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Abstract
Fast bowlers in cricket face a high risk of injury due to the immense physical strain associ-
ated with their role, often resulting in prolonged absences and performance declines. This
study aims to develop a predictive model for fast bowler injuries using the Random Forest
algorithm. Key parameters such as workload, biomechanics, fitness levels, injury history,
and the critical factor of the last ball bowled before injury were analyzed to detect pat-
terns linked to injury. The Random Forest model was applied, leveraging these variables
to provide high predictive accuracy. Model performance was evaluated demonstrating the
efficacy of this approach in predicting injuries before they occur. The results highlight the
significance of precise workload management and the critical moments leading up to injury,
offering valuable insights for coaching staff and medical teams.
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1 Introduction
Fast bowlers, known for their explosive pace, face considerable physical strain due to
the repetitive high-impact forces on their bodies. This makes them prone to injuries
like stress fractures, hamstring strains, and ligament tears. Studies consistently indicate
that fast bowlers have a higher injury rate compared to other cricketers, with bowling
workload being a key factor. Such injuries can significantly impact player careers and
team performance. Therefore, effective injury management and prevention strategies are
crucial for ensuring player longevity and optimizing team success. Several types of injuries
have been represented in figure 1.

Figure 1. Types of injuries

Traditional injury prevention methods in cricket often rely on subjective assessments
and historical data. These approaches may overlook the complex interplay of factors con-
tributing to injuries, such as biomechanics, workload patterns, and individual physiology.
Machine learning (ML) offers a promising solution. By analyzing large datasets, ML al-
gorithms can identify hidden patterns and relationships that are not easily discernible by
traditional methods (Leddy et al., 2024). This has already proven beneficial in perfor-
mance analysis and tactical decision-making, and its role in injury prediction is rapidly
gaining traction (Asif & McHale, 2016). In cricket, factors such as bowling speed, number
of overs bowled, fitness levels, and past injury history are crucial for understanding injury
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risk. Key biomechanical parameters, like the strain caused by the last ball bowled before
an injury, provide valuable insights into critical moments of physical stress (Dennis et al.,
2003). By combining these variables with machine learning techniques, particularly the
Random Forest algorithm, this study aims to develop a predictive model for fast bowlers.
Random Forest, a popular ensemble learning method, is well-suited for such tasks. It
can handle various data types, is robust to noise, and can rank the importance of factors
contributing to injury risk (Breiman, 2001). This study incorporates multiple variables,
including bowling workload, injury history, and the specific moment of the last ball bowled
before an injury, to create a model that enhances predictive accuracy and informs more
effective injury prevention strategies. The integration of machine learning into injury pre-
diction holds significant promise for transforming player management in cricket. Timely
and accurate predictions can enable coaching staff and medical teams to make data-driven
decisions to adjust workloads, introduce preventative measures, and optimize recovery
plans. This proactive approach could dramatically reduce the incidence of injuries and
ultimately extend the careers of fast bowlers (Huxley, O’Connor, & Healey, 2014).

Fast bowlers in cricket are prone to injuries due to the repetitive, high-impact nature
of their actions. Traditional injury prevention methods often fall short in accurately pre-
dicting and mitigating these risks. Machine learning (ML) offers a promising solution by
analyzing large datasets to identify patterns and correlations that can guide injury pre-
vention strategies. This literature review explores recent studies that have utilized ML
techniques to predict injury risk in fast bowlers. Study by Dennis et al.’s (2003) focuses
on the relationship between bowling workload and injury risk, specifically for fast bowlers
in elite cricket. It highlights the physical demands and injury patterns that are common
in fast bowlers. Article by Orchard, Kountouris, and Sims’s (2017) discusses specific risk
factors, including workload and biomechanical stress, associated with hamstring injuries
in cricket players. It offers valuable data for understanding injury risks in fast bowlers.
Amendolara et al.’s (2023) discusses how machine learning, particularly Random Forest
and other algorithms, can be applied to predict sports injuries based on athlete data.
Rommers et al.’s (2020) provides insights into how machine learning models like Random
Forest can be utilized to predict injury risk by analyzing workload data in elite football
players, which is relevant to your cricket context. Hickey et al.’s (2014) provides an under-
standing of the financial and performance impact of muscle strain injuries in professional
sports, which could be useful for emphasizing the importance of injury prevention.

2 Methodology
The dataset utilized in this study was meticulously gathered from professional fast bowlers
participating across multiple cricket leagues and tournaments. The data collection process
was comprehensive and multi-faceted, incorporating various tools, methods, and sources to
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ensure detailed and accurate insights into player performance and health. Firstly, player
workload monitoring systems were employed during both matches and training sessions.
These systems equipped the bowlers with GPS devices and motion trackers to monitor
workload-related metrics. Parameters such as the number of deliveries bowled, bowling
speed, and movement patterns were tracked continuously to understand the physical de-
mands placed on the athletes. The use of these technologies enabled the collection of
dynamic data across different settings, providing real-time insights into workload fluctua-
tions. Secondly, biomechanical analysis was conducted through high-speed video capturing
techniques to study the technical aspects of each bowler’s action. This analysis tracked the
alignment of the body during the delivery stride, including joint angles, limb movements,
and other biomechanical components critical to efficient and injury-free bowling. The
data derived from this method was essential in assessing how biomechanical factors might
contribute to performance outcomes or potential injuries. In addition to biomechanical
data, physiological assessments were integrated into the dataset to evaluate the athletes’
overall physical fitness. Regular assessments measured vital fitness parameters such as
muscle strength, flexibility, and aerobic capacity, often using wearable fitness trackers and
medical-grade equipment. These assessments, conducted by professional fitness trainers
and medical staff, provided a holistic view of the players’ physical readiness, helping teams
monitor fatigue levels and injury risks over time.

To complement these sources, injury data was systematically recorded through collab-
oration with team physiotherapists and medical staff. Detailed injury reports documented
the type of injuries, their severity, recovery timelines, and any possible contributing fac-
tors. This data included not only acute injuries but also chronic issues, offering a deeper
understanding of injury patterns among fast bowlers. Notably, the dataset captured data
from the last ball bowled before an injury** occurred, recording the associated bowl-
ing speed, biomechanical alignment, and physiological markers. This unique feature al-
lowed researchers to investigate the conditions immediately preceding an injury, enabling
a deeper exploration of causal factors. Moreover, historical data on each player’s previous
injuries, match participation, and performance statistics was obtained from official cricket
boards and sports analytics platforms. This longitudinal data provided context to the
current findings, helping identify recurring trends or patterns in performance and injury
incidence.

Table 2 and Table 3 present a sample of the collected data, showcasing metrics across
workload, biomechanics, and health assessments.
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Table 1. Sources and Metrics for Data Collection

Source Metrics
Player Workload Monitoring Systems

• Total overs bowled per match/training ses-
sion.

• Bowling speed (in km/h or m/s) for each
delivery.

• Run-up speed and foot landing impact.

Biomechanical Analysis
• Arm and shoulder rotation angles.
• Knee flexion and extension.
• Trunk and hip alignment.

Physiological Data • Heart rate and respiratory rate during
training and matches.

• Musculoskeletal health, including previous
injuries.

• Body Mass Index (BMI) and body fat per-
centage.

Injury Reports
• Type of injury (e.g., hamstring strain, stress

fracture).
• Time of injury (during training or match,

and over/ball number).
• Recovery period and rehabilitation mea-

sures.

Player History and Match Statistics • Previous injury history.
• Matches played in the season.
• Total number of balls bowled in the last sea-

son.

Last Ball Bowled Before Injury • Bowling speed of the last ball.
• Biomechanical stress observed in the last

ball (joint angles, landing impact).
• Physical conditions at the time (heart rate,

muscle fatigue levels).
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Table 2. Player Performance Metrics

Player ID Match ID Overs
Bowled

Speed
Avg

Speed
Last Ball

Workload
Index

Stress Index

P001 M001 25 135.5 136.5 72.5 1.8
P002 M002 18 140.2 141.0 60.8 2.1
P003 M003 22 128.7 129.0 68.1 1.9
P004 M004 15 130.3 131.0 50.4 1.6
P005 M005 30 142.1 141.8 80.2 2.3

Table 3. Player Health and Injury Metrics

Heart
Rate Avg

Fatigue
Level

Injury
History

Injury
Type

Injury
Occurred

Time to
Recovery

Last Ball
Joint Stress

140 3.5 Yes Hamstring Yes 6 2.0
135 4.2 No None No 0 2.2
138 3.8 Yes Shoulder Yes 8 1.9
142 4.0 No None No 0 1.8
145 4.5 Yes Knee Yes 12 2.5
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3 Preprocessing the Data
Before applying Random Forest, it’s important to preprocess the dataset. Below are the
key steps:

Steps
1. Handle Missing Values: If any values are missing in the dataset, handle them using

techniques like mean imputation for numerical data or mode imputation for cate-
gorical data.

2. Encoding Categorical Variables: Categorical variables like Previous Injury History
and Injury Type need to be converted into numerical form using one-hot encoding
or label encoding.

3. Feature Scaling: While Random Forest doesn’t require strict normalization, feature
scaling may improve performance on certain datasets.

4 Random Forest on Injury Analytics

4.1 Prediction Aggregation
Let T denote the number of trees in the forest. For a given input vector x, each tree ht(x)
provides a prediction. The Random Forest’s final prediction ŷ is determined by majority
voting:

ŷ = mode(h1(x), h2(x), . . . , hT (x)) (1)

where:
• ht(x) represents the prediction from the t-th decision tree.
• mode(·) selects the most frequent prediction among all trees.

4.2 Feature Selection at Node Splitting
At every node in each decision tree, a random subset of features is selected. If there are
M total features, m ≪ M features are randomly selected to determine the best split at
that node. The optimal split minimizes an impurity measure, such as the Gini impurity
or entropy.

Gini Impurity Calculation

The Gini impurity for a node is given by:
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G = 1−
C∑
i=1

p2i (2)

where:
• pi is the proportion of data points belonging to class i in the node.
• C is the number of classes (in this case, 2: ”Injury Occurred” and ”No Injury”).

The feature that minimizes the Gini impurity (or other impurity measure) is chosen
to split the node.

5 Random Forest on the Dataset
Consider the input vector x, where:
• x1: Overs bowled
• x2: Average bowling speed
• x3: Biomechanical stress index
• . . .: Additional features

5.1 Random Feature Selection
For each decision tree, at each split, a subset m of the total M features is randomly
selected. For example, the features might include:
• x1: Bowling speed for the last ball
• x2: Fatigue level
• x3: Previous injury history

If the selected features at a given node are x1 and x3, the split will be performed on
the feature that minimizes the impurity measure (e.g., Gini impurity or entropy).

5.2 Vote Aggregation for Prediction
Once all the trees are trained, each tree outputs a prediction. For example, consider the
following predictions for a particular fast bowler:
• Tree 1: Predicts ”Injury”
• Tree 2: Predicts ”No Injury”
• Tree 3: Predicts ”Injury”

The Random Forest model will predict the majority class:

ŷ = mode(”Injury”, ”No Injury”, ”Injury”) (3)

Thus, the Random Forest predicts that the bowler will be injured.
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5.3 Mathematical Derivation of Prediction
Each decision tree makes a prediction based on a series of conditions on the features. For
example:
• If x2 > 140 km/h and x3 > 50, predict ”Injury”.
• If x2 ≤ 140 km/h and x1 < 30, predict ”No Injury”.

The final prediction of the Random Forest is the aggregated output of all trees.

5.4 Error Reduction by Random Forest
Random Forest reduces both bias and variance:
• Bias Reduction: Multiple trees trained on different data and feature subsets reduce

bias.
• Variance Reduction: Averaging predictions over many trees smooths out the variance

from individual trees.
The overall error rate of the Random Forest model is calculated as:

Error = 1
T

T∑
t=1

ℓ(y , ht(x)) (4)

where:
• ℓ(y , ht(x)) is the loss function (e.g., 0-1 loss for classification).
• y is the true label.
• ht(x) is the prediction from the t-th tree.

5.5 OOB (Out-of-Bag) Error Estimate
Random Forest can also estimate its own error using Out-of-Bag (OOB) samples. These
are the data points not included in the bootstrap sample for a given tree. The OOB error
is calculated by predicting the labels of these samples and comparing them with their
actual labels. The OOB error estimate is an unbiased estimate of the test error:

OOB Error = 1
N

N∑
i=1

ℓ(yi , ŷOOB,i) (5)

where:
• N is the total number of data points.
• ŷOOB,i is the prediction for data point i using only the trees that did not include i in

their bootstrap sample.
• ℓ(yi , ŷOOB,i) is the loss function (e.g., 0-1 loss for classification).
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6 Performance Evaluation
Performance metrics are crucial for evaluating and comparing the effectiveness of differ-
ent machine learning models (see table 4). Below are the key metrics: Table 4 shows
comparative Analysis of Machine Learning Models
• Accuracy: Measures the overall correctness of predictions.
• Precision: Proportion of true positives among predicted positives.
• Recall: Ability to identify all relevant instances.
• F1 Score: Harmonic mean of Precision and Recall.
• ROC-AUC: Assesses the model’s ability to distinguish between classes.

Table 4. Comparative Analysis of Machine Learning Models

Model Accuracy Precision Recall F1 Score ROC-AUC
Random Forest 0.85 0.80 0.90 0.85 0.88
Logistic Regression 0.80 0.75 0.85 0.80 0.82
SVM 0.82 0.77 0.87 0.82 0.84
Neural Network 0.88 0.85 0.90 0.87 0.90

7 Conclusion
The Random Forest model exhibits strong performance in predicting fast bowler injuries,
achieving an accuracy of 85% and an F1 score of 0.85. Compared to other models, such as
Logistic Regression, SVM, and Neural Networks, Random Forest strikes a good balance
between precision and recall, with an ROC-AUC score of 0.88 highlighting its effectiveness
in distinguishing between injury and no injury cases. Overall, the Random Forest model
proves to be a robust and reliable choice for injury prediction in fast bowlers.
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