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Abstract 
The results of previous research have not revealed the factors that influence mechanical reasoning, as a 
preparatory step to improve the mechanical reasoning abilities of engineering students. Based on this, 
the purpose of this study is to determine a factor model of engineering-related attitude and interest in 
learning in influencing mechanical reasoning. This study used a cross-sectional study design. The sampling 
technique used was purposive sampling, involving 30 mechanical engineering students and 72 civil 
engineering students from the Faculty of Engineering at Universitas Islam Ogan Komering Ilir Kayuagung. 
The study was conducted using a questionnaire with four Likert-type scale options. The questionnaire 
consisting of 13 items on mechanical reasoning, 8 items on engineering-related attitudes, and 8 items on 
interest in learning. The research data were analyzed using Structural Equation Modeling (SEM) using the 
SmartPLS4 application. SEM analysis involves two stages: measurement model testing and structural 
model evaluation. Overall, the results of the PLS-SEM model evaluation show that all indicators have met 
convergent validity and reliability, the independent variables do not experience multicollinearity, 42.1% 
of the variation in the mechanical reasoning variable can be explained by the relationship between the 
indicators that form the construct, and both engineering-related attitudes and learning interests are 
important and significant factors in influencing mechanical reasoning ability. This study contributes to the 
existing literature in mechanical reasoning by providing an empirically validated structural model that 
clarifies the significant roles of engineering-related attitudes and learning interest in explaining variations 
in students’ mechanical reasoning ability. 
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INTRODUCTION 
Curriculum and policy papers around the world view reasoning as crucial for students in both 
daily life and educational settings. In many educational institutions across the world, pupils' 
ability to think and reason is deemed crucial. A significant multinational education effort aims 
to define the development and evaluation of these competencies (Hačatrjana & Namsone, 
2024). Reasoning ability in this context relates to cognitive processes including cause-and-effect 
relationships, induction, deduction, analogy, and problem-solving. Simply put, reasoning ability 
is the essential capacity to comprehend complex information. As the mind grows, so will this 
capacity. Therefore, in order to deliver effective instruction, teachers must have a thorough 
comprehension of pupils' mental processes (Izzaty et al., 2024). 
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Mechanical reasoning is the foundation of human intelligence and a driver of technological 
and cultural progress because it is highly creative, flexible, and allows for innovation, problem 
solving, and adaptation to a variety of environments (Sun et al., 2025). Mechanical reasoning 
relies on mental simulations, tools that allow us to predict how our actions will impact the 
surrounding environment. These versatile simulations are crucial for helping us think about 
things in new ways, but they cannot explain how we quickly create and change our plans. We 
argue that knowing what types of actions to consider is also crucial for rapid tool use, both from 
an initial understanding of what actions are beneficial and from updating these beliefs by 
observing the results of our actions in simulations and in the real world (Allen et al., 2020). 

Engineering applications require mechanical reasoning, but students still struggle to predict, 
analyze, and model mechanical systems using formal symbolic notation (Grondin & Fu, 2023). 
The research is also in line with the results of research at the Islamic University of Ogan Komering 
Ilir Kayuagung which shows that the engineering talent category is dominated by the medium 
category; for the mechanical engineering study program, it is 73.07% and for the civil 
engineering study program, it is 77.14% (MS & Saud, 2024). The results of this study have not 
yet revealed the factors that influence mechanical reasoning, as a step to prepare for improving 
the mechanical reasoning abilities of engineering students. Therefore, further research is 
needed to map the factors that influence mechanical reasoning. 

There are several abilities or skills required by an engineer, including engineering related 
attitude (Kőycű & de Vries, 2016; Laguador & Dotong, 2020; Setiawan & Raharjo, 2019) and 
interest in engineering (Radzi & Sulaiman, 2018; Reynolds et al., 2019). Students' general 
attitudes toward engineering show a fairly positive image of the discipline (Kőycű & de Vries, 
2016), reflected in their views on the relevance of engineering in modern life, its broad career 
opportunities, and their belief that technical competence plays an important role in solving real 
problems in society. 

In cognitive and educational psychology, the concept of learning interest is recognized as a 
crucial factor in student engagement, motivation, and achievement. Learning interest 
encourages students to investigate, understand, and internalize educational material. When 
students are genuinely interested in what they are learning, they are more likely to exert more 
effort, challenge difficulties, and seek deeper understanding (Sulfiani et al., 2024). Interest in 
learning is a student's desire and fascination with the subject, as well as their attention and 
activeness in happily and contentedly acquiring new knowledge and experiences. One 
component that influences optimal learning outcomes is interest. If students engage in learning 
activities with interest, they will feel a strong sense of importance. As a result, they will strive to 
focus their attention on matters related to the activity and do so with pleasure, free from the 
influence of others (Andriyanto, 2024). 

 Previous research has not mapped the factors that influence mechanical reasoning using a 
sophisticated and comprehensive modeling approach, so that the relationships between 
variables that potentially contribute to this ability have not been fully described or measured 
with sufficient accuracy. One of the most effective tools is structural equation modeling (SEM). 
Structural modeling (SEM) has the ability to analyze constructs or variables at a deeper level 
than path analysis and multiple regression. As a result, this method has greater predictive 
power. Using SEM, researchers can create research models with multiple variables, examine 
constructs or variables that are unobservable or cannot be directly measured (unobserved), test 
for measurement error (measurement error) for observed constructs or variables (observed), 
and find solutions to various research problems (Hidayat & Wulandari, 2022). 

PLS-SEM, originally known as partial least squares path modeling, is a computationally 
efficient estimator for SEM. It demonstrates the ability to rapidly describe (complex) cause-and-
effect relationships. To describe model parameters, PLS-SEM uses an iterative algorithm based 
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on generalized least squares regression to calculate weights. Next, construct scores are used to 
reflect model parameters (Schuberth et al., 2023). 

Based on this, the purpose of this study is to determine a factor model of engineering-related 
attitude and interest in learning in influencing mechanical reasoning, such that the underlying 
relationships among these constructs can be identified and empirically validated. The research 
hypotheses are: (1) engineering-related attitude can significantly influence mechanical 
reasoning (H1), and (2) interest in learning can significantly influence mechanical reasoning (H2). 

RESEARCH METHOD 
This study uses a cross-sectional study design and is quantitative in nature. A cross-sectional 
study, sometimes referred to as prevalence or transversal research, describes the attitudes, 
actions, or other characteristics of study participants at a particular moment in time. The 
sampling technique used was purposive sampling, involving 30 mechanical engineering students 
and 72 civil engineering students from the Faculty of Engineering at Universitas Islam Ogan 
Komering Ilir Kayuagung.  

The study was conducted using a questionnaire consisting of 13 items on mechanical 
reasoning (Mackellar, 2015), 8 items on engineering-related attitudes (Dewaters et al., 2017), 
and 8 items on interest in learning (Robinson et al., 2021). Each item was equipped with four 
Likert-type scale options. 

The research data were analyzed using Structural Equation Modeling (SEM) using the 
SmartPLS4 application. SEM analysis involves two stages: measurement model testing and 
structural model evaluation (Firdaus et al., 2025). Measurement model testing was conducted 
to obtain the reflective construct value by estimating the loading and p-value. Indicator loadings 
were in the range of 0.70 and statistically significant (sig) at 0.50 or below. Meanwhile, the p-
value was between 0.40 and 0.70. Internal consistency reliability was examined using Cronbach's 
alpha (α) and Composite Reliability (CR). The cut-off value for both measures was 0.70 (Hair & 
Alamer, 2022). 

The structural model coefficients for the relationships between constructs are obtained from 
estimating a series of regression equations (Hair et al., 2021). Evaluation of the structural model 
is carried out using the following steps: (1) Determine the collinearity of the model. When two 
or more predictors measure the same underlying construct, they are said to be collinear (Kock, 
2015). If all VIFs resulting from the full collinearity test are equal to or lower than 3.3, the model 
can be considered free from common method bias; (2) Determine the coefficient of 
determination (R2). R2 shows the variance explained in each predictor construct and is a 
measure of the explanatory power of the relationship between constructs in the model, as 
presented in Table 1 (Hair et al., 2021; Hair & Alamer, 2022); (3) Evaluate the size and 
significance of the path. This step is carried out to see the strength of the effect and the 
meaningfulness of the path. The path significance coefficient (β) is classified according to Table 
2 (Hair & Alamer, 2022). 

 

Table 1. Explanatory power  Table 2. Path significance 
Coefficient of 

Determination (R2) 
Explanatory 

Power 
 Significant 

Coefficient 
Strength of 

Effect 
0 – 0.10 Weak  0 – 0.10 Weak 
0.11 – 0.30 Modest  0.11 – 0.30 Modest 
0.31 – 0.50 Moderate  0.31 – 0.50 Moderate 
> 0.50 Strong  > 0.50 Strong 
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RESULTS AND DISCUSSION 
The research results will be explained in two parts, namely measurement model testing and 
structural model evaluation. 

Measurement model testing 
The first step in PLS-SEM analysis to guarantee the validity and reliability of study constructs is 
measurement model evaluation (Subhaktiyasa, 2024). The first analysis carried out was 
convergent validity analysis. The goal of convergent validity analysis is to determine the degree 
of appropriate link between the indicators utilized in the same construct or factor. The findings 
of factor loading indicators on pertinent factors will be taken into account in convergent validity 
analysis (Fithri et al., 2024). 

The convergent validity analysis results (See Figure 1) show that several indicators have been 
declared valid with a factor loading > 0.7 (Hair & Alamer, 2022). In the Engineering Related 
Attitude (ERA) variable, there are three valid indicators (ERA2, ERA3, ERA8) with outer loading 
values of 0.886 to 0.944. The Interest in Learning (IL) variable has three valid indicators (IL1, IL4 
and IL6) with outer loadings of 0.878 to 0.910. The Mechanical Reasoning (MR) variable has four 
valid indicators (MR1, MR3, MR5, and MR7) with outer values of 0.906 to 0.933. These results 
indicate that all indicators demonstrate adequate convergent validity and are therefore retained 
for further structural model analysis. 
 

 
Figure 1. Model factor. 

 
The next analysis was the average variance extracted (AVE) and reliability analysis. The 

results of these two analyses are displayed in Table 3. 
 

Table 3. Validity and reliability results 

Variable Average Variance Extracted 
(AVE) 

Cronbach's 
Alpha 

Composite Reliability 
(rho_c) 

ERA 0.873 0.951 0.965 
IL 0.784 0.862 0.916 
MR 0.852 0.943 0.958 

 
The average extracted variance (AVE) for every item in each construct is the metric used to 

assess the convergent validity constructs. We must square each indicator's loading on a 
construct and compute the mean value average in order to determine the AVE. An appropriate 
AVE is 0.50 or more, meaning that the concept accounts for at least 50% of the item variance 
(Purwanto & Sudargini, 2021). The results of the AVE test show that all variables have AVE > 0.5, 
so all variables are declared valid. 

Composite reliability, sometimes referred to as construct reliability to assess the internal 
consistency in scale categories, is comparable to Cronbach's alpha. In every intended cut-off line, 
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the constructs attained ≥0.70. The latent variable becomes dependable in subsequent analysis 
when Cronbach's alpha is greater than or equal to 0.70. The construct was deemed credible 
since the composite values also exceeded 0.70 (Mia et al., 2022). The results of the Cronbach's 
alpha and composite reliability tests show that all variables have a value of more than 0.7 so 
that all variables are declared reliable. 

Structural model evaluation 
At the structural model evaluation stage, the first thing to do is check for collinearity. The degree 
to which the other variables in the analysis are connected or can be utilized to explain a specific 
variable is known as multicollinearity. High multicollinearity may have an impact on the final 
outcomes. The variance inflation factor (VIF) value was used to determine whether 
multicollinearity was present in this investigation. VIF values of five or higher indicate the 
existence of the multicollinearity issue (Miah et al., 2023). 

The VIF values for ERA → MR were 1.421 and for IL → MR were 2.153, indicating that all 
values were below the threshold of 5. Therefore, it can be concluded that multicollinearity was 
not a problem in this study. According to Hair et al. (2021) the Variance Inflation Factor (VIF) is 
used to detect high correlations between independent variables. A VIF value <5 indicates that 
the correlation between predictors is within reasonable limits and does not interfere with model 
estimation. In fact, some literature, such as Kock (2015) states that a VIF value ≤ 3.3 can be 
considered an indicator of the absence of bias due to multicollinearity or potential common 
method bias. 

Therefore, the low VIF results confirm that the independent variables in this study do not 
have a significant correlation between them, thus distorting the regression estimates. This also 
indicates that the model used has good estimation stability, and that the tested indicators can 
provide a valid contribution in explaining variation in the mechanical reasoning variable. 

The second stage is determining the coefficient of determination. The amount of variance 
explained by the independent variables is indicated by the R2 value. Consequently, a higher R2 
value improves the structural mode's capacity for prediction (Mohamed et al., 2018). The results 
of the analysis show that the R2 value obtained is 0.421 indicates that 42.1% of the Mechanical 
Reasoning variable can be explained by the constructs or indicators that influence it. In the 
context of analysis using Partial Least Squares Structural Equation Modeling (PLS-SEM), this level 
of explanatory power is included in the moderate category (Hair et al., 2021; Hair & Alamer, 
2022). Thus, the R² value of 0.421 reflects that the model has quite good predictive ability 
because it is close to the moderate category limit. This means that 42.1% of the variation in the 
Mechanical Reasoning variable can be explained by the relationship between the indicators that 
form the construct, while the remainder is influenced by other factors outside the research 
model. This finding illustrates that the model used is able to explain the phenomenon 
adequately and is acceptable in social and educational research. 

 
Table 4. The results of the significance path 

Regression 
Path Hypothesis T statistics 

(|O/STDEV|) P values Result 

ERA → MR  
H1. Engineering-related attitude can 
significantly influence mechanical 
reasoning. 

3.425 0.001 Significant 

IL → MR  
H2. Interest in learning can significantly 
influence mechanical reasoning. 3.596 0.000 Significant 

 
The final stage is testing the significance of the path. Bootstrapping with a resample of 5000 

was used to evaluate the moderation effects of the moderator and evaluate the significance of 
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path coefficients (Miah et al., 2023). The results of the significance path test of this research 
path are shown in Table 4. 

The results of the regression path analysis indicate that Engineering-Related Attitude (ERA) 
has a significant effect on Mechanical Reasoning (MR), as evidenced by a t-statistic of 3.425 and 
a p-value of 0.001, thus supporting Hypothesis H1. This finding indicates that engineering-
related attitudes contribute significantly to improving mechanical reasoning ability. 

Furthermore, Interest in Learning (IL) was also shown to have a significant effect on 
mechanical reasoning, as evidenced by a t-statistic of 3.596 and a p-value of 0.000, thus rejecting 
Hypothesis H2. This indicates that students' learning interests substantially influence their ability 
to understand and solve mechanical problems. Overall, these two results confirm that both 
engineering-related attitudes and learning interests are important and significant factors in 
influencing mechanical reasoning ability. 

The results of this study align with those of Xu & Zhou (2022), who discovered that 21st-
century thinking skills and talents, including as problem-solving and reasoning, are positively 
influenced by attitudes toward science, engineering, and technology. This study highlighted the 
significance of students' attitudes toward engineering in enhancing cognitive abilities and 
employed structural equation modeling. The results of this study are also in line with a study of 
Sholihah and Listanti (2022) which shows that interest in learning is significantly related to 
mathematical reasoning ability, which is logically in line with mechanical reasoning because both 
are forms of higher thinking skills that are influenced by students' motivation and interest in 
learning (Sholihah & Listanti, 2022). 

 Therefore, future learning designs should integrate strategies that strengthen students’ 
engineering-related attitudes and foster higher learning interest to further enhance their 
mechanical reasoning skills. By doing this, educators can establish a more encouraging and 
stimulating learning environment that inspires students to delve deeper into engineering 
concepts, fosters long-term academic motivation, and eventually helps students become more 
capable and self-assured mechanical reasoning learners. 

CONCLUSION 
The results of the research and discussion can be concluded that the PLS-SEM model evaluation 
shows that all indicators have met convergent validity and reliability, the independent variables 
do not experience multicollinearity, 42.1% of the variation in the Mechanical Reasoning variable 
can be explained by the relationship between the indicators that form the construct, and both 
engineering-related attitudes and learning interests are important and significant factors in 
influencing mechanical reasoning ability. This study contributes to the existing literature in 
mechanical reasoning by providing an empirically validated structural model that clarifies the 
significant roles of engineering-related attitudes and learning interest in explaining variations in 
students’ mechanical reasoning ability. 
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