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 Students' misconceptions in estimating the parameters of probability distribution 
are still an important problem in learning statistics in universities. Most previous 
studies have examined partial misconceptions from cognitive aspects, so the 
structural relationship between concept understanding, learning experience, 
learning motivation, and problem-solving skills in explaining misconceptions has 
not been widely analyzed in an integrated manner. This study aims to develop and 
validate a structural model that explains the factors that influence student 
misconceptions in estimating probability distribution parameters using the Partial 
Least Squares Structural Equation Modeling (PLS-SEM) approach. This study uses 
an explanatory quantitative design involving 200 students who have studied 
probability distribution and parameter estimation in several universities in 
Lampung Province. Data was collected through a Likert scale questionnaire that 
measured five latent constructs, namely concept comprehension, learning 
experience, learning motivation, problem-solving skills, and student 
misconceptions. The analysis was carried out through the evaluation of the 
measurement model (loading factor, composite reliability, and average variance 
extracted), structural model testing using the bootstrapping technique, and 
evaluation of the overall suitability of the model. The results showed that concept 
comprehension (𝛽 =  0.74) and learning experience (𝛽 =  0.82) had a significant 
effect on problem-solving skills. Problem-solving skills further affect learning 
motivation ( 𝛽 =  1.92 ), while learning motivation affects the level of student 
misconception (𝛽 =  0.67). The developed model was able to explain 65% of the 
variation in problem-solving skills and 88%  of the variation in student 
misconceptions. This research contributes in the form of a SEM-PLS model that 
integrates cognitive and affective factors in explaining the emergence of statistical 
misconceptions, as well as providing an empirical basis for the development of 
more effective statistical learning strategies to reduce student misconceptions. 
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A. INTRODUCTION  

Probability distributions, both discrete and continuous, are central to statistical education 

and play a fundamental role in parameter estimation. Mastery of probability distributions is 

essential not only for success in introductory probability courses in higher education but also 

for informed decision-making across various scientific and practical domains. For example, the 

Poisson distribution is used to predict the arrival of a patient in the emergency department (De 

Santis et al., 2022), the Binomial distribution is used to estimate vaccine efficacy (Senn, 2022), 

http://journal.ummat.ac.id/index.php/jtam
mailto:wardhaniutamidewi@ummetro.ac.id
https://doi.org/10.31764/jtam.v10i3.38398


738  |  JTAM (Jurnal Teori dan Aplikasi Matematika) | Vol. 10, No. 3, July 2026, pp. 737-751 

 

 

the Exponential distribution is used to model the lifespan of industrial components  (Bilal et al., 

2021), and the Normal distribution is widely applied in industrial quality control processes 

(Astuti et al., 2020; He & Xin, 2025; Khakifirooz et al., 2021). 

Despite the important role of probability distributions in statistics, numerous studies 

indicate that students still experience significant difficulties in understanding probability 

distributions at a conceptual level. These difficulties often appear in the form of misconceptions 

when students are required to determine the appropriate distribution based on data 

characteristics, interpret the meaning of distribution parameters, or correctly apply parameter 

estimation procedures. Such misconceptions may lead to errors in statistical reasoning, 

including misinterpretations of variance (Shaw et al., 2025), confidence intervals (Sotos et al., 

2007), and hypothesis testing results (Brus, 2021; Hubbard et al., 2019; Tong, 2019). Therefore, 

misconceptions in statistics not only affect students’ conceptual understanding but may also 

influence the validity and reliability of scientific research findings. 

Several studies have identified various factors contributing to the emergence of statistical 

misconceptions. Cognitive factors such as weak understanding of basic mathematical concepts 

and low statistical literacy are often reported as major causes of errors in understanding 

probability concepts (Korkmaz & Alkan, 2023; Yun et al., 2016). In addition, affective factors 

such as learning motivation, attitudes toward mathematics, and students’ confidence levels also 

influence how students process and interpret statistical information (Soeharto & Csapó, 2021). 

Even students in STEM fields, who generally possess stronger analytical abilities, may still 

experience probabilistic reasoning errors such as base-rate neglect and the conjunction fallacy 

when dealing with complex probability problems (He & Xin, 2025). 

Although various studies have addressed the factors that cause statistical misconceptions, 

most studies still examine these factors separately or focus only on one specific dimension, such 

as understanding concepts or attitudes towards learning mathematics. As a result, the 

structural relationship between cognitive factors, learning experiences, problem-solving skills, 

and affective factors in explaining the emergence of misconceptions has not been widely 

analyzed in an integrated manner. Therefore, an empirical model is still needed that is able to 

explain simultaneously how the interaction between these factors affects the emergence of 

student misconceptions in estimating probability distribution parameters. The development of 

structural models that integrate these various factors is important to gain a more 

comprehensive understanding of the mechanisms of statistical misconceptions and as a basis 

for designing more effective statistical learning strategies in higher education. 

To address this research gap and analyze the complex relationships among multiple 

variables simultaneously, advanced multivariate analytical approaches are required. SEM is 

widely recognized as a powerful analytical method capable of examining complex relationships 

among latent variables. Various recent studies show the ability of SEM and PLS-SEM in 

modeling complex educational phenomena. For example, a study in Ghana found that the 

emotional intelligence (EI) of math teachers had a significant effect on teaching effectiveness, 

with gender as a moderator variable, although job satisfaction and self-efficacy did not play a 

mediator role (Owusu & Arthur, 2025). Another study in India used PLS-SEM to examine the 

entrepreneurial intentions of polytechnic students and found that peer influence, curriculum, 

and institutional support play an important role in shaping attitudes, subjective norms, and 
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perceptions of behavioral control (Razi-ur-Rahim et al., 2024). In addition, studies using the 

Felder-Silverman model show that learning styles and anxiety levels also influence students' 

attitudes towards online learning, emphasizing the importance of adaptive and personalized 

educational design (Zagulova et al., 2023). 

Cross-national studies also demonstrate contextual differences in the application of SEM in 

educational environments. Students in Malaysia benefit more from school support, while 

students in Indonesia show higher leadership and collaboration skills. This indicates that 

cultural support and learning activities have a different impact on the development of soft skills 

(Sobri et al., 2019). Then Riadi et al. (2024) used SEM to analyze the influence of motivation, 

self-confidence, and engagement on students' academic achievement in six public high schools 

in Denpasar, with results showing that motivation has a direct effect on achievement, while self-

confidence and engagement affect achievement indirectly through motivation. Innovations in 

learning design have also been widely studied, for example, in Thailand, cloud-based learning 

models have been proven to significantly improve students' critical thinking skills and 

information literacy (Hongphanut, 2023).  

SEM is an analytical approach that is able to model complex relationships between several 

latent variables simultaneously. SEM provides an analytical framework capable of modeling 

direct and indirect effects simultaneously, as well as accounting for measurement errors, thus 

providing a more comprehensive understanding of the complexity of misconceptions (Wei et 

al., 2025). However, conventional covariance-based SEM has limitations, including requiring 

large sample sizes and multivariate normality assumptions that are difficult to meet in 

education research (Gaskin et al., 2025). PLS-SEM is a more flexible variance-based approach 

that is suitable for small sample sizes, non-normal data, and complex models containing 

reflective and formative constructs (Demir & Uşak, 2025; Dewi et al., 2024; Zamir et al., 2022). 

Therefore, the PLS-SEM approach is suitable for modeling the relationship between concept 

understanding, learning experience, learning motivation, problem-solving skills, and student 

misconceptions. 

Based on these considerations, this study aims to develop and validate a structural model 

that explains the factors influencing students' misconceptions in estimating probability 

distribution parameters using the PLS-SEM approach. The developed model integrates 

cognitive factors (understanding concepts and problem-solving skills), learning experience, 

and affective factors (learning motivation) to provide a more comprehensive understanding of 

the emergence of misconceptions in statistical learning. The main contribution of this research 

is the development of a structural model based on PLS-SEM that explains statistical 

misconceptions through the simultaneous interaction between cognitive and affective factors. 

The results of this study are expected to enrich the study of misconceptions in statistical 

learning and provide practical implications for the development of more effective learning 

strategies in reducing student misconceptions in higher education. 
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B. METHODS 

This study uses a quantitative approach with the type of causal explanatory research 

because it aims to explain the cause-and-effect relationship between exogenous latent variables 

and endogenous latent variables (Bollen & Paxton, 1998) in the context of estimating 

probability distribution parameters. The population of this study is university students in 

Lampung Province, Indonesia. The research sample was selected using the purposive sampling 

technique, selected based on the criteria, namely, students in the second semester who have 

received probability distribution materials and parameter estimation. The indicators used 

were 14 indicators, with a sample of 200 students. According to Hair et al. (2021) , PLS-SEM 

can be applied using the 10-times rule, which suggests that the minimum sample size should be 

ten times the maximum number of structural paths directed at a construct. In this study, the 

most complex construct receives four structural paths, indicating a minimum sample 

requirement of 40 respondents. Therefore, the sample size used in this study exceeds the 

minimum requirement and is considered sufficient for SEM analysis. There are 2 endogenous 

latent variables, namely student misconceptions in estimating the distribution parameters 

probability (𝜂1) and problem-solving skills (𝜂2). Then, 3 exogenous latent variables, including 

the understanding of mathematical concepts (𝜉1 ), Learning experience (𝜉2 ), and learning 

motivation (𝜉3). 

The questionnaire items were developed based on previous studies related to statistical 

misconceptions and learning factors in mathematics education. Each construct was 

operationalized into several measurable indicators reflecting theoretical dimensions of the 

variable. Prior to data collection, the instrument was reviewed by experts in statistics education 

to ensure content validity and clarity of the measurement items. This scale is used to assess the 

extent to which respondents agree or disagree with the statements submitted regarding the 

variables under study (Alabi & Jelili, 2023). All variables used are fixed, meaning that good 

indicator variables have been tested in systematically describing a construct (factor) using CFA. 

The following research variables are presented in Table 1. 

 

Table 1. Research Variables 

Laten Variables Indicator Variables 
Concept Understanding 
(CU) / 𝜉₁ 

Understanding of basic mathematical concepts  𝑋₁ 
Understanding of the definition and concept of opportunity functions 
of discrete and continuous distributions  

𝑋2 

Learning Experience 
(LE) / 𝜉2 

Previous experience in studying statistics and probability topics  𝑋3 
The number of lecture hours that have been taken in statistics or 
probabilities  

𝑋4 

Students' activeness in learning activities (e.g., discussions, 
assignments, and exams)  

𝑋5 

Motivation to learn 
(ML)/ 𝜉3 

Desire to learn more about statistics and probability  𝑋6 
Students' perception of the relevance of statistical material in their 
lives  

𝑋7 

Positive attitude towards math learning  𝑋8 
Problem Solving Skills 
(PSS)/ 𝜂1 

Ability to prove the postulates of probability distributions such as 
averages, variances, and momentary functions  

𝑌1 

Ability to solve statistical problems related to parameter estimation 
in daily life  

𝑌2 
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Laten Variables Indicator Variables 
Student Misconceptions 
(SM)/ 𝜂2 

Errors in estimating parameters on discrete and continuous 
probability distributions 

𝑌3 

Inability to apply the parameter estimation formula used with the 
problems contained in the problem 

𝑌4 

Incomprehension in classifying between discrete and continuous 
probability distributions  

𝑌5 

 

The conceptual framework of thinking can be designed and visualized in the form of a path 

diagram as shown in Figure 1. 

 

 
Figure 1. Conceptual Diagram (SmartPLS software) 

 

Research Steps Conducted: 

1. Model specifications, based on Figure 1. The specifications of the formed models are: 

a. Model structural 

𝜂1 = 𝛾11𝜉1 + 𝛾12𝜉2 + 𝜁1 

𝜂2 = 𝛽21𝜂1 + 𝛾22𝜉1 + 𝛾22𝜉2 + 𝛾23𝜉3+𝜁2 

 

b. Measurement Model 

 

𝑋1 = 𝜆𝑋11
𝜉1 + 𝛿1 

𝑋2 = 𝜆𝑋21
𝜉1 + 𝛿2 

𝑋3 = 𝜆𝑋31
𝜉2 + 𝛿3 

𝑋4 = 𝜆𝑋41
𝜉2 + 𝛿4 

𝑋5 = 𝜆𝑋51
𝜉2 + 𝛿5 

𝑋6 = 𝜆𝑋61
𝜉3 + 𝛿6 

𝑋7 = 𝜆𝑋71
𝜉3 + 𝛿7 

𝑋8 = 𝜆𝑋81
𝜉3 + 𝛿8 

𝑌1 = 𝜆𝑌11
𝜂1 + 𝜀1 

𝑌2 = 𝜆𝑌21
𝜂1 + 𝜀2 

𝑌3 = 𝜆𝑌31
𝜂2 + 𝜀3 

𝑌4 = 𝜆𝑌41
𝜂2 + 𝜀4 

𝑌5 = 𝜆𝑌51
𝜂2 + 𝜀5 

 

 

 

 



742  |  JTAM (Jurnal Teori dan Aplikasi Matematika) | Vol. 10, No. 3, July 2026, pp. 737-751 

 

 

2. Construction of the Diagaram Line 

 Constructing a path diagram is the process of building a representation of causal 

relationships between latent variables. 

3. Parameter Estimation 

 Parameter estimation was conducted using SmartPLS software, which is widely used 

for PLS-SEM The analysis includes measurement model evaluation and structural 

model testing using the bootstrapping procedure. 

4. Evaluation of measurement models 

 The evaluation of the measurement model was carried out by loading factor testing to 

test the validity of the variables. Correlation is said to satisfy the validity of the 

convergent if it has a loading factor or correlation coefficient 𝜆 ≥ 0,5. Then perform CR 

(Composite Reliability) and AVE (Average Variance Extracted) tests to test the reliability 

of the variables. The latent variable can be said to have excellent reliability if the CR is 

more significant than 0.7.  

5. Structural Model Evaluation 

The structural model was evaluated by examining path coefficients and their statistical 

significance obtained through bootstrapping. The explanatory power of the model was 

assessed using the coefficient of determination (𝑅²). A path relationship was considered 

significant when the t-value exceeded 1.96 at the 5% significance level.  

6. Overall Model Evaluation  

Evaluation is carried out after the measurement model and the structural model are 

significant. The GFI, AGFI, RMR and PGFI values are a reference in evaluating the model 

as a whole.  

 

C. RESULT AND DISCUSSION 

Based on the results of a questionnaire involving 200 respondents from various study 

programs in Lampung, it can be seen that the respondents are spread across several scientific 

fields such as Mathematics, Statistics, Informatics, Management, Retail Management, Vocational 

Education, Industrial Engineering, and Elementary School Teacher Education. The distribution 

of respondents can be seen in Figure 2.  

 

 
Figure 2. The distribution of respondents based on  

study programs and semesters that are effective 
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Based on the data distribution in Figure 2. It can be seen that the Mathematics study 

program accounts for the largest number of respondents compared to the other study 

programs. When viewed from the semester level, respondents came from semester 2 to 

semester 8, with a fairly strong dominance in semester 6 and semester 8. This shows that 

students who are in the middle to late stages of study are more involved in filling out 

questionnaires, possibly because the students have already taken Probability or Statistics 

courses, as well as similar courses that require data analysis skills. Meanwhile, students from 

non-science study programs such as Management, Retail Management, and Elementary School 

Teacher Education also participated, although the number was relatively smaller. In general, 

these results illustrate the fairly even representation of respondents between semesters and 

study programs, with a tendency to dominate from the science group, especially Mathematics 

and Statistics. Then, based on the number of distributions from the origin of Higher Education 

presented in Figure 3.  

 

 
Figure 3. The distribution of respondents is based on the origin  

of universities in Lampung, Indonesia 

 

Based on Figure 3. participants who participated in filling out the questionnaire were 

spread across seven Universities in Lampung. The highest number of respondents came from 

the Universitas Muhammadiyah Metro with a total of 65 people, followed by Universitas 

Nahdlatul Ulama Lampung with 56 people. These two institutions make the greatest 

contribution, so it can be said that it is quite representative of the student population in the 

Lampung area, especially from private universities based on community organizations. 

1. Measurement Model 

The measurement model test is carried out to ensure that the indicators used have validity 

and reliability in reflecting latent constructs. The results of the analysis show that all indicators 

have a fairly high loading factor, with most being above 0.70. This indicates that these indicators 

can adequately explain the constructed measure. The following is a path diagram of the 

measurement model in Figure 4 and Figure 5. 
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Figure 4. X-Model Measurement Figure 5. Y-Model Measurement 

 

For Figure 4 the path diagram form of the measurement model with the indicator variable 

is variable X. While Figure 5 the path diagram of the measurement model with the indicator 

variable is variable Y. For more details on the loading factor value of each measurement model, 

it is shown in Table 2. 

 

Table 2. Standardized regression weight (p-value = 0.000) 

Relationship Loading Factor 
Standard Error 

(SE) 
Composite 

Reliability (CR) 
Average Variance 
Extracted (AVE) 

𝜉1→ 𝑋1 0.84 0.29 
0.79 0.65 

𝜉1→ 𝑋2 0.78 0.40 
𝜉2→ 𝑋3 0.88 0.22 

0.89 0.85 𝜉2→ 𝑋4 0.92 0.16 
𝜉2→ 𝑋5 0.83 0.32 
𝜉3→ 𝑋6 0.82 0.32 

0.96 0.95 𝜉3→ 𝑋7 0.94 0.13 
𝜉3→ 𝑋8 0.75 0.44 
𝜂1→ 𝑌1 0.81 0.34 

0.78 0.64 
𝜂1→ 𝑌2 0.80 0.37 
𝜂2→ 𝑌3 0.60 0.64 

0.70 0.66 𝜂2→ 𝑌4 0.93 0.13 
𝜂2→ 𝑌5 0.88 0.22 

Note: p-value < 0.05 

 

The results of the measurement model test in Table 2. show that the entire construct has a 

loading factor value that is above the minimum limit of 0.60, so that it can be declared valid 

convergently. In the 𝜉₁ construct reflected by the X1 and X2 indicators, it has a loading of 0.84 

and 0.78, respectively, with an AVE value of 0.65 and a CR of 0.79. This shows that the 

𝜉₁ construct is valid and reliable. The 𝜉₂ constructs measured by the X3, X4, and X5 indicators 

have very high loading (0.88, 0.92, and 0.83), with AVE 0.85 and CR 0.89, so this construct can 

be stated very well in terms of validity and reliability. Similarly, the 𝜉₃ construct reflected by X6, 

X7, and X8 exhibits strong loading (0.82, 0.94, and 0.75) with an AVE of 0.95 and a CR of 0.96, 

indicating a very high internal consistency. 
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On the endogenous construct side, the η₁ measured by Y1 and Y2 had loads of 0.81 and 0.80, 

respectively, with AVE of 0.64 and CR of 0.78, so it can be declared valid and reliable. Meanwhile, 

η₂ reflected by Y3, Y4, and Y5 shows a variation in the loading value, namely 0.60, 0,93, and 

0.88, with AVE 0.66 and CR 0.70. Although the loading value on Y3 is relatively low, it still meets 

the minimum validity limit. Thus, overall, the 𝜂₂ construct can still be declared reliable even 

though it is at a minimum limit. Overall, these results show that all constructs in the model meet 

the criteria of convergent validity (AVE ≥ 0.50) and construct reliability (CR ≥ 0.70).  

 

2. Structural Model 

Structural model evaluation was carried out to identify and test the relationship between 

exogenous and endogenous latent variables. The following are the results of the structural 

model estimation presented in Figure 6. 

 

 
Figure 6. Estimation of Structural Model Parameters 

 

Results from Figure 6 show how several factors are interconnected to affect students' 

motivation and skills. A good understanding of basic mathematical concepts has a significant 

effect on problem-solving skills (PSS), with a coefficient of 0.74. In addition, a good learning 

experience (LE) also has a great influence on this skill, with a coefficient of 0.82. Problem-

solving skills alone have a huge impact on learning motivation, with a coefficient of 1.92. This 

means that the better the student's problem-solving skills, the higher their motivation to learn. 

A positive learning experience also contributes greatly to student motivation, with a coefficient 

of 0.85. Although student misconceptions affect several factors, the effect on learning 

motivation is smaller, with a coefficient of 0.67. Overall, this model shows that a deep 

understanding of basic concepts, positive learning experiences, and problem-solving skills are 

mutually supportive in increasing students' motivation and reducing misconceptions that can 

hinder their development.  

Then, from the estimation results, a structural model test was carried out. Structural model 

evaluation was conducted by examining the significance of path coefficients using the 

bootstrapping procedure in SmartPLS. The significance of the relationships between variables 

was determined based on the t-statistics obtained from bootstrapping. A relationship is 

considered statistically significant when the t-statistic is greater than 1.96 at the significance 
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level of α = 0.05. In addition, the explanatory power of the structural model was evaluated using 

the coefficient of determination (R²), which indicates a strong and reliable relationship 

between the variables in the structural model being tested. The following are the results of the 

evaluation of the structural model based on the t-values presented in Figure 7. 

 
Figure 7. T-Values Diagram Path 

 

Based on Figure 7, the t-statistics obtained from the bootstrapping procedure indicate the 

significance of the structural relationships between endogenous and exogenous latent 

variables. For more details, see Table 3.  

 

Table 3. Structural Model Evaluation 

Variable  Parameter Estimation (𝜷) Standard Errors  t-statistics R-Squared 
𝜂1 = 5.29𝜉1 + 1.02𝜉2 0.65 

𝜉1 5.29 1.34 3.94  
𝜉2 1.02 0.17 5.86 

𝜂2 = 1.92 𝜂1 - 2.61𝜉1 - 0.43𝜉2 + 0.67𝜉3 0.88 
𝜂1 1.92 0.89 2.16  
𝜉1 -2.61 1.34 -1.95 
𝜉2 -0.43 0.57 -0.76 
𝜉3 0.67 0.26 2.59 

 

Based on Table 3.  the first model, the relationship between CU and LE (Learning 

Environment) with PSS, obtained an estimated parameter of 5.29 for CU and 1.02 for LE. Both 

parameters are statistically significant, with t-statistics of 3.94 and 5.86, respectively, 

suggesting that both have a strong influence on PSS, which explains about 65% of the data 

variability. This means that the first model is quite good at describing the relationship between 

these factors and the PSS, although there is still about 35% of the variability that cannot be 

explained. 

In the second model, which links PSS, CU, LE, and ML with SM, variable parameter estimates 

were found. PSS has a significant positive influence on SM with an estimated value of 1.92 and 

t-statistic of 2.16. On the other hand, CU and LE showed a negative effect on SM, but they were 
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not statistically significant (t-statistic was -1.95 and -0.76, respectively), which means the effect 

could not be ascertained. In contrast, ML with an estimated parameter of 0.67 and t-statistic of 

2.59 had a significant positive influence on SM. With an R² of 0.88, the second model can explain 

88% of the variation in SM, making it particularly powerful in describing the factors that 

influence student motivation. Overall, although both models have important contributions, the 

second model is much more effective in explaining SM variability than the first model, which 

only explains PSS. This suggests that the ML factor becomes a very important determinant in 

student motivation, whereas CU and LE are more relevant in explaining PSS, although the 

influence is smaller in the second model. 

 

3. Overall Model Evaluation 

To ensure that the developed model can provide accurate and valid results, it is necessary 

to evaluate the model as a whole. This evaluation aims to assess the extent to which the model 

fits into the existing data, as well as identify areas that need improvement so that the model can 

better describe the relationships between variables. By conducting a comprehensive evaluation, 

we can ensure that the model meets the relevant goodness of fit criteria and can provide deeper 

and more precise insights in the context of the research or analysis being conducted. The 

following are the results of the model evaluation based on the LISREL output presented in Table 

4. 

Table 4. Overall Model Evaluation 

Criterion Value Information 
Root Mean Square 
Residual (RMR) 

0.08 
Excellent: An RMR value below 0.10 indicates a good model, the 
lower the better, and 0.08 indicates a model that fits the data. 

Standardized RMR 0.13 
Pretty Good: Although slightly higher than 0.10, it is still within 
acceptable limits and shows a slight inconsistency. 

Goodness of Fit Index 
(GFI) 

0.92 
Excellent: Value GFI > 0.90 indicates that the model has an 
excellent fit with the data. 

Adjusted Goodness of Fit 
Index (AGFI) 

0.95 
Excellent: AGFI Value > 0.90 shows that this model is excellent 
and has an excellent adjustment to the complexity of the model. 

Parsimony Goodness of 
Fit Index (PGFI) 

0.46 
A PGFI value lower than 0.50 indicates that this model is more 
complex than necessary for a good fit. 

 

Based on Table 4 the tested model showed an excellent match with the data. An RMR value 

of 0.08 indicates that the model has a fairly low average error, indicating that the model is 

relatively good at describing the data. Although the Standardized RMR value is slightly higher 

at 0.13, it is still within acceptable limits, which indicates a slight mismatch between the model 

and the data. However, the two main indicators, namely GFI (0.92) and AGFI (0.95), show 

excellent results, as they are both greater than 0.90, which means that the model is very good 

at matching data and considering the complexity of the model well. Although a PGFI of 0.46 

indicates that the model may be a little more complex than necessary, this does not detract from 

the overall fit of the model. Thus, this model can be considered excellent, although there is little 

room for simplification. 
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4. Discussion  

The results showed a clear cause-and-effect relationship between understanding basic 

mathematical concepts, learning experiences, problem-solving skills, and misconceptions 

experienced by students. A deeper understanding of basic mathematical concepts has a 

significant effect on students' problem-solving abilities, which in turn encourages increased 

motivation to learn. A positive learning experience, which involves active involvement in 

discussions and assignments, also helps students reduce misconceptions. This study provides 

a new view linking various cognitive and affective factors that influence student 

misconceptions, which have not been explored much in previous studies. 

The main finding of this study is that students who have a better understanding of basic 

concepts tend to have better problem-solving skills as well. This has a positive impact on their 

motivation to learn. On the other hand, misconceptions in estimating probability distribution 

parameters were found to affect students' learning motivation, although the effect was smaller 

compared to other factors such as concept understanding and learning experience. This 

misconception generally arises from a misunderstanding of correct concepts and procedures, 

which hinders students from applying their statistical knowledge in practical situations. 

Some of the factors that cause this result include the level of understanding of basic concepts 

possessed by students, learning experiences that involve active learning activities, and learning 

motivation that comes from within students. College students with a stronger understanding of 

basic concepts tend to have better problem-solving skills, which ultimately reduces 

misconceptions. Learning experiences that involve in-depth discussions and challenging tasks 

also have an important role in reducing misconceptions. In addition, students' learning 

motivation, which is greatly influenced by internal factors, also plays an important role in their 

learning outcomes. 

The advantage of this study lies in the use of the SEM-PLS approach, which allows the 

analysis of complex relationships between variables simultaneously, as well as its ability to 

overcome measurement errors in the data. The study also integrates cognitive and affective 

factors, providing a more holistic view of student misconceptions. However, this study also has 

some shortcomings, such as the limitation of the sample that only includes students in Lampung 

Province, which may not fully represent the condition of students in other regions. In addition, 

the measurement of learning motivation in this study can be expanded to include more aspects 

that affect student learning outcomes. 

When compared to previous studies, the results of this study are in line with the findings of 

Guerra-Reyes et al. (2024), which emphasize that a good understanding of basic concepts can 

prevent misconceptions in students. These findings are also similar to the results of the study  

(Casas del Rosal et al., 2024; Kurudirek et al., 2025), which states that misconceptions in 

statistics are largely due to a lack of understanding of concepts. However, this study offers a 

more comprehensive approach by combining cognitive and affective factors in the SEM-PLS 

model, which was less common in previous studies. 

The implications of this research are very important for the development of higher 

education, especially in statistics and probability courses. These findings can be used to design 

more effective learning interventions, focusing not only on improving conceptual 

understanding but also on developing students' problem-solving skills and learning motivation. 
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The SEM-PLS model produced in this study can be a useful tool to analyze and overcome 

misconceptions in other fields of education, contribute to the development of educational 

research, and enrich the understanding of statistical misconceptions among students. 

 

D. CONCLUSION AND SUGGESTIONS 

The results of the structural model analysis indicate that students’ conceptual 

understanding and problem-solving skills have a statistically significant role in reducing 

misconceptions in estimating probability distribution parameters, while positive learning 

experiences show a relatively weaker influence within the model. Learning motivation also 

contributes to reducing misconceptions, although its influence is slightly lower compared to 

conceptual understanding and problem-solving abilities. Using the SEM-PLS approach, this 

study successfully reveals the complex relationships among cognitive and affective factors that 

influence the occurrence of misconceptions in statistics learning. These findings provide 

important implications for statistics education in higher education, particularly in designing 

instructional strategies that emphasize conceptual understanding, analytical problem-solving 

activities, and meaningful learning experiences rather than focusing solely on procedural 

calculations. Therefore, the results of this study may serve as a reference for developing more 

holistic learning strategies that integrate cognitive, affective, and problem-solving aspects in 

order to reduce students’ misconceptions in estimating probability distribution parameters. 

Suggestions for future research include exploring the use of longitudinal designs to examine 

how misconceptions develop and change over time. A longitudinal approach would help 

determine whether improvements in conceptual understanding and problem-solving skills 

have a sustained effect on reducing misconceptions. Furthermore, methodological refinements 

are also recommended. Researchers could compare SEM-PLS with other advanced modeling 

approaches such as CB-SEM, multi-group analysis (MGA), or machine learning techniques. 
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