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 Purpose of the study: The aim of this study is to explore the effectiveness of 

integrating Computational Thinking (CT) and Mathematical Modelling (MM) 

in STEM education to improve students’ understanding of mathematical 

concepts, problem-solving skills, and engagement in the learning process. 

Methodology: This study utilized a quasi-experimental method with pre-test 

and post-test design. The sample of this study consisted of 200 students, who 

were randomly selected from four high schools in the Jambi City and Muaro 

Jambi areas. Tools included a mathematics achievement test and a student 

engagement questionnaire. Data were analyzed using paired t-tests and 

independent t-tests with the aid of SPSS software. 

Main Findings: The integration of Computational Thinking and Mathematical 

Modelling significantly improved students' understanding of mathematical 

concepts, problem-solving skills, and engagement. The experimental group 

showed a notable increase in post-test scores and higher engagement levels 

compared to the control group. 

Novelty/Originality of this study: This study introduces a novel framework for 

integrating Computational Thinking and Mathematical Modelling in STEM 

education, highlighting its potential to enhance both cognitive and affective 

aspects of learning. It provides empirical evidence supporting the use of 

innovative approaches to advance mathematics education. 
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1. INTRODUCTION 

In the era of the industrial revolution 4.0, STEM (Science, Technology, Engineering, and Mathematics) 

education has become one of the main focuses for preparing a generation that is adaptive to technological change 

[1]-[3]. STEM education involves not only mastering theory but also applying problem-solving skills in real 

situations [4]-[6]. Computational Thinking (CT) has emerged as an important approach that trains students to think 

logically and systematically [7]-[9]. On the other hand, Mathematical Modeling (MM) enables students to 

understand and analyze complex problems through mathematical representation [10]-[12]. The integration of these 

two approaches offers great potential in improving the quality of STEM education. 

Computational Thinking refers to a set of skills that help individuals solve problems with a computational 

mindset [13]-[15]. These skills include decomposition, pattern recognition, abstraction, and algorithms relevant to 

programming and technology [16]-[18]. When applied to STEM learning, Computational Thinking helps students 
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understand the deeper structure of problems [19]-[21]. However, the implementation of Computational Thinking 

in the classroom still faces various obstacles, including the lack of teacher training and educational resources [22]-

[24]. Therefore, it is important to explore how Computational Thinking can be effectively integrated into STEM 

learning.. 

Mathematical Modelling is the process of constructing mathematical models to solve real-world problems 

[25]-[27]. In STEM education, Mathematical Modeling allows students to connect theoretical concepts with 

practical applications [28]-[30]. For example, mathematical models can be used to understand climate change, 

design building structures, or predict economic trends [31]-[33]. However, the use of Mathematical Modeling in 

schools is often limited to simple problems, so the full potential of this approach has not been fully utilized. 

Integration with Computational Thinking can expand the scope of Mathematical Modeling applications and 

provide a more meaningful learning experience [34]-[36].  

STEM education plays an important role in creating a competitive workforce in the global market [37], 

[38]. With the increasing need for technological innovation, the ability to think computationally and 

mathematically becomes very important [39], [40]. However, STEM curricula are often fragmented and lack 

integration of interdisciplinary approaches. Traditional approaches that focus on theory without practical 

contextualization can reduce student interest. Therefore, there is an urgent need to design strategies that integrate 

Computational Thinking and Mathematical Modeling holistically. 

Gap analysis between previous studies conducted by Wang et al.,  [41] tend to provide a general overview 

of the various approaches and challenges in the integration of computational thinking in STEM education. The 

focus is on identifying broad trends, strategies, and research gaps. However, the current study goes deeper, drawing 

attention to the specific relationship between computational thinking and mathematical modeling. This study fills 

a gap in the previous literature by providing a practical and theoretical exploration of how the two concepts can 

complement each other in enhancing STEM learning, especially in the mathematical aspect, which is less detailed 

in previous literature reviews. 

Despite the many benefits offered, the implementation of the integration of Computational Thinking and 

Mathematical Modeling is not without obstacles [42], [43]. One of the main challenges is the lack of training for 

teachers to adopt this approach in learning. In addition, the lack of appropriate teaching materials can hinder 

implementation at the school level. On the other hand, the success of this integration also depends on the support 

of educational policy makers. Therefore, it is important to identify effective strategies to overcome these obstacles.  

This research has a novelty in the form of integration between Computational Thinking*(CT) and 

Mathematical Modeling (MM) in STEM learning, which has not been widely explored empirically in the context 

of secondary education. This approach not only focuses on understanding mathematical concepts but also 

encourages students to solve real-world problems through technology-based mathematical representations. The 

urgency of this research lies in the urgent need to develop learning methods that are relevant to the challenges of 

the 21st century, especially in the era of the Industrial Revolution 4.0, where critical thinking skills, collaboration, 

and technological literacy are essential skills. By filling the gap in previous research that tends to be fragmented, 

this study offers an innovative framework to improve the effectiveness of STEM education holistically. 

This study aims to explore how Computational Thinking and Mathematical Modeling can be integrated 

into STEM education to improve student learning outcomes. By utilizing a research-based approach, this article 

presents an in-depth analysis of the benefits, challenges, and opportunities of this integration. In addition, this 

article offers recommendations for educators, policy makers, and researchers to develop STEM education that is 

more relevant to the needs of the 21st century. Thus, this study is expected to make a significant contribution to 

the development of STEM education practices. 

 

 

2. RESEARCH METHOD 

2.1. Types of research 

This study uses a descriptive quantitative approach, which aims to measure the impact of the integration 

of Computational Thinking (CT) and Mathematical Modeling (MM) on student learning outcomes in STEM 

education. This approach was chosen because it allows researchers to collect numerical data that can be analyzed 

statistically [44]-[46]. This study focuses on identifying differences in student learning outcomes before and after 

the implementation of the integration of Computational Thinking and Mathematical Modeling in STEM learning. 

This study also measures the level of student engagement and their understanding of the concepts taught. This 

approach is in accordance with the objective of determining the extent to which the integration of the two 

approaches affects STEM learning. 

 

2.2. Population and Sample 

The population in this study were students who took STEM learning in high schools. The sample of this 

study consisted of 200 students, who were randomly selected from four high schools in the areas of Jambi City 

and Muaro Jambi. The sample was divided into two groups: an experimental group that implemented the 
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integration of Computational Thinking and Mathematical Modeling, and a control group that took conventional 

STEM learning without integration. The experimental group consisted of 100 students, and the control group also 

consisted of 100 students. Random sampling aims to reduce bias in the research results [47]. 

In this study, the sampling technique used is simple random sampling. By using this technique, all 

students in the population have an equal chance of being selected as a research sample [48]. From the population 

of students who participated in STEM learning in four high schools, 200 students were randomly selected 

consisting of two groups: 100 students for the experimental group and 100 students for the control group. This 

division aims to ensure that both groups are free from bias and can provide a valid comparison of the effect of the 

integration of Computational Thinking and Mathematical Modeling on student learning outcomes. This technique 

was chosen because it allows the study to obtain a representative sample and can reduce the possibility of bias in 

sample selection. [49]-[51]. 

 

2.3. Data Collection Instruments and Techniques 

The main instruments used to collect data were learning outcome tests and student engagement 

questionnaires. The learning outcome tests were in the form of mathematics questions and technology-based 

problem solving to measure students' understanding of the material taught using the integration of Computational 

Thinking and MM. This test was given before (pre-test) and after (post-test) the implementation of the integration 

of Computational Thinking and MM. In addition, a student engagement questionnaire was used to measure their 

level of enthusiasm and participation in learning activities. All instruments were tested first to ensure their validity 

and reliability. Data were collected in two stages: first, before learning began (pre-test and questionnaire), and 

second, after the learning process was completed (post-test and questionnaire). [52]. The instrument grid used in 

this study can be seen in the following table: 

 

Table 1. Learning Outcome Test Grid (Pre-Test and Post-Test) 

Tested Aspects Question Description Achievement Indicator 

Understanding of 

Mathematical Concepts 

Questions that test understanding of basic 

concepts in mathematics taught through 

Computational Thinking and MM. 

Students can explain and understand 

basic mathematical concepts used in 

STEM learning. 

Technology-Based 

Problem Solving 

Questions that test students' ability to 

solve mathematical problems using 

technology based on Computational 

Thinking and MM. 

Students are able to use Computational 

Thinking and MM approaches to solve 

complex and technology-based 

problems. 

Application of 

Technology in 

Mathematics Learning 

Questions that test students' ability to 

apply technology in solving mathematical 

problems based on models. 

Students can apply technology (e.g. 

software or algorithms) in solving math 

problems. 

 

This learning outcome test is given in two stages: a pre-test before learning begins to determine students' 

initial knowledge, and a post-test after implementing Computational Thinking and MM-based learning to measure 

changes or improvements in students' understanding. 

 

Table 2. Student Engagement Questionnaire Grid 

Tested Aspects Question Description Achievement Indicator 

Engagement in 

Learning 

Questions that measure the extent to which 

students feel actively involved in the learning 

process, such as participating in discussions, trying 

problems, and contributing to groups. 

Students feel involved and active 

in every learning activity based on 

Computational Thinking and MM. 

Enthusiasm and 

Motivation 

Questions that measure the extent to which 

students feel motivated and enthusiastic about 

technology-based learning and mathematical 

models. 

Students show enthusiasm and 

motivation to learn and are 

interested in the material being 

taught. 

Participation in 

Collaborative 

Activities 

Questions that measure the level of student 

participation in collaborative activities or group 

work during learning. 

Students actively collaborate with 

classmates to complete 

assignments or problems together. 

Understanding of 

the Technology 

Used 

Questions to determine the extent to which 

students understand and feel comfortable using the 

technology applied in learning. 

Students are able to operate the 

technology used to support solving 

mathematical problems. 

 

This questionnaire was filled out by students in two stages: first, before the learning began to measure 

students' expectations and readiness, and second, after the learning was completed to measure their level of 
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involvement and response to the methods used. The assessment scale in this study can be seen in the following 

table: 

 

Table 3. Assessment Scale for Learning Outcome Tests and Student Engagement Questionnaires 

Variable Scale Category 

Learning Outcomes 

1 Very Unable 

2 Unable 

3 Quite Able 

4 Able 

5 Very Able 

 

Student Engagement 

1 Strongly Disagree 

2 Disagree 

3 Neutral 

4 Agree 

5 Strongly Agree 

 

2.4. Data Analysis Techniques 

Data obtained from the learning outcome test and student engagement questionnaire were analyzed using 

descriptive statistics and the t-test (paired sample t-test) to measure the differences in mean pre-test and post-test 

scores between the experimental and control groups [53]-[55]. Descriptive statistics are used to describe student 

learning outcomes in general [56], such as the average of pre-test and post-test. The t-test is used to test whether 

there is a significant difference [57], [58] in the learning outcomes of students involved in integrated learning 

based on Computational Thinking and Mathematical Modeling compared to the control group. In addition, 

correlation analysis was used to see the relationship between the level of student engagement and their learning 

outcomes [59]. 

 

2.5. Research Procedures 

 The research procedure began with sample selection and pre-test administration to measure students' 

initial understanding of STEM learning materials. Then, the experimental group followed learning that integrated 

Computational Thinking and Mathematical Modeling in their daily activities. The control group followed 

conventional STEM learning. Learning was carried out for 6 weeks with sessions twice a week. After the learning 

process was completed, students were given a post-test and an engagement questionnaire to measure changes in 

learning outcomes and their level of participation. All data obtained were analyzed using statistical software to 

ensure the validity of the research results [60]. The research procedure can be seen in the following diagram. The 

research procedure can be seen in the following diagram.:  

Figure 1. Research Procedure 
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3. RESULTS AND DISCUSSION 

3.1.  Student Learning Outcomes Before and After Integration of Computational Thinking and 

Mathematical Modeling 

 

Table 4. Student Learning Outcomes Before and After Integration of Computational Thinking and Mathematical 

Modeling 

Group Mean Pre-Test Mean Post-Test Score Changes t-test (P-Value) 

Experimental  65.4 82.1 +16.7 t = 8.35 (p < 0.01) 

Control 66.3 70.1 +4.1 t = 1.62 (p > 0.05) 

 

Data from the pre-test and post-test showed significant differences in learning outcomes between the 

experimental group and the control group. The average pre-test score of the experimental group was 65.4, while 

the average post-test score increased to 82.1. In contrast, the control group had an average pre-test score of 66.3 

and an average post-test score of 70.5. The t-test (paired sample t-test) showed that this difference was significant 

in the experimental group (t = 8.35, p < 0.01), while no significant difference was found in the control group (t = 

1.62, p > 0.05). This shows that the integration of Computational Thinking and Mathematical Modeling in STEM 

learning has a significant positive impact on student learning outcomes. 

 

3.2.  Level of Student Engagement in Learning 

 

Table 5. Level of Student Involvement in Learning 

Group Mean % t-test (P-Value) 

Experimental  4.2 85% t = 5.72 (p < 0.01) 

Control 3.1 55% - 

 

The student engagement questionnaire revealed a clear difference between the experimental and control 

groups. The experimental group reported higher levels of engagement, with 85% of students feeling more 

interested and enthusiastic during the lesson, compared to only 55% of students in the control group. The mean 

score of student engagement in the experimental group was 4.2 (on a scale of 1-5), while the control group had a 

mean score of 3.1. Statistical tests showed a significant difference in engagement levels between the two groups 

(t = 5.72, p < 0.01). This indicates that the integration of Computational Thinking and Mathematical Modeling not 

only improves learning outcomes, but also makes learning more interesting and motivating for students. 

 

3.3. Concept Mastery and Problem Solving Skills 

 

Table 6. Concept Mastery and Problem Solving Skills 

Group Mean  Students Who Are Able to Apply Concepts t-test (P-Value) 

Experimental  80.5 75% t = 6.12 (p < 0.01) 

Control 72.3 55% - 

 

Students in the experimental group showed greater improvement in their mastery of mathematical 

concepts and problem-solving skills. In a test that tested the application of MM and Computational Thinking, 

students in the experimental group obtained an average score of 80.5, while students in the control group obtained 

72.3. Further analysis showed that 75% of students in the experimental group were able to apply the concepts of 

Computational Thinking and Mathematical Modeling to solve more complex problems, while only 55% of 

students in the control group were able to do so. The t-test also showed a significant difference (t = 6.12, p < 0.01) 

between the two groups in their ability to apply these concepts. 

 

3.4. Students' Collaborative Skills Level 

 

Table 7. Students' Collaborative Skills Level 

Group % of Collaborative Students t-test (P-Value) 

Experimental  78% t = 4.23 (p < 0.01) 

Control 60% - 

 

In addition to individual learning outcomes, this study also measured the improvement of students' 

collaborative skills. The experimental group showed better collaboration in working groups. Based on direct 

observation during the project-based learning session, 78% of students in the experimental group showed the 

ability to work well in teams, while only 60% of students in the control group showed similar abilities. Statistical 

tests showed a significant difference in students' collaborative skills between the experimental and control groups 
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(t = 4.23, p < 0.01). This indicates that Computational Thinking and MM-based learning not only develops 

individual skills, but also students' social skills. 

 

3.5. Student Reactions to Computational Thinking and Mathematical Modeling Based Learning 

 

Table 8. Student Reactions to Computational Thinking and Mathematical Modeling-Based Learning 

Group % of Students Interested % of Students Who Feel Confident t-test (P-Value) 

Experimental  90% 85% t = 5.67 (p < 0.01) 

Control 65% 55% - 

 

Overall, students in the experimental group showed a very positive response to the Computational 

Thinking and MM-based learning. Based on the questionnaire filled out after the learning session, 90% of students 

in the experimental group stated that they felt more challenged and interested in the material being taught. In 

contrast, only 65% of students in the control group felt the same way. In addition, 85% of students in the 

experimental group stated that they felt more confident in solving math problems after participating in the 

integrated Computational Thinking and Mathematical Modeling-based learning, compared to 55% of students in 

the control group. These data indicate that the integration of Computational Thinking and Mathematical Modeling 

not only improves academic outcomes, but also improves students' perceptions of STEM learning overall. 

 

3.6. Results of Correlation Test of Student Involvement and Student Learning Outcomes 

This analysis aims to determine the extent to which student involvement influences the achievement of 

learning outcomes in the context of implementing learning methods based on Computational Thinking (CT) and 

Mathematical Modeling (MM). The results of the analysis are presented in the following table: 

 

Table 9. Results of the Correlation Test of Student Involvement and Student Learning Outcomes 

Variable  r (Correlation 

Coefficient) 

Interpretation Significance (p-

value) 

Student Engagement*Learning 

Outcomes 
0.78 

Strong positive 

relationship 
p < 0.01 

 

The results of the correlation analysis showed a strong positive relationship between the level of student 

engagement and their learning outcomes, with a correlation coefficient of r = 0.78r = 0.78. This value indicates 

that the higher the student engagement in Computational Thinking and Mathematical Modeling-based learning, 

the better the learning outcomes achieved. In addition, the statistical significance of p <0.01p < 0.01 indicates that 

the relationship is statistically significant, so it can be concluded that active student engagement plays an important 

role in improving their conceptual understanding and problem-solving abilities. 

The results of the study showed that there was a significant increase in students' understanding of 

mathematical concepts in the experimental group after the application of the integration of Computational 

Thinking (CT) and Mathematical Modeling (MM). This increase can be seen from the comparison of the average 

pre-test and post-test scores, where the experimental group experienced a greater increase than the control group. 

This finding supports the theory that learning based on Computational Thinking and Mathematical Modeling 

encourages students to understand mathematical concepts more deeply through a systematic and structured 

approach [61]. In addition, the use of technology helps students in visualizing and solving complex mathematical 

problems [62]. Thus, these results are in line with previous studies that confirmed the effectiveness of this method 

in improving students' conceptual understanding [42], [63]. 

The experimental group also showed a more significant increase in technology-based problem-solving 

skills compared to the control group. This is supported by post-test data showing that students were able to solve 

problems that integrated Computational Thinking and Mathematical Modeling better. This approach facilitates 

students to think logically, identify patterns, and design solutions based on mathematical models. These abilities 

are very relevant in STEM learning, where students are faced with real-world problems that require creative and 

innovative solutions. This improvement shows that the integration of Computational Thinking and Mathematical 

Modeling is not only effective in a theoretical context, but also has practical applications in problem solving. 

Based on the results of the questionnaire, students in the experimental group showed a higher level of 

engagement than the control group. They felt more motivated and enthusiastic in participating in Computational 

Thinking and Mathematical Modeling-based learning. This engagement was influenced by an interactive learning 

approach, the use of technology, and project-based activities that required active student participation. In addition, 

group collaboration in completing problem-based tasks also encouraged students to participate more actively. 

These results support the theory that technology-based learning can increase student engagement by creating 

interesting and relevant learning experiences to their needs.  
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The differences in learning outcomes and student engagement between the experimental and control 

groups indicate that the Computational Thinking and Mathematical Modeling-based learning method has 

advantages over conventional methods. The control group, although showing an increase in post-test scores, did 

not reach the same level as the experimental group. This suggests that traditional learning methods are not enough 

to develop problem-solving skills and active student engagement in learning. These findings support the argument 

that innovation in learning approaches is essential to meet the demands of learning in the digital era. 

Previous research findings conducted by Lei et al., [64] supports the findings of this study, where the 

study stated that the results of 34 studies showed that computational thinking and academic achievement were 

positively correlated. In addition, research conducted by Alatas & Yakin [65] states that there is an influence of 

STEM learning on students' problem-solving skills as evidenced by the problem-solving skills of students in the 

experimental group increasing higher (N-Gain 0.71 high category) compared to the control group (N-Gain 0.38 

medium category). 

These findings have important implications for STEM education, particularly in the development of 

curricula that integrate technology and model-based approaches. Computational Thinking and Mathematical 

Modeling-based learning can be an effective alternative to improve the quality of mathematics and science 

learning, especially in equipping students with 21st-century skills such as critical thinking, problem solving, and 

collaboration. In addition, these results provide empirical evidence that can be used by educators to develop more 

innovative and relevant learning strategies.  

Although this study successfully demonstrated the advantages of integrating Computational Thinking and 

Mathematical Modeling, there are several limitations that need to be considered. This study only involved students 

from several high schools, so the results may not be fully representative of the wider population. In addition, the 

relatively short duration of the study may not be enough to explore the long-term impact of this method. Future 

studies are recommended to involve larger samples, longer learning durations, and variations in materials to obtain 

a more comprehensive picture of the effectiveness of this method in various learning contexts. 

 

 

4. CONCLUSION 

The conclusion of this study is that the integration of Computational Thinking (CT) and Mathematical 

Modeling (MM) in mathematics learning effectively improves conceptual understanding, technology-based 

problem-solving skills, and student engagement. The results of the study indicate that the experimental group using 

this method experienced a significant increase in learning outcomes compared to the control group, both in the 

pre-test and post-test. In addition, students in the experimental group showed a higher level of enthusiasm and 

participation in learning. These findings confirm that the Computational Thinking and Mathematical Modeling-

based learning approach is able to provide interactive, relevant, and applicable learning experiences, so that it can 

be an innovative solution to improve the quality of STEM education. However, this study has limitations in sample 

coverage and duration, so further studies with broader and more diverse approaches are highly recommended. 

Recommendations for further research are that future research needs to identify contextual factors, such as teacher 

training, technology availability, and policy support, which can influence the implementation of Computational 

Thinking (CT) and Mathematical Modeling (MM)-based methods more effectively. 

 

 

ACKNOWLEDGEMENTS 

The researcher would like to thank all parties who have provided support, especially the students, 

teachers, and schools involved in this research, as well as the institutions that provided moral and material 

assistance for the smooth implementation of this study. 

 

 

REFERENCES 
[1] D. Akgunduz and C. Mesutoglu, “Science, Technology, Engineering, and Mathematics Education for Industry 4.0 in 

Technical and Vocational High Schools: Investigation of Teacher Professional Development,” Sci. Educ. Int., vol. 32, 

no. 2, pp. 172–181, 2021, doi: 10.33828/sei.v32.i2.11. 

[2] P. Caratozzolo, E. Bravo, C. Garay-Rondero, and J. Membrillo-Hernandez, “Educational Innovation: Focusing on 

enhancing the skills of Generation Z workforce in STEM,” Proc. 2021 World Eng. Educ. Forum/Global Eng. Deans 

Counc. WEEF/GEDC 2021, no. June 2022, pp. 488–495, 2021, doi: 10.1109/WEEF/GEDC53299.2021.9657304. 

[3] Z. Lavicza et al., “Developing and Evaluating Educational Innovations for STEAM Education in Rapidly Changing 

Digital Technology Environments,” Sustain., vol. 14, no. 12, 2022, doi: 10.3390/su14127237. 

[4] E. A. Dare, K. Keratithamkul, B. M. Hiwatig, and F. Li, “Beyond content: The role of stem disciplines, real-world 

problems, 21st century skills, and stem careers within science teachers’ conceptions of integrated stem education,” Educ. 

Sci., vol. 11, no. 11, 2021, doi: 10.3390/educsci11110737. 

[5] U. Sari, E. Duygu, Ö. F. Şen, and T. Kirindi, “The effects of STEM education on scientific process skills and STEM 

awareness in simulation based inquiry learning environment,” J. Turkish Sci. Educ., vol. 17, no. 3, pp. 387–405, 2020, 

doi: 10.36681/tused.2020.34. 



          ISSN: 3021-7857 

Intv. Ind. J. of. Math. Ed,Vol. 1, No. 2, December 2024:  73 - 82 

80 

[6] J. Contente and C. Galvão, “STEM Education and Problem‐Solving in Space Science: A Case Study with CanSat,” Educ. 

Sci., vol. 12, no. 4, 2022, doi: 10.3390/educsci12040251. 

[7] J. Fagerlund, P. Häkkinen, M. Vesisenaho, and J. Viiri, “Computational thinking in programming with Scratch in primary 

schools: A systematic review,” Comput. Appl. Eng. Educ., vol. 29, no. 1, pp. 12–28, 2021, doi: 10.1002/cae.22255. 

[8] R. Isharyadi and D. Juandi, “A Systematics Literature Review of Computational Thinking in Mathematics Education: 

Benefits and Challenges,” Form. J. Ilm. Pendidik. MIPA, vol. 13, no. 1, pp. 69–80, 2023, doi: 

10.30998/formatif.v13i1.15922. 

[9] V. Dolgopolovas and V. Dagiene, “On the future of computational thinking education: Moving beyond the digital agenda, 

a discourse analysis perspective,” Sustain., vol. 13, no. 24, 2021, doi: 10.3390/su132413848. 

[10] Z. Kohen and D. Orenstein, “Mathematical modeling of tech-related real-world problems for secondary school-level 

mathematics,” Educ. Stud. Math., vol. 107, no. 1, pp. 71–91, 2021, doi: 10.1007/s10649-020-10020-1. 

[11] Á. Alsina and M. Salgado, “Understanding Early Mathematical Modelling: First Steps in the Process of Translation 

Between Real-world Contexts and Mathematics,” Int. J. Sci. Math. Educ., vol. 20, no. 8, pp. 1719–1742, 2022, doi: 

10.1007/s10763-021-10232-8. 

[12] A. Bicer, “A systematic literature review: Discipline-specific and general instructional practices fostering the 

mathematical creativity of students,” Int. J. Educ. Math. Sci. Technol., vol. 9, no. 2, pp. 252–281, 2021, doi: 

10.46328/IJEMST.1254. 

[13] M. Stella, A. Kapuza, C. Cramer, and S. Uzzo, “Mapping computational thinking mindsets between educational levels 

with cognitive network science,” J. Complex Networks, vol. 9, no. 6, 2021, doi: 10.1093/comnet/cnab020. 

[14] C. H. Liao, C. T. Chiang, I. C. Chen, and K. R. Parker, “Exploring the relationship between computational thinking and 

learning satisfaction for non-STEM college students,” Int. J. Educ. Technol. High. Educ., vol. 19, no. 1, 2022, doi: 

10.1186/s41239-022-00347-5. 

[15] B. Muchsini, Siswandari, Gunarhadi, and Wiranto, “Behavioural Dimensions of College Students’ Intention to 

Implement Computational Thinking in Designing Spreadsheets for Accounting,” Pegem Egit. ve Ogr. Derg., vol. 12, no. 

4, pp. 241–252, 2022, doi: 10.47750/pegegog.12.04.25. 

[16] H. Belmar, “Review on the teaching of programming and computational thinking in the world,” Front. Comput. Sci., vol. 

4, no. 997222, 2022, doi: 10.3389/fcomp.2022.997222. 

[17] I. Lee and J. Malyn-Smith, “Computational Thinking Integration Patterns Along the Framework Defining Computational 

Thinking from a Disciplinary Perspective,” J. Sci. Educ. Technol., vol. 29, no. 1, pp. 9–18, 2020, doi: 10.1007/s10956-

019-09802-x. 

[18] D. F. Rosali and D. Suryadi, “An Analysis of Students’ Computational Thinking Skills on The Number Patterns Lesson 

during The Covid-19 Pandemic,” Form. J. Ilm. Pendidik. MIPA, vol. 11, no. 2, pp. 217–232, 2021, doi: 

10.30998/formatif.v11i2.9905. 

[19] N. Markandan, K. Osman, and L. Halim, “Integrating Computational Thinking and Empowering Metacognitive 

Awareness in Stem Education,” Front. Psychol., vol. 13, no. June, pp. 1–18, 2022, doi: 10.3389/fpsyg.2022.872593. 

[20] C. Tripon, “Supporting Future Teachers to Promote Computational Thinking Skills in Teaching STEM—A Case Study,” 

Sustain., vol. 14, no. 19, 2022, doi: 10.3390/su141912663. 

[21] K. Hava and Z. Koyunlu Ünlü, “Investigation of the Relationship Between Middle School Students’ Computational 

Thinking Skills and their STEM Career Interest and Attitudes Toward Inquiry,” J. Sci. Educ. Technol., vol. 30, no. 4, pp. 

484–495, 2021, doi: 10.1007/s10956-020-09892-y. 

[22] Q. Li, “Computational thinking and teacher education: An expert interview study,” Hum. Behav. Emerg. Technol., vol. 

3, no. 2, pp. 324–338, 2021, doi: 10.1002/hbe2.224. 

[23] H. J. So, M. S. Y. Jong, and C. C. Liu, “Computational Thinking Education in the Asian Pacific Region,” Asia-Pacific 

Educ. Res., vol. 29, no. 1, pp. 1–8, 2020, doi: 10.1007/s40299-019-00494-w. 

[24] R. Jocius, W. I. O’Byrne, J. Albert, D. Joshi, R. Robinson, and A. Andrews, “Infusing Computational Thinking into 

STEM Teaching: From Professional Development to Classroom Practice,” Educ. Technol. Soc., vol. 24, no. 4, pp. 166–

179, 2021. 

[25] A. Abassian, F. Safi, S. Bush, and J. Bostic, “Five different perspectives on mathematical modeling in mathematics 

education,” Investig. Math. Learn., vol. 12, no. 1, pp. 53–65, 2020, doi: 10.1080/19477503.2019.1595360. 

[26] A. N. Cahyono, Y. L. Sukestiyarno, M. Asikin, Miftahudin, M. G. K. Ahsan, and M. Ludwig, “Learning mathematical 

modelling with augmented reality mobile math trails program: How can it work?,” J. Math. Educ., vol. 11, no. 2, pp. 

181–192, 2020, doi: 10.22342/jme.11.2.10729.181-192. 

[27] M. Cevikbas, G. Kaiser, and S. Schukajlow, A systematic literature review of the current discussion on mathematical 

modelling competencies: state-of-the-art developments in conceptualizing, measuring, and fostering, vol. 109, no. 2. 

Springer Netherlands, 2022. doi: 10.1007/s10649-021-10104-6. 

[28] A. Leung, “Boundary crossing pedagogy in STEM education,” Int. J. STEM Educ., vol. 7, no. 15, pp. 1–11, 2020, doi: 

10.1186/s40594-020-00212-9. 

[29] L. F. Jawad, B. H. Majeed, and H. T. S. Alrikabi, “The Impact of Teaching by Using STEM Approach in The 

Development of Creative Thinking and Mathematical Achievement Among the Students of The Fourth Scientific Class,” 

Int. J. Interact. Mob. Technol., vol. 15, no. 13, pp. 172–188, 2021, doi: 10.3991/ijim.v15i13.24185. 

[30] R. Ziatdinov and J. R. Valles, “Synthesis of Modeling, Visualization, and Programming in GeoGebra as an Effective 

Approach for Teaching and Learning STEM Topics,” Mathematics, vol. 10, no. 3, 2022, doi: 10.3390/math10030398. 

[31] S. Eliseeva, E. Fedinishina, and N. Kushcheva, “Effect of Secondary Food Resources in the Formation of the Quality of 

Flour Confectionery,” J. Hyg. Eng. Des., vol. 36, pp. 37–42, 2021. 

[32] L. Maybury, P. Corcoran, and L. Cipcigan, “Mathematical modelling of electric vehicle adoption: A systematic literature 

review,” Transp. Res. Part D Transp. Environ., vol. 107, no. May, p. 103278, 2022, doi: 10.1016/j.trd.2022.103278. 

[33] Y. Pan et al., “Building energy simulation and its application for building performance optimization: A review of 



Intv. Ind. J. of. Math. Ed ISSN: 3021-7857  

Exploring the Integration of Computational Thinking and Mathematical Modelling in STEM …(Fifi Fitriani) 

81 

methods, tools, and case studies,” Adv. Appl. Energy, vol. 10, no. December 2022, p. 100135, 2023, doi: 

10.1016/j.adapen.2023.100135. 

[34] I. Lee, S. Grover, F. Martin, S. Pillai, and J. Malyn-Smith, “Computational Thinking from a Disciplinary Perspective: 

Integrating Computational Thinking in K-12 Science, Technology, Engineering, and Mathematics Education,” J. Sci. 

Educ. Technol., vol. 29, no. 1, pp. 1–8, 2020, doi: 10.1007/s10956-019-09803-w. 

[35] H. Ye, B. Liang, O. L. Ng, and C. S. Chai, “Integration of computational thinking in K-12 mathematics education: a 

systematic review on CT-based mathematics instruction and student learning,” Int. J. STEM Educ., vol. 10, no. 1, 2023, 

doi: 10.1186/s40594-023-00396-w. 

[36] K. P. Waterman, L. Goldsmith, and M. Pasquale, “Integrating Computational Thinking into Elementary Science 

Curriculum: an Examination of Activities that Support Students’ Computational Thinking in the Service of Disciplinary 

Learning,” J. Sci. Educ. Technol., vol. 29, no. 1, pp. 53–64, 2020, doi: 10.1007/s10956-019-09801-y. 

[37] T. P. L. Nguyen, T. H. Nguyen, and T. K. Tran, “STEM education in secondary schools: Teachers’ perspective towards 

sustainable development,” Sustain., vol. 12, no. 21, pp. 1–16, 2020, doi: 10.3390/su12218865. 

[38] N. M. Tri, P. D. Hoang, and N. T. Dung, “Impact of the industrial revolution 4.0 on higher education in Vietnam: 

challenges and opportunities,” Linguist. Cult. Rev., vol. 5, no. S3, pp. 1–15, 2021, doi: 10.21744/lingcure.v5ns3.1350. 

[39] Y. Li et al., “Computational Thinking Is More about Thinking than Computing,” J. STEM Educ. Res., vol. 3, no. 1, pp. 

1–18, 2020, doi: 10.1007/s41979-020-00030-2. 

[40] S. Inganah, R. Darmayanti, and N. Rizki, “Problems, Solutions, and Expectations: 6C Integration of 21 st Century 

Education into Learning Mathematics,” JEMS (Journal Math. Sci. Educ., vol. 11, no. 1, pp. 220–238, 2023. 

[41] C. Wang, J. Shen, and J. Chao, “Integrating Computational Thinking in STEM Education: A Literature Review,” Int. J. 

Math. Sci. Educ., vol. 20, no. 8, pp. 1949–1972, 2021. 

[42] W. Sung and J. B. Black, “Factors to consider when designing effective learning: Infusing computational thinking in 

mathematics to support thinking-doing,” J. Res. Technol. Educ., vol. 53, no. 4, pp. 404–426, 2020, doi: 

10.1080/15391523.2020.1784066. 

[43] T. Palts and M. Pedaste, “A model for developing computational thinking skills,” Informatics Educ., vol. 19, no. 1, pp. 

113–128, 2020, doi: 10.15388/INFEDU.2020.06. 

[44] H. Taherdoost, “What are Different Research Approaches? Comprehensive Review of Qualitative, Quantitative, and 

Mixed Method Research, Their Applications, Types, and Limitations,” J. Manag. Sci. Eng. Res., vol. 5, no. 1, pp. 53–63, 

2022, doi: 10.30564/jmser.v5i1.4538. 

[45] H. Taherdoost, “Data Collection Methods and Tools for Research; A Step-by-Step Guide to Choose Data Collection 

Technique for Academic and Business Research Projects Hamed Taherdoost. Data Collection Methods and Tools for 

Research; A Step-by-Step Guide to Choose Data Collection Technique for Academic Data Collection Methods and Tools 

for Research; A Step-by-Step Guide to Choose Data Collection Technique for Academic and Business Research 

Projects,” Int. J. Acad. Res. Manag., vol. 2021, no. 1, pp. 10–38, 2021, [Online]. Available: https://hal.science/hal-

03741847 

[46] H. R. Ganesha and P. S. Aithal, “How to choose an appropriate research data collection method and method choice among 

various research data collection methods and method choices during Ph. D. program in India?,” Int. J. Manag. Technol. 

Soc. Sci., vol. 7, no. 2, pp. 455–489, 2022. 

[47] S. Baltes and P. Ralph, “Sampling in software engineering research: a critical review and guidelines,” Empir. Softw. Eng., 

vol. 27, no. 4, pp. 1–38, 2022, doi: 10.1007/s10664-021-10072-8. 

[48] M. M. Rahman, M. I. Tabash, A. Salamzadeh, S. Abduli, and M. S. Rahaman, “Sampling Techniques (Probability) for 

Quantitative Social Science Researchers: A Conceptual Guidelines with Examples,” SEEU Rev., vol. 17, no. 1, pp. 42–

51, 2022, doi: 10.2478/seeur-2022-0023. 

[49] G. K. Mweshi and K. Sakyi, “Application of sampling methods for the research design,” Arch. Bus. Res., vol. 8, no. 11, 

pp. 180–193, 2020, doi: 10.14738/abr.811.9042. 

[50] S. Raifman, M. A. DeVost, J. C. Digitale, Y.-H. Chen, and M. D. Morris, “Respondent-Driven Sampling: a Sampling 

Method for Hard-to-Reach Populations and Beyond,” Curr. Epidemiol. Reports, vol. 9, no. 1, pp. 38–47, 2022, doi: 

10.1007/s40471-022-00287-8. 

[51] J. Golzar and S. Noor, “Defining Convenience Sampling in a Scientific Research,” Int. J. Educ. Lang. Stud., vol. 1, no. 

November, pp. 72–77, 2022. 

[52] A. Ariffin, “Effects of Student Collaboration on ESL Learners’ Vocabulary Development,” Asian J. Univ. Educ., vol. 17, 

no. 1, pp. 177–191, 2021, doi: 10.24191/ajue.v17i1.12627. 

[53] S. Afifah, A. Mudzakir, and A. B. D. Nandiyanto, “How to Calculate Paired Sample t-Test using SPSS Software: From 

Step-by-Step Processing for Users to the Practical Examples in the Analysis of the Effect of Application Anti-Fire 

Bamboo Teaching Materials on Student Learning Outcomes,” Indones. J. Teach. Sci., vol. 2, no. 1, pp. 81–92, 2022, doi: 

10.17509/ijotis.v2i1.45895. 

[54] J. W. Oh and J. E. Kim, “Effectiveness of a virtual reality application-based education programme on patient safety 

management for nursing students: A pre-test–post-test study,” Nurs. Open, vol. 10, no. 12, pp. 7622–7630, 2023, doi: 

10.1002/nop2.2001. 

[55] S. Movva, P. R. Alapati, P. Veliventi, and M. G, “The Effect of Pre , While , and Post Listening Activities on Developing 

EFL Students ’ Listening Skills,” Theory Pract. Lang. Stud., vol. 12, no. 8, pp. 1500–1507, 2022, doi: 

10.17507/tpls.1208.05. 

[56] G. Jariono, H. Nugroho, I. Hermawan, F. Fachrezzy, and U. Maslikah, “The Effect of Circuit Learning on Improving The 

Physical Fitness of Elementary School Students,” Int. J. Educ. Res. Soc. Sci., vol. 2, no. 1, pp. 59–68, 2021, doi: 

10.51601/ijersc.v2i1.22. 

[57] R. Parekh, “Comparison Analysis of Construction Costs according to LEED and non-LEED Certified Educational 

Buildings,” J. Emerg. Technol. Innov. Res., vol. 11, no. 8, pp. 1–8, 2024. 



          ISSN: 3021-7857 

Intv. Ind. J. of. Math. Ed,Vol. 1, No. 2, December 2024:  73 - 82 

82 

[58] S. K. Kwak and J. Kim, “Transparency considerations for describing statistical analyses in research,” Korean J. 

Anesthesiol., vol. 74, no. 6, pp. 488–495, 2021, doi: 10.4097/kja.21203. 

[59] F. Kardaş, “The fear of COVID-19 raises the level of depression, anxiety and stress through the mediating role of 

intolerance of uncertainty,” Stud. Psychol. (Bratisl)., vol. 63, no. 3, pp. 291–306, 2021, doi: 10.31577/SP.2021.03.828. 

[60] L. Surucu and A. Maslakci, “Business & Management Studies :,” Bus. Manag. Stud. An Int. J., vol. 8, no. 3, pp. 2694–

2726, 2020. 

[61] A. E. Pierson and C. E. Brady, “Expanding opportunities for systems thinking, conceptual learning, and participation 

through embodied and computational modeling,” Systems, vol. 8, no. 4, pp. 1–31, 2020, doi: 10.3390/systems8040048. 

[62] F. Del Cerro Velázquez and G. M. Méndez, “Application in augmented reality for learning mathematical functions: A 

study for the development of spatial intelligence in secondary education students,” Mathematics, vol. 9, no. 4, pp. 1–19, 

2021, doi: 10.3390/math9040369. 

[63] M. A. S. Sulistiyo and A. Wijaya, “The effectiveness of inquiry-based learning on computational thinking skills and self-

efficacy of high school students,” in Journal of Physics: Conference Series, 2020, pp. 1–10. doi: 10.1088/1742-

6596/1581/1/012046. 

[64] H. Lei, M. M. Chiu, F. Li, X. Wang, and Y. jing Geng, “Computational thinking and academic achievement: A meta-

analysis among students,” Child. Youth Serv. Rev., vol. 118, no. September, p. 105439, 2020, doi: 

10.1016/j.childyouth.2020.105439. 

[65] F. Alatas and N. A. Yakin, “The Effect of Science, Technology, Engineering, and Mathematics (STEM) Learning on 

Students’ Problem Solving Skill,” JIPF (Jurnal Ilmu Pendidik. Fis., vol. 6, no. 1, p. 1, 2021, doi: 10.26737/jipf.v6i1.1829. 

 


