
 
J. COMBIN. MATH. COMBIN. COMPUT. 127a (2025) 5615--5631  

 

  

  

 

Journal of Combinatorial Mathematics 
and Combinatorial Computing 
www.combinatorialpress.com/jcmcc 

 
Multidimensional Regression Analysis and Dynamic 
Adjustment Modeling of Students' Physical Fitness Data in 
Physical Education Teaching in Colleges and Universities 
 
Zhirong Zhao1,✉ 

 
1 Physical Education College, Luoyang Normal University, Luoyang, Henan, 471934, China 

 
ABSTRACT 
College students' physical fitness is an important part of national health, and analyzing physical fitness 
data in college physical education teaching helps to dig out the factors affecting students' physical 
fitness and adjust the teaching plan in time. The article reviews some basic regression tools and selects 
variables such as BMI dietary habits for logistic regression analysis to analyze the factors affecting 
students' physical fitness. The similarity, uncertainty and dissimilarity between students and their 
friends are calculated by Top-N recommendation set algorithm, and the physical education teaching 
program is dynamically adjusted with the new SFD recommendation algorithm. Finally, values were 
assigned to different movement banks and risk factors, and the experts' agreement with the new 
adjusted program was examined. The intensity of physical activity had the greatest relationship with 
passing or failing physical fitness among all factors (regression coefficient = 0.927, p<0.05), while 
balanced meat and vegetarian meals helped to enhance students' physical fitness. Most of the 
professional physical fitness coaches agreed with the teaching adjustment strategies given by this 
methodology and the level of agreement was high (>70%), reflecting the rationality and feasibility of 
this study. 

Keywords: multidimensional regression analysis, logistic regression, instructional adjustment, 
physical fitness data, SFD recommendation algorithm 
 

1. Introduction 

At present, the physical education work of Chinese colleges and universities has yet to be improved, in 
order to better improve the teaching level of colleges and universities in a comprehensive manner, it 
is imperative to carry out in-depth physical training in physical education teaching [1-2]. Basic physical 
ϐitness training is a key link for college students to enhance their physical ϐitness and improve their 
athletic performance [3]. Basic physical training in physical education in colleges and universities is of 
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great signiϐicance for improving the physical ϐitness and athletic performance of college students as 
well as cultivating the spirit of teamwork [4-5]. Colleges and universities in the process of teaching 
physical education courses, physical training content into it, in this time requires physical education 
teachers in the choice of methods, not only to combine the daily teaching experience, but also need to 
be based on the performance of the students, the development of effective training strategies, so that 
the students can make a deep understanding of physical training, and ultimately obtain the ideal 
training effect [6-8]. By following the principles of safety, progressivity, pertinence and 
comprehensiveness, coaches can analyze students' physical ϐitness data and then develop 
personalized training plans, combine college students' interests with training, focus on the diversity 
of training methods, and conduct regular physical ϐitness tests [9-12]. In this way, the level of basic 
physical ϐitness training in sports teaching in Chinese colleges and universities will be signiϐicantly 
improved. However, in the actual teaching process, it is not difϐicult to ϐind that many teachers still use 
traditional teaching methods, and do not pay much attention to students' physical training [13-14]. In 
order to promote the healthy development of sports in Chinese colleges and universities, it is 
necessary to strengthen the physical training of students, so that students can have a better physical 
quality to join the ϐierce social competition [15-17]. 

This paper brieϐly introduces the basic principles of the multiple linear regression algorithm and 
various commonly used Logistic regression models. 800 students' physical ϐitness data were extracted 
from a university, and the physical measurement data were categorized according to the different 
levels of BMI, physical exercise intensity, and dietary habits. Logistic single-factor regression analysis 
and multiple regression analysis were successively conducted to test the signiϐicance factors leading 
to college students' physical ϐitness failure. The dynamic adjustment model of physical education was 
designed from the perspective of personalized recommendation of physical exercise program. The 
similarity, uncertainty and dissimilarity between students were calculated from the physical test data, 
and the recommendation of physical education program was completed according to the Top-N 
recommendation algorithm with reference to the performance of students' friends. Based on different 
movements and risk factors, we construct a movement library to increase the accuracy of 
recommendation. Finally, professionals are invited to evaluate the effectiveness of the 
recommendation program. 

2. Multidimensional regression analysis of student fitness data 

2.1 Multiple linear regression algorithm 

Multiple linear regression prediction method is a more general and intuitive method among many 
prediction methods, and the key to prediction using multiple linear regression prediction method is to 
determine the multiple linear regression equation [18]. Assuming that Y  is the dependent variable 
and ( 1,2, , )jX j m   is the independent variable, the multiple linear regression prediction equation 
can be expressed as: 

 0 1 1 2 2t m mY b b x b x b x      (1) 

where 0 1 2, , , , mb b b b   is the coefϐicient to be determined. It can be seen that in the multiple linear 
regression equation, once the coefϐicient to be determined, the equation is also determined. 

In order to establish multiple linear regression prediction equations, it is necessary to grasp the 
actual data of the dependent variable and the independent variable in a certain period, if you know 
the actual data of the dependent variable in period n  and the actual data of the independent variable 
in period 1 2( , , , )ny y y y  and n : 
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Bringing the actual data into equation (1) yields the following system of simultaneous equations: 
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 (3) 

 Y XB  (4) 

Where, Y  is the matrix of actual values of the dependent variable, X  is the matrix of actual values 
of the independent variable, and B  is the matrix of coefϐicients to be determined in the following 
equations: 
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When multiple linear regression modeling, the coefϐicient to be determined, 0 1 2, , , , mb b b b  , is 
usually obtained by using the least square method to build a system of simultaneous equations and 
then solving the system of simultaneous equations. The system of simultaneous equations obtained 
by the least square method is as follows: 
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The above system of equations (8) can be expressed in matrix form as: 
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 T TX Y X XB  (9) 

Multiplying both sides of Eq. (9) by 1( )TX X   simultaneously yields the following matrix expression: 

 1
( )T TB X X X Y


  (10) 

The result of the matrix obtained from equation (10) is the value of the coefϐicient to be determined 
0 1 2, ,, , mb b b b , After the coefϐicient to be determined, the prediction equation (3) can be determined. 

2.2 Logistic regression analysis 

In order to explore what relationship exists between the dependent variable and the independent 
variable, people usually use the method of regression analysis to study it, and according to the different 
characteristics of the dependent variable, independent variable and the relationship between them, 
the regression analysis can be divided into linear regression, curvilinear regression and non-linear 
regression and other types. When the relationship between the independent variable and the 
dependent variable is linear, the regression analysis is linear regression. When the relationship 
between the independent variable and the dependent variable is nonlinear, the regression analysis is 
nonlinear regression. Logistic regression is a kind of non-linear regression, Logistic regression is a 
kind of regression analysis method that analyzes the dependent variable as a ϐixed class variable. 
According to the different number of independent variables, Logistic regression can also be divided 
into univariate Logistic regression, multivariate Logistic regression. According to the different 
classiϐication of the dependent variable, Logistic regression can also be divided into binary Logistic 
regression, multi-category Logistic regression. Among them, the simplest and most common is binary 
one-dimensional logistic regression [19]. 

2.2.1. Dichotomous one-dimensional logistic regression models. Dichotomous one-way Logistic 
regression is a regression analysis where the dependent variable is a dichotomous variable and there 
is only one independent variable. 

Let the dependent variable be y  , when 0y    indicates that the event did not occur and 1y   
indicates that the event occurred. The independent variable is x  , which represents an inϐluencing 
factor. Recall that the conditional probability of the event occurring is ( 1 | )P y x P  . The regression 
model for the one-dimensional logistic is: 
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The occurrence ratio of events, referred to as Odds, is the ratio of the probability of an event 
occurring to the probability of it not occurring / 1P P , i.e., the ratio of the probability of an event 
occurring to the probability of it not occurring. Odds has no upper bound and is necessarily positive, 
and a logarithmic transformation of Odds yields a one-element Logistic linear regression model: 

 Logit( ) ln
1

P
P x

P
      

 (13) 

That is, instead of directly describing the relationship between the dependent variable trafϐic 
misbehavior and the independent variable inϐluencing factors, the Logistic regression model is 
described in the proϐile by describing the relationship between the probability of trafϐic misbehavior 
occurring and the inϐluencing factors. 
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The ratio of the two Odds is known as the dominance ratio, abbreviated as OR, and OR e  . 
Approximates that the probability of an event occurring increases or decreases by (OR-1)% for each 
unit increase in the independent variable x . 

2.2.2. Binary multivariate logistic regression models. Dichotomous multiple logistic regression is a 
regression analysis where the dependent variable is a dichotomous variable and there are multiple 
independent variables [20]. Let the dependent variable be  y , when  0y   means that the event did 
not occur, and 1y   means that the event occurred. The m  independent variables affecting  y  are 

1 2, ,..., mx x x . Denote the conditional probability of the event occurring as 1 2( 1| , ,..., )mP y x x x P  , and 
the binary multivariate logistic regression model is: 
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Then the linear regression model of multivariate logistic is: 

 0 1 1Logit( ) ln
1 m m

P
P x x

P
         

  (16) 

At this point i
iOR e   approximates that the likelihood of an event occurring increases or 

decreases by (OR-1)% for each unit increase in ix   i.e., the i  rd inϐluencing factor, holding other 
inϐluencing factors (i.e., the independent variables) constant. 

2.2.3. Multiclassiϐied multivariate logistic regression models. Multicategorical multivariate Logistic 
regression is a regression analysis in which the dependent variable is three and more than three 
categorical variables and the independent variables are more than one [21]. As an example, if the 
dependent variable has three categorical categories, assume that the dependent variable is y. y=0 
indicates category A, which is set as the reference category. 1y    denotes class B. 2y    denotes 
class C. Then the logistic regression model when the dependent variable is y i  is: 
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Two sets of non-zero regression coefϐicients are thus obtained. If the coefϐicient on one of the 
independent variables x is signiϐicantly positive, the probability of the dependent variable being in the 
current category is greater than the probability of it being in the reference category, and vice versa, 
holding other independent variables constant. 

2.2.4. Ordered Logistic Regression Models. An ordered Logistic regression model is a regression 
model in which the dependent variable is three or more categorical variables and there are 
hierarchical categories between the dependent variables. Let the dependent variable have  j  
hierarchical category and assigned a value of 1, 2,..., 1,  y y y j y j      , and the relationship 
between each y-value is ( 1) ( 2) ( )y y y j       . There are 1j    cut-offs separating 
neighboring categories: if 1y   , then 1y  ; if 1 2y   , then 2y  . If 1j y   , then y j . 
   is the cut-off point separating the categories, and 1 2 j      . The probability estimation 
model for categorization is constructed using an ordered logistic regression model, and the logistic 
regression model corresponds to a regression model that contains 1j   Logit functions: 
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Where: 1 2, ,..., jp p p  is the probability of occurrence of different classiϐications, the base level used 
for comparison is category  j  , and the sum of the probabilities of the  j   categories is 1, i.e., 

1 2 1 1; ( 1,2,..., )j j kp p p p x k k        denotes the k  th independent variable. 0 ( 1,2,..., )j j j   
denotes the intercept term of the regression. ( 1,2,..., )k k k   denotes the regression coefϐicient. 

In a logistic regression model, each logit function corresponds to a oj   estimate and each o j  
estimate varies, but each kx  corresponds to an identical k  regression coefϐicient across all logit 
functions, i.e., the regression lines for each ordered logit are parallel. 

Similar to the dichotomous dependent variable, the cumulative probability for each classiϐication 
can be calculated by the following equation: 
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From this, the probability that the dependent variable is in a certain classiϐication can be obtained 
and is calculated as shown in Equation (23): 
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And the sum of the probability values for each category is 1, i.e., 
( 1) ( 2) ( ) 1P y P y P y j       . 

2.3 Data processing and regression statistical analysis 

2.3.1. Basic information on survey respondents. 800 students were randomly selected from a 
university as survey respondents, and the basic status distribution of grade and gender of this survey 
respondents are shown in Table 1 and Table 2.As can be seen from the table, the distribution of 
students' grades is almost the same, and there is no statistically signiϐicant difference by the chi-square 
test, with the chi-square value=0.512, P=0.769 (P>0.05). The gender ratio is also close, with a chi-
square value = 0.015, P = 0.9 (P>0.05), allowing for comparison. 

Table 1. The grade distribution of student physical ability 

 Freshman Sophomore Junior Sum. 

Qualified physical ability 133 132 135 400 

Percentage % 33.25% 33% 33.75% 10% 

Unqualified physical ability 129 140 131 400 



MULTIDIMENSIONAL REGRESSION ANALYSIS AND DYNAMIC 5621 

 

Percentage % 32.25% 35% 32.75% 10% 

Table 2. The gender distribution of student physical ability 

 Female Male Sum. 

Qualified physical ability 189 211 400 

Percentage % 47.25% 52.75% 10% 

Unqualified physical ability 205 195 400 

Percentage % 51.25% 48.75% 10% 

2.3.2. Deϐinition of Variables and Code Assignment. The speciϐic codes and assigned values are 
shown in Table 3. Among them, BMI is the body mass index of the survey respondents, body mass 
index (BMI) = weight (kg) ÷ height2 (m), and the normal range is 18.5 ≤ BMI < 24. Intensity of 
physical activity is the number of times of physical activity in a week multiplied by the length of the 
exercise, calculated in minutes. Dietary habits are the meat and vegetable preferences of the usual 
meals. Electronic product use habit is the length of time spent watching videos and playing games on 
the Internet on computers and cell phones every day. Self-perception factor is whether or not one 
understands one's physical ϐitness status and the signiϐicance of physical ϐitness test. Psychological 
tendency factor refers to the love of physical education class and whether to actively participate in 
school-organized activities. External factors refer to whether the teaching level of physical education 
teachers and the equipment of sports grounds have an impact on their physical ϐitness development. 

Table 3. Name and code evaluation of the variable in the physical ability survey 

Code Name Evaluation 

B1 BMI 1=normal 2=abnormal 

B2 Physical exercise intensity 1= >180mins 
2= 90-

180mins 
3= 20-90mins 4= <20mins 

B3 Eating habits 

1= moderate 

meat and 

vegetable eating 

2= mainly 

meat 

3= mainly 

vegetable 
 

B4 Use of electronic products 1= 1 hour 2= 2 hours 3= 3 hours 4= 4 hours 

B5 Self-cognitive factor 1= yes 2= no 

B6 Psychological tendency 1= yes 2= no 

B7 External factor 1= yes 2= no 

2.3.3. Statistical description of the sample of college students' physical ϐitness inϐluencing factors. 
According to the questionnaire, the statistical description of the survey data of BMI index, physical 
exercise intensity, dietary habits, electronic product use habits, self-perception factors, psychological 
tendency factors, and external factors of college students' physical ϐitness unqualiϐied group and 
qualiϐied group is given by Table 4. It was initially found that among the unqualiϐied students, the 
distribution of the group with normal and abnormal BMI index was uneven (64%:36%), and the 
distribution of physical exercise intensity was closer to grades 1 and 2. The above phenomenon implies 
that there may be a signiϐicant difference between students with different physical ϐitness statuses in 
each of the above mentioned indexes. 

Table 4. Statistical description of physical ability factors 

Name Value Qualified Percentage% Unqualified Percentage% 

B1 
1 189 47.25% 256 64% 

2 211 52.75% 144 36% 
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B2 

1 8 2% 129 32.25% 

2 59 14.75% 184 46% 

3 171 42.75% 48 12% 

4 162 40.5% 39 9.75% 

B3 

1 70 17.5% 107 26.75% 

2 255 63.75% 96 24% 

3 75 18.75% 197 49.25% 

B4 

1 10 2.5% 73 18.25% 

2 114 28.5% 196 49% 

3 109 27.25% 94 23.5% 

4 167 41.75% 37 9.25% 

B5 
1 261 65.25% 244 61% 

2 139 34.75% 156 39% 

B6 
1 206 51.5% 296 74% 

2 194 48.5% 104 26% 

B7 
1 210 52.5% 242 60.5% 

2 190 47.5% 158 39.5% 

2.3.4. Binary Logistic Regression Analysis. Logistic regression one-way analysis was conducted with 
whether college students failed in physical ϐitness as the dependent variable, and BMI, physical 
exercise intensity, dietary habits, electronic product use habits, self-perception factors, psychological 
tendency factors, and external factors as the independent variables, and the results of the analysis 
were obtained as in Table 5 at the P=0.05 signiϐicance level. 

The data from the binary logistic regression analysis of SPSS software showed that self-perception 
(P=0.165>0.05) was not a risk factor, and that in both groups of students investigated for physical 
ϐitness failing and passing, there were almost the same proportion of students with deϐiciencies in this 
aspect of cognition, and the role of the inϐluence on the students' physical ϐitness results was not 
signiϐicant. The risk factors (P<0.05) screened by the study to induce college students to fail in physical 
ϐitness are: BMI, intensity of physical exercise, dietary habits, habits of using electronic devices, 
psychological predisposition factors, and external factors. 

Table 5. Analysis result 

 B S.E. Wals df P OR 

B1 0.692 0.056 29.006 1 0 2.001 

Cons_ -1.031 0.259 26.056 1 0 0.380 

B2 1.507 0.025 262.047 1 0 4.723 

Cons_ -4.047 0.273 237.998 1 0 0.018 

B3 -0.411 0.079 19.450 1 0 0.715 

Cons_ 0.861 0.210 17.376 1 0 2.202 

B4 1.030 0.150 176.401 1 0 2.967 

Cons_ -2.888 0.255 161.413 1 0 0.039 

B5 -0.164 0.142 1.949 1 0.165 0.840 

Cons_ 0.321 0.194 1.661 1 0.194 1.253 

B6 0.911 0.197 49.838 1 0 2.599 

Cons_ -1.229 0.183 44.903 1 0 0.324 

B7 0.375 0.145 8.535 1 0.002 1.441 

Cons_ -0.544 0.206 7.655 1 0.005 0.506 
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2.3.5. Logistic multiple regression analysis based on physical ϐitness data. The risk factors for 
inducing physical disqualiϐication of college students screened out by the above logistic univariate 
regression analysis may have a direct relationship with the physical disqualiϐication of college students, 
but the role of each factor is not independent, and the BMI index, physical exercise intensity, eating 
habits, electronic product use habits, psychological predisposition factors, and external factors are 
used as independent variables for further research by logistic multiple regression analysis, and the 
results are shown in Table 6. 

As can be seen from Table 6, BIM index, physical exercise intensity, electronic product use habits, 
psychological tendency factors, external factors and other factors have a certain degree of correlation 
with whether college students' physical ϐitness is unqualiϐied or not, while the balance of dietary meat 
and vegetarian food is a protective factor for whether college students in higher vocational education 
are unqualiϐied or not (B = -0.361), probably because of the present information-based society, college 
students from many channels are Can be to pay attention to the balance of diet meat and vegetarian, 
diet meat and vegetarian balance in order to maintain the body's most basic nutritional needs in the 
long term. 

The dependent variable is denoted by y , and the probability of college students failing physical 

ϐitness is denoted by p , then 
1

p
y Ln

p

 
   

. The independent variables BMI index, physical exercise 

intensity, dietary habits, electronic product use habits, psychological predisposition factors, and 
external factors are denoted by 1x  , 2x  , 3x  , 4x  , 5x  , and 6x  , respectively, and the following 
regression equation is obtained as follows: 

1 2 3 4 5 68.952 0.927 1.447 0.361 1.217 0.744 0.44y x x x x x x         . It can be seen that the physical 
exercise intensity has the greatest inϐluence on inducing the college students' physical ϐitness failure, 
and the remaining factors are, in the order of daily behaviors, Internet time, BMI index, psychological 
predisposition factors, and external factors. The inϐluence of physical exercise intensity has the 
greatest effect, and the remaining ones are, in order, the online time of daily behavior, BMI index, 
psychological tendency factors and external factors. 

 Table 6. The multivariate regression analysis of unqualiϐied physical ability 

Variable B S.E. Wals df P OR 

B1 0.927 0.164 22.507 1 0 2.402 

B2 1.447 0.081 199.504 1 0 4.371 

B3 -0.361 0.059 11.874 1 0.002 0.682 

B4 1.217 0.097 132.43 1 0 3.261 

B6 0.744 0.242 12.796 1 0 2.008 

B7 0.44 0.142 4.922 1 0.027 1.488 

Cons_ -8.952 0.664 161.314 1 0 0.000 

3. Dynamic Adjustment Model for Physical Education 

3.1 Dynamic Adjustment Model of Physical Education Teaching Based on Recommendation Algorithm 

In the process of physical education teaching in colleges and universities, timely adjustment of 
teaching strategies according to changes in physical ϐitness data can help to improve teaching 
effectiveness, help to meet the teaching needs of different students, and enhance students' motivation 
for physical exercise. 

3.1.1. General design of the algorithm. The SFD recommendation algorithm for college students' 
physical test is an algorithm designed speciϐically based on college students' physical test big data, and 
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the algorithm ϐlow is shown in Fig. 1.The concept of set-pair analysis is introduced in this study to 
transform the traditional similarity. In the recommendation process, we ϐirst need to calculate the 
similarity (S), uncertainty (F) and dissimilarity (D) between two objects, and then calculate the set-
pair recommendation degree rec(A, B) according to the theory of set-pair analysis, and ϐinally ϐilter the 
suitable recommendation objects and recommend them by set-pair recommendation degree. 

Start

Characteristic labels 
of objects A and B

Physical similarity 
S(A,B)

Physical uncertainty 
F(A,B)

Physical dissimilarity 
D(A,B)

 ( , )c D A B ( , )b F A B ( , )a S A B

Calculated recommendation

( , ) 1 | * * |rec A B a b i c j   

Adds the recommendation set 
TOP-N of object A

End
 

Fig. 1. Algorithm ϐlow of physical test for college students 

3.1.2. Data pre-processing. Before the design of the recommendation algorithm, in order to calculate 
the degree of recommendation of physical testing between the 2 objects, it is necessary to score college 
students' physical testing programs according to the “National Physical Fitness Standard”, the 
students' physical testing program data percentile, and the classiϐication of students' physical 
condition: explosive, endurance, ϐlexibility, strength, different categories of scores by the students' 
physical testing program scores according to the calculation of different weights, and then through the 
threshold grading to determine the groups of strong, medium and weak students in each category, and 
ϐinally the literal motor characteristics need to be ϐitted to give the deϐinition: {“strong”: 1, “medium”: 
2, “weak”: 3}. 

Assuming the existence of objects A   and B  , their motion characteristics are represented as 
feature vectors, i.e., the difference between the features of 1 2 3 4 1 2 3 4, , , , , , ,A a a a a B b b b b     , A  
and B  can be represented by k ka b , {1, 2,3,4}k , and 

0k ka b  , denotes A  has similarity with B . 
1k ka b  , denotes that A  & B  have uncertainty. 
2k ka b  , denotes that A  & B  have degree of dissimilarity. 

The study will be designed with similarity, dissimilarity, and uncertainty of body measurements in 
the context described above. 

3.1.3. Set Pair Recommendation Degree. Unlike traditional similarity calculation recommendation 
algorithms, it is necessary to consider the degree of similarity between users and users, the degree of 
difference between users and users, and the uncertainty between users and users. Therefore, the 
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concept of set pairs is introduced in the similarity calculation of recommendation algorithms and the 
following deϐinition exists: 

 ( , ) * *rel A B a b i c j    (24) 

where ( , )rel A B   denotes the correlation between A   and B  , [ 1,1]rel   , and the larger rel  
indicates higher similarity and vice versa lower dissimilarity. a  represents the similarity between A  
and B  , i.e., ( , )a S A B  ; b   represents the uncertainty between A   and B  , i.e., ( , )b D A B  ; c  
represents the dissimilarity between A   and B  , i.e., ( , )c F A B  , and satisϐies 1a b c    . iv  9 is 
the marking of the uncertainty, j  is the marking of the dissimilarity, and in the operation, i  and j  
participate in the operation as coefϐicients at the same time, and it is stipulated that j  takes the value 
of -1, and i  takes the value in the interval [-1, 1] as the case may be. interval as appropriate. Set pair 
recommendation degree is deformed on the basis of correlation rel, comprehensively considering the 
similarity, difference, uncertainty three factors, to avoid the error of high recommendation degree due 
to too much similarity or dissimilarity, adopting the following deϐinition: 

 ( , ) 1 * *rec A B a b i c j    (25) 

( , )rec A B  denotes the pairwise recommendation between A  and B , and the more [0,1]rec  and 
rec  converge to 0, the less likely they are to be recommended. The more it converges to 1, the more 
likely it is to be recommended. 
1) Physical similarity. Similarity is a numerical measure of the degree of similarity between two objects, 
which is an important reference index in the personalized recommendation system, and the traditional 
similarity is calculated based on the user's rating of the item and the recommendation using the 
relevant formula for similarity. The method of calculating the similarity of physical measurement in 
this study is different from the traditional method, which refers to obtaining students' physical 
measurement data, analyzing and processing the data in order to extract the sports characteristics 
describing the students, and calculating the similarity by comparing the characteristic values between 
different students through certain methods. Suppose there are objects A , B  in the recommender 
system, then the following similarity exists for the recommended objects A , B : 

 
( )

( , ) k kN a b
S A B

n


  (26) 

2) Body Measurement Similarity. Where ( , )S A B   is the similarity of body measurement between 
object A  and B , n  is the sum of the kinds of characteristic attributes, and ka  and kb  represent 
the characteristic values of the 2 objects respectively. Through certain rules, students' performance is 
divided into different levels, and when 2 students' physical performance levels are equal, they are 
considered to have certain similarity, i.e., there exists ( )k kN a b  is the number of features with the 
same eigenvalues of the 2 objects. 

The degree of dissimilarity is a numerical measure that describes the degree of difference between 
2 objects, in the problem of recommendation based on physical ϐitness test scores, it is often 
unreasonable to recommend only based on the degree of similarity, if the recommended two sides only 
exist similarity, it represents that the two sides can learn very little from each other, so the two sides 
need to exist a certain degree of dissimilarity. Only the existence of dissimilarity between the two sides, 
there is the possibility of learning from each other. Let there are 2 objects A   and B   with 
dissimilarity in the recommender system, then the following dissimilarity exists in the recommended 
objects A  and B : 

 1

| |1 ( )
( , )

n

k k k k
k

a b N a b
D A B

n


   

  (27) 
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where ( , )D A B  is the degree of dissimilarity between objects A  and B , n  is the sum of the types 
of feature attributes, and ka   and kb   denote the feature values of the 2 objects, respectively. 

1

1 ( )| |
n

k k k k
k

a b N a b


     is the number of dissimilar features of 2 objects, where 
1

1| |
n

k k
k

a b


   is 

the sum of the number of similar and dissimilar features of 2 objects, ( )k kN a b  is the sum of similar 
features of 2 objects, and n  is the type of feature attributes. 
3) Body measurement uncertainty. If there are objects  A  and B  in the recommender system, when 
there exists between  A   and B   that one party's sports performance is moderate and the other 
party's performance is strong or weak, this cannot be used to determine whether the gap between the 
two parties can really be large enough to teach the other party, and therefore there is uncertainty. In 
set-pair theory, similarity, dissimilarity, and uncertainty sum to 1, which is 1a b c   , so there exists 
for the recommended object ,A B  there is uncertainty as follows: 

 1

| |1
( , ) 1

n

k k
k

a b
F A B

n


 
 

  (28) 

4) Determination of linkage degree i  . The value of the difference uncertainty coefϐicient i  
corresponding to objects A  and B  in the set pair recommendation degree corresponding to them 
in the recommender system is a key point to be determined. As the value of i  tends to be closer to 1, 
the similarity between the 2 objects is higher, therefore, using the cosine similarity, a method of 
determining the value of i  using the computational value method is proposed, which exists in the 
following deϐinition: 

 
1

1 /
i

d s



 (29) 

where s  is the cosine similarity of object ,A B  with the following formula: 

 1

( )
n

k k
k

k k

a b
s

a b






 (30) 

d  is the cosine dissimilarity of object ,A B . Under certain conditions, the cosine dissimilarity can be 
transformed from the cosine similarity. The following formula is used to transform the similarity: 

 sd e  (31) 

d   indicates the degree of dissimilarity between 2 objects, s   indicates the degree of similarity 
between 2 objects, when s takes a larger value, the smaller the value of d , and the more i  converges 
to 1. Conversely, i  is farther away from l. 
5) Calculation of Top-N recommendation set and friend recommendation. The Top-N recommendation 
algorithm is to sort the data according to certain rules and select the largest or smallest N data from 
the sorted list for recommendation [22]. Different rules can be formulated for different social 
environments to screen the data in the recommendation set, based on the university campus student 
population for research, in the friend recommendation at the same time need to consider a variety of 
factors, according to the user set obtained on the set of the degree of recommendation, calculating the 
average of the degree of recommendation of the user and the recommended user as a threshold value 
r , will be greater than the threshold value of the degree of recommendation is stored in the user's Top-
N recommendation set. 

Because in the process of friend recommendation, not only need to consider the user and the user's 
recommendation degree, there are also some practical issues need to be considered, such as the user's 
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class, gender, distance from the living area, etc., recommended according to the user's needs for 
screening. 

3.2 Analysis of the algorithm assignment process 

3.2.1. Assignment of different training movement libraries. According to the logic of the 
recommendation algorithm, when assigning values, the key point is the size of the difference between 
the value and the value rather than the absolute size of the value itself. By assisting national coaches 
and professional physical ϐitness coaches and discussing with them, quantitative values were assigned 
to the movement libraries of resistance class, super isometrics, time class, and specialized training. 
Figure 2 shows the average contribution of different movement banks to physical ϐitness. 

The resistance category itself mainly increases resistance by the students themselves or with the 
help of equipment, and mainly focuses on increasing the students' strength, so the overall value of 
strength will be higher than others in terms of the value of applicability compared to the other physical 
ϐitness sub-competencies. The movement library contains 4 resistance training movements, and the 
average value of the overall applicability is 0.18 for strength, while it is 0.17 for explosive strength, 
0.12 for speed, and 0.15 for endurance. 

For example, the weighted squat has an overall suitability of 0.25 for strength, which is greater than 
the suitability of 0.21 for explosiveness and 0.11 for endurance, and the suitability of this movement 
for sensitivity is 0 because the weighted squat does not require special control by the trainer. This 
movement does not require the trainer to speciϐically control balance, change direction, or accelerate 
or decelerate. The single-leg pull has an applicability of 0.32 for strength, which is greater than the 
0.21 for explosive strength, and greater than the 0.12 and 0.22 for speed and endurance, and has a 
value of 0.06 for agility. The single-leg pull is a movement operation itself, in the practice students 
mainly single-leg force, and need to control the body not in the frontal plane, sagittal plane, horizontal 
plane tilt to ensure the stability of the center of gravity, so the single-leg pull has the degree of 
applicability for the students' sensitivity. 

 

Fig. 2. Average contribution of different movement database to physical ability 

3.2.2. Assignment of different risk factors. In this study, we take actions as the object of assignment, 
by assigning values to 4 action sub-banks with 40 actions, totaling 1,443 assignment units, in order to 
complete the regulation of risk factors for the SFD algorithm's recommended exercise program, so as 
to achieve a more accurate and more realistic recommended program. The principle when assigning 
values is the same as that of applicability assignment, which is to consider only the relationship 
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between risk factors and speciϐic compliant movements, and still take some impedance class 
movements as an example for assignment. Table 7 shows the action assignments considering different 
risk factors, with vi, vI, Vi and VI to indicate the 4 action types respectively. 

Based on the relationship between students and competitions, the training cycle was divided into 
post-exercise conditioning, normal training, and competition preparation phases. Each phase has a 
training bias. Based on the experience of national coaches, values are assigned to the different phases. 
In the post-exercise adjustment, students should do some low-intensity training to help students' 
energy recovery, and it is less suitable for high-intensity or large amount of training. Therefore, the 
post-exercise conditioning is positively adjusted for the training loads of vi and Vi, which are 1 to 1.4, 
and negatively adjusted for the training of VI and VI, which are 0.2 to 0.5, so as to avoid the risk of 
injuries that may be brought about by the students' continuing to train with high loads after 
performing high-intensity sports. The normal training phase has no positive or negative regulation for 
training, so the value is assigned to 1. Students in the preparation phase are more suitable for training 
loads with higher intensity and smaller volume, which can help students without excessive fatigue, 
and better prepare for the competition. Therefore, the preparation phase has a positive conditioning 
effect for vi and VI, assigned a value of 1.2 to 1.3, and a negative conditioning effect for Vi and VI, 
assigned a value of 0.3 to 0.6 to simulate the competition load. 

In the given action cases, all the training applicability involving high intensity is 0. This is because 
students should avoid high intensity exercise after injury and should train with VI loads to promote 
recovery from injury, so in the four case actions, the rehabilitation phase has a positive regulatory 
effect on the VI loads, with an assigned value of 1.2 to 1.4. And in the super-equal-length actions in the 
library of the actions, because the action itself involves the contraction cycle of muscle elongation one 
by one, such as continuous box jumping exercises, standing jump sprint and CM jump, etc., are not 
suitable for training during the rehabilitation period, so the value of risk factor is assigned as 0. As for 
the movements involving static exercises in the library of time-based movements, such as the balance 
pad one-legged support and four-point plank support, the value of the rehabilitation stage for the 
training loads Vi and vi of small intensity is 1.2 and 1.4, and the other value is assigned as 0. 

Table 7. The evaluation of different movement considering risk factors 

Factor State 
Bulgarian squat Hard pull 

vi vI Vi VI vi vI Vi VI 

Work 

out cycle 

Adjustment 1.3 0.4 1.0 0.4 1.3 0.4 1.1 0.2 

Exercise 1.1 1.1 1.1 1.0 1.1 1.1 1.0 1.1 

Preparation 1.2 1.3 0.5 0.3 1.2 1.4 0.9 0.2 

Injury 
Recovery 1.2 0.0 1.0 0.0 1.4 0.0 1.4 0.0 

Nonrecovery 1 1 1 1 1 1 1 1 

Factor State 
Heavy squat Single leg hard pull 

vi vI Vi VI vi vI Vi VI 

Work 

out cycle 

Adjustment 1.4 0.6 1.2 0.3 1.4 0.5 1.2 0.2 

Exercise 1.0 1.1 1.0 1.0 1.2 1.0 1.0 1.1 

Preparation 1.3 1.3 0.9 0.2 1.2 1.4 1.0 0.2 

Injury 
Recovery 1.2 0.0 1.4 0.0 0.0 0.0 0.0 0.0 

Nonrecovery 0 1 1 1 1 1 1 1 

At this point, the recommendation system of physical training program by SFD algorithm is 
constructed. The physical program consists of two parts: the applicability of the movement itself with 
different loads to the student's physical sub-capability, and the positive and negative moderating 
effects of the risk factors on the training loads. 
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3.3 Training program recommendation results and application analysis 

After adjusting the numerical assignments of the movement library, the adjusted results were 
presented to the coaches and physical trainers, totaling 30 people. In this study, a questionnaire survey 
was conducted on 30 novice coaches by presenting the results recommended by the algorithm, 
including the training movements and training loads, and asking the coaches whether they approved 
of their training program. The number of people who recognized the recommended program and the 
number of cases of recognition are shown in Figure 3, respectively. 

It can be found that 50% (15 coaches in total) of the coaches agree with most (70%~80%) of the 
dynamic adjustment strategies given by the recommended algorithm, and about 66% of the coaches 
strongly agree with (agree with more than 80% of the recommended content of) the dynamic 
adjustment program provided by the recommended algorithm in this paper. It can be seen that the 
SFD algorithm designed in this paper can propose a good dynamic adjustment program for physical 
education based on students' physical ϐitness data. 

 

Fig. 3. The proportion of people who agree on the recommended plan 

4. Conclusion 

Through the multidimensional regression analysis of college students' physical ϐitness data and 
teaching dynamic adjustment model construction, this paper provides a method to optimize college 
physical education teaching through physical ϐitness data. 

In the regression results, BIM index, physical exercise intensity, electronic product use habits, 
psychological tendency factors, external factors and other factors have correlation with college 
students' physical ϐitness pass or fail (p<0.05), and physical exercise intensity has the greatest effect 
on inducing college students' physical ϐitness failure (regression coefϐicient=0.927). And the balance 
of dietary meat and vegetables is a protective factor for physical ϐitness pass (regression coefϐicient = 
-0.411). Professional physical ϐitness coaches were invited to evaluate the adjustment program given 
by the dynamic adjustment model of physical education in this paper, and more than half of the coaches 
strongly agreed (agreed with more than 70% of the entries) with the new adjustment program. 

This shows that this paper improves the scientiϐicity of college physical education teaching by using 
students' physical ϐitness data through multidimensional regression analysis and dynamic teaching 
adjustment model. 
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