0.912 1.204 

Random Forest Regressor 0.731 0.981 

Proposed XGBoost 

Regressor 
0.656 0.866 

 

 

formats, even marginal differences in wicket predictions can substantially influence match outcomes and strategic 

decisions. 

 

D. Overall Performance Improvement 

The comparative analysis across all tasks highlights several key observations: 

1. Superiority of Boosting Techniques: Boosting-based models consistently outperform traditional linear 

approaches due to their ability to model complex nonlinear relationships and feature interactions present in 

cricket performance data. 

2. Impact of Evolutionary Optimization: The integration of Differential Evolution for hyperparameter tuning 

enhances model robustness and predictive stability by effectively exploring the search space and avoiding local 

minima. 

3. Effectiveness of Hybrid Architecture: The combined classification-regression framework improves the 

reliability of bowling performance prediction by leveraging both categorical and continuous outcome modeling. 

4. Contribution to Decision Optimization: The reduction in regression errors directly contributes to more 

accurate composite scoring mechanisms, thereby enabling optimal Playing XI selection and strategic planning. 

 

VI. RESULT AND ANALYSIS 

 

This section presents the experimental results obtained from the proposed AI-driven Playing XI prediction framework. 

The performance of the batting regression model, bowling classification model, and bowling regression model is 

analyzed using standard evaluation metrics. The results are interpreted in alignment with contemporary cricket analytics 

research methodologies discussed in the previously reviewed literature. 

 

Batting Performance Prediction Results 

The batting run prediction task was implemented using the XGBoost Regressor model trained on 80,840 samples 

with features including recent form metrics, career averages, strike rate, and competition level. 
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The regression performance metrics obtained are: 

 MAE = 12.513 

 RMSE = 17.599 

 

The Mean Absolute Error (MAE) of 12.513 indicates that, on average, the predicted runs deviate from actual match 

performance by approximately 12 runs. Considering the volatility of T20 cricket, where aggressive batting and match 

conditions significantly influence outcomes, this deviation is within an acceptable predictive range. 

 

The Root Mean Squared Error (RMSE) of 17.599 reflects moderate variance in prediction residuals. Since RMSE 

penalizes larger errors more heavily than MAE, the gap between MAE and RMSE suggests the presence of occasional 

high-variance performances, which is characteristic of T20 cricket dynamics. Compared with traditional linear 

regression approaches discussed in earlier cricket forecasting studies, the boosting-based approach demonstrates 

improved robustness in handling nonlinear performance interactions. 

 

The distribution of predicted batting scores is illustrated in Fig. 3. The histogram shows that most predictions are 

concentrated within the realistic T20 scoring range, indicating stable regression behavior without extreme variance. 

 

Bowling Wicket Classification Results 

The bowling classification model predicts whether a bowler will take at least one wicket in a match. The XGBoost 

Classifier was trained on 541 samples with features such as career wickets per match, economy rate, recent wickets, 

and competition level. 

 

The classification performance metrics are: 

 Accuracy = 0.89 

 Precision = 0.881 

 Recall = 0.841 

 F1-Score = 0.86 

 

An overall accuracy of 89% indicates strong predictive capability in identifying wicket-taking performances. The 

precision value of 0.881 suggests that when the model predicts a wicket-taking performance, it is correct approximately 

88.1% of the time. The recall of 0.841 indicates that 84.1% of actual wicket-taking instances are correctly 

identified. 

The F1-score of 0.86 demonstrates balanced performance between precision and recall, confirming that the model does 

not significantly favor false positives or false negatives. This balanced classification performance aligns with predictive 

reliability standards reported in prior machine learning–based cricket performance studies. 

 

 
 

Fig3. Predicted batting score distribution using XGBoost regressor 
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Fig.4. Confusion Matrix for Bowling Wicket Classification 

 

VII. LIMITATIONS AND FUTURE WORK 

 

The proposed AI-driven Playing XI prediction framework demonstrates strong predictive performance and contextual 

adapt- ability, several limitations warrant consideration. 

 

First, T20 cricket is inherently influenced by dynamic and unstructured factors such as toss outcomes, match 

pressure, player fitness, and opposition-specific strategies. These elements are difficult to quantify and are not fully 

captured within the structured statistical datasets utilized in the current framework. As a result, certain real-world match 

dynamics may not be entirely reflected in the model predictions. 

Second, while the incorporation of CTGAN-based data augmentation improves class balance and enhances model 

generaliza- tion, synthetic data generation may introduce minor distributional inconsistencies if not carefully 

monitored. Such deviations, although minimal, can potentially affect model robustness, as highlighted in recent 

sports analytics studies. 

 

Third, the existing framework primarily relies on tabular historical features and does not explicitly capture temporal 

dependencies in player performance. Cricket performance is often influenced by sequential trends, such as form 

progression 

 

 
 

Fig.5. Predicted bowling score distribution using Random Forest regressor 
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and fatigue effects, which are not directly modeled in the current approach. Future research can address these 

limitations through several promising directions. The integration of deep learning architectures, such as Long Short-

Term Memory (LSTM) networks, can enable effective modeling of temporal sequences and performance trends. 

Additionally, reinforcement learning techniques may be employed to develop adaptive and dynamic squad optimization 

strategies based on evolving match conditions. Incorporating real-time data streams through live match APIs can 

significantly enhance the responsiveness and applicability of the system in practical scenarios. The inclusion of 

advanced model explainability techniques, such as SHAP (SHapley Additive exPlanations), can improve 

interpretability and facilitate trust in decision-making processes. Finally, opponent-specific tactical modeling and 

contextual strategy learning, as suggested in contemporary cricket analytics research, can further strengthen the 

robustness and practical utility of the proposed framework. 

 

VIII. OUTPUT VISUALIZATION AND SYSTEM INTERFACE 

 

The final stage of the proposed framework presents prediction results through an interactive and user-friendly 

dashboard interface. The output module is designed to provide interpretable insights into player performance, team 

composition, and prediction reliability, enabling informed decision-making for team selection. 

 

Predicted Playing XI 

The system generates an optimal Playing XI based on predicted player performance and constraint-based optimization. 

The selected team ensures: 

 Balanced composition of batters, bowlers, and all-rounders 

 Inclusion of high-confidence players 

 Alignment with match context such as pitch and venue conditions 

Each selected player is displayed along with their role, predicted contribution, and confidence score. 

 

Player Performance Prediction 

For each player in the selected squad, the system provides detailed performance estimates: 

 

Batters and All-rounders: 

 Predicted runs (range-based output) 

 Recent form (last 5 match average runs) 

 Confidence score 

 

Bowlers and All-rounders: 

 Predicted wickets 

 Recent form (last 5 match wickets) 

 Economy-based impact indicator 

Unlike traditional models, the proposed system emphasizes probabilistic prediction ranges, which better capture the 

uncertainty inherent in T20 cricket. 

 

Confidence Score Interpretation 

A confidence score is computed for each prediction based on variance analysis. This score reflects the reliability 

of the model’s output: 

 High Confidence (≥ 0.75): Stable and consistent player performance 

 Medium Confidence (0.5 − 0.75): Moderate variability 

 Low Confidence (< 0.5): Uncertain prediction 

This metric assists analysts in identifying risk factors while selecting players. 

 

Context-Aware Insights 

The system incorporates contextual information into the output layer, including: 

 Pitch type influence (batting-friendly / bowling-friendly) 

 Venue-specific performance trends 

 Role-based contribution weighting 

These insights allow users to understand why certain players are selected, improving interpretability. 

 

Visual Dashboard Representation 
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The output is visualized through a professional dashboard that includes: 

 Playing XI layout with player images 

 Bar charts for predicted runs and wickets 

 Confidence score indicators (color-coded) 

 Recent performance trends (last 5 matches) 

This visualization enhances usability and supports quick decision-making for analysts and strategists. 

 

System Output Example 

An example output generated by the system includes: 

 Optimal Playing XI for given match conditions 

 Player-wise predicted performance metrics 

 Confidence scores indicating prediction reliability 

 Contextual explanation of selection decisions 

 

The results demonstrate that the system not only predicts performance but also provides actionable insights for real-

world cricket strategy. 

 

The integration of predictive analytics with interactive visualization bridges the gap between machine learning 

models and practical decision-making in sports analytics. 

 

 

    Fig.6. Output Dashboard 

 

 
 

Fig.7. Predicted Playing XI 
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IX. DISCUSSION 

 

The experimental results confirm that the hybrid AI framework delivers robust predictive capabilities across both 

regression and classification tasks while maintaining contextual adaptability. For batting runs, error margins are within 

acceptable bounds, considering the inherent volatility of T20 cricket characterized by aggressive gameplay and limited 

overs. Boosting ensembles demonstrate superior performance by capturing complex non-linear interactions among 

recent form, strike rate, competition level, and pitch conditions, aligning with trends observed in contemporary cricket 

analytics research. 

 

Bowling classification metrics reflect strong accuracy and balanced precision-recall performance, highlighting the 

positive impact of CTGAN-based augmentation in mitigating data imbalance. The two-stage bowling prediction 

structure, separating wicket probability estimation from count regression, further improves realism by reducing 

implausible predictions. 

 

Beyond predictive accuracy, the framework’s incorporation of Differential Evolution–based hyperparameter 

optimization and constraint-driven Playing XI selection enhances practical applicability. Unlike prior work focused 

solely on outcome prediction, the proposed methodology bridges predictive analytics with combinatorial squad 

selection, ensuring regulatory compliance and balanced team composition. Moreover, feature importance analysis and 

confidence estimation enhance interpretability, adhering to explainable AI principles. 
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