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Abstract 
____________________________________________________________ 

This article examines the analysis of the final grade of Linear Algebra course with 
multiple linear regression approach. The research was conducted by collecting 
attendance data, daily grades, and final grades from students of the Bumigora 
University Computer Science Study Program who took Linear Algebra courses in the 
odd semester 2022/2023. The collected data were analyzed using multiple linear 
regression techniques. The purpose of this study is to determine the relationship 
between variables that have a significant effect on students' final grades and how to 
predict these variables using multiple linear regression models. The results of the 
analysis show that both independent variables, namely attendance and daily grades, 
have a significant effect on the dependent variable, namely the final grade of 
students, with a significance value smaller than 0.05. The resulting multiple linear 
regression model can also be used to predict students' final grades with an accuracy 
rate of 70.4%. In addition, the results of this analysis also show that daily grades 
have a greater influence than attendance in predicting final grades. The results of 
this study can provide useful information for lecturers in improving teaching and for 
students to improve their performance in the course.. 
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1. Introduction 

Linear Algebra course is one of the courses that must be taken by students of Computer Science 
major. This course has a varying level of difficulty depending on the curriculum and the basic ability of 
students in understanding linear algebra. For students, the final grade of each course taken is very 
important in addition to being proof of learning outcomes, it can also be a guideline in selecting other 
courses in the following semester (Zharbaini et al., 2023). The final grade of a course is also one of the 
bases for calculating the Grade Point Average (GPA) (Kurnia, 2014) (Prasetyo & Hasyim, 2022). Students 
with high final course grades assume that students have a good understanding of the course (Aswan & 
Fadhillah, 2022). To obtain a good understanding of this course, students are required to attend class and 
complete daily assignments. In the teaching process, lecturers need to know the factors that influence a 
student to get a high final grade in this course. These factors can be in the form of student activeness in 
class as shown by the number of attendance and the acquisition of daily grades. By knowing these factors, 
lecturers can improve teaching and provide appropriate guidance to students. 

Several studies have shown that attendance variables and daily grades can be used to predict final 
course grades. One of the studies conducted by (Pamungkas & Mustafidah, 2016) (Muktiadi & Mustafidah, 
2012) (Wibowo et al., 2013) found that there is an influence of learning interest and student attendance 
level on learning achievement in students. In their research, each of them showed that students with more 
than 9, 10, and 11 attendance tended to have higher grades than students who attended less. Research 
conducted by (Fahmi & Hidayat, 2014) found that with an increase or decrease in the value of daily test 
scores, assignment scores, mid-semester test scores, and final semester test scores will be followed by an 
increase and decrease in final grades. Similarly, research conducted by (Adna, 2016) shows that student 
learning outcomes are an accumulation of several aspects of assessment, including: task observations, 
assignments, midterm exams, and semester final exams.  

The use of statistics when processing research materials affects the level of analysis of research 
results. Regression analysis is one of the most popular and widely used analyses. In statistics, linear 
regression is an approach to modeling the causal relationship between (one or more) dependent variables 
and (one or more) independent variables (Mardiatmoko, 2020). In other words, this analysis is used to 
understand which independent variables are related to the dependent variable and find the shape of the 
relationship. When there is only one independent variable and one dependent variable, the regression is 
called simple linear regression. If there is more than one independent variable, the regression test is called 
multiple linear regression. 

Multiple linear regression is an equation model that explains the relationship of one 
independent/response variable/response (Y) with two or more independent/predictor variables 
(𝑋1, 𝑋2, … , 𝑋𝑛). The purpose of the multiple linear regression test is to predict the value of the independent 

variable/response (Y) with two or more independent variables/predictors (𝑋1, 𝑋2, … , 𝑋𝑛) known (Wasilaine 
et al., 2014). The multiple linear regression equation is mathematically expressed by: 

𝑌 = 𝛼 + 𝛽1𝑋1 + 𝛽2𝑋2 +  … +  𝛽𝑛𝑋𝑛 (1) 
where: 
𝑌 = independent variable (the value of the variable to be predicted), 

𝛼 = constant, 

𝛽1 , 𝛽2 , … , 𝛽𝑛 = regression coefficient value, 

𝑋1, 𝑋2, … , 𝑋𝑛 = independent variable. 

Conditions when the regression coefficients, namely 𝛽1, 𝛽2 , … , 𝛽𝑛 have a value: 

• Value = 0. In this case, the variable Y is not influenced by 𝑋1, 𝑋2, … , 𝑋𝑛, 

• Value < 0. here is a relationship in the inverse direction between the independent variable 
Y and the variables 𝑋1, 𝑋2, … , 𝑋𝑛, 

• Value > 0. Here there is a relationship in the same direction between the independent 

variable Y and the variables 𝑋1, 𝑋2, … , 𝑋𝑛. 
Several studies related to multiple regression have been conducted, among others, by (Magfirah et 

al., 2015) to see the effect of self-concept and learning habits on math learning outcomes. Related 
research was also conducted by (Syam et al., 2016). Furthermore, (Kurnia, 2014) related to the effect of 
organizational activeness on the cumulative grade point average of students.  In addition, there is also 
research conducted by (Wanti Wulan Sari et al., 2019) to determine the factors that influence GPA. 
However, in collecting data on students' final grades, there are several obstacles that may occur, such as 
variability in the grading system, student absences in class, and lack of accurate and complete data. 
Therefore, an accurate and precise analysis is needed to determine the factors that influence students' 
final grades in Linear Algebra courses. A multiple linear regression approach can be used to analyze the 
variables that affect students' final grades in Linear Algebra courses. This approach takes into account the 
influence of several interrelated variables, making it more accurate in analyzing the factors that affect the 
final grade. 

Therefore, this article aims to analyze the final grade of the Linear Algebra course using a multiple 
linear regression approach to determine the relationship between the variables that affect students' final 
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grades and how these variables can be predicted using multiple linear regression models. Thus, this 
article is expected to provide useful information for lecturers and students in improving the quality of 
teaching and learning. 
 
 
2. Method 

1. Research Method 
Analysis of final grades in linear algebra courses with a regression approach can provide useful 

information in understanding the factors that affect student academic achievement in the course. The 
regression approach can be used to analyze the relationship between the dependent variable (final grade) 
and one or more independent variables (factors that affect the final grade).   

The steps that can be taken in analyzing the final grade of linear algebra courses with a regression 
approach include (Mardiatmoko, 2020): 

 
1. Identify independent variables: Factors that can affect the final grade in linear algebra courses 

can vary, such as the number of student attendance and daily grades based on the accumulation 
of class activity scores, assignment scores, and quiz scores. These independent variables are 
selected based on their relevance to the linear algebra course and available data. 

2. Data collection: Data on final grades and independent variables were collected from students of 
the computer science study program at Bumigora University who had taken linear algebra 
courses in one odd semester of the 2022/2023 academic year.  

3. Descriptive analysis: Descriptive analysis was conducted to determine the basic statistics of the 
dependent and independent variables, such as data range, mean, standard deviation, and 
variance. 

4. Multiple Linear Regression Analysis: Multiple linear regression analysis is conducted to determine 
the effect of the selected variables on the final grade. In this analysis, the significant variables will 
be the independent variables and the final score will be the dependent variable. Regression 
analysis must be carried out by paying attention to classical assumptions, namely the 
assumptions of normality, multicollinearity, and heteroscedasticity. In addition, regression 
hypothesis testing is also carried out, namely the F-test (Simultaneous ANOVA) and t-test 
(Partial). The analysis conducted using SPSS version 22 software. 

5. Model Evaluation: The regression model should be evaluated to determine how well it explains 
the variation in the final values. Evaluation can be done by calculating the standardized 
coefficients beta and R2 values. The standardized beta coefficients for each independent variable 
are used to compare which independent variable has the greatest contribution to the dependent 
variable of final value. Meanwhile, the R2 value is used to show the percentage of variation in 
final value that can be explained by the independent variables. A significance test of the 
regression coefficients also needs to be conducted to ensure that the model is statistically 
significant. 

6. Interpretation of Results: The results of the regression analysis can be used to interpret the 
factors affecting final grades in linear algebra courses. Interpretation of multiple linear regression 
results is done by looking at the regression coefficient value of each independent variable. A 
positive regression coefficient indicates that the greater the value of the independent variable, the 
greater the final grade. Conversely, a negative regression coefficient indicates that the greater 
the value of the independent variable, the smaller the final grade. 

By conducting this analysis, it is hoped that significant variables can be found and affect the final 
grade of the Linear Algebra course, so that it can help decision making in improving the quality of learning 
and improving student performance in the course. 

 
2. Data Description 

The data used in this study are based on the grades of linear algebra courses of computer science 
study program students in the odd semester of the 2022/2023 academic year at Bumigora University. The 
data consists of Student Identification Number/Nomor Induk Mahasiswa (NIM), student name, number of 
attendance, daily grades, and final grade. There are 223 students in the computer science study program 
who take linear algebra courses in the odd semester of the 2022/2023 academic year. In this data, the 
final grade is influenced by 2 factors, namely the number of attendances and daily grades obtained based 
on the accumulation of activeness scores, assignment scores, and quizzes in class. Taking into account 
the existence of 2 predictor variables that are thought to affect the response variable in this research data, 
multiple linear regression analysis is used to model the relationship between the final grade and the 
factors that are thought to cause variation in the achievement of the final grade. 
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3. Variables in the Research 
This study uses data on the final grade of linear algebra courses and the factors that influence it. The 

data is then analyzed using multiple linear regression methods. The final grade of students as the 
dependent variable (Y) with a value range of 0 to 100, while the independent variables include: 

• Total attendance as variable  𝑋1 with a range of numbers between 0 and 16 

• Daily grades as variable 𝑋2 with a range of values from 0 to 96. 
Both dependent and independent variables are ratio scaled. The following Table 1 provides a 

statistical description for the research data using SPSS software version 22. 
 

 
Table 1. Data Statistics Description Table 

Descriptive Statistics 

 N Range Minimum Maximum Mean Std. Deviation Variance 

 Statistic Statistic Statistic Statistic Statistic Std. Error Statistic Statistic 
 

Y 223 100 0 100 66.61 1.327 19.815 392.618 

X1 223 16 0 16 12.66 .260 3.882 15.071 

X2 223 96 0 96 64.13 1.395 20.839 434.254 

Valid N 

(listwise) 
223        

 

3. Results and Discussions 

3.1. Classical Assumption Test  

The classical assumption test is a process to check whether the multiple linear regression model 
meets the basic assumptions of regression analysis, such as the assumptions of normality, 
multicollinearity, and heteroscedasticity. 

3.1.1. Normality Test 

 The normality test aims to test whether the residual variables in the regression model are normally 
distributed (Fahmeyzan et al., 2018). As is known, the t-test and F-test assume that the residuals follow a 
normal distribution. If the assumption is violated, the small sample statistical test is invalid. In this study, 
the normality test used a normal probability plot (P-P plot) and the Kolmogorov-Smirnov test. 

3.1.1.1. Normal P-P Plot Test 

The normality test is carried out by looking at the normal P-P plot which compares the cumulative 
distribution with the normal distribution (Permana & Ikasari, 2023). The normal distribution forms a straight 
diagonal line, and the residual data plot is compared to the diagonal line. If the distribution of the residual 
data is normal, the line that describes the actual data follows the diagonal line (Oktaviani & Sarkawi, 2017). 
The normality test curve shows that the sampling error used is normally distributed, allowing multiple linear 
regression models to be used in the analysis.  

The following is a graph of the normality test results using the P-P Plot for research data using SPSS 

software version 22 in Figure 1. 

The format of the results of the study and discussion is not separated, considering the number of 
pages available to the author is limited. The results of the study can be presented with the support of 
tables, graphs or images as needed, to clarify the presentation of the results verbally.  

Table titles and graphs or image captions are concisely arranged in phrases (not sentences). The 
image/graphic caption is placed below the image/graphic, while the table title is placed on top of it. The title 
begins with a capital letter. An example as follows. Notice the elastic pendulum on the Figure 1.  

From the normal P-P plot of regression standardized residuals in Figure 1, it shows that the points 
are spread around the diagonal line and the spread is not too long or too wide. It can be concluded that the 
data is distributed around the line and the data pattern is usually linear between 𝐘 and 𝐗, so the data 
distribution can be said to be normal. In other words, the regression model is normal and can be used. 
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Figure 1. Image of Normality Test Results Using P-P Plot 

 
3.1.1.2. Kolmogorov-Smirnov Test 

In addition to the normality test using the P-P Plot, another statistical test that can be used to test 
normality is the Kolmogorov-Smirnov non-parametric statistical test. If the significance value of the 
Kolmogorov-Smirnov test is greater than 0.05, the data is normally distributed (Sintia et al., 2022). The 
following Table 2 provides a table of Kolmogorov-Smirnov test results for research data using SPSS 
version 22 software. 

Table 2. Kolmogorov-Smirnov Test Result Table 

One-Sample Kolmogorov-Smirnov Test 

 Unstandardized Residual 

N 223 
Normal Parametersa,b Mean .0000000 

 Std. Deviation 10.77338828 

Most Extreme Differences Absolute .053 
 Positive .051 
 Negative -.053 

Test Statistic .053 
Asymp. Sig. (2-tailed) .200c,d 

a. Test distribution is Normal. 

b. Calculated from data. 

c. Lilliefors Significance Correction. 

d. This is a lower bound of the true significance. 
 
Based on the results in Table 2, a significant value of 0.200 was obtained. This significant value is greater 
than 0.05 which indicates that the data is normally distributed. 

 
3.1.2. Multicollinearity Test 

 
Multicollinearity is the presence of a linear relationship between independent variables in a multiple 

linear regression model (Wasilaine et al., 2014). The linear relationship between independent variables 
can take the form of perfect (perfect) and imperfect (incomplete) linear relationships. A regression model is 
said to experience multicollinearity if some or all of the independent variables in the linear function have a 
perfect linear function. To detect multicollinearity in multiple linear regression models, the variance inflation 
factor (VIF) and tolerance values can be used. If the VIF value < 10 dan tolerance > 0,1 it is said that there 
is no multicollinearity in the regression model. 
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 The following Table 3 provides a table of multicollinearity test results for research data using SPSS 
version 22 software. 

Table 3. Multicollinearity Test Result Table 

Coefficientsa 

Model 

Unstandardized Coefficients 
Standardized 
Coefficients 

T Sig. 

Collinearity Statistics 

B Std. Error Beta Tolerance 
VIF 

1 (Constant) 
10.505 2.598  4.044 .000   

X1 1.638 .267 .321 6.144 .000 .493 2.030 

X2 .551 .050 .580 11.102 .000 .493 2.030 

a. Dependent Variable: Y 
 
Based on the results in Table 3, the VIF value is 2,030 < 10 and tolerance 0,493 > 0,1. This means that 
there is no multicollinearity in the regression model. 
 
3.1.3. Heteroscedasticity Test 
 Heteroscedasticity is a condition where the variance of the residuals of all observations in the 
regression model is not the same (Hanifah et al., 2015). 
3.1.3.1. Scatterplot Test 
 One way to test for the presence of heteroscedasticity problems in a regression model is to plot the 
data where the X-axis is the prediction of Y. And the Y-axis is the residual (Y prediction-Y actual) being 
examined. If the results of the data plot show a patterned distribution or there is a certain pattern, for 
example a pattern of dots, or a certain regular pattern (bubbles, flares, then narrowing), then 
heteroscedasticity occurs. Conversely, if the data plot does not show a clear pattern and the dots are 
scattered above and below the number 0 on the Y axis, it can be said that there is no heteroscedasticity 
problem. The following is the condition that there is no heteroscedasticity problem based on the 
scatterplot: 

• Data points spread above and below or around the number 0, 

• Data points do not just gather on the upper or lower side,  

• The distribution of data points does not form a wave pattern, widening, narrowing, and widening 
again, 

• The distribution of data points is not patterned. 
 The following is given the results of the data plot using Scatterplot for research data using SPSS 
software version 22 in Figure 2. 

 
Figure 2. Scatterplot Test Result Image 

 From Figure 2, it can be seen that the data is randomly distributed, meaning that there is no 
heteroscedasticity problem, so the multiple linear regression model can be used in this analysis. \ 
 
3.1.3.2. Glejser Test 

 In addition to testing for heteroscedasticity problems using Scatterplot, another statistical test that 
can be used to test for heteroscedasticity problems is the Glejser test. The test is performed by regressing 
the independent variable on the absolute residual value. Residuals are the difference between the value of 
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variable Y and the predicted value of variable Y, and absolute values are absolute values (all values are 
positive). When the significance value between the independent variable and the absolute residual > 0.05, 
there is no heteroscedasticity.  
 The following in Table 4 provides a table of Glejser test results for research data using SPSS 
version 22 software. 

Table 4. Table of Glejser Test Results 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

T Sig. 

Collinearity Statistics 

B Std. Error Beta Tolerance VIF 

1 (Constant) 8.900 1.604  5.548 .000   

X1 .223 .165 .129 1.357 .176 .493 2.030 

X2 -.052 .031 -.161 -1.683 .094 .493 2.030 

a. Dependent Variable: Abs RES 

 Based on the results in Table 4, the significance values between the independent variables  𝑿𝟏 

and 𝑿𝟐 are each greater than 0.5. This means that there is no heteroscedasticity problem in the regression 
model. In other words, it can be concluded that the variation of the dependent variable (final grade of 
Linear Algebra course) does not vary at each level of the independent variables used in the regression 
model. This shows that the multiple linear regression model used has homoscedasticity, namely that the 
variance of the final grade of Linear Algebra course is relatively constant at each level of the independent 
variable, and this fulfills one of the basic assumptions of multiple linear regression analysis. 

3.2. Hypothesis Test 

Hypothesis testing aims to determine whether there is a significant relationship between the 
independent variable and the dependent variable. The null hypothesis in this hypothesis test states that 
there is no significant relationship between the independent variable and the dependent variable, while the 
alternative hypothesis states that there is a significant relationship between the independent variable and 
the dependent variable. 

3.2.1. F-Test (Simultaneous ANOVA) 

 F-test or simultaneous ANOVA in multiple linear regression analysis is a statistical technique used to 
test whether all independent variables together have a significant effect on the dependent variable in 
multiple linear regression models. This technique is done by comparing the regression variance (variability 
that can be explained by the regression model) with the residual variance (variability that cannot be 
explained by the regression model). The results of the F-test or simultaneous ANOVA are important to 
determine whether the multiple linear regression model built can accurately describe the relationship 
between the dependent variable and the independent variable.  
 The following Table 5 provides a table of F-test results (simultaneous ANOVA) for research data 

using SPSS software version 22. 

Table 5.  F-Test Results Table (Simultaneous ANOVA) 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 61394.645 2 30697.322 262.099 .000b 
Residual 25766.629 220 117.121   
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Total 87161.274 222    

a. Dependent Variable: Y 

b. Predictors: (Constant), X2, X1 

 Based on the results in Table 5, the F-count value is 262.099 with a significant level of 0.000. This 

significant value is below 0.05, which indicates that the independent variables 𝑿𝟏 dan 𝑿𝟐 simultaneously 

have a significant effect on the independent variable Y at a significant level of 5%. 

 

3.2.2. T-test (Partial) 
In multiple linear regression analysis, the main objective is to build a mathematical model that can be 

used to predict the final value based on the given independent variables. The t-test (partial) in multiple 

linear regression analysis is a statistical technique used to test whether an independent variable 

individually has a significant effect on the dependent variable in a multiple linear regression model. In 

analyzing the final grade of Linear Algebra course with multiple linear regression approach, partial t-test 

can be used to evaluate the effect of each independent variable on the final grade. In this case, a large t-

value indicates that the independent variable has a significant influence on the final grade, while a small t-

value indicates otherwise. 

The following Table 6 provides a table of t-test results (partial) for research data using SPSS software 
version 22. 

 
Table 6. Table of T-test Results (Partial) 

Coefficientsa 

Model 

Unstandardized Coefficients 
Standardized 
Coefficients 

T Sig. B Std. Error Beta 

1 (Constant) 10.505 2.598  4.044 .000 

X1 1.638 .267 .321 6.144 .000 
X2 .551 .050 .580 11.102 .000 

a. Dependent Variable: Y 

 Based on the results in Table 6, the significant value for 𝑿𝟏 and 𝑿𝟐 are 0,000. This significant value is 

less than 0,05 which means that the independent variables 𝑿𝟏 dan 𝑿𝟐 partially affect the independent 

variable 𝒀 at the 5% significant level. 

 Furthermore, based on Table 6, the multiple linear regression equation can be arranged, namely: 

𝒀 = 𝟏𝟎, 𝟓𝟎𝟓 + 𝟏, 𝟔𝟑𝟖𝑿𝟏 + 𝟎, 𝟓𝟓𝟏𝑿𝟐         (𝟐)  

with  

𝒀=final grade, 

𝑿𝟏=number of attendance 

𝑿𝟐=daily grades. 

 Based on equation (2), the constant value is 𝜶 = 𝟏𝟎, 𝟓𝟎𝟓. This states that if there is no influence from 

the independent variables, namely the number of attendance and daily grades, the final grade is 10,505. 

Meanwhile, the regression coefficient value for the independent variable number of attendance (𝑿𝟏) is 

positive, namely 𝜷𝟏 = 𝟏, 𝟔𝟑𝟖, indicating that for every 1 increase in the number of attendance, the final 

grade increases by 1,638. Furthermore, the regression coefficient value for the independent variable daily 
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grade (𝑿𝟐) is positive, namely 𝜷𝟐 = 𝟎, 𝟓𝟓𝟏, indicating that for every 1 increase in daily grade, the final 

grade increases by 0,551. 

 The comparison between the results of the final value prediction model in equation (2) and the actual 

data can also be presented in a linear graph in Figure 3. 

 

Figure 3. Linear Graph of Prediction Model Equation (2) 

 
 
 
3.3. Dominance Test 
 Dominance test is a method to determine which independent variable is the most dominant or 

contributes the most to the variation in the dependent variable. The dominance test is carried out by 

calculating the standardized coefficients for each independent variable and comparing them to determine 

which independent variable has the greatest contribution. 

 Based on Table 6, the standardized coefficients beta value for variable 𝑿𝟐 is  0,580.  This value is 

greater than the standardized coefficients beta value for variable 𝑿𝟏 which is 0,321. In this case, it 

indicates that the independent variable 𝑿𝟐 namely daily grades, is more influential than the independent 

variable 𝑿𝟏 namely the number of attendances. 

3.4. R2 -Test 

 The R2 test in multiple linear regression analysis is a statistical technique used to measure how much 

variation or variability in the dependent variable can be explained by the multiple linear regression model. 

This test produces a value between 0 and 1, where the higher the R2 value, the greater the proportion of 

variation in the dependent variable that can be explained by the multiple linear regression model. The R2 

test results are important for evaluating the quality of multiple linear regression models.  

 The following Table 7 provides a table of R2 test results for research data using SPSS software 
version 22. 
 

Table 7. R2-Test Result Table 

Model Summary 

Model R R Square 
Adjusted R 

Square 
Std. Error of the 

Estimate 

1 .839a .704 .702 10.822 

a. Predictors: (Constant), X2, X1 
Table 7 shows that R = 0.839 and R2= 0,704. This means that the ability of the independent variables to 

explain the variance of the independent variables is 70.4%. There is still 29.6% of the variance of the independent 
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variables that cannot be explained by the independent variables. The final grade (𝒀) that can be explained by the 

number of attendance (𝑿𝟏) and daily grades (𝑿𝟐) in equation (2) is 70,4%. The remaining 29.6% is explained by 

other factors outside the variables in equation (2). 

 
4. Conclusion 

Based on the results of the analysis using the Multiple Linear Regression approach, it can be concluded that the 

number of attendance and daily grades of students have a significant effect on the final grade in the Linear Algebra 

course. Both independent variables have significance values smaller than 0.05 and the coefficient of determination (R2) 

value shows that 70.4% of the variation in the final grade can be explained by the independent variables. In this case, 

daily grades have a greater influence than the number of attendances in predicting the final grade. Therefore, it is 

recommended for students to focus more on doing daily assignments in order to improve their academic performance in 

Linear Algebra courses. In addition, attendance in class is also very important to gain a good understanding of the 

material being taught. This research can be a reference for lecturers or teachers in developing more effective learning 

strategies for Linear Algebra courses. In addition, similar research can be conducted for other courses with different 

independent variables to find out what factors affect students' final grades in the course. 
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