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Abstract: Physical education is an important way to strengthen the physical quality of students in the university. Sport
performance is an important criterion for judging the physical fitness of college students. But during the process of calculating
and collecting the comprehensive score for each student, teachers will use different equipment or various grading formulas to
evaluate the grade for many years. Thus, referenced score will lose their values if the measurement data for each student in
different years are not unified and sometimes with the subjective factor because of the manual calculations. This article analyzes
the details of physical fitness test results and the relationship with the comprehensive score. It is discussed that the comprehensive
score can provide serious help for teachers to know students’ physical quality level and make reasonable teaching program to
each student according to their personal radar chat. Therefore, the artificial influence is excluded, and the prediction model is
designed by using the principal component analysis method and the back propagation (BP) neural network technology. The
predictive model allows students to evaluate their own physical test score in advance, get a preliminary understanding of their
physical fitness. Comparisons are made between the applications of this model in different years and errors are discussed to
verify the accuracy. The results indicate that the comprehensive score prediction model supplies one effective approach to unify
the scoring standards and improve the computation efficiency in physical education.
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inviting student participation data and past performance data,

1. Introduction classification and regression tasks are performed, and then

In recent years, the rapid development of computer artificial neural networks are used to obtain the highest
industry has led to social progress, and has promoted an overall Accuracy, providing comprehensive analysis and
increase in the amount of data in different fields. Further comparison, is the latest supervised machine learning
information can be obtained by analyzing and processing data.  technology used to solve the task of predicting student test
For ex- ample, the data analysis of clinical literature on the scores, that is, filS}COVGTI?g students in a "high-risk" dropout
treatment of functional dyspepsia with acupuncture and state, and predicting their future results, such as final exam
moxibustion in the past two decades, summarizing the rule of resul‘Fs[4]. With the continuous develf)pment of machine
point selection and treatment methods for the treatment of learning and d.ata analysis, various algorithms haye also be.:en
functional dyspepsia with acupuncture, provides a reference prope:rly applied. In the last few years, machine le.arl}lng
for the clinical application of acupuncture and moxibustion algorithms[5] [6]; such as neural netwqu[7], principal
for the treatment of functional dyspepsia[l]; Overtaking ~ component analysis[8], support vector machine[9], etc., have
incidents between electric vehicles and bicycles, and been successfully applied in prediction models working for
exploring the relationship between the number of overtaking aumerous regearch subj egts[lO]. Among them, neural network
incidents in existing non-motor vehicle facilities and traffic algorithm w1dely uses in fields of sport. 111 2009, neural
parameters. Then, it analyzes the actual data including flow, network algquthms were successfully used in popular NBA
speed and overtaking event characteristics in detail, and the game tp prgdlct whether the basketball team can win based on
conclusions drawn are applied to the calculation of the the l}lstor}cal game data[ll]. And .the neural ne‘Fwork
number of overtaking events in the mixed non-motor vehicle algorithm in machine learning was applied to the selection of
flow and the setting of the width of the non-isolated non- players in the annual national draft of the Australian Football
motor vehicle lane[2]; the collection of 340 MLA ( mobile League in 2010[12], which increased the probability of
library ap- plication) user data, structural equation modeling winning. It is suggested th?ft ﬂel}f‘al network alggnthms are
(SEM) with Bending Moment Structure Analysis (AMOS) capable to analyze the athletic ability of the participants, thus
software was performed to check quantitative data. These assist 'recrqiting' managers to make correct decision in j[he
findings are provided guidance for effective decision-making talent identification process, so in 2012, the Baqk-Propagatlon
in MLA design and development. The results can be used in neural network algorithm was used to establish a model to
the resource allocation process to ensure the successful ~ Predict the performance of historical Olympic athletes[13].
realization of the library’s vision and mission. With the Besides, BP neural network model works very well in
continuous in-depth study of data, various methods of predicting the future development of tradlt.10na1 spo.rt[M].
processing and analyzing data have been developed[3]; by ~ Apart from the neural network algorithm, principal
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component analysis (PCA) has also been applied to study
rehabilitation, triathlon and horse-riding coordination in
sports science[15]. The result shows that the PCA is a useful
method to characterize the movement coordination in its
entirety[16][17]. For example, complex skiing movements
were separated into the major motions by principal
component analysis[18][19], which assist the coach to
determine the standard postures and motions of the skier in
teaching process. The neural network method was employed
in combination with other methods as well. For instance, in
order to predict more accurate sport performance, a hybrid
prediction system is proposed based on genetic algorithm and
artificial neural network. This hybrid prediction system was
designed to study the effects of physical education on the
athletic and language ability, social skills and work ability of
children with intellectual disabilities[20][21]. Cluster
analysis algorithm and neural network model were
implemented to evaluate the athletic ability and performance
of aerobics athletes. The evaluation results provide coaches
with more helpful information[22][23]. Therefore, this paper
combines BP neural network algorithm and principal
component analysis to analyze the physical fitness test data of
students in university. The predicted results and analyzed
conclusions will support teachers to make a precise decision of
the teaching program in physical education. Firstly, principal
component analysis is applied to transform multiple attributes
of strong correlations into independent attributes, then reduce
training time and space by removing redundancy. Secondly, in
addition to establishing the prediction model by BP neural
network algorithms to forecast the students’ comprehensive
results in other years, the calculation standard will be unified
simultaneously by reducing the manual effect.

As we know, millions of people died in the world due to the
emergence and outbreak of COVID-2019. According to what
has been recorded, human body immunity itself helps the most
to fight against the corona virus. In university, doing physical
exercises is an essential aspect of improving students’ fitness
and immunity[24]. Teachers should assign different physical
education tasks and tests to better understand the current
sensible quality of students and help them make proper training
programs. But in the process of calculating the comprehensive
results of many tests for each student, it is extremely complex
because of various sport categories. Besides, the traditional
grade evaluation method depends on teachers’ subjective
opinion very much and gives the results ineffectively. It is
difficult to study the physical fitness level of the students
directly by the measurement data precisely. Therefore, to
establish a prediction model by using the total objective data
like the weight and height, will on the one hand assist teachers
to have knowledge of students’ fitness condition and make
more suitable physical exercises accordingly. Moreover,
students themselves can also know their physical situation in
advance, and then strengthen relevant training in a targeted
manner in physical education classes. On the other hand can

normalize the evaluation method of the comprehensive results.

2. Overview

It is commonly reported in the physical surveys the
phenomenon of declining physical fitness of college students
is prevalent all over the world[25][26].More attention should
be drawn on the Physical Education(PE) in university, which
can directly reflect the physical health of college students. Thus,
to study the students’ physical test data and make clear
visualization accordingly are very necessary. This will help
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the students to know their health condition in detail and
provide teaches more information to make teaching programs
in PE class.

In general, there are some basic test items of physical
fitness including vital capacity, 50-m sprint, sit and reach,
standing long jump, 800/1000-m run, pull-up/bent-leg sit-up
etcetera. Based on the mean and standard deviation, the sum
of z-scores for the specific fitness tests can be calculated and
used as a physical fitness index (PFI)[27]. Although this
method can help to know the basic physical healthy status of
college students, due to the different characteristics and the
calculation methods of projects, the grade evaluation
methods will be various. Besides, the formation of physical
test score sometimes have the subjective components.
Therefore, to have an accurate predictive model for college
students’ physical test score and standardizing analysis is of
great research significance for understanding the changes in
college students’ physical fitness.

3. Model and Methods

3.1. Dataset

The data set of this study consists of students’ physical
fitness tests during 2016 to 2019 from Liaoning Technical
University in northeast of China. The characteristics of the
data include eight events:

Height(H) and Weight(W): The circumference, width,
thickness and density of the human body are reflected through
a certain proportional relationship between height and weight.
It is an important indicator for evaluating the developmental
level and nutritional status of human body.

Vital Capacity (VC): It is an important target for assessing
the function of the human respiratory system. The size of vital
capacity is closely related to factors of body such as weight,
height, and chest circumference and others.

Sprint (S): 50m for man and woman: Measure the speed
qualities of students, including speed of reaction, movement
and muscles. It comprehensively reflects the physical
qualities of students such as explosiveness, sensitivity,
responsiveness, flexibility and others.

Standing Long Jump (SLJ): Test the strength of the legs
and abdomen with the explosive power. It measures the
strength of the lower limb muscles when jumping forward.

Sit and Reach (SR): Sit and reach test reflects flexibility
of students. The quality of flexibility depends on the stretch
of ligaments, tendons, muscles and skin. The decline of
flexibility quality leads to a reduce in the physical fitness of
students.

Stamina Project (SP): 1km for man and 800 m for woman:
Middle and long distance running develops endurance quality
of students. It is an aerobic metabolic program with large
body load for students. It can reflect the tenacious volitional
quality of the students.

Power Project (PP): Pull-up for man and sit-up for woman
in one minute: Both pull-ups and sit-ups are methods for
measuring muscle endurance and strength.

Because prediction efficiency can be accelerated by
controlling values in the same range, so firstly the z-score
standardization method which is based on the mean £(x) and
standard deviation s; of the original data x; is used to unify
data dimensions,
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In this way, all the original data are converted into
dimensionless evaluation index values at the same
quantitative level. Then, the correlation between data features
is calculated. Ifthere has strong correlation between attributes,
the information reflected by the statistical data will overlap to
some extent. The correlation coefficient r is,

(=) (yi—%)

r=
e o
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xj and y; are two data characteristics that participated in
the calculation, x- and y- are mean values separately. Taking
the data from the latest year 2019 as an example, the
correlation between the attributes is observed in Table 1.

Results indicate that there has strong correlation between some
data features from 2019. For example, the correlation
coefficient between Sprint (S) and Standing Long Jump (SLJ)
reached 0.7478. Besides, it should be noticed that there will
be a negative correlation for items using time unit, because
less time means higher score. When using these data sets to
train a model, the strong correlation will lead to information
redundancy and the weights connected to the input neurons in
the network would bring similar effects to the model. Thus,
the principal component analysis method will be used to
eliminate the strong correlations between data.

3.2. Principal Component Analysis (PCA)

Principal component analysis (PCA) is a technique to
reduce the dimension of datasets.

Table 1. The correlation between attributes (2019)

H W VC S SLI SR Sp PP
H 1.000 0.611 0.633 -0.540 0.598 -0.237 0.131 -0.675
W 0.611 1.000 0.544 -0.269 0.290 -0.188 0.333 -0.544
VC 0.663 0.544 1.000 -0.537 0.574 -0.144 0.131 -0.639
S -0.540 -0.269 -0.537 1.000 -0.748 0.177 0.079 0.632
SLI 0.598 0.290 0.574 -0.748 1.000 -0.150 -0.049 -0.662
SR -0.237 -0.187 -0.144 0.177 -0.150 1.000 -0.123 0.329
SP 0.131 0.333 0.131 0.079 -0.049 -0.123 1.000 -0.249
PP -0.675 -0.544 -0.639 0.632 -0.662 0.329 -0.249 1.000

Multiple original variables with strong correlation can be
transformed into several unrelated comprehensive indicators
by coordinate transformation. The new variables are called the
principal components. They reflect the features of the original
variables. Multiple principal components are extracted
according to cumulative contribution rate. The information
of the original variables is reflected as much as possible in
accordance with actual needs. There are eight indicators in the
original data, respectively x4, x,,...,xg. New eight indices
are obtained by linear combination transformation. The new
indicators fully reflect the information of the original
indicators according to the principle of retaining the main
amount of information. The new variables y;,y,, ..., yg are
independent of each other. The mathematical model of
principal component analysis is as follows The model is
organized into a matrix as follow,

+ UyX; + o+ HygXs
+ UpiXi + oo+ UagXg

Y1 = P11X1 t fypXp + oo
Y2 = Uz1Xq T UapXp + o

) 3
Vi = HinXy + PigXp + oo+ X + oo+ UigXg )
Vg = Ug1X1 t UgpXp + *++ + UgiX; + -+ + [lggXsg
M1 Ha2 Hig] [*1
x
y= .u:21 .u:zz /1228 :2 — Ux )
Hg1 HUsz Ugs| | X8
and the sum of principal component coefficients is 1.
uh G+t =1 )

Therefore, in order to obtain the principal component value
y, it is necessary to calculate the coefficient u. Firstly, the
covariance matrix is calculated by the original data,

cov = %Z?=1(xi =B - ) ©
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Because data has been z-score standardized, so the variance
52 of the data is 1.
1 _
s? = ;Z?zl(xi -x)?=1 7
Then
Yri(x;—x)2=ns’=n 8)

so, the correlation coefficient 7 is,

S (=0 i-y)

Jo im0 [5 0w

Therefore, the covariance matrix is equivalent to the
correlation coefficient matrix. In order to retain most of the
data information, all principal components are used for
calculation. New eight variables which uncorrelated each
other will be retained. Then the new variables are trained by
neural network model.

r= — Yiz1 =) i—7) = cov (9)

Vnvn

3.3. Back-propagation Neural Networks

Artificial Neural Network (ANN), also known as neural
network is originated from neurobiology. The network
composed of a large number of neural cells, which is an
abstraction, simplification and simulation of the human brain.
As a part of the neural network, back-propagation (BP) neural
network is a supervised learning algorithm. It is a
multilayered nonlinear feed-forward network trained by the
back-propagation learning algorithm. Network is composed of
input layer, hidden layer and output layer. The BP learning
algorithm consists of two processes, one is the forward
computation of data and the other is reverse propagation of
error signal.

Forward Propagation Stage The forward propagation stage
means that the source data from the input layer to output layer
through hidden layer. The output of the upper layer node is the



input of the lower layer. Then signal is propagated to the
output layer to measure whether the training of neural
network is completed or no by the error function. Figure 1
shows that the number of nerve cell in the input layer, hidden
layer and output layer. The number of nerve cells is n. The
exact value of n is confirmed according to established model,
in this article the numbers are 8, 11 and 1 respectively. Each
nerve cell has a weight of linear calculation at each output
level. The output value of hidden layer netl, is calculated by
the input value y;, connection weight value wjk and the

threshold value b are set as follows,

netly = Y0 Wy y; + by = wipys + wyy, +
ot Wi + WeiYg + by (10)

The activation function can be applied to obtain more
accuracy in the predicting process. The sigmoid function
which is a common nonlinear function is used in this paper.
The calculated value netly is activated by activation function
f(netly). The hidden layer zj is obtained by formula,

1
zi = f(netly) = 1+exp (—net1y)

(11)
Next, the hidden layer is used as input. The export value
of output layer ner2; is calculated by hidden layer zg,

connection weight value vi between hidden and output layer
and the threshold value bj,

net2; = Yili vz + b = vy2; + vyz, + - +
VZ + V11211 + b; (12)

The calculated value net2; is activated by activation
function f (net2j) and the output layer o; is obtained by

formula,
1

Oj - f(netzj) - 1+exp (—net2j) (13)

Error Back Propagation Stage Training process stops when
the output error function is less than the predetermined value.
Square error function is used to measure the error size
between the actual output d; and the expected output o,

F() o

Fig 1. Basic structure of forward propagation stage BP neural
network

E=250 (- 0) = 250 (4 - F(Siivigze)) (14)
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The error is reduced along the gradient direction by
adjusting the weights and thresholds. Then the weight
correction value L\vy; is calculated. The weights of each

network are updated.

) anetzj _ )

OE
= - = - V4 1
Ovy;j n onet2; Ovy;j U onet2; k ( 5)

Avy; = -1
Then,

(16)

vkj = vkj + Avk]'
The error is extended to the input layer,

E=1
2

o (d— F(Shavi £ Chawiey))) (7)

The weight adjustment amount Aw;;, between the input and
the hidden layer are calculated.

0E
Awik = =

JE Odnetlp _
Mwe = 3 .
ik netly owig

0E
= M grers, Vi (18)

Then,

Wi = Wik + Awyy 19)

The forward propagation of the signal is carried out when
all weights are readjusted. Training is stopped when the
convergence criteria are reached. Next, grade for each student
can be predicted based on the model.

3.4. Results and Discussion

During the teaching process, a reasonable advice for each
student should be proposed according to the data from
previous years. In this paper, the physical fitness test data for
students enrolled in 2016 and graduated in 2019 is analyzed
to see the change of students’ fitness condition in the four
years. Based on this, a grade prediction model is established
to help teachers and students make a better training schedule.
Besides, the grade evaluation method is discussed.

4. Physical Fitness Test Data Analysis

In order to put forward a reasonable training plan for
students with different physical qualities, students are divided
into five groups according to comprehensive results category
and the average of eight attributes. According to the ‘National
Physical Health Standard’, students’ comprehensive results
have four categories including excellent (Score above 90),
good (Score Between 80 and 89.9), pass (Score Between 60
and 79.9) and fail (Score below 60). Besides, the mean value
of eight attributes in four categories are calculated for analysis.
Here, female and male students are discussed separately due
to the different measurement projects and scoring standards.
Based on the four comprehensive results categories and taking
the mean value of eight attributes in each category into
account, students are rearranged into five groups including
‘perfect’, ‘with weakness’, ‘middle’, ‘passing’ and ‘low
score’. The radar chart is used to visually analyze the data of
multiple attributes, which can clearly exhibit the change of
student’s physical fitness in four years. The range of each
direction in the radar chart is the minimum or maximum value



of each attribute. Female and male students from each group
are randomly selected in 2019 shown in Figure 2 and 3
separately because of their different scoring standards and
measuring items. In this way, teachers and students
themselves are able to aim around organize the teaching
programs precisely. For the students from the ‘Excellent’
category, if their measurement data for each test project is
higher than the average, they have excellent physical fitness
indicators and belong to the ‘perfect’ group. Figure 2(a) and
3(a) show the selected male and female students from this
group in 2019. From the radar chart, it is obvious that the
Power Project (PP) of this male student has increased greatly
in 2019. One reason would because this student has
strengthened his muscle training. The female’s measuring
results in recent years are relatively stable. Intensity training

(c) Students reach to the passing score

can be implemented to this kind of students on the basis of
safety to inspire the potential of specialty and then be selected
as athlete’s candidates to participate in various competitions.

Although in both ‘Excellent’ and ‘Good’ categories,
students usually perform very well and have good scores,
there are also some students with poor performance in single
measurement. If having one score in a test project lower than
60% of the average value, then this student is considered as
having personal individual weakness and belong to the
‘individual weaknesses’ group. In Figure 2(b), the Sit and
Reach (SR) measurement result of this student is much lower
than the average data of 2019. He has a significant weakness
in this project. Similar data trend is shown in Figure 3(b),
which describes a disadvantage in Vital Capacity (VC) of a
female student.

- — = = mean value (2019)
2019
2018
H 2017
2016

(d) Students with lowest scores

Fig 2. Four years data of selected male student

For the rest students in ‘Good’ categories, they belong to
the ‘middle’ group. In the meanwhile, the students in the ‘Pass’
category with a score greater than 65 are grouped into
‘middle’. For students in ‘middle’ group, because their fitness
level is at a normal stage, so to take general quantitative
exercises under teachers’ supervision is well suggested.

For the students with score between 55 and 65, they are
considered as close to the passing score and belong to the
‘passing’ group. Figure 2(c) gives the information of a male
student from this group. All physical indicators of this male
student are unsatisfactory. The Sit and Reach (SR) test result
becomes very low since 2017.

Fig. 3(c) shows the results and change trend of a female
student. Shown in radar chart, it is clear that the weight of this
student has increased rapidly in 2019. For these two selected
students, physical fitness needs to be strengthened through
multiple projects because of their low physical indicators.

Students with scores below 55 are regarded as in ‘low score’
group. Figure 2(d) and 3(d) present that the test results are not
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stable and mostly lower than the average of ‘Fail’ category.
Particularly, weight (W) of these two students are significantly
higher than the average. And it should be aware that obesity
is a common feature of students from this group, so their
physical indicators are declined notably. For the time being,
poor physical fitness can cause many physical illnesses and
especially these students will face the risk of failing to
graduate due to the unqualified grade.

In general, if compare the data of selected students directly
by the area of the closed line displayed in the radar chart, the
better the physical fitness of the student, the larger area of his
personal radar curve he or she will have. The statistical results
of physical fitness test over the years can provide a reference
for the basic physical condition of students. Accordingly,
teachers and students themselves can better understand their
actual physical situation and then adjust training programs in
time.
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(c) Students reach to the passing score

mean value (2019)
2019
2018
H 2017
2016

(d) Students with lowest scores

Fig 3. Four years data of selected female student

Corresponding exercise intensity will be well provided to
students in the condition of different physical fitness levels.

4.1. Prediction Results

In the previous section, it was discussed that the
comprehensive score can help to better understand the
physical condition of students and develop a reasonable
training plan. However, sometimes due to the differences in
the characteristics of the course and subjective manual
calculations. It is difficult to obtain accurate comprehensive
score for all students over the years under one standard. In
order to unify the scoring standards and eliminate human
influence, a comprehensive scoring prediction model is set up
based on a variety of machine learning algorithms.

The principal component analysis method is used to
eliminate the strong correlations between the standard data.
And then 80% of the student samples in 2016 are randomly
selected as the training set in BP neural network. The rest 20%
of the data are taking as the test set to evaluate the accuracy
of the model. The established model is applied to predict the
comprehensive score of the physical fitness of the students
enrolled in 2016 and are about to graduate in 2019. The
application effect of the model is observed by comparing the
predicted and actual values shown in Figure.4. The two
almost overlapped lines show that the predicted values of
selected data from test set are close to the actual ones. To have
a better understanding of the prediction reliability, the
Absolute Error is calculated by actual data o; and forecast
data o},

AbsoluteError = 0; — o; (20)
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Figure 5 shows the frequency distribution of the Absolute
Error (AE). The dashed line gives the trend of normal
distribution. It can be seen that the statistics of AE appear a
maximum around zero and approximately take up two-third of
total area between -1 and 1. The frequency is very small when
the error value is greater than |3|. Besides, mean square
error(MSE) can also be used to further evaluate the accuracy
of prediction. MSE is calculated according to the absolute
error and sample size,

Table 2. AE regions predicted by the model established with 2016

data
0.0 | [12) | [23) | B4 | [45 | [56)
2016 | 64.38% | 28.57% 6.27% 0.7% 0.04% | 0.02%
2019 | 40.84% | 27.16% | 15.71% | 8.06% | 4.06% | 4.17%
1 2
MSE = -3 (0i = o)) 1)

It can be found that the prediction performance of this
model is excellent because the MSE value is very small about
to 1.362. By considering all the error results, this model is
able to be applied to predict comprehensive test scores in
other years. First of all, the measured data in 2019 is also
standardized and then analyzed by principal component
analysis. The data of different gender in 2019 is brought into
two models for prediction. The predicted values and absolute
errors are calculated. Here, the absolute value of AE is
divided into six intervals. The percentage of AE distribution
is compared between 2016 and 2019, shown in Table 2. It
shows that the predicted results for 2016 are excellent, 92.95
percent of the absolute error is lower than 2, and only 0.06
percent is greater than 4. The accuracy of model prediction



has decreased when the model is applied to 2019. The
distribution of absolute error between 0 and 1 decreased by
23.54%. An important reason for the difference in prediction
accuracy between 2016 and 2019 is the different scoring
standards used by teachers over the years. In addition, it shows
that manual calculation has potential influence on the
comprehensive score of physical fitness test.

—— actual data
—& predict data

o
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Syntheais scores

8

45

40
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Fig 4. Comparison of predicted data with actual data samples
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Fig 5. Error value frequency distribution.

The learning ability of the model can be used to explore the
constant relationship between the project measurement data
and the comprehensive score. This method can avoid the
complicated process of traditional physical grade evaluation
method and save computation time. Next, combined with
visualized data information in radar chart, the changes of
students’ physical condition can be analyzed clearly, and it is
of great significance for the physical education teacher to
adjust the next teaching plan to the students. According to the
predictive model, students can predict their own physical test
results, and the next physical education classes can be targeted
for training by themselves, aiming to get better physical test
results in the subsequent physical tests. Therefore, it is very
necessary to use the model to predict the comprehensive score
of physical fitness tests in future years under the condition of
keeping the same test projects.
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5. Conclusion

In this paper, by analyzing the comprehensive score of the
physical fitness test and the mean values of each at- tribute, a
scientific grouping method is proposed and discussions based
on case study from each group are performed through radar
chart illustration. Teachers can make reasonable teaching
plans according to the graphic information effectively and
give targeted advices to students in different groups. Besides,
principal component analysis and BP neural network have
been successfully applied to set up a prediction model.
Compared with the traditional process, this grade evaluation
method improves the calculation efficiency and unifies the
scoring standard in different years.
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