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This paper focuses on three algorithms based on analysis of variance (ANOVA), cluster
analysis (CA) and factor analysis (FA) to analyse student scores, and uses FA-based algorithm
to objectively evaluate students. Firstly, the ANOVA-based algorithm was adopted to study
whether the differences in majors have a significant impact on the students' scores of advanced
mathematics by selecting the scores of the 303 students in the four different majors from 4
different classes and departments of Grade 2013-2015. Meanwhile, using the compulsory
courses scores of the 50 students of Grade 2013 in their freshmen year of the Oil and Gas
Storage and Transportation Engineering Department of the Mechanical Engineering College.
Meanwhile, the CA-based algorithm was applied to classify the students and formulate
corresponding plans for different types of students, in order to improve students' performance.
In addition, the FA-based algorithm was used to find out the main factors affecting the scores
of students in various courses, obtain the composite scores by calculating the factor scores,
and further make comprehensive evaluation of the students. Finally, it’s verified that the three
algorithms are feasible through the experiments. This shall be great significance for the student
score evaluation and teaching research.

1. INTRODUCTION

At present, the algorithms based on multivariate statistical
analysis aren’t well applied to the evaluation of the college
students’ scores. The curriculum scores of the students are
stored in the university's score database, only containing some
simply recorded information, but without focusing on implied
information. Thus, these scores haven’t played its due value
for the time being. In this context, it is an important task for
modern educational researchers to analyse the students'
comprehensive scores using the multivariate statistical
analysis algorithm and improve the teaching quality.

Many scholars have conducted research on how to use
multivariate statistical analysis for evaluating the student
scores. Liu Yinping and Ma Xiaoyue (2011), using the SPSS
software, classified the students by cluster analysis, and find
the main courses affecting the student performance through
factor analysis, to obtain the comprehensive evaluation model
of student score with the more scientific evaluation results [1].
He Lijuan, Zhang Kai (2013), taking the semester grade of a
class as the original data, used CA to classify the students and
FA to find the main courses affecting their major, and finally
obtained a comprehensive evaluation model; comparing with
the commonly used method of grade point average (GPA), the
results of this model are more reliable [2]. Sun Guo, Ma
Yanying (2017) conducted the principal component analysis
and CA to study the implied information in students’ score
data, providing scientific and effective data for teachers to
teach students in accordance with their respective aptitude [3].
Liu Haisheng (2002) applied the principal component analysis
method to comprehensively evaluate the scores of 37 random
students, and achieved good results [4]. In view of the
deficiencies in the calculation, Li Haiming, Zhao Haiying, Li

Huan (2013) adopted the principal component analysis to
understand the students' comprehensive situation more
completely, thereby developing a more efficient teaching
method [5]. Brijesh Kumar Baradwaj (2011) evaluated
students and predicted their performance by extracting student
score information [6]. Amjad Abu Saa (2016) collected the
student information, classified students correctly, and finally
concluded personal and social factors affecting student scores
[7]. Literature [8] analysed the scores through multivariate
statistical analysis methods and obtained the evaluation model,
and finally proposed measures to effectively improve the
teaching quality. Literature [9] used principal component
analysis to evaluate the students in a more comprehensive and
reasonable manner. In literature [10], the significance of
factors affecting students' performance were analysed using
the ANOVA. Literature [11-14] performed multivariate
statistical analysis to analyse the main factors affecting
students' performance, greatly contributed to the student
management and performance evaluation. Literature [15-16]
utilized FA to understand the main courses and other related
factors that affect student scores, and proposed practical
solutions, which played a major role in education and teaching.

This paper consists of five chapters. The first chapter mainly
introduces the background, research significance and research
status. The second to fourth chapters elaborates on the design
and experimental process of three algorithms: the analysis of
variance, cluster analysis and factor analysis; variance analysis
algorithm is used to study whether the difference of majors has
a significant impact on the scores of students; the CA
algorithm is to classify the students, and formulate the
corresponding plans for different types of students in order to
improve their academic performance; the FA algorithm is to
find the main courses that affect the student scores, and then



evaluate the students comprehensively. The fifth chapter is the
conclusion and prospect.

2. ANOVA-BASED ALGORITHM DESIGN AND
EXPERIMENTS
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Figure 1. Flow design of the ANOV A-based algorithm

In the college teaching process, there are many factors
affecting students' scores, such as the students’ psychological
factors, origin of student, the teaching methods, and the
environment etc. This section aims to study whether
differences in majors have a significant impact on the students'
scores of advanced mathematics. To this end, 303 samples of
11 classes in four different majors in Beijing Institute of
Petrochemical Technology were selected on the advanced
mathematics course from the students enrolled in 2013-2015,
including 80x3 samples respectively from three classes of
three grades in the Computer Science and Technology
Department of Information Engineering College, 78%3
samples from three classes of three grades in the Automation
Department of Information Engineering College, 85%3 from
three classes of three grades in Chemical Engineering and
Technology of Chemical Engineering School, and 60x2
samples from two classes of three grades in the
Communication Engineering Department of Information
Engineering College. Table 1 lists the algorithm based on
ANOVA:

Table 1. Analysis of variance table

Analysis of variance

Sum of . Mean .
variance F [Significance
squares square
Between | 195 579 3 (265.193 [1.483] 0219
groups
2013 within | 53) 05 007 | 209 | 178.815
groups
Total | 54261386 | 302
Berz‘fesn 546.431 3| 182.144 10.97| 0.407
0142 .hI.)
WIthIN 1 56145 064 | 299 | 187.766
groups

Total 56688.495 | 302

Between |40/ 302 3 |161.434 [1.088] 0.354
groups

20150 within | 4355377 209 | 148.336
groups

Total 44836.68 | 302

Table 1 shows that the sum of squares within groups for the
advanced mathematics scores of the three grades is far greater
than that between groups, indicating that the factors affecting

the students' performance are mostly within groups; the P
value of the advanced mathematics in Grade 2013 is
0.219>0.05, 2014, in Grade 2014 it is 0.407>0.05, and in
Grade 2015 it is 0.354>0.05. Therefore, the null hypothesis is
accepted, that is, the average scores of advanced mathematics
for the three grades in the four different majors are equal, and
the scores of students between different majors have no
significant difference. Thus, the differences in majors have no
impact on the advanced mathematics scores of students.

3. CA-BASED ALGORITHM DESIGN AND
EXPERIMENTS
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Figure 2. Flow design of the CA-based algorithm

This paper selects the exam scores of 14 courses from 50
graduates of Grade 2013 majored in Oil and Gas Storage and
Transportation Engineering of Mechanical Engineering
School in the Beijing Institute of Petrochemical Technology
as the experimental data. The 14 courses include basis of
computer, college physics, physical experiment, college
English, electrical and electronic technology, advanced
mathematics, mechanical drawing, C language, probability
and mathematical statistics, heat transfer, engineering fluid
mechanics, linear algebra, organic chemistry, and theoretical
mechanics. The 50 students are numbered as 1, 2, ..., 50. The
reasons for selecting these data are as follows:

(1) The selected data are all representative. This section
selects the test data of the first-year students in Grade 2013;
the freshman courses include basic compulsory courses, PE
and computers. At present, most colleges have the same
curriculum design for the first-year students.



(2) The data are very persuasive, because they come from
the students in the strictly-disciplined exams, with a small
possibility of false data.

(3) High school education before the freshman year is test-
oriented, and the courses are simply designed. The scores in
the first year of entering the university can truly reflect the
students’ ability, which can help to analyse the students'
strengths and weaknesses and further guides them. It is also
useful for students to choose courses and majors on their own.

According to the CA-based algorithm, all the students can
be classified into three groups: Group 2 have outstanding
scores, Group | have good scores, and Group 3 common
scores. Therefore, teachers or students can formulate the
targeted teaching plans and learning strategies according to the
results of CA, e.g., adding self-study time for Group 3 students,
encouraging Group 2 to help the Group 1 and 3, and teachers
pay more attention to the learning dynamics of the Group 3
students, in order to improve the teaching quality and the
students’ learning effect.

The CA results were compared with the cumulative GPA of
each student (only considering the courses covered in this
study), as shown in Table 2.

Table 2. Comparison between cluster analysis results and
cumulative grade point average

Isntllln?gg; GPA |Ranking|Group izllg]il;; GPA |Ranking|Group
44 7934 1 2 46 69.02] 26 1
2 77.9 2 2 24 68.83] 27 1
11 7737 3 2 34 68.34| 28 1
36 7546 4 2 14 68.1| 29 1
43 7483 5 2 35 67.78] 30 1
17 74 6 2 40 67.63] 31 1
28 7395 7 2 50 67.54] 32 1
15 73.49] 8 2 8 67.1| 33 1
1 73 9 2 30 66.71] 34 1
47 72.73] 10 2 33 66.68] 35 3
37 72.56] 11 2 26 66.34] 36 1
49 72.1 12 1 19 66 37 1
32 72.02] 13 1 23 65.88] 38 1
21 71.51] 14 1 9 65.76] 39 1
20 71.34] 15 1 7 65.51] 40 1
31 71.34] 16 1 5 65.2| 41 1
22 709 17 1 39 64.44| 42 3
6 70.37] 18 1 29 64.34] 43 3
12 70.34] 19 1 10 642 | 44 3
45 70.24] 20 1 27 62.83] 45 3
3 69.93] 21 1 4 62.71] 46 3
13 69.63] 22 1 48 62.32| 47 3
25 69.56] 23 1 16 61.44| 48 3
38 69.39] 24 1 42 61.12] 49 3
41 69.27| 25 1 18 60.95| 50 3

Table 2 indicates that the CA results are basically consistent
with the ranking of the cumulative GPA, but there still exists
a small error, because the CA obtains the classification results
based on the score of each course, and the GPA only considers
the student's all score data. Thus, it is meaningful to use the
CA for the rough classification of the students.

4. FA-BASED ALGORITHM
EXPERIMENTS
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Figure 3. Flow design of FA-based algorithm

This experiment selects the scores of 50 students of Grade
2013 in Gas Storage and Transportation Engineering of
Mechanical Engineering School of Beijing Institute of
Petrochemical Engineering in their freshman year. Due to
different curriculum settings of each major, the elective
courses of each student are different. But in this study, only
some compulsory courses were selected. Moreover, in order to
better analyse students’ performance through FA, by
excluding the courses similar to college students' mental health,
situation and policy, this paper mainly focus on studying the
public basic compulsory courses and professional compulsory
courses for the same reasons as shown in the section 3 about
the CA-based algorithm. The following symbols in Table 3 are
used to indicate the courses in each course.

Table 3. Course number

Course No. Course No.

Basis of computer X1 C language X8

College physics X2 Probability theory X9

Physical experiment X3 Heat transfer X10

English x4 Engineering fluid X11
mechanics

Electrical and electronic X5 Linear algebra X12

technology
Advanced mathematics X6 Organic chemistry  [X13
Mechanical drawing X7| Theoretical mechanics |X14

Table 4 below shows that the first eigenvalue is greater than
other eigenvalues, indicating that the 14 courses can train the
diversified abilities of the students, allowing them to develop
in an all-round way. Eight factors were selected, and the
cumulative variance contribution rate exceeded 75%.



Table 4. Variance contribution rate

Total variance explained
e Extraction Sums of Squared Square rotating and loading/Rotation Sums of Squared
Initial eigenvalue . .
Loadings Loadings
(Component Variance . Variance . Varianc .
Total % Cumulative %| Total o Cumulative % Total ¢ % Cumulative %
1 2.069| 14.77 14.77 2.069 | 14.77 14.77 1.534 10.95 10.95
2 1.762| 12.58 27.36 1.762| 12.58 27.36 1.469 10.49 21.44
3 1.567| 11.19 38.55 1.567| 11.19 38.55 1.415 10.11 31.55
4 1.395| 9.966 48.51 1.395| 9.966 48.51 1.385 9.893 41.45
5 1.374| 9.812 58.33 1.374| 9.812 58.33 1.369 9.782 51.23
6 1.016| 7.256 65.58 1.016| 7.256 65.58 1.311 9.366 60.6
7 0.918] 6.556 72.14 0918 | 6.556 72.14 1.29 9.212 69.81
8 0.793]| 5.661 77.80 0.793 | 5.661 77.80 1.119 7.992 77.80
9 0.692| 4.946 82.75
10 0.604| 4.317 87.06
11 0.559| 3.994 91.06
12 0.488| 3.489 94.55
13 041| 2.93 97.48
14 0.353| 2.52 100

It can be also seen from Table 4 that the cumulative variance
contribution rate of the eight factors was 77.804 %, which can
ensure better effect through the FA. In summary, after the
second factor analysis, each factor can be clearly explained.
Therefore, in order to make comprehensive evaluation of the
students, the factor should be interpreted more clearly, and the
cumulative variance contribution rate over 75 % should be
selected, preferably to be 85 %.

In addition, the ranking of factor scores was compared with
the cumulative GPA of each student (only considering the
courses covered in this paper), to obtain the results as follows:
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Figure 4. Rankings of composite scores and cumulative
grade point average

Figure 4 shows that the ranking of the composite score is
basically consistent to the cumulative grade point average, but
there are still some gaps. It’s due to that the composite scores
are ranked comprehensively considering the weight of each
course, and the grade point average only considers all the
performance data of students. Thus, the FA-based algorithm is
of research significance for making objective evaluation of the
students.

5. CONCLUSIONS

Selecting the data from the GPAs of 14 courses by 50

graduates of Grade 2013 majoring in the Oil and Gas Storage
and Transportation Engineering Department, the School of
Mechanical Engineering in the freshman year, the comparison
was made between the GPA, CA results, and composite scores.
It can be seen that the CA results and composite scores differ
little from the current GPA. Taking the comprehensive factors
into consideration, all the algorithms used in this paper are
feasible.

The ANOVA was used to analyse the scores of students in
different majors, and concluded that the difference of majors
will not affect the scores of students in advanced mathematics,
indicating that the learning level of all students is roughly
equal, and their scores won’t be affected by the major. That is,
regardless of differences in majors, only by their own efforts,
the students can achieve good results, which can spur on the
students to face up to their majors and study hard.

The use of multivariate statistical analysis algorithms to
conduct a scientific and efficient comprehensive assessment of
student score can deeply exploit the potential ability of
students, guide graduates' postgraduate entrance examination
and employment, carry out education and teaching research,
and improve the quality and efficiency of teaching
management departments. Meanwhile, the teachers should
better master this scientific method to guide their education
and teaching from many aspects, because it has practical and
guiding significance, making the teachers' work more
scientific and reasonable. When using this algorithm to
analyse student score data, the score data should be pre-
processed, e.g., screening out the results, excluding the
vacancy results and the retake scores or r make-up exam score
for the same course, and selecting valuable data for analysis.
Then, to understand the differences in scores of the same
course between different departments, the ANOV A mentioned
above can be used to determine whether differences in majors
have an impact on student score. In addition, based on the
principle of individualized teaching, the CA can be applied to
classify the students of a class, a grade and even one
professional department, and formulate a corresponding study
plan for each type of student. Finally, the FA algorithm above
is available to evaluate a student's comprehensive ability or
determine whether one certain ability is outstanding, so that



the students can be specifically understood and objectively
evaluated.
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