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'is paper takes the physical fitness test data and the physical health self-assessment data as the research objects. 'e decision tree
algorithm is used to construct a decision tree model for students who fail to meet the physical test. 'us, the classification of
students with different physical qualities is realized. 'e association rule Apriori algorithm is used to mine the association of
physical fitness test indexes so as to judge the hidden law between students’ physical fitness and behavior habits and get the
correlation information of various physical health indexes. 'e back propagation (BP) neural network algorithm is used to
establish the physical fitness test prediction model. By using these data mining models, this paper explores the hidden association
information in college students’ physical test data, which can provide more scientific and effective guidance for students’
physical tests.

1. Introduction

'ere are many reasons for the decline of young people’s
physical health, one of which is that young people do not
cultivate good physical exercise habits and do not use sci-
entific methods for physical exercise. At present, exercise has
become an important measure to improve the level of
physical health in many countries. Maintaining an appro-
priate amount of exercise every day is beneficial to the health
of people of all ages. Exercise can effectively enhance
physical fitness and improve psychological quality.

For a long time, colleges and universities paid too much
attention to the factors of college students’ intellectual de-
velopment and ignored their physical condition. With the
improvement of people’s daily living standards, the material
life of college students has become richer, resulting in a lack
of exercise and the physical quality of some students has
decreased. 'e unsatisfactory physical quality will not only
affect the studies and lives of college students but also affect
their working state towards the society in future.

Physical fitness tests could make college students deeply
realize the importance of physical exercise and urge them to

strengthen exercise to improve their physical health. 'e
physical fitness index of college students is the urgent need
and development trend of national physical quality, and it is
a powerful guarantee for daily study and life. With the
continuous development of data mining technology and the
wide application of database management systems, colleges
and universities have accumulated a large number of college
students’ physical index data, and the amount of data will
continue to grow. Faced with more and more rapidly
expanding data, colleges and universities are often unable to
understand information, making it difficult for traditional
information technology and tools to obtain valuable
knowledge.

'e traditional statistical analysis of physical fitness test
data often adopts a manual method. For teachers, it not only
increases the daily workload but also is difficult to effectively
process and analyze the data. For students, it is impossible to
get real-time and effective feedback from daily teaching
activities and physical fitness tests. From the perspective of
analysis methods, the traditional analysis methods still stay
in the simple calculation of variance, mean, and reliability,
resulting in the conclusion of the analysis staying on the
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surface, and being unable to give full play to the full value of
a large number of data.

With the in-depth study of data mining technology,
the application of data mining has gradually expanded to
various fields. Some scholars had applied data mining
technology to the education field. Baker et al. [1] dis-
cussed the importance of applying data mining tech-
nology to education and teaching systematically.
Kangaiammal et al. [2] used rough set theory to mine and
analyze the correlation between the improvement of
students’ performance and the leading factors of active
learning. Fang et al. [3] used the classification method of a
decision tree, applied data mining technology to student
achievement information, and constructed the profes-
sional ability decision tree model. Yadav et al. [4] adopted
the decision tree ID3 algorithm and the association rule
Apriori algorithm for data mining analysis based on
student achievement data. 'rough the analysis of the
ID3 algorithm, what factors are related to students’ ex-
cellent performance can be obtained. 'rough the
analysis of Apriori algorithm, the influence of the ex-
cellence of a course on other courses is mined. Chunduri
et al. [5] used the FP-growth algorithm to study students’
physical health test data, the results show that nearly half
of the students’ weight does not meet the standard, and
through the operation results of the algorithm, it is ob-
served that the students lack the training of lower limb
strength in physical training, and the vital capacity grade
and endurance grade are obviously weak. Bishop et al. [6]
used the association rule Apriori algorithm to screen out
five strong association rules about males and females in
college students’ physical test data. 'e results show that
more females fail in the standing long jump and more
males fail in the pull-up. Ramanathan et al. [7] recorded
the data of students’ arm strength by using the ID3 al-
gorithm and scientifically analyzed the scientific methods
to improve their arm strength. Maldonado-Erazo et al. [8]
have customized scientific sports programs and efficient
sports plans for athletes by using data mining and
comprehensive analysis. In order to predict sports per-
formance more accurately, Xu et al. [9] proposed a hybrid
prediction system based on a genetic algorithm and an
artificial neural network. 'e hybrid prediction system is
also used to study the impact of physical education on the
motor and language ability, social skills, and work ability
of mentally retarded children, and to predict the social
adaptability of different research objects after a sports
training cycle. Jin et al. [10] used a cluster analysis al-
gorithm and a neural network model to evaluate the
sports’ ability and performance of aerobics athletes, se-
lected appropriate evaluation indicators, and established
an evaluation model reflecting competitive ability and
performance, which reflected the relationship more sci-
entifically between sports ability and performance.

Based on the physical fitness test data of college
students, this paper observes the actual physical fitness of
college students through data mining algorithms. 'ese
algorithms can obtain more valuable hidden information
to help students more clearly understand their self-

physical ability and help teachers carry out corre-
sponding teaching activities in time.

2. Analysis of Students’ Physical Fitness Data
Based on Decision Tree Model

In data mining algorithms, the decision tree model [11] is
a particularly common algorithm. It can not only deal
with classification problems but also solve regression
problems. By learning from the data, the decision tree
algorithm classifies and predicts when the values of input
variables and output variables are different in different
situations. A decision tree is a set of decisions represented
by a tree structure.'e tree model includes root node, leaf
node, and nonleaf node. Leaf nodes are generally rep-
resented as a category and connected to the root node are
represented as a classification, and the path connected
between the root node and leaf node is represented as a
classification rule of an attribute.

In the forming process of a decision tree, the main
components are feature selection, decision tree genera-
tion, and pruning. 'e key to the decision tree is to select
the optimal partition attribute at each split node. With
the partition process, make the samples contained in the
branch nodes belong to the same category as much as
possible. 'e decision tree algorithm first finds the ap-
propriate features as the root node of the classification
according to the actual data samples, and then judges and
classifies all other attributes in the data set in turn
according to the classification standard of the root node.
If the data attribute to be classified is the same as its node
attribute, it is divided into the same category. If it is
different, it is divided into another category as a new
node.

'ere are a few cases of applying the decision tree to
the study of college students’ sports health. In this paper,
we attempt to mine, analyze and predict college students’
sports health data by using the C4.5 algorithm [12]. In
order to mine the relationship between students’ physical
fitness data and students’ personal behavior habits data,
we first need to calculate which attribute has the greatest
correlation between the two data, and classify it as the
root node again, so as to form a complete decision tree.

'e C4.5 algorithm uses the information gain ratio of
attributes as the standard for node selection and con-
siders attributes with a high information gain ratio as
“good” attributes. By calculating the information gain
ratio of each attribute, the attribute with the highest
information gain ratio is selected as the division standard
for each division, and this process is repeated many times
until a decision tree that can perfectly classify training
samples is generated. In the actual operation process, the
test attribute is determined by the attribute with the
highest information gain ratio. Different test attributes
can distinguish multiple different sample subsets. After
distinguishing the sample subsets, the stability is evalu-
ated according to the information gain value. If the value
of the information gain ratio is low, the instability is large,
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if the value of the information gain ratio is high, the
instability is small.

In the C4.5 algorithm, set S have s sample data, and there
are m category attributes Ci(i � 1, 2, . . . , m), suppose that
the number of samples in class Ci is sj. 'e total information
entropy for this sample is

I s1, s2, . . . , sm(  � − 
m

i�1
pilog2 pi( , (1)

where pi represents the probability that the sample belongs
to Ci, it can be defined as follows:

pi �
si

s
, (2)

where s represents the total of all samples.
Suppose that the test attribute is A, and A contains k

different values a1, a2, . . . , ak , then set S can be divided
into k subsets S1, S2, . . . , Sk , and all samples whose value is
equal to aj belong to subset Sj, which is a subset of the
generated new leaf nodes.

Suppose that the number of samples with category Ci in
subset Sj is sij, then the information entropy of the divided
samples is

E(A) � 
k

j�1

s1j + s2j + · · · + smj

s
I s1j, s2j, . . . , smj , (3)

where I(s1j, s2j, . . . , smj) and pij represents probability of
samples with category attribute Ci in subset Sj.

Finally, the information gain of sample set S is obtained
as follows:

Gain(A) � I s1, s2, . . . , sm(  − E(A). (4)

According to the above formula, it can be seen that the
information Gain(A) increases with the decrease of infor-
mation entropy E(A), then the uncertainty of classifying the
set with A as the test attribute would be reduced k. Different
attributes A in the set correspond to k subsets in the set S.
'e above steps are iterated repeatedly, so as to generate
other attributes as the child nodes of the node, and finally, a
complete decision tree is constructed.

'e split information of attribute A can be defined as

SplitI(A) � − 
m

j�1

Sj





|S|
× log2

Sj





|S|
, (5)

where m represents the number of the categories.

2.1. Definition of Information Gain Ratio in Sample Set

GainRatio(A) �
Gain(A)

Split(A)
. (6)

'is paper selects four attributes related to college
students’ cardiopulmonary function: diet (DI), work and rest
(WR), exercise habits (EH), and attention to physical health
(AP), and uses the decision tree C4.5 algorithm to classify
the data set. Based on the data information obtained after

data preprocessing, the "cardiopulmonary function" attri-
bute in the physical health evaluation table of college stu-
dents has two different classification values: CF1 and CF2,
representing qualified and unqualified, respectively. 'ere
are 1137 CF1 samples and 1872 CF2 samples in the data set.

'e calculation results of the decision tree C4.5 algo-
rithm combined with physical fitness data are shown in
Table 1.

According to the information gain ratio of each attribute
in Table 1, the gain ratio of the attribute "exercise habit" in
the physical health evaluation of students is the largest.'en,
the attribute EH is taken as the root node, branches would be
generated according to the value of the attribute, and the two
branches are divided into new nodes. 'e above steps are
executed recursively until they cannot be divided, so as to
obtain a decision tree on the health status of "cardiopul-
monary function" of college students’ physical health.

According to the decision tree after pruning, the fol-
lowing classification is obtained:

If “EH”� qualified, then cardiopulmonary function
meets the standard.

If “EH”� unqualified and “WR”� qualified, then car-
diopulmonary function meets the standard.

If “EH”� unqualified, “WR”� unqualified,
“DI”� qualified, and “AP”� qualified, then cardiopulmo-
nary function meets the standard.

If “EH”� unqualified, “WR”� unqualified,
“DI”� qualified, and “AP”� unqualified, then cardiopul-
monary function does not meet the standard.

If “EH”� unqualified, “WR”� unqualified,
“DI”� unqualified, and “AP”� qualified, then Cardiopul-
monary function meets the standard.

If “EH”� unqualified, “WR”� unqualified,
“DI”� unqualified, and “AP”� unqualified, then cardio-
pulmonary function does not meet the standard.

Based on the above classification results, it is concluded
that among the four indexes of college students’ cardio-
pulmonary function, it has the greatest correlation with
"exercise habit". 'erefore, students with good exercise
habits often exercise their cardiopulmonary function.
Compared with students with less exercise habits, their
cardiopulmonary function will be strengthened.

Students’ work, rest, and diet are also related to the
strength of their cardiopulmonary function. A good work-
and-rest relationship will greatly enhance human immunity
and health, and the system will continue to decline for
students who stay up late. 'e diet may not be healthy and
even lead to obesity, which will greatly reduce the cardio-
pulmonary capacity.

'e importance of physical health is related to cardio-
pulmonary function. Actively participating in classroom and
extracurricular sports activities and independently and de-
veloping scientific sports habits can enhance physical fitness.

3. Analysis of Students’ Physical Fitness Data
Based on the Apriori Algorithm

Association rules are used to find frequent patterns between
items or objects. It can reveal the internal relationships
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between items or objects. Association rule mining is a rule-
based machine learning algorithm, which can find inter-
esting relationships in large dataset. 'e strength of these
relationships usually needs to be measured by three indi-
cators of association rules: support, confidence, and lift [13].

Support generally indicates the popularity of an item set,
which is measured by the proportion of the occurrence times
of the item set. For example, there are items A and B in set C,
and the support of item A is the probability of item A in set
C. 'e support of itemsets A and itemset B is the probability
that they occur at the same time.

Support(A) � P(A),

Support(A⇒B) � P(A∩B).
(7)

Confidence refers to the probability that itemset B also
exists when itemset A exists.

Confidence(A⇒B) � P(B | A). (8)

'ere is a possibility that the confidence may mislead
the correlation degree. It is assumed that the confidence
value of itemset AB is very high because the support of
itemset B is very high. But in fact, it cannot explain that
AB is highly related. 'erefore, in order to illustrate the
basic penetration of the two itemsets, the lift index was
introduced.

Lift indicates that itemset A exists and itemset B also
exists, but at the same time, the popularity of itemset B
should be controlled.

Lift(A⇒B) �
Support(A, B)

Support(A) × Support(B)
. (9)

If Lift� 1, it indicates that there is no association between
itemsets A and B, if Lift >1, it means that when A exists, B is
likely to exist at the same time, if Lift <1, it means that when
A exists, B has a high probability that it does not exist.

In the practical application of association rules, the
minimum support is used to measure the support threshold
of items or objects. At the same time, the minimum con-
fidence threshold used to measure the confidence also
represents the minimum reliability standard of the associ-
ation rules.

Frequent itemset mining is the basis of many important
data mining tasks, such as association rules, correlation
analysis, and causality. 'e FP-Growth algorithm [14] uses
the idea of divide and conquer to recursively divide the
transaction data set into multiple smaller conditional
transaction data sets to mine frequent itemsets. 'e FP-
Growth algorithm only needs to traverse the transaction data

set twice during execution and does not generate candidate
sets, which is one order of magnitude faster than the Apriori
algorithm in performance.

In this paper, the Apriori algorithm and the FP-Growth
algorithm are used to analyze the correlation of students’
physical fitness data and determine the minimum support
(min sup � 50%) of association rules based on the indica-
tors of data. 'e association rules are determined with the
minimum confidence (min conf � 70%).

'e five indexes in the physical test data (cardiopul-
monary function, muscle strength, muscle endurance,
softness, and obesity) were taken as an example. Students
were randomly selected from the data set as research
samples, so as to obtain the transaction database. 'e
transaction database D is shown in Table 2.

By scanning all items in transaction database D, can-
didate 1-itemset C1 is obtained and frequent 1- itemset L1 is
generated by filtering with the minimum support. 'e
frequent 1-itemset L1 is connected itself to generate can-
didate 2-itemset C2 and in the same way, frequent 2-itemset
L2 is generated by filtering with the minimum support. 'en
the frequent 2-itemset L2 is connected itself to generate
candidate 3-itemset C3, and finally, frequent 3-itemset L3 is
generated by pruning.

'e calculation results of association rule confidence are
shown in Table 3.

According to the confidence shown in Table 3, two
relatively stable association rules are obtained: (I2, I4)⇒I5
and (I4, I5)⇒I2. 'rough the strong association rules, it can
be seen that students whose obesity and cardiopulmonary
function do not meet the standard are likely to have lower
softness, and students whose muscle strength and muscle
endurance do not meet the standard are likely to have poor
cardiopulmonary function.

4. Students’ Physical Fitness Test Prediction
Model Based on BP Neural Network

As a part of a neural network, the BP neural network is a
supervised learning algorithm [15]. It is a multilayer non-
linear feedforward network trained by an error back
propagation learning algorithm. It consists of an input layer,
a hidden layer, and an output layer. 'e BP learning al-
gorithm consists of two processes: one is the forward
propagation of data, and the other is the back propagation of
error signals.

'e interconnection mode between neural networks is
formed by the interconnection of neurons, and the initial
weight between each connection is randomly assigned by the
computer. 'e forward propagation stage of data signal
refers to the process of the original data signal from the input
layer through the hidden layer to the output layer, that is, the
output of the upper node is the input of the lower node. Each
neuron yi has a corresponding calculated weight wik, the
output value o1k of the input layer in the hidden layer is
obtained by summing and weighting the input value, con-
nection weight, and threshold tk. 'e calculation method is
as follows:

Table 1: 'e calculation results of the decision tree C4.5 algorithm
combined with physical fitness data.

Index DI WR EH AP
E 0.9527 0.9216 0.8699 0.9502
Gain 0.0043 0.0368 0.0816 0.0077
SplitI 0.8687 0.7612 0.9268 0.9986
GainRatio 0.0056 0.0483 0.0882 0.0072
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o1k � 
n

i�1
wikyi + tk. (10)

In the process of prediction, better prediction accuracy
can be obtained by using activation function processing.
'ere are many kinds of activation functions, such as step
function, ReLU functions, tanh functions, and Sigmoid
functions [16]. In this paper, the Sigmoid function is used to
activate the output information. 'e output value of the
input layer is activated to f(o1k) by the activation function,
then the hidden layer zk can be expressed as:

zk � f o1k(  �
1

1 + exp −o1k( 
. (11)

Next, the hidden layer data is used as the input layer to
transfer the data to the output layer. 'e output value o2j is
weighted by the hidden layer value and the connection
weight vkj between the hidden layer, and the output layer,
and then added to the threshold tj.'e calculationmethod is
as follows:

o2j � 
n

k�1
vkjzk + tj. (12)

'e output value is activated to obtain the data of the
final output layer.

oj � f o2j  �
1

1 + exp −o1j 
. (13)

When the signal is transmitted to the output layer, the
error function is used to detect whether the training process

of the neural network is over. 'e stopping condition of the
neural network is that it meets the limit value of the error
function or reaches the set maximum number of iterations.
When the output error function is less than the pre-
determined value, the training will stop. If the conditions are
not met, the error will be back propagated.

'e error function (Err) is used to measure the error
between the actual output dj and the expected output oj.

Err �
1
2
(d − o)

2
�
1
2



n

j�1
dj − oj 

2
. (14)

'e error signal obtained from each layer is used to
adjust the weight of the connection between neurons.

'e process of back propagation is defined as follows:

Err �
1
2



n

j�1
dj − oj 

2
�
1
2


n

j�1
dj − f 

n

k�1
vkjzk

⎛⎝ ⎞⎠⎛⎝ ⎞⎠

2

. (15)

By continuously adjusting the connection weight and
threshold, the error is reduced along the gradient direction.
After calculating the change value Δvjk of the weight con-
nection value between the hidden layer and the output layer,
each connection weight is updated as follows:

Δvjk � −β
zErr
zvjk

� −β
zErr
zo2j

zo2j

zvjk

� −β
zErr
zo2j

zk,

vjk � vjk + Δvjk.

(16)

'e error is further extended to the input layer

Err �
1
2



n

j�1
dj − f 

n

k�1
vkjzk

⎛⎝ ⎞⎠⎛⎝ ⎞⎠

2

�
1
2



n

j�1
dj − f 

n

k�1
vkjf 

n

i�1
wikyi

⎛⎝ ⎞⎠⎛⎝ ⎞⎠⎛⎝ ⎞⎠

2

. (17)

'e connection weight between the input layer and the
hidden layer is updated as follows:

Δwik � −β
zErr
zwik

� −β
zErr
zo1k

zo1k

zwik

� −β
zErr
zo1k

yi,

wik � wik + Δwik.

(18)

'is paper selects the students’ physical fitness test data
to establish the model, in which 80% of the students’ samples
are used as the training set and the other 20% are used as the
test set for model evaluation. 'e number of neurons in the
input layer is 8, the number of neurons in the output layer is
1, and the number of neurons in the hidden layer is 11. 'e
threshold value is used as the condition value for the training
stop. Its value is set to 0.005, and the learning rate is set to 0.1.

80% of the data after principal component analysis is
brought into the function to establish the neural networkmodel.

In order to increase the accuracy of the model, the prediction
models for boys and girls are established, respectively, and the
accuracy of the model is evaluated by using the data of the test
set.

In the process of experimental simulation, the mean
square error (MSE) is used to compare the accuracy of the
model prediction. In a comparison between the predicted
value and the actual value of a sample of 40 students
randomly selected in the test set, the mean square error of
the model is 1.3612. It shows that the physical fitness test
prediction model established in this paper is very accu-
rate. 'e histogram of absolute error frequency distri-
bution is shown in Figure 1.

As shown in Figure 1, the absolute error is between [−
1, 1], which accounts for about 2/3 of the test data set, and
the maximum error frequency is near 0. When the ab-
solute error value is greater than 3, the error frequency is
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very small, lower than 0.01. 'e dotted line is the error
distribution density curve, and the error distribution of
the model is similar to the normal distribution. 'e vi-
sualization results show that the prediction performance
of the proposed model is very high.

5. Conclusion

In this paper, the physical test data and physical health self-
assessment data of college students are taken as the research
object. 'e decision tree C4.5 algorithm and association rule
Apriori algorithm are selected to mine physical fitness data
information. 'e classification law of students’ physical
health and the potential correlation between physical health
factors are obtained. 'e related frequent itemsets are cal-
culated according to the actual data, and the internal rela-
tionship between each index is obtained according to the
support and confidence. On this basis, the comprehensive
performance prediction model of college students’ physical
fitness test is constructed. 'e comprehensive performance
prediction model of physical fitness tests successfully applies
machine learning algorithms such as BP neural network and

principal component analysis to the prediction of the
comprehensive performance of physical fitness tests, and
achieves more accurate prediction results. Physical fitness
data types and collection forms are diverse. How to make an
effective comprehensive analysis of different data resources
is the further research direction in the future.
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