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Physical monitoring and analysis are of great significance to improve national physical fitness. *e main work of this paper is that
the physical health level of college students is studied and analysed by using a statistical model and mathematical model.
According to the characteristics of the collected data, different mathematical models are established. Firstly, the grey correlation
model is used to analyse the correlation between pull-up and other physical fitness indexes. *en, based on the classification of
college students and the influence and flow law of interclass crowd, a differential equation system is established based on the LMC
model. By analysing the existence and stability of the equilibrium point of the system, as well as the possible folding bifurcation
and backward bifurcation at the equilibrium point, this paper makes qualitative and quantitative research on the trend of college
students’ physical exercise on campus.

1. Introduction

Relying on data analysis technology and mathematical
model to improve the development of national fitness
monitoring can give full play to the application of data
analysis technology in the field of economic and social life
and effectively improve the information technology level of
national fitness monitoring, so as to provide objective and
scientific data support for the improvement of national
fitness. College students have the characteristics of con-
centration and easy management, which is the breakthrough
to effectively improve the national physical quality. How-
ever, what are the factors that affect college students’ physical
exercise and how to improve their participation in physical
exercise are of great significance in improving the national
physical quality. In the research of college students’ phy-
sique, how to improve the number of college students
participating in physical exercise is a problem to be solved.
*e study found that college students do not participate in or
less participate in physical exercise activities, not because of
lack of time, but with receiving sports information media
publicity. And the publicity information mainly comes from

regular classroom learning and through interaction between
students.

*e earliest physical monitoring can be traced back to
the 1860s. In the United States, Hitchcock M. D. took the
lead in making annual periodic measurements of all stu-
dents’ age, height, weight, length, circumference, vital ca-
pacity, and muscle strength in 1861. In 1954, the
Kraus–Weber test, which involved six minimum levels of
strength and flexibility of low back muscles, was developed
and tested on American and European children. Subse-
quently, the National Federation of health, sports, rehabil-
itation, and dance designed a physical fitness test method
covering seven indicators, including 50m running, 600m
running, standing long jump, softball throwing, round-trip
running, pull-up, and sit-ups.

At present, the research on the monitoring and mea-
surement of college students’ physique data mainly includes
the following methods: the physical fitness level of college
students is studied by using the methods of literature,
questionnaire interview, physical test, and street survey
[1–3], the influencing factors of college students’ physique
are explored by using correlation analysis and high-tech
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instruments [4, 5], improving the model of college students’
physique score [6, 7], combining machine-learning algo-
rithm to predict college students’ performance in body
measurement [8–10]. Although these studies show the
physical condition of college students frommany fields, they
can also classify and predict the physical condition of college
students, but they cannot reflect the dynamic change process
of college students’ physical fitness behavior.

In order to improve the level of college students’ daily
physical exercise, researchers also studied the behavior and
motivation of daily physical exercise. Bellar et al. [11] ex-
plored the level of college students’ sports activities through
a cross-sectional online survey. Feng et al. [12] used the
generalized estimation model to analyse the influence of
fitness consciousness and fitness behavior on college stu-
dents’ physique and found that strengthening daily exercise
consciousness can effectively improve college students’
physique level.

In order to find the hidden law of things, propagation
dynamics [13, 14] can be used to build more realistic
models. Different from the traditional statistical method,
Choszcz et al. [15] applied population dynamics to sports
activities, classified the objects into three categories, and
established the mathematical model of human fixed group
and nonfixed group to carry out competitive sports.
Posluszny et al. [16] made a qualitative analysis of the fixed
group model and gave the ordinary differential equation
model and partial differential equation model of the
nonfixed group. Wang et al. [17] proposed a group
competitive sports activity model with a delay-dependent
effect; after the qualitative research on the model, it is
found that the number of times of college students par-
ticipating in exercise every week and the time of each
exercise are low.

Although the existing research shows the physical
condition of college students from many aspects and it can
also classify and predict the physique of college students, it
cannot reflect the dynamic process of sports behavior. We
found that according to different classification criteria,
such as weekly exercise frequency, time, or place of each
exercise, college students could be classified. *erefore,
this paper classifies college students according to exercise
frequency. Secondly, the will of physical exercise mainly
comes from classroom learning and peer communication,
based on the rule that the consciousness of physical ex-
ercise is affected; the linear and standard influence rates
are used to establish the propagation dynamics model of
sports population flow. Compared with the traditional
statistical method, the dynamic method can make us
understand the overall situation better from the flow di-
rection of college students. By combining with computer
simulation and other methods, we can have a more in-
depth and comprehensive understanding of the changing
trend of college students’ participation in physical
exercise.

2. Analysis of College Students’ Pull-Up
Performance Based on Grey
Correlation Model

As a sport to test the development level of human upper limb
muscle strength, pull-up has been accepted as a physical
fitness test item in many countries. *e data of this paper
comes from the physical fitness test results of 7921 male
students in a university in China in 2019. Physical fitness test
indexes include pull-up (times/min), BMI (kg/m2), vital
capacity (ml), 50 meters (s), standing long jump (cm), sitting
forward (cm), and 1000 meters (s).

Statistical analysis shows that the distribution of each
variable follows a normal distribution. 3σ method is used to
preprocess the data, and the outliers caused by improper
records are removed. *e basic information of the sample is
shown in Table 1.

2.1. Correlation Analysis between Pull-Up and Other Indexes.
Pearson correlation analysis [18] is often used to mine the
correlation between variables in statistics to describe the
linear correlation between variables. Pearson correlation
coefficient can be used to describe the close relationship
between two distance variables.*e calculation formula is as
follows:

r �
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i�1 xi − x(  yi − y( 
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2
yi − y( 

2
 , (1)

where x and y represent average values of two samples and r

is Pearson correlation coefficient; the larger the value, the
higher the linear correlation between variables.

According to the sample data set, the Pearson correlation
coefficient between the pull-up and each measurement index
is shown in Table 2.

Table 2 shows that there is a significant correlation
between pull-up and various physical measurement indexes,
in which standing long jump and sitting forward are pos-
itively correlated with pull-up, and other indexes are neg-
atively correlated with pull-up. BMI, standing long jump,
and 1000 meters are highly correlated with pull-up, but the
values of r are all lower than 0.5, so it is necessary to seek
other methods to verify the correlation.

Correlation analysis is the comparison of the geometric
relationship of the statistical data. *e closer the geometric
curve of the sequence is, the greater the correlation degree is.
In this paper, the improved grey slope correlation degree is
chosen to describe the correlation between pull-up and other
indexes. *e improved grey slope correlation degree can
reflect the positive and negative of sequence correlation and
eliminate the influence of dimensionless transformation of
the original sequence on the correlation coefficient and
correlation degree value. *e calculation steps of the im-
proved slope correlation degree method are as follows:
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Step 1: dimensionless transformations of reference
sequence s0 � s0(1), s0(2), . . . , s0(n)  and comparison
sequence si � si(1), si(2), . . . , si(n)  are carried out:

yi(k) �
si(k)

si(1)
, i � 0, . . . , m; k � 1, . . . , n. (2)

*e slope of each time point is calculated as follows:

Δyi(k) � yi(k + 1) − yi(k). (3)

*en, the grey slope correlation coefficient of each time
point is

εi(k) � sgn Δy0(k),Δyi(k)( .
1 + Δy0(k)/y0( 




1 + Δy0(k)/y0( 


 + Δy0(k)/y0(  − Δyi(k)/yi( 



, (4)

where y0 � (1/n) 
n
k�1 y0(k), yi � (1/n) 

n
k�1 yi(k),

and sgn(Δy0(k),Δyi(k)) is used to describe the pos-
itive and negative correlation of variables, when
Δy0(k) · Δyi(k)≥ 0. Its value is equal to 1; otherwise, its
value is − 1.
Step 2: by calculating the grey correlation degree and
sorting, the correlation between the comparison se-
quence and the reference sequence can be obtained:

ci �
1

n − 1


n− 1

k�1
εi(k), (5)

where ci represents the correlation strength of index i.
*e sampling data is divided according to the enrollment

year, and the mean value of the physical measurement data
of the students’ enrollment in the same year is calculated to
obtain a group of time series of the enrollment year from
2012 to 2020, shown as Table 3.

Taking pull-up as the reference sequence and the other six
indexes as the comparison sequence, according to the above
steps, the correlation coefficient and correlation degree be-
tween the comparison sequence and the reference sequence
are calculated, and the results are shown in Tables 4 and 5 .

2.2. Prediction of Pull-Up Performance Trend. Grey predic-
tion [19] refers to establishing the corresponding differential

equation by mining the rules of the system change through
the processing of the original data, so as to predict future
development. From the Pearson correlation coefficient, it
can be seen that the linear correlation between each variable
and pull-up is not strong, so it is impossible to establish the
regressionmodel with standard accuracy.*erefore, the grey
prediction model with small sample demand is selected to
predict the development trend of college students’ pull-up
performance in the future. In this paper, the data of the first
eight years from 2012 to 2020 are selected to establish the
model, the data of the ninth year are used to test the pre-
diction accuracy of the model, and the optimal prediction
model is obtained by optimizing the initial value and
background value.

In the process of model construction, firstly, yt is cal-
culated as an accumulation sequence of the original se-
quence xt:

Yt � 
t

k�1
Xt, t � 1, 2, . . . , n. (6)

*en, a weighted adjacent value sequence Zt is generated
as follows:

Zt � ϑYt +(1 − ϑ)Yt− 1, 0< ϑ< 1. (7)

When traditional GM(1, 1) is used, ϑ � 0.5, the mean
value sequence Zt � 0.5(Yt + Yt− 1).

*e constructed model is defined as follows:

Table 1: *e basic information of body measurement sample.

Index BMI Vital capacity 50 meters Standing long jump Sitting forward 1000 meters Pull-up
Maximum value 14.31 4216 20 298 38.7 438 57
Minimum value 41.28 552 5.25 128 11.9 126 0
Average value 21.92 4009.2 7.83 227.3 20.6 251.9 5.8

Table 2: Pearson correlation coefficient between pull-up and each measurement index.

BMI Vital capacity 50 meters Standing long jump Sitting forward 1000 meters
r − 0.336∗∗ − 0.092∗∗ − 0.153∗∗ 0.308∗∗ 0.112∗∗ − 0.276∗∗
Significance 0.000 0.000 0.000 0.000 0.000 0.000
∗∗Significant correlation at 0.01 level.
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Xt + μZt � φ, (8)

where Xt is grey derivative, μ is developing coefficient, φ is
grey action, and Zt is albino background value.

*e parameters μ and φ are obtained by the least square
method, and the estimated parameters are substituted into
the albino differential equation:

dYt

dt
+ μYt � φ. (9)

*e time response formula can be obtained by solving
the above formula:

Yt+1 � Xt −
φ
μ

 e
− μt

+
φ
μ

. (10)

*e prediction expression of Xt can be obtained by
subtracting Yt:

Xt � Yt − Yt− 1, t � 2, 3, . . . , n, (11)

where X1 � Y1 � X1.
*e original sequence of the pull-up is the eight-di-

mensional sequence from 2012 to 2019. It is found that
different initial values will also affect the prediction results of
the predictionmodel.When the dimensions of themodel are

4, 5, 6, 7, and 8, respectively, the model test results are shown
in Table 6.

*e prediction models with different initial values have
passed the variance ratio test and small probability error P

value test. When the model dimension is 5, the variance ratio
(0.0583) is the smallest, and the average relative error is
0.98%, so the prediction performance of the model is the
best.

Background value is used to estimate parameters μ and φ
of albino differential equation, so the optimization of
background value is an important means to improve the
prediction accuracy of the model. Setting different value for
ϑ can optimize the background; for different value of ϑ, the
5-dimensions model test results are shown in Table 7.

As shown in Table 7, when ϑ � 0.52, the average relative
error (1.25%) and variance ratio (0.0826) of the model are
minimum.

Using the above optimal model, it can be predicted that
the pull-up scores of students who will enroll in 2021 and
2022 are 2.8 and 2.6, respectively. *e prediction results of
the optimal model are shown in Table 8.

According to the trend of the actual value series and the
prediction value series, with the increase of the student’s
enrollment year, the pull-up score shows a decreasing trend.

3. Analysis on College Students’ Physical
Exercise Trend Based on LMC Model

3.1. LMCModelDefinition. *e stage behavior change mode
theory [20] divides the process of human behavior change
into five main stages: preconsciousness stage, consciousness
stage, preparation stage, behavior stage, and maintenance
stage. Based on the stage behavior change mode theory, this

Table 4: Grey correlation coefficient between pull-up and each measurement index.

Correlation coefficient ε1(k) ε2(k) ε3(k) ε4(k) ε5(k) ε6(k)

k � 1 − 0.9252 − 0.9407 0.9536 0.9513 − 0.9262 − 0.9268
k � 2 − 0.9012 0.9116 − 0.8931 − 0.8977 0.9173 − 0.8977
k � 3 0.9501 − 0.9378 0.9519 0.9498 0.9872 − 0.9376
k � 4 0.9807 0.9946 0.9831 − 0.9762 0.9971 − 0.9772
k � 5 0.9452 0.9501 − 0.9412 0.9477 0.9821 − 0.9418
k � 6 − 0.9222 − 0.9205 − 0.9163 0.9332 − 0.9225 0.9261
k � 7 0.9045 − 0.8932 − 0.8951 0.9162 0.9413 0.9107
k � 8 0.9478 − 0.9359 − 0.9301 − 0.9327 − 0.8578 − 0.9301

Table 5:*e correlation degree and ranking of pull-up and various
physical measurement indexes.

c1 c2 c3 c4 c5 c6

Correlation
degree 0.2473 0.2212 − 0.2114 0.2265 0.2638 − 0.4017

Ranking 3 5 6 4 2 1

Table 3: *e data of students’ enrollment in 1992–2000.

Year BMI Vital capacity 50 meters Standing long jump Sitting forward 1000 meters Pull-up
2012 21.68 4142.8 7.47 232.8 21.6 245.5 6.2
2013 22.09 4152.1 7.81 228.6 21.4 249.5 5.9
2014 22.12 4094.2 7.92 229.2 20.9 250.2 5.3
2015 21.91 4133.9 7.87 228.3 20.5 252.6 5.1
2016 21.98 4032.8 7.82 228.5 19.8 252.7 4.8
2017 21.87 3982.7 7.85 227.5 18.9 252.9 4.6
2018 21.83 3996.2 7.89 224.8 18.6 252.1 4.2
2019 21.81 4048.6 7.94 221.4 17.7 249.3 3.6
2020 21.62 4067.9 8.02 222.6 19.9 251.7 3.3
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paper divides the college students into three different stages
according to the exercise frequency: little, medium, and
completely enough. *e year is taken as a unit; based on the
LMC model, the law of the number of students in the three
states is studied.*e basic dynamic assumptions of the LMC
model are as follows:

Little state: L(t) represents the number of students who
exercise no more than once a week at time t. In the
preconsciousness stage, consciousness stage, and
preparation stage, all the changes are only in the
consciousness level, which is difficult to distinguish
from the external performance. At the same time, they
have a common characteristic; that is, they have no
exercise behavior. In the process of participating in
physical exercise behavior, the attitude of students in
the little state to physical exercise will change with the
increase of the breadth and depth of knowledge.
Recognizing the benefits of exercise or the acquisition
of sports skills will promote the awareness of students
to begin to exercise.
Medium state: M(t) represents the number of students
who exercise between 2 and 3 times a week at time t.
Students in the medium state realize the importance of
physical exercise and begin to have physical exercise
behavior, but the low-frequency behavior is not stable,
which is a potential group to form the habit of full
physical exercise.
Completely enough state: C(t) represents the number
of students who exercise more than 3 times a week at
time t. Students in the completely enough state have a
strong sense of exercise and good executive ability.
*ey have developed their sports behavior into a part of
daily life, which will not easily change and form a
greater appeal to the surrounding students.

*e total number of students in a university is N(t),
N(t) � L(t) + M(t) + C(t). *e change rules [21] between
states are assumed as follows:

(1) Considering a university as the whole system, the
number changes among the three states in terms of
years will be explored. *erefore, there are no
population dynamics factors such as birth, death,
and migration, but there are new students and
graduates who leave school every year; the enroll-
ment rate is denoted as c, and the graduation rate is
denoted as β.

(2) For freshmen entering the University, the high
school physical education curriculum ensures that all
freshmen exercise at least once a week. At the same
time, a certain proportion (1 − q) of students will use
their spare time for extra sports activities. So, at t

time, the number of students in the little state is q c

N(t), and the number of students in the medium
state is (1 − q) c N(t).

(3) At t time, the number of students who take part in
physical exercise is directly proportional to the
number of students in class. *us, the number of
students moving out of the little state in unit time is
proportional to L(t), and the proportional coefficient
is α. In unit time, αL(t) students enter the medium
state.

(4) Suppose that the influence of peer communication is
standardized and the flow of students between the
three states is gradual. At t time, the number of
students in the little state that can be influenced by a
student with enough exercise is directly proportional
to the proportion of students in the little state of the
system, and the proportion coefficient is ω. *e
number of students with a medium state added in
unit time is ωL(t)C(t)/N(t). At t time, the number
of students in the medium state that can be affected
by a student with sufficient exercise is directly
proportional to the proportion of students in the
medium state in the system, and the proportion
coefficient is ε. *e number of students with the

Table 7: Model test results of different ϑ in 5-dimensions model.

ϑ Actual value in 2020 Prediction value Relative error (%) Average relative error (%) Variance ratio P value test
0.35 3.27 3.16 3.4 2.75 0.1298 1
0.50 3.27 3.21 1.8 1.87 0.0875 1
0.52 3.27 3.22 1.5 1.25 0.0826 1
0.60 3.27 3.21 1.8 1.41 0.0865 1
0.65 3.27 3.25 0.6 1.37 0.1557 1

Table 8: *e prediction results of the optimal model.

Enrollment year 2017 2018 2019 2020 2021 2022
Actual value 4.6 4.2 3.6 3.3 − −

Prediction value 4.5 4.2 3.5 3.2 2.8 2.6

Table 6: Model test results of different dimensions.

Model dimensions Actual value in 2020 Prediction value Relative error (%) Average relative error (%) Variance ratio P value test
4 3.27 3.22 1.5 1.06 0.0865 1
5 3.27 3.31 1.2 0.98 0.0583 1
6 3.27 3.45 5.5 2.75 0.1859 1
7 3.27 3.58 9.5 4.87 0.2136 1
8 3.27 3.55 8.6 3.77 0.1912 1
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completely enough state added in time unit time is
εM(t)C(t)/N(t).

Under the above four basic assumptions, the flow chart
of the transition between the three states of the proposed
LMC model is shown in Figure 1.

As shown in Figure 1, the students in the little state could
transit to the medium state with probability (αL + ωLC/N),
and the students in the medium state could transit to the
completely enough state with probability ωMC/N.

Let x � L/N, y � M/N, z � C/N, if the total population
of the model remains unchanged; LMC model can be
transformed into the following equivalent system:

dx

dt
� qc − αx − βx − ωxz,

dy

dt
� (1 − q)c + αx + ωxz − εyz − βy,

dz

dt
� εyz − βz.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(12)

3.2. Numerical Simulation and Sensitivity Analysis. In order
to more intuitively observe the dynamic process of students’
changes in each stage, numerical simulations are carried out
in this section. *e initial values are as follows: x(0) � 0.6,
y(0) � 0.3, and z(0) � 0.1. Other parameters are ω � 0.9,
ε � 0.5, q � 0.5, and c � β � 0.25 [21]. *e fitting diagram of
the system is shown in Figure 2.

It can be seen from Figure 2 that when the existing
condition of positive equilibrium satisfies the inequality of α,
the system tends to a nonzero equilibrium state. When the
conditions are not satisfied, the system tends to the
boundary equilibrium point:

R �
((c/β) − (β/ε))
(qc/(α + β))

. (13)

*e value of threshold R has a great influence on the
existence and stability of the equilibrium point. *rough
evaluating the influence of various parameters on the
threshold, we can find out the measures to increase the
number of students who exercise enough. *e linear in-
fluence rate α of threshold R on classroom teaching, the
proportion q of freshmen without extra exercise before
admission to college, and the sensitivity of influence ε of
the completely enough state on the medium state are
discussed.

Considering that there is little change in the number of
students enrolled and graduated each year [21], it is assumed
that the annual enrollment rate and graduation rate of a
university are equal (c � β). *e sensitivity index of
threshold R to variable β is defined as elasticity index:

ER

Eβ
�

zR

zβ
×
β
R

. (14)

Similarly, the elasticity index of threshold R for pa-
rameters ε, α, and q are as follows:

ER

Eε
�

zR

zε
×
ε
R

�
cε

cε − β2
− 1,

ER

Eα
�

zR

zα
×
α
R

�
α

α + β
,

ER

Eq
�

zR

zq
×

q

R
.

(15)

According to setting ε � 0.5, q � 0.5, c � β � 0.25 [21], it
can be concluded that

ER

Eε
< 0, 0< ε< 0.25,

ER

Eε
> 1, 0.25< ε< 0.5,

0<
ER

Eε
< 1, 0.5< ε< 1,

lim
ε⟶0.25

ER

Eε




� +∞,

0<
ER

Eα
< 1, 0< α< 1,

ER

Eq




� 1, 0< q< 1.

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

(16)

It means that the effect of ε on threshold R is complex.
Firstly, when 0< ε< 0.25, with the increase of ε value, R

becomes smaller and negative. According to the hypothesis,
students in the completely enough state mainly come from
the transformation of students in the medium state. In order
to get a nonzero equilibrium point, the number of new
students in the completely enough state in unit time at t time
should be greater than the number of students who leave in
unit time. *at is, the value of ε should be greater than 0.25.
When ε approaches 0.25 from the left, ER/Eε tends to be
negative infinity, and when ε approaches 0.25 from the right,
ER/Eε tends to be positive infinity. Secondly, when
0.25< ε< 0.5, with the increase of ε value, the value of ER/Eε
is smaller and smaller, but larger than 1. At this time, ε has a
very strong influence on R. When 0.5< ε< 1, with the in-
crease of ε value, ER/Eε becomes smaller and smaller and

L M C

qγN (1 – q)γN

β β β

εMC/NωLC/N

αL

Figure 1: Flow chart of the transition between the three states of
LMC model.
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less than 1. When 0.5< α< 1, ER/Eα increases with the
increase of ε and is less than 1. When 0< q< 1, ER/Eq is
always − 1.

*erefore, the following conclusions can be drawn: if
the influence of students in the completely enough state on
students in the medium state is less than the graduation
rate, there is no positive equilibrium point, and the
number of students in the completely enough state will
eventually tend to zero. When students in the completely
enough state have less influence on students in the me-
dium state, attention should be paid. At this time, in-
creasing ε can significantly increase the value of R; thus,
the state of the equilibrium point can be changed. With
the increasing influence of students in the completely
enough state on students in the medium state, the role
improvement of classroom education can have a greater
effect.

In order to further determine which parameters have a
great influence on the simulation results of the proposed
model, the partial rank correlation coefficient (PRCC) [22]
based on Latin hypercube sampling (LHS) [23] is used to
analyse the parameter sensitivity of the model. PRCC
measures the nonlinear but monotonic relationship between
two variables and provides a measure of monotonicity be-
tween parameters. LHS is a stratified Monte Carlo sampling
method, which divides the range of each parameter into n
equal intervals according to the distribution function of
parameters and randomly selects a sample from each
interval.

In this paper, the sensitivity of the simulation results L(t)

and M(t) of the model for four parameters q, α, ω, and ε is
analysed. *e sample size n is set to 1000, and the distri-
bution and value range of each parameter are shown in
Table 9.

*e specific influence of parameters on different states is
shown in Table 10.

*e results in Table 10 show that the influence of each
parameter on the final scale is very significant (P< 0.01) for
both students in the little state and students in the com-
pletely enough state. *e parameter q has the greatest in-
fluence on students in the little state. *e parameter ω has
the greatest influence on students in the completely enough
state. Table 10 shows that the relative importance of pa-
rameters can be sorted differently among different output
variables. For example, the effect of ω on L(t) is relatively
small, while that on C(t) is the largest. *e correlation
between parameters and different output variables is also
different. q was positively correlated with L(t) and negatively
correlated with C(t). α, ω, and ε were negatively correlated
with L(t) and positively correlated with C(t).

Based on theoretical analysis, numerical simulation, and
sensitivity analysis, we find that proportion of students
entering the little state each year q, the linear influence rate
of classroom teaching α, the influence of students in the
completely enough state on students in the little state ω, and
the influence of students in the completely enough state on
students in the medium state ε would affect the final stable
state of the system.
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Figure 2: Fitting diagram of the system.

Mathematical Problems in Engineering 7



4. Conclusions

In this paper, in order to explore the current situation of
college students’ constitution and how to improve their
physical level, two mathematical models are established
based on different types of physical health data. First of all,
the grey model of college physical fitness test results is
established.*rough correlation analysis and prediction, the
factors that affect college students’ pull-up performance are
analysed. *en, the college students are classified according
to the usual exercise frequency, and the LMC model is
established to dynamically analyse the trend of college
students’ participation in physical exercise. *e research,
combined with computer simulation and mathematical
model, can make people have a more in-depth and com-
prehensive understanding of the trend of college students’
participation in physical exercise.
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