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ABSTRACT

Some athletes' lack of basic knowledge of exercise mechanism, mode, method, process and intensity
has led to frequent occurrence of athletic risk events such as injury, disease and even sudden death,
which seriously affects the physical and mental health of athletes and even threatens their lives. In this
study, the data of athletes' injury and disease risk characteristics were collected, and the feature
selection method of Least Absolute Value Convergence and Selection Operator (LASSO) combined with
Boruta's algorithm was used to preprocess the data in order to eliminate redundant features. In terms
of model construction, the prediction results of support vector machine, logistic regression, random
forest algorithm and deep forest algorithm were integrated by using Stacking algorithm to construct
the prediction model of athletes' injury risk. After the predictive performance of the model is examined,
itis used as an intervention for injury rehabilitation to carry out comparative experiments. The results
show that the fusion model can effectively extract the feature importance of injury risk factors and
predict the risk probability, and the prediction effect is better than that of a single model. Meanwhile,
the intervention results show that the model has excellent effects on injury rehabilitation. This study
can accurately predict injuries and illnesses, prevent the occurrence of injury and illness risk events in
athletes, ensure the successful realization of sports goals, and play a role in assisting injury and illness
rehabilitation.

Keywords: 1asso regression, Boruta algorithm, stacking stacking model, athlete injury risk

1. Introduction

In the sports industry, injury risk prevention and management of athletes is a crucial part. Athletes'
physical quality and athletic ability directly affect their performance and achievement in competition,
therefore, effective injury risk prevention measures are the key to ensure their good condition [1-3].
Injuries not only have a serious impact on athletes' physical health, but also directly affect their
training and competition. Due to the existence of injuries, athletes are often unable to devote
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themselves to training and cannot perform at their proper level [4-6]. In addition, injuries also increase
the risk of athletes' career and may even force athletes to retire early. Therefore, prevention of injury
risk is the key to protect athletes' health and competitive ability [7-9].

The principles of comprehensive analysis, prevention-oriented, and multidisciplinary cooperation
should be followed in the management of athlete injury and disease prevention, and its specific
measures include: first, the training program to prevent injuries and diseases. The development of
scientific and reasonable warm-up exercises and stretching training, as well as appropriate strength
and and training load imbalance, in order to reduce the risk of injury in athletes [10-12]. Secondly,
nutritionally balanced diet. Athletes need to have enough to hold the normal functioning of the body.
A proper dietary structure can increase and decrease the possibility of injury. Third, rehabilitation
training and rehabilitation therapy. When the athlete is injured retraining and rehabilitation therapy
to restore the function of the injured part of the line of specific guidance and operation [13-16]. The
fourth lies in psychological counseling. For athletes, it is equally important to maintain a positive
mindset and a good mental state. Psychological counseling can help athletes deal with problems such
as competition pressure, mental fatigue and anxiety, and avoid the resulting injuries [17-19].

Literature [20] describes the application of Al in predicting the risk of illness and injury in athletes.
Based on the literature review of PubMed and other databases, it is pointed out that artificial neural
networks, decision tree classifiers and other methods are commonly used industrial intelligence
techniques, especially in soccer, basketball, and other sports have shown good results. It shows that
artificial intelligence methods have head broad application prospects. Literature [21] aims is to
construct an injury prediction model for soft tissue injuries in athletes in non-contact collision sports.
And 91 athlete players were studied for 4 years, providing a scientific method for monitoring and
regulating the training load of excellent athletes. Literature [22] proposed a non-invasive data mining
model based on NiDMMMC algorithm for athlete injury risk prediction. The algorithm classifies
athletes into different clusters based on their risk characteristics. The results of the study provided
insights to understand the different injury risks present in athletes and did targeted interventions and
personalized management approaches. Literature [23] aims to present a data-driven approach to
detecting sports injury risk factors using predictive machine learning methods. Linear and non-linear
methods were used to predict moderate and severe knee and ankle injuries based on athletes' physical
data. The results specified the difficulty of predicting future injuries and also validated the
effectiveness of the model. Literature [24] constructed an injury risk prediction model for athletes
using big data analysis and computer vision techniques. And combined with convolutional neural
network to visually recognize the sports images to build the branch prediction model. The scientific
nature of training is improved by clarifying the focus and goal of training content. The results of the
study are favorable to help injury risk prediction of aerobic athletes based on big data and computer
vision applications. Literature [25] proposed the PMin-Max injury risk prediction and prevention
algorithm, which aims to comprehensively assess the injury risk of athletes. It utilizes data mining
techniques to calculate the injury probability of an athlete in order to generate risk scores and develop
preventive measures. The effectiveness of the algorithm is specified through simulation experiments
and analysis of simulation results. Literature [26] aims to review ML methods in sports injury
prediction. Based on the literature review, research treatments using the GRADE working group
method were evaluated. The results stated that the existing ML methods used to identify athletes at
high risk of injury were able to detect the most important injury risk factors. It was also recommended
that more effort should be invested in the interpretation of ML models. Literature [27] introduced a
predictive modeling framework to identify athletes with high injury risk using machine learning
techniques. A random forest classifier was used to identify key predictors and categorize athletes into
high and low risk categories. The results emphasize the potential of machine learning in athlete injury
prevention and the importance of data-driven approaches in promoting athlete health and
performance.
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The article identifies the categories of athletes’ injury risk and preprocesses the athletes' injury risk
data. Then it combines two methods, LASSO regression and Boruta algorithm, for further screening of
athletes' injury risk features. The article further introduces the relevant machine learning methods for
model building, and designs a stacking stacking model that integrates support vector machine, logistic
regression, and random forest algorithm. The article applies the model of this paper to conduct feature
screening experiments on athletes' injury risk. Accuracy, recall, precision and F1-score are used to
evaluate the model. Finally, 20 athletes are selected as empirical research subjects to explore the
auxiliary role of this paper's model for athletes' injury rehabilitation.

2. Method
2.1. Types of Athlete Injury Risks

2.1.1. Injury and illness risk and category determination. Currently, research on machine learning
methods applied to the field of injury risk has started relatively late, and the type and size of the sample
remains an important factor affecting the accuracy of machine learning-based injury risk prediction
models. There are many risk factors that trigger injury risk events, and although collecting every
variable for the prediction of the results can lead to the improvement of the accuracy of the risk
prediction model, it will also lead to a great increase in the cost, and if there are too few variables, it
will lead to problems such as too high specificity of the model as well as poor generalization ability, so
the selection of the risk variables is the key to constructing the injury risk prediction model. Because
there is no recognized standard for the system of characteristic indexes used in the current injury risk
prediction model, this paper comes to the selection of characteristic indexes on the basis of relevant
studies, and initially obtains four major categories: personal factors, exercise prescription factors,
exercise ability factors and external factors. Finally, 25 groups of indicators such as gender, age and
height were selected as the input variables of the injury risk prediction model in this paper, and the
description of injury risk factors is shown in Table 1.
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Table 1. Injury risk factor description

Risk factor Feature name Characteristic range
gender {Male, Female}
age 11-95
height 140cm-190cm
weight 37.8kg-86.4kg
Body shape {Y type, H type, S type, A type}
{hypertension, hyperlipidemia, diabetes, coronary heart disease,
cardiomyopathy, chronic atrial fibrillation, chronic heart
Functional failure, chronic kidney disease, nephrotic syndrome, chronic
Medical history glomerulonephritis, tuberculosis,
Asthma, chronic obstructive pulmonary disease, chronic chronic hepatitis,
Personal . S .
cirrhosis, digestion
factor Canker, rheumatoid arthritis, methyl, schizophrenia}
BMI {<=18.5,[18.5,23.9],[24,27],[28,32],>32}
Cognitive
. . {yes, no}
impairment
Motor state {pleasure, relaxed, tired, nervous, tired, excited, disgusted}
Quality of sleep {difference, general, good, better, very good}
Drinking alcohol {yes, no}
smoking {yes, no}
diet {yes, no}
vision {normal, myopic, far-sighted, weak vision}
{running, swimming, climbing stairs, cycling, jumping rope, basketball, football,
sports volleyball, badminton,
Exercise Tennis, table tennis, gymnastics, mountain climbing, other}
prescription Motion time {0~0.5,0.5~1,1~1.5,1.5~2,2~2.5,2.5~3,>3}
factor Motion frequency {1,2,3,4,5,6,7}
. ) {ultra-low strength, low strength, medium strength, high strength, high
Motor intensity
strength}
endurance {difference, poor, general, strong, strong}
Motor power {weak, faintly, poor, general, normal, good}
factor flexibility {very poor, poor, inferior, medium, good, good, special}
balance {difference, poor, medium, good, superior}
Ground {gym, park, gym, campus, home, community, other}
{running machine, spinning bike, bicycle, jumping rope, basketball, football,
volleyball, badminton
External ) . . ) . )
factor Sports equipment And badminton, tennis and tennis rackets, table tennis and table tennis,

gymnastics, climbing
Mountain equipment, other}

weather

{wind, rain, snow, high temperature, very cold, cloudy, sunny, other}

In this paper, the initial construction of the injury risk classification system for athletes identified
six categories of injury risk as muscle contusion, fall, respiratory distress, cardiac arrhythmia, shock,
and sudden death, and labeled with the corresponding labels, and the categories of injury risk are
shown in Table 2.
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Table 2. Injury risk category

Injury risk category Label

Muscle bruise

Fall down

Dyspnea

Arrhythmia
Shock
Sudden death

QN U1 [ (W N =

2.1.2. Data pre-processing. Data preprocessing has an extremely important impact on the prediction
model, through data preprocessing, the noise and outliers in the data can be reduced to make the data
more accurate and reliable.

1) Feature coding. The neural network model can only recognize numerical data to perform operations,
but the original data set in this paper contains many non-numerical features such as Chinese strings,
and the feature types in the injury risk data include both continuous and discrete features, at this time,
it is necessary to carry out the corresponding coding operations on these special forms of features,
and at the same time, this is also the process of feature quantization.

2) Data Standardization. Data standardization is to map the original data to a new standardized
interval, so that the data comply with the distribution of specific statistical laws. Commonly used data
standardization methods are z-score standardization and min-max standardization. For the case
where the original data distribution is relatively discrete, after standardization, the data distribution
is more in line with the statistical law, making it easier for the algorithm to capture the data features.

3) Data set partitioning. Dataset partitioning is one of the commonly used machine learning methods,
which mainly divides the existing dataset into training set, validation set, test set and other parts for
model training, validation and testing. The dataset partitioning isolates the training dataset and the
test dataset, which makes the model training more scientific and accurate, and thus improves the
generalization ability of the model. Moreover, utilizing the partitioned dataset to train the model
avoids repetitive training and wasting time and resources.

4) Data set equalization. The injury risk dataset in this paper is unbalanced, and according to
relevant research as well as the actual situation, the predicted number of athletes who may be at risk
of sudden death is bound to be only a small number. In this paper, the BSL resampling method is used
to perform the equalization operation on the dataset. First, assuming that there are N samples in the
original dataset, N samples are randomly drawn from it in accordance with the method with put-back
to form the first dataset. The specific steps of the BSL sampling technique are shown in Table 3.
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Table 3. Specific steps for the BSL sampling technique

Algorithm 1: Bsl-sampling
Input: the original sample number D, the recent number of adjacent samples &

Output: a new set of samples D"
Step 1: set the original sample D to the training set 7; and the testset 7,.

m
Step 2: obtain Dis = ’Z(xi -y )2 the sample point of a nearest neighbor sample by calculating the distance from
i=1

each sample point and all the training samples
Step 3: divide the minority samples

Step 4: calculate the border sample and the small number of samples x;,according x,ew = x +rand(0,1)*| x —x; |

to the sampling ratio, according to the linear interpolation
Step 5: a combination of a handful of samples and the original training sample 7 is combined to form a new sample
o
Step 6: complete the undersampling of the tomek link data in the whole sample D, and delete most of the samples of

Tomek link, and update training D.

5) Feature selection. Feature selection allows you to select the best features, reduce redundant features,
increase the accuracy and efficiency of the model, improve the performance of the model, and can
reduce the time and computational cost of model training. At the same time, through feature selection,
the relationship between data can be discovered to better understand the data.

2.2. Methods for selecting athlete injury risk profiles

2.2.1. LASSO algorithm modeling. With the huge amount of data into the medical aspects of
statistical analysis, faced with many high-dimensional variable feature selection problems, IASSO
regression in the solution of this problem has a great contribution, its basic principle is in the linear
regression model of the cost function behind the constraints of the L1 paradigm term, due to the
existence of the L1 regularization, the variable coefficients in the regression model is constantly
compressed, the irrelevant or redundant feature coefficients will be set to zero. When the coefficients
are compressed to zero, the variable is eliminated to achieve the purpose of screening variables.LASSO
regression can prevent overfitting, solve the problem of severe covariance, and obtain a more concise
and easier to interpret model. Using LASSO for variable selection has lower test mean square error
[28-29].

The LASSO algorithm has the following advantages: i. The feature selection ability is strong, and
important features can be selected automatically to improve the explanatory and generalization ability
of the model. Second, the model has sparsity, which is easier to explain and understand. Third, it can
deal with the problem of multicollinearity. Compared with the linear regression estimator which is an
unbiased estimator, LASSO regression has some bias to reduce variance. Of course there are some
shortcomings: in the case of very high feature dimensions, the LASSO regression algorithm may select
too many features.

The LASSO regression algorithm adds an L1 paradigm of a @ -vector with penalty coefficient A1 as
a penalty term to the original cost function, so this regularization is also known as L1 regularization.
The objective function is:

OB =lly=XBI;+21 B, (1)
Equivalent:
argmin||y—X B S.I.Z|ﬂj I<s (2)

In practice, the complexity of the model can be changed by controlling the value of the entry, with a
larger A penalizing more and incorporating fewer variables in the model. The parameters under the
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optimal A4 are selected by changing the value of 1 several times, and can also be combined with CV
to select the best model.

2.2.2. Boruta Algorithm Modeling. Boruta's algorithm is a wrapper based on the Random Forest
classification algorithm that automatically performs feature selection on a dataset without the need to
select the set of features that minimizes the model loss function for a particular model.

The principle of Boruta's algorithm is:

1) Generate a random forest. Perform multiple self-service resampling of a given dataset, generate
different datasets for each sampling, and use these datasets to construct multiple random forests.

2) Calculate feature importance. In each random forest, calculate the importance of each feature.

3) Create shadow features. To determine whether each feature is truly important, the Boruta
algorithm introduces shadow features. Shadow features are generated by disrupting the order of the
original features, adding noise and randomization. These shadow features are used to simulate
randomly selected features and compare them with the original features

4) Determination of important features. For each feature, the importance of the original feature and
its corresponding shadow feature is calculated and compared. A feature is considered to be important
if its importance is significantly higher than its corresponding shadow feature. Conversely, if the
importance of a feature is significantly lower than its corresponding shadow feature, then the feature
is labeled as irrelevant.

5) Iterative process. Based on the identified important features, the Boruta algorithm continues with
multiple rounds of iterations. In each round, Boruta algorithm will regenerate the random forest and
use the important features identified in the previous round and their corresponding shadow features
to calculate the importance of the new features and compare them with the importance of the other
features by iterating and comparing, the Boruta algorithm can filter out the features that are really
important.

The advantages of the Boruta algorithm are: First, it can handle nonlinear and high-dimensional
data sets, and does not need to know the distribution of data. Second, it is possible to find the optimal
set of features, not just the sorting or exclusion of individual features. Third, it can be combined with
other classifiers or regressors to improve the prediction ability of the model. Fourth, it can adaptively
deal with missing values and noise to enhance the robustness of the algorithm.

2.3. Athlete Injury Risk Prediction Modeling
2.3.1. Classical Machine Learning Algorithms:

1) Support Vector Machine Algorithm. Support Vector Machines (SVMs) have quickly become one of
the more popular areas of research in machine learning algorithms due to their technical and
theoretical development.SVMs can handle both classification and regression problems. It handles
classification problems by requiring the definition of a hyperplane which is the decision boundary. The
basic idea is explained below:

The larger the boundary or distance between parallel hyperplanes, the better the generalization
error of the classifier. So the basic idea of SVM is simply to find the maximum separation hyperplane
that divides the data set, and the optimal classification hyperplane is shown in Fig. 1. The rectangles
and circles in the figure represent the training sample data of two categories respectively, where H,
is the classification line, H is the maximum separation hyperplane, and H, and H, are parallel
hyperplanes parallel to the maximum separation hyperplane. The mathematical expression for the

maximum separation hyperplane can be expressed as Equation (3):
w*x+b=0 (3)
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where w is the normal vector perpendicular to the separating hyperplane and 5 is the offset.
Meanwhile the mathematical expressions for the two parallel hyperplanes are expressed as Eq. (4)
and Eq. (5), respectively:

w¥x+b=1 (4)
wrx+b=-1 (5)
H,
o O
O

Sorting interval

Fig. 1. Optimal classification hyperplane

. . . .2
Through geometric calculation, we can conclude that the distance between hyperplanes is W
According to this distance expression, we can see that if we want to maximize the distance between
hyperplanes, we should minimize |w].

2) Logistic regression algorithm. LR is used to study whether the event of interest occurs, rather than
when the event occurs. Therefore, LR is particularly suitable for disease state modeling and decision
making models, and thus is widely used in health science research. Examples of the use of LR in
medicine include studies of factors that predict whether improvement will occur after an intervention.
Whether there is a relationship between disease and various factors. Exploring the effects of multiple
predictors and the relationships between them.

The mathematical expression for the predictive probability of the LR algorithm model can be
expressed as:

PY)

ln\‘l_P(Y)Zﬂo"'ﬂle"'ﬂzXz"'-"ﬂkaJ (6)
P(Y) _ PP BX o Xy 7)

1-P(Y)
P(Y)= P AX AL Ko Xy _P(Y)eﬁoJrﬁle*ﬂzXz*wﬂka (8)

eﬁoJrﬂlX1+ﬁ2Xz+~ﬁ/¢X/\
P(Y) - 1+ eﬁ0+ﬂ1X1+ﬂ2X2+'“ﬁkXA (9)
P(Y) . : . . .

where In m is the logarithm (probability) of the outcome and Y is the dichotomous

outcome. X, X,,...,X, isthepredictorvariable, £,,/5,/,.,....5, istheregression model coefficient,

and /A, isthe intercept. The different weights f, reflect the extent to which the predictor variables
contribute differently to the categorization results.
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3) Random Forest Algorithm. The random forest algorithm increases the differences between
classification models by constructing different training sets, and also improves the predictive ability
of the model. After k rounds of training, a sequence of models for classification is obtained
v, (X),v,(X),...,v,(X)} and then this sequence is used to construct a multiclassification model
system that uses majority voting to decide the final classification result. The classification decision can
be expressed in equation (10):

V(x)=arg max Zkll(vl. x)=Y) (10)

4) Deep Forest Algorithm. Deep Forest (DF) is an algorithm proposed in the research of Zhou et al. It
is an integrated decision tree based approach that uses non-microscopic modules to build deep models
as an alternative to neural network-centered deep learning models. The model is inspired by three
main characteristics of neural networks: sufficient model complexity, layer-by-layer processing, and
intra-model feature transformation.

(1) Cascade forest structure. The meter uses a cascade structure to demonstrate layer-by-layer
processing of raw features. Each layer in the cascade takes input from the previous layer, i.e., inputs
information processed in the previous layer, processes it in this layer, and provides the processed
information to the next layer. A layer in the structure can be defined as an integration of decision tree
forests. By including different kinds of forests, it can be ensured that diversity is maintained after the
integrated model is created.

The cascade phase works as follows: for a given instance, each forest will generate an approximation
of the class distribution. This is achieved by considering the percentage of different classes on the
terminal or leaf nodes where the training samples and particular instances are located and then
averaging over all the trees in the same forest. The approximate class distribution thus obtained is
formed into a class vector with the help of k-fold cross validation, which is then concatenated with the
original feature set. The results are then forwarded to the next cascade level. The k-fold cross-
validation helps reduce the risk of overfitting. The number of cascade layers is automatically
determined based on the performance on the validation set.

(2) Multi-granularity scanning. A multi-granularity scanning process is added to the cascade forest
process. Multi-granularity scanning stems from the fact that depth models are good at handling feature
relationships. The multi-granularity sweep is shown in Fig. 2. The original features are scanned using
a sliding window to generate feature vectors. The feature vectors are extracted from the training
samples, treating them as positive or negative examples. They are then used to generate class vectors.

The reasons for Deepforest's superior performance can be attributed to these factors: few
hyperparameters. Dependence on data to adjust the complexity of the model. Less dependence on GPU
etc.
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Fig. 2. Multi-particle scan

2.3.2. Principles of the Stacking Algorithm. The top rankings in large data mining competitions are
basically integrated machine learning models or deep neural networks. One of the ideas of integrated
learning is that the performance of individual algorithms can be improved when combining or
integrating methods are introduced [30]. The specific principle of Stacking is shown in Fig. 3 and the
steps are as follows:

From the figure we can also see that the implementation of the Stacking model uses the five-fold
cross-validation method to partition the data, this is because the model training to divide the data into
the training set and the validation set, and the sample size of the dataset used in this study is already
a bit small, directly divided into the training set and the validation set of the two parts will lead to the
training data less than the original data, and the validation set can not be all of the original data, which
is prone to overfitting. By using the cross-validation method, all the data can be used for training and
all the data can be used for validation.
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Fig. 3. Stacking schematic diagram

Stacking belongs to the integrated learning methods, which utilize several heterogeneous classifiers
that are combined together in a meta-classifier. The base model is trained on the training set and the
meta-model is trained on the output of the base model [31]. In this study, the base learner with higher
learning capability is chosen. The structure of the Stacking model constructed in this study is shown

in Figure 4.
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Fig. 4. Stacking model structure

2.3.3. Predictive modeling. In this chapter, SVM, LR, RF and Stacking classification prediction models
are constructed in python 3.9 environment on Windows 10 platform. The prediction model
construction process is shown in Figure 5, first of all, the dataset is preprocessed with mean padding,
data cleaning and other pre-processing, and its imbalance is calculated, and then a few classes in the
imbalanced data are equalized with the SMOTE algorithm, and the processed data and equalized data
together with the SMOTE algorithm form a new synthetic dataset, and the newly synthesized dataset
data are input into the Stacking algorithm prediction The newly synthesized data set is input into the
Stacking algorithm prediction model for the prediction of athlete injury risk classification.

Data i
preprocessing

Data
SMOTE |. .
e imbalance Balanced
equilibrium - dement
treatment &

Data
equalization

Synthetic data set

N
Stacking
algorithm model
N
Final prediction
classification

Fig. 5. Flowchart of building a prediction model
3. Results and discussion

3.1. Results of Feature Screening for Athlete Injury Risk Prediction Models

A total of 49 predictor variables were included in this section of the study, including sociodemographic
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characteristics, lifestyle, mental health status, self-reported history of chronic diseases,
anthropometric indices, cognitive function, and physical function. In order to avoid excessive model
training time and use of excessive computer resources as well as to avoid extraneous variables from
degrading the model performance, this study screened the variables before constructing the model.
This was done by using the LASSO algorithm for primary screening of the variables and then applying
the Boruta algorithm for secondary screening to ensure that the selected set of variables had
significant predictive performance.

3.1.1. LASSO algorithm screening results. The model performance of the LASSO algorithm under
different regularization parameter values is shown in Fig. 6 (a)~(c) denote the predicted short-term,
predicted medium-term and predicted long-term, respectively). In this study, the value corresponding
to the vertical line on the left (the highest model fit) is chosen as the final selection criterion, at which
point the corresponding coefficient is not zero, i.e., the predictor variables included in the model.

The initial screening of the LASSO algorithm showed that the predictors to be included in the short-
term occurrence risk prediction model included: gender, age, height, weight, body type, medical
history, BMI, presence of cognitive impairment, exercise status, sleep quality, presence of alcohol
consumption, presence of tobacco use, dietary regularity, visual acuity, exercise program, duration of
exercise, frequency of exercise, intensity of exercise, endurance, strength, flexibility, and balance, A
total of 25 variables were included in the exercise venue, exercise equipment, and weather. Predictors
to be included in the medium-term incidence risk prediction model include: gender, age, height, weight,
body type, medical history, BMI, cognitive impairment, exercise status, dietary regularity, vision,
exercise program, exercise time, exercise frequency, exercise intensity, endurance, strength, flexibility,
balance, exercise equipment, a total of 20 variables. Predictors to be included in the long-term
incidence risk prediction model included gender, age, height, medical history, exercise status, exercise
program, exercise time, exercise frequency, exercise intensity, endurance, strength, flexibility, balance
totaling 13 variables.
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Fig. 6. Model performance of lasso algorithm under different regularization parameters

3.1.2. Boruta algorithm screening results. In order to further improve the interpretability and
accuracy of the model, Boruta algorithm was used to screen the predictor variables screened by the
LASSO algorithm twice. In the screening process of the variables by Boruta algorithm, the variables
are rearranged in disordered order to get the corresponding shadow variables, which are combined
into a new variable matrix. The RF model is trained based on the new variable matrix, and the
maximum number of RF iterations is set to 100 to obtain the importance scores of the original
variables and the shadow variables, find out the maximum value of the importance scores of the
shadow variables, and perform the significance test of each original variable with it.The results of the
variable screening by Boruta's algorithm are shown in Fig. 7.(a) denotes the prediction of the short-
term, and the graphs B~Z denote the 25 variables, and b denotes the prediction of the medium-term,
B~Q in the figure denotes 16 variables, c denotes for predicting long-term, and B~K in the figure
denotes 10 variables). Based on the screening results of Boruta's algorithm, the variables that were
finally included in the short-term occurrence risk prediction model included gender, age, height,
weight, body size, medical history, BMI, presence of cognitive impairment, exercise status, sleep quality,
presence of alcohol consumption, presence of smoking, regularity of diet, visual acuity, exercise
program, duration of exercise, frequency of exercise, intensity of exercise, endurance, strength,
flexibility, and balance, Exercise venue, exercise equipment, and weather totaled 25 variables. For the
medium-term incidence risk prediction model, the final variables included gender, age, height, weight,
body size, medical history, exercise status, sleep quality, whether or not one smokes, whether or not
one eats regularly, exercise program, exercise time, exercise frequency, exercise intensity, endurance,
strength, totaling 16 variables. For the long-term occurrence risk prediction model, the variables
included were gender, age, height, weight, exercise status, whether smoking, exercise program,
exercise time, exercise frequency, exercise intensity, a total of 10 variables.
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Fig. 7. Filter results of the boruta algorithm
3.2. Performance testing of athlete injury risk prediction models
3.2.1. Experimental Setting and Assessment Indicators:

1) Experimental Environment. Windows 10 x64 operating system, Intel(R)Core(TM)i7-8750H
CPU@2.20GHz 2.20 GHz processor, 16.0 GB RAM.

2) Evaluation metrics. Macro average precision macro-average-precision, macro average recall macro-
average-recall, macro average F1 value macro-average-f1_scsore, and accuracy Accuracy are used.

3.2.2.  Empirical analysis. In this section, the athlete injury risk prediction model based on Stacking
integrated learning is selected, the hyper-parameter combinations used by the model and the five-fold
cross-validation method are used to train the athlete injury risk prediction model based on Stacking
integrated learning, and the experimental results are compared with the parameter optimized models
of the four classical machine learning algorithms (SVM+LR+RF+DF). The comparison of experimental
results between Stacking model and single model is shown in Table 4. As can be seen from the table,
the overall precision, recall, F1 value, and accuracy of the Stacking integrated learning model have been
improved, and the precision, recall, F1 value, and accuracy have been improved by 2.8%, 12.45%,
8.67%, and 3.35%, respectively, relative to the SVM+LR+RF+DF model.

Table 4. The stacking model is compared to the experimental results of a single model
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Model Precision Recall F1_score Accuracy
Ours 0.9965 0.9924 0.9912 0.9963
KNN 0.8173 0.7553 0.7273 0.7701
RF 0.8813 0.9051 0.8675 0.8994
BAG 0.935 0.8577 0.8931 0.948
SVM+LR+RF+DF 0.9685 0.8679 0.9045 0.9628

The prediction results of Stacking integrated learning in each risk category of athlete injury and
disease are shown in Table 5. As can be seen from the table, the classification effect of the athlete injury
risk prediction model based on Stacking integrated learning has significant improvement. The
precision, recall, and F1 value are improved in categories 4, 5, 17, 20, 21, 23, and 24. The recognition
rate for risk prediction of data with category 0, i.e, risk-free athlete injury data, is 100%, which
indicates that the model discriminates risky data as 100% risky.

Table 5. The stacking model does not predict the results

LX Precision Recall F1_score Support
1 1 1 1 170
2 1 1 1 149
3 1 1 1 135
4 0.947 0.9519 0.9772 118
5 0.8659 0.9535 0.9088 163
6 1 1 1 108
7 1 1 1 364
8 1 1 1 152
9 1 1 1 114
10 1 1 1 126
11 1 1 1 119
12 1 1 1 157
13 1 1 1 194
14 1 1 1 120
15 1 1 1 116
16 1 1 1 143
17 0.8977 09116 0.9129 100
18 0.9547 0.8896 0.964 103
19 1 1 1 952
20 0.8392 0.8875 0.9034 127
21 0.8489 0.8793 0.8865 127
22 1 1 1 213
23 0.943 0.949 0.9627 156
24 0.9763 0.9796 0.9837 145
25 1 1 1 121

Accuracy 0.9936 6025
macro avg 0.9953 0.9923 0.9908 6025

The precision, recall, and F1 values of the Stacking model and SVM+LR+RF+DF model for predicting
each risk category of athlete injuries and illnesses are shown in Fig. 8, Fig. 9, and Fig. 10, with the
horizontal coordinates of the risk categories, and a comparison of the prediction accuracies of each
model is shown in Fig. 11. As can be seen from the figure, the average precision of Stacking model
(96.48%) is higher than SVM+LR+RF+DF model (88.4%).



MACHINE LEARNING-BASED INJURY RISK PREDICTION MODELS

9401

Precision

Fig. 8. The accuracy of Stacking and SVM+LR+RF+DF

Fig. 9. Stacking is compared with SVM+LR+RF+DF recall rate

Fig. 10. The stacking is compared to the f1 value of SVM+LR+RF+DF

1.0+ 299 0000000000 200 o o
. ° @ 9 )
-] o °
0.8 -
[* ]
0.6 29
0.4+ @ Stacking
@ SVM+LR+RF+DF
0.2
3
0-0 T T T T T T
0 5 10 15 20 25

1.0 2000 0000000000 @ o @
9
] ° %0 © e
0.8- 2909
0.6 o’
[* ] 9 * ]
0.4 4
@ Stacking P
024 @  SVM+LR+RF+DF
0.0 T T T T T T
0 5 10 15 20 25

LX

99995 9000000000 o o o9

]
(]

@ Stacking
2 SVM+LR+RF+DF

0.0

0 5 10 15 20 25

LX



9402 J. YANG

RFC

KNN

BAG

Model Name

XGB

Stacking

0.0 0.2 0.4 0.6 0.8 1.0
Accuracy
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3.3.  Analysis of the application of predictive modeling in athlete rehabilitation

In this experiment, 20 athletes were selected for a 12-week experimental test to verify the predictive
effect of the model proposed in this paper on the injury risk of athletes through the relevant tests on
the muscle strength around the ankle joints of the athletes, so as to provide theoretical and
experimental guidance for the prediction of athletes' injuries and the effects of rehabilitation.

3.3.1. Changes in ankle amplitude before and after rehabilitation intervention. Comparison of ankle
joint range of motion of subjects before and after the intervention is shown in Table 6 (* indicates a
significant difference between the control group data compared to the experimental group data (p <
0.05), and ** indicates a very significant difference (p < 0.01). # indicates a significant difference in the
post-intervention data compared to the pre-intervention data (p < 0.05), and ## indicates a highly
significant difference (p < 0.01).

Table 6. The level of ankle activity was compared were involved

Experimental group Control group

Preintervention | After intervention | Preintervention | After intervention
The lateral back extension Angle 26.23+5.84 27.27+2.71 24.4+4.94 21.52+2.05
Side back 20.14+2.56 24.3+2.95# 26.05+4.49 19.81+4.54
Lateral metatarsus 40.38+3.76 42.62+2.12 44.16+3.22 40.17+2.49
The Angle of the side of the plane 37.92+2.4 37.79+3.92# 36.03+2.7 42.09+2.01
The amplitude of the joint activity 65.61+4.75 67.42+2.47 65.4+5.52 62.81+4.26
The amplitude of lateral joint activity 56.71+3.19 61.26+£3.25## 62.89+3.02 61.84+3.81

The independent samples t-test showed that there was no significant difference in the ankle
dorsiflexion, plantarflexion and range of motion data of the control group before the intervention
compared to the experimental group (p>0.05). There was no significant difference in the ankle
dorsiflexion, plantarflexion and range of motion data of the control group after the intervention
compared to the experimental group (p>0.05).

The paired sample t-test showed that compared with the pre-intervention period, there were
significant differences in the ankle joint angle of the subjects in the experimental group after the
intervention compared with the dorsiflexion angle of the affected side and plantarflexion angle of the
affected side before the intervention (p<0.05), and there was a highly significant difference in the
amplitude of the ankle joint movement of the affected side of the subjects (p<0.01), indicating that the
method of this paper can increase the amplitude of the ankle joint of the athletes injured by using the
method of this paper after 12 weeks of auxiliary training. Compared with the pre-intervention, there
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was no significant difference between the ankle joint angle of the control subjects after the
intervention and before the intervention (p > 0.05).

3.3.2. Changes in peak ankle and knee moments before and after rehabilitation intervention.
Comparison of peak ankle moments/(N-m/kg) of subjects before and after the intervention is shown
in Table 7 (: * denotes a significant difference between the data of the control group compared to the
data of the experimental group (p<0.05), ** denotes a very significant difference (p<0.01). # indicates
a significant difference in the post-intervention data compared to the pre-intervention data (p < 0.05),
and ## indicates a highly significant difference (p < 0.01)).

Table 7. The subjects were involved in the comparison of the peak moments of the ankle

Experimental group Control group
Preintervention | After intervention | Preintervention | After intervention
The lateral back stretch moment 0.67+0.09 0.2+0.11 0.15+0.06 0.03+0.07
Side back stretch moment 0.18+0.05 0.64+0.06# 0.74+0.11 0.03+0.13
The normal metatarsus moment 1.21+0.17 1.55+0.16 1.62+0.23 1.52+0.07
Side metatarsus 1.71+0.11 1.8+0.02## 1.6+0.16 1.96+0.16**
The lateral inner turning moment 0.29£0.22 0.34£0.17 0.14+0.1 0.62+0.22
The lateral inner turning moment 0.21+0.08 0.01+0.23# 0.56+0.07 0.4+0.2*
The lateral external turning moment 0.85+0.19 0.74+0.16 0.18+0.18 0.48+0.12
Side external turning moment 0.27+0.18 0.15%0.19 0.52+0.05 0.19+0.21

The independent samples t-test showed that compared with the experimental group, there was no
significant difference in the data of ankle dorsiflexion moment, plantarflexion moment, inversion
moment and eversion moment in the control group before the intervention (p>0.05). Compared with
the experimental group, there was a highly significant difference in the plantarflexion moment of the
affected ankle joint (p < 0.01) and the inversion moment of the affected ankle joint (p < 0.05) in the
control group after the intervention.

The paired-samples t-test showed that compared with the pre-intervention period, there were
significant differences in the dorsiflexion and inversion moments of the affected ankle joints in the
experimental group after the intervention (p<0.05), and the plantarflexion moments of the affected
ankle joints had very significant differences (p<0.01). Compared with the pre-intervention, there was
no significant difference between the ankle joint moments of the control group and the pre-
intervention (p>0.05).

Through two tests, we know that using the method of this paper after 12 weeks of auxiliary training
can significantly increase the athlete's affected side ankle joint moment, which has an important role
in improving the stability of the ankle joint. Comparison of peak knee joint moments/(N-m/kg) before
and after the intervention of the subjects is shown in Table 8 (: * indicates that there is a significant
difference between the data of the control group compared with the data of the experimental group
(p<0.05), and ** indicates that there is a very significant difference (p<0.01). # indicates a significant
difference in the post-intervention data compared to the pre-intervention data (p < 0.05), and ##
indicates a highly significant difference (p < 0.01)).
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Table 8. The comparison of the peak moment of the knee

Experimental group Control group
Preintervention After intervention Preintervention After intervention
Healthy side knee 1.34+0.2 1.58+0.21 1.62+0.17 1.61+0.15
Side knee moment 1.65+0.17 1.54+0.21 1.66+0.21 1.4+0.13
Knee bending moment 1.95+0.18 1.66+0.11 1.34+0.13 1.68+0.11
Knee moment 1.5+0.15 1.82+0.13 1.84+0.12 1.61+0.14

The independent samples t-test revealed that there was no significant difference in the data of knee
extension and knee flexion moments of the control subjects before the intervention compared to the
experimental group (p>0.05). Compared to the experimental group, there was no significant difference
in the data of knee extension and knee flexion moments in the control group after the intervention (p >
0.05).

A paired sample t-test revealed that there was a significant difference in the data of knee extension
moment on the affected side of the subjects in the experimental group after the intervention compared
to the pre-intervention period (p > 0.05). There was no significant difference (p > 0.05) in the data of
any of the subjects in the control group after the intervention compared to the pre-intervention period.

4. Conclusion

In this paper, we make full use of the advantages of machine learning to construct a prediction model
for athletes' injury risk and apply it to athletes' injury rehabilitation interventions.

The results of Stacking algorithm experimented on the dataset related to athletes' injury risk:
precision, recall, F1 value and accuracy are improved by 2.8%, 12.45%, 8.67% and 3.35%, respectively.
The Stacking algorithm performed the best relative to the SVM+LR+RF+DF model.

Compared with the experimental group, there was no significant difference in the ankle dorsiflexion
moment, plantarflexion moment, inversion moment and eversion moment data of the control subjects
before intervention (p > 0.05). In contrast, there was a highly significant difference in the
plantarflexion moment of the affected ankle joint (p < 0.01) and the inversion moment of the affected
ankle joint (p < 0.05) in the control subjects after the intervention. It can be concluded that the athlete
injury risk prediction model proposed in this paper has good utility for athlete rehabilitation.
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