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Abstract—Algorithmic Thinking (AT) is increasingly 

recognized as a vital 21st-century competency, especially within 

the context of educational digital transformation. This study 

investigates the factors influencing AT among prospective 

primary school teachers by developing and validating a 

theoretical framework using Structural Equation Modeling 

(SEM). Data were gathered from 215 Primary Education 

students enrolled in several pedagogical universities in 

Northern Vietnam. The results reveal that Programming 

Competence (PC) (β = 0.334, p < 0.05) and Learning 

Environment (LE) (β = 0.290, p < 0.05) significantly and directly 

impact this competence, while Learning Attitude (LA) (β = 

0.294, p < 0.05) and Technological Self-Efficacy (TSE) (β = 0.436, 

p < 0.05) exert indirect effects through PC. Logical Thinking 

(LT), however, shows no significant influence in the model, 

indicating the need for further exploration of potential 

mediating or moderating factors. This study contributes novel 

evidence by validating a multidimensional structural model of 

AT among pre-service teachers in a developing-country context, 

thereby extending existing frameworks of computational and 

digital competence to the field of primary teacher education. 

The findings contribute to the theoretical discourse on AT in 

teacher education and offer practical insights for the design of 

teacher training programs, particularly in fostering 

programming practice, technological integration, and 

supportive learning environments. 
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I. INTRODUCTION  

In the context of digital transformation and rapid 

technological advancement, Algorithmic Thinking (AT) has 

emerged as an essential competency in modern education. 

AT is not only the foundation for learning programming but 

also a critical tool that supports students in developing 

problem-solving skills, logical reasoning, and the ability to 

abstract. According to Wing [1], AT is a cognitive approach 

that enables individuals to solve problems systematically and 

efficiently. It is not confined to the field of computer science 

but is widely applicable across various disciplines, including 

mathematics, science, and the arts. Similarly,  

Csizmadia et al. [1, 2] and Dejarnette and Thomas [3, 4] 

emphasized AT as the foundation for learning programming 

and fostering analytical and problem-solving abilities across 

disciplines. Güler [3, 4] and Brown [2, 5] further underscored 

its importance as a transferable skill that extends beyond 

computer science, supporting students in developing 

structured reasoning, creativity, and the ability to design 

solutions applicable to real-world contexts. Within teacher 

education, cultivating AT is particularly vital for future 

primary school teachers to strengthen their problem-solving 

and digital-integration capacities, in alignment with the 

requirements of the 2018 General Education Curriculum in 

Vietnam. According to various scholars, algorithmic thinking 

not only supports the resolution of current situations but also 

lays the groundwork for developing generalized solutions 

that can be applied to similar problems in the future [6, 7] 

Algorithmic thinking plays a vital role not only in 

computer science but also across various domains of life and 

education-particularly in the learning process, where students 

need to develop logical reasoning, creative thinking, and the 

capacity to solve real-world problems [5, 8]. In addition, 

practicing algorithmic thinking helps students develop 

critical and creative thinking by engaging in the design, 

testing, and refinement of algorithms to address real-life 

situations.  

Recent research on Algorithmic Thinking (AT) can be 

grouped into three major thematic directions. First, a number 

of studies have concentrated on the development and 

validation of assessment instruments for evaluating AT 

competence. Adorni and Piatti [9] developed an assessment 

tool for evaluating algorithmic thinking skills among students 

in general education. Villalustre and Cueli [10] constructed 

an assessment instrument to measure the proficiency level of 

this cognitive approach in prospective primary school 

teachers; Jin and Cutumisu [11] developed an online training 

environment integrated with machine learning technology to 

predict and classify algorithmic thinking abilities based on 
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teachers’ learning activity data. Similarly, Li et al. [12]

investigated the perceptions and beliefs of preservice primary 

school teachers regarding algorithmic thinking and 

subsequently designed a detailed survey instrument. 

Second, a large body of research has focused on teaching 

strategies and learning environments for developing AT. The 

study by Adorni et al. [9] compared the effectiveness of 

teaching algorithmic thinking through traditional (unplugged) 

methods versus digital technology-based approaches in the 

context of K-12 education. In addition, numerous studies 

have proposed effective strategies for developing this 

competence, such as using block-based programming tools 

that make it easier for students to approach and understand 

fundamental programming concepts, thereby enhancing their 

algorithmic thinking skills [13]; Hsu, Chang, and Hung [14]

identified problem-based learning as one of the most 

effective strategies for teaching algorithmic thinking. Doğan 

[5, 8] and Dong et al. [15] emphasized the role of 
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technology-supported environments—such as Scratch, 

Arduino, or other visual programming interfaces—in 

promoting programming competence and algorithmic 

reasoning among pre-service teachers. Pala and Türker [16] 

suggested using the Arduino IDE in combination with C++ 

programming to cultivate creative, algorithmic, and critical 

thinking skills among future primary school teachers.  

Third, recent trends have underscored the integration of 

AT within STEM education as a cross-disciplinary approach 

to enhance problem-solving and logical reasoning. There is a 

growing trend toward integrating algorithmic thinking into 

Science, Technology, Engineering, and Mathematics (STEM) 

subjects to foster students’ problem-solving and logical 

reasoning skills [17, 18]. Integrating algorithmic thinking 

activities into subjects like mathematics, science, and the arts 

helps students recognize its practical applications [19–21]. 

Eli Sheldon [22] emphasized the importance of embedding 

algorithmic thinking across various educational domains. 

However, many studies have pointed out that, globally, 

most models or approaches for developing algorithmic 

thinking have primarily focused on secondary education, 

leaving a gap in the training of future teachers [8, 15, 23, 24]. 

In practice, many prospective primary school teachers still 

exhibit limited algorithmic thinking competence, particularly 

in applying it to lesson planning and organizing 

technology-enhanced learning activities [8, 12, 15, 25]. 

Algorithmic thinking plays a vital role in enabling teachers to 

design learning activities that are logical, analytical, and 

problem-solving-oriented. It also facilitates the flexible 

integration of information technology into instruction, 

thereby enhancing the quality of teaching and learning [26]. 

Primary school teachers play a pivotal role in shaping and 

fostering Algorithmic Thinking (AT) in students from the 

earliest years. Integrating AT into the primary curriculum not 

only familiarizes students with fundamental programming 

concepts but also promotes critical and creative thinking. 

However, to implement this effectively, teachers must be 

well-equipped with the necessary knowledge and skills 

related to AT, as well as maintain a positive attitude and 

confidence in applying technology in their teaching. 

Numerous studies have highlighted that the development of 

AT in prospective primary school teachers depends on 

various influencing factors. According to Yadav et al. [27], a 

positive learning attitude and high technological self-efficacy 

are strongly associated with the development of Algorithmic 

Thinking (AT). Additionally, a supportive learning 

environment and programming competence are also 

considered key factors influencing the AT of future teachers. 

However, in Vietnam, research on this topic remains 

limited—particularly in the application of Structural 

Equation Modeling (SEM) to examine the relationships 

among the factors affecting AT. In response to this situation, 

the present study was conducted to analyze the factors 

influencing the Algorithmic Thinking (AT) of prospective 

primary school teachers in Vietnam. Specifically, the 

research focuses on examining the relationships among the 

following variables: Logical Thinking (LT), programming 

Competence (PC), Learning Attitude (LA), technological 

Self-Efficacy (TSE), Learning Environment (LE), and 

Algorithmic Thinking (AT).  

Despite the increasing attention to Algorithmic Thinking 

research worldwide, there remains a lack of empirical 

evidence applying Structural Equation Modeling (SEM) to 

examine the interrelationships among cognitive, affective, 

and environmental factors influencing AT development 

among pre-service primary teachers in developing-country 

contexts such as Vietnam. 

The main research questions include: 

1) What factors have direct and indirect effects on the

Algorithmic Thinking (AT) of prospective primary

school teachers?

2) To what extent does each factor influence AT?

3) Is the proposed SEM model consistent with the empirical

data?

This study has significant theoretical implications for

expanding understanding of the factors that influence AT 

among future primary school teachers, particularly within the 

Vietnamese educational context. The application of 

Structural Equation Modeling (SEM) enables a 

comprehensive and precise examination of the relationships 

among variables, thereby providing a scientific foundation 

for designing appropriate teacher education programs. 

Based on the theoretical framework and prior studies, a 

conceptual model was proposed to examine the hypothesized 

relationships among the six latent variables: Logical 

Thinking (LT), Learning Attitude (LA), Technological 

Self-Efficacy (TSE), Learning Environment (LE), 

Programming Competence (PC), and Algorithmic Thinking 

(AT). The model is presented in Fig. 1 below. 

Fig. 1. Conceptual model illustrating hypothesized relationships among LT, LA, TSE, LE, PC, and AT. 

From a practical perspective, the findings of this study will 

help teacher training institutions identify key factors to focus 

on in the teaching process to enhance AT competence among 

education students. Moreover, the study offers valuable 

insights for education policymakers in developing training 

policies and programs that meet the demands of the digital 

era. 

II. MATERIALS AND METHODS

A. Research Design

This study employed a quantitative approach with a

research model design aimed at testing the causal 

relationships among factors influencing the Algorithmic 

Thinking (AT) of prospective primary school teachers. Based 
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on the theoretical framework and a comprehensive review of 

prior studies, a theoretical model was developed comprising 

six latent variables: Logical Thinking (LT), Learning 

Attitude (LA), Technological Self-Efficacy (TSE), Learning 

Environment (LE), Programming Competence (PC), and 

Algorithmic Thinking (AT). Data were collected through a 

questionnaire and analyzed using Structural Equation 

Modeling (SEM) with the GSCA software. 

B. Participants and Sample 

The participants of this study were third- and fourth-year 

students majoring in Primary Education at pedagogical 

universities located in the midland and mountainous regions 

of Northern Vietnam. This group was selected due to their 

exposure to programming content and the teaching of STEM 

subjects at the primary level. This study employed a 

convenience sampling approach. The questionnaire was 

designed and distributed to students majoring in Primary 

Education at Thai Nguyen University of Education through 

the Zalo application between May 25, 2025 and June 3, 2025. 

A total of approximately 300 invitations were sent out, and 

243 responses were received, representing a response rate of 

81%. After data screening, 28 responses were excluded due 

to invalid or incomplete answers (e.g., selecting only one 

option for all items). The final valid dataset comprised 215 

responses, accounting for 71.7% of the total invitations. 

Regarding sample size requirements, Kock and 

Hadaya [28] suggest a minimum sample size of 100 to 200 

participants, while Anderson and Gerbing [29] argue that a 

sample size of 100 is sufficient for convergence, and a sample 

of 150 is adequate to achieve both convergence and accuracy 

when analyzing constructs with at least three indicators. In 

this study, the sample size was determined using a tool 

recommended by Kline [30], which indicated a minimum 

required size of 200. The actual sample collected exceeded 

this threshold, satisfying the requirements for both reliability 

and statistical representativeness. A total of 215 valid 

responses were collected and included in the analysis. 

C. Instruments and Measurements 

The questionnaire was designed with 27 items 

corresponding to six latent variables, using a five-point Likert 

scale (1 = Strongly Disagree; 5 = Strongly Agree). The 

measurement scales for each variable were developed based 

on a synthesis of reputable studies in the field. 

⚫ Algorithmic Thinking (AT): The scale was adapted from 

the model proposed by Román-González et al. [31]. 

⚫ Programming Competence (PC): Developed based on 

Brennan and Resnick [26] focusing on the ability to write 

code, debug, use variables, and implement control 

structures. 

⚫ Technological Self-Efficacy (TSE): Adapted from 

Bandura [32] self-efficacy scale, including indicators 

related to confidence in using digital tools. 

⚫ Learning Attitude (LA): Inherited from Yadav et al.  [27], 

measuring students’ proactivity, persistence, and interest 

in learning programming. 

⚫ Logical Thinking (LT) and Learning Environment (LE): 

Constructed based on studies conducted in the context of 

programming education for teachers [8, 33].  

The questionnaire used in this study was developed based 

on validated scales from prior research on algorithmic 

thinking, programming competence, learning attitude, and 

related constructs. The full questionnaire, organized by 

construct, is presented in Table 1 below. 

 
Table 1. Survey items 

Items Survey Items 

lt1 I often break down a teaching problem into small, clear steps. 
lt2 I have the ability to reason sequentially, using the result of the previous step as the foundation for the next. 

lt3 I verify my hypotheses in a logical sequence before proposing a solution. 

lt4 I continuously adjust my reasoning based on newly collected information. 
pc1 I am confident in writing or editing simple code (e.g., branching, loops, conditions) to solve problems. 

pc2 I have a clear understanding of how to use variables and basic functions in a programming language. 
pc3 I can identify and fix syntax or logic errors in a piece of code. 

pc4 I am able to read and interpret block diagrams/algorithm flowcharts. 

la1 I believe algorithmic thinking is an important skill worth investing time in learning. 
la2 I actively seek opportunities to practice programming or explore new algorithms. 

la3 I am excited to share my programming experiences with friends. 
la4 I persist in trying multiple approaches when faced with difficult programming problems. 

tse1 I am confident in selecting and using software and digital tools to support teaching and learning activities. 

tse2 When encountering technical issues, I can find solutions on my own or learn quickly. 
tse3 I feel competent enough to guide others (friends, students) in using technology. 

tse4 I proactively update and familiarize myself with new technologies for teaching purposes. 
le1 I am provided with resources (devices, internet access, documents) to practice programming in a training environment. 

le2 I receive support from instructors and peers when I face difficulties in algorithmic thinking. 

le3 I have opportunities to participate in discussions, workshops, or group projects to develop algorithm skills. 
le4 I am encouraged to self-reflect and self-assess my learning outcomes. 

le5 I am encouraged to share my results and experiences with friends and teaching communities. 

at1 I can decompose a complex problem into simpler sub-problems for better understanding and resolution. 
at2 I can identify and clearly understand the inputs, outputs, and constraints of a specific problem. 

at3 I know how to abstract information, focusing on the core elements of a problem. 
at4 I can generalize an operation on individual objects into an operation on a class of objects, thereby abstracting it into a new concept. 

at5 I can identify basic operations and build accurate algorithms to solve problems. 

at6 I can compare different approaches to accomplishing a task and identify the optimal one. 

 

D. Data Analysis 

To validate the proposed research model, the study 

employed the Generalized Structured Component Analysis 

(GSCA) technique. Comparative studies have shown that 

GSCA-SEM outperforms PLS-SEM in terms of loading 

consistency, standard errors, and parameter estimation 

capability [34, 35]. Moreover, GSCA is a full-information 

method that optimizes a unified criterion for both 
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measurement and structural models. It supports both 

reflective and formative constructs—unlike PLS-SEM, 

which only performs partial optimization and does not assess 

overall model fit indices (such as FIT, AFIT, and 

Goodness-of-Fit Index) [36]. In addition, simulation-based 

experimental models indicate that GSCA (with reflective 

indicators) yields better parameter recovery and statistical 

power compared to PLSPM [37]. Finally, GSCA does not 

require data to follow a normal distribution, which helps 

avoid the risk of invalid solutions and allows for overall 

model fit assessment—an aspect particularly well-suited to 

the present research context. 

III. RESULTS 

A. Measurement Model Evaluation 

To ensure the validity and reliability of the latent 

constructs in the model, the study assessed several 

measurement quality indicators, including internal 

consistency reliability (Cronbach’s Alpha). A summary of 

the construct reliability and validity indicators is provided in 

Table 2. 
 

Table 2. Construct reliability and convergent validity indicators 

Construct property LT PC LA TSE LE AT 

AVE 0.726 0.812 0.695 0.755 0.742 0.756 
Alpha 0.874 0.923 0.853 0.892 0.913 0.935 

Rho 0.914 0.945 0.901 0.925 0.935 0.949 

Dimensionality 1.0 1.0 1.0 1.0 1.0 1.0 

 

All constructs meet the threshold values for AVE > 0.50 

and Alpha > 0.70, indicating adequate reliability. The results 

show that all latent constructs meet the required reliability 

thresholds. Specifically, the Cronbach’s Alpha coefficients 

for the variable groups range from 0.853 to 0.935, exceeding 

the minimum threshold of 0.70 recommended by  

Hair et al. [38]. These results reflect a high level of internal 

consistency among the observed variables within each 

construct. Notably, the “Algorithmic Thinking” construct 

achieved the highest Cronbach’s Alpha (α = 0.935), 

indicating exceptionally strong coherence among its 

component indicators. Additionally, the Composite 

Reliability (CR) values for all constructs exceeded 0.90, 

ranging from 0.901 to 0.949. This is considered a robust 

indicator in modern SEM analysis, suggesting that the 

observed variables reliably represent their respective latent 

constructs. For example, the “Programming Competence” 

construct recorded a CR (Rho) of 0.949—an exceptionally 

high value that reflects both accuracy and stability in 

measurement. 

The Average Variance Extracted (AVE) values for all 

constructs surpassed the recommended threshold of 0.50, 

ranging from 0.695 (Learning Attitude—LA) to 0.812 

(Programming Competence—PC). This indicates that each 

set of indicators explains the majority of variance in its 

associated latent construct, thereby confirming the 

convergent validity of the measurement scales. Finally, all 

constructs achieved perfect unidimensionality 

(Unidimensionality = 1.0), confirming that each group of 

indicators measures a single dimension of its respective latent 

concept. 

Thus, the overall measurement model in this study satisfies 

the requirements for both reliability and validity, providing a 

solid foundation for subsequent structural model testing.  

B. Factor Loadings 

To evaluate the strength of association between the 

observed variables and the latent constructs in the model, the 

study analyzed the standardized factor loadings for each 

measurement scale. The results indicate that all indicators 

had loadings greater than 0.70—the minimum recommended 

threshold to ensure convergent validity [38]. This confirms 

that the observed variables were well-designed and 

accurately reflect the intended latent constructs. The 

standardized factor loadings for all observed variables are 

presented in Table 3. 
 

Table 3. Standardized factor loadings of observed indicators 

Construct  Indicator Estimate SE 95% CI 

LT 

lt1 0.853 0.025 0.803 0.9 

lt2 0.878 0.024 0.809 0.918 

lt3 0.859 0.024 0.817 0.904 

lt4 0.817 0.038 0.733 0.882 

PC 

pc1 0.867 0.019 0.831 0.902 

pc2 0.918 0.013 0.896 0.943 

pc3 0.911 0.017 0.87 0.938 

pc4 0.907 0.016 0.872 0.93 

LA 

la1 0.76 0.032 0.691 0.816 

la2 0.855 0.021 0.811 0.894 

la3 0.877 0.021 0.833 0.917 

la4 0.839 0.025 0.785 0.881 

TSE 

tse1 0.854 0.024 0.806 0.898 

tse2 0.871 0.018 0.842 0.902 

tse3 0.885 0.018 0.844 0.914 

tse4 0.866 0.021 0.825 0.904 

LE 

le1 0.825 0.027 0.775 0.881 

le2 0.867 0.023 0.826 0.917 

le3 0.824 0.036 0.74 0.887 

le4 0.893 0.023 0.843 0.933 

le5 0.894 0.018 0.856 0.924 

AT 

at1 0.876 0.018 0.84 0.91 

at2 0.83 0.031 0.762 0.883 

at3 0.899 0.013 0.874 0.926 

at4 0.894 0.017 0.86 0.925 

at5 0.881 0.02 0.848 0.92 

at6 0.834 0.029 0.769 0.88 

 

Specifically, the “Logical Thinking” (LT) construct 

comprises four indicators (lt1–lt4), with factor loadings 

ranging from 0.817 to 0.878, and 95% confidence intervals 

consistently above 0.70. This indicates that abilities such as 

problem analysis, sequential reasoning, and logical inference 

strongly reflect learners’ logical thinking competence. The 

indicators demonstrated high stability, with standard errors 

below 0.04. 

The “Programming Competence” (PC) construct includes 

four indicators (pc1–pc4), all with loadings exceeding 0.90, 

ranging from 0.867 to 0.918. This construct exhibited the 

highest level of internal consistency within the entire model, 

clearly capturing learners’ practical programming 

abilities—from writing code and using functions to 

debugging and adjusting algorithms. The narrow confidence 

intervals indicate high estimation precision. 

For the “Learning Attitude” (LA) construct, four indicators 

(la1–la4) had loadings between 0.760 and 0.877. Although 

la1 had the lowest loading (0.760), it still met the threshold 

for convergent validity. These indicators reflect learners’ 

readiness, enthusiasm, proactivity, and persistence in 

learning programming—key psychological traits that 

significantly influence the development of professional 

competence. 

953

International Journal of Information and Education Technology, Vol. 16, No. 4, 2026



The “Technological Self-Efficacy” (TSE) construct 

consisted of four indicators (tse1–tse4) with strong loadings 

ranging from 0.854 to 0.885. These indicators represent 

learners’ confidence in using technology to solve problems, 

assist others, update software, and troubleshoot. This 

construct combines skill-based and attitudinal components, 

and the indicators demonstrated reliable and stable 

measurement. 

The “Learning Environment” (LE) construct included five 

indicators (le1–le5), with loadings ranging from 0.824 to 

0.894. Indicators such as facilities, support from instructors 

and peers, group academic activities, and learning feedback 

were rated by participants as strong representations of the 

learning environment that supports the development of 

thinking skills. 

Finally, the “Algorithmic Thinking” (AT) construct—the 

main dependent variable in the model—comprised six 

indicators (at1–at6), with loadings ranging from 0.830 to 

0.899. This construct demonstrated high convergence, 

capturing key features of algorithmic thinking such as 

algorithm representation, problem analysis, abstraction, and 

optimization. 

Overall, the analysis results show that all observed 

variables had factor loadings greater than 0.70, with 95% 

confidence intervals clearly within the positive value range. 

This confirms the strong convergent validity and reliable 

measurement of each indicator with respect to its 

corresponding latent construct. These findings provide a 

robust basis for analyzing the structural relationships in the 

SEM model 

C. Model Fit

To assess the degree of alignment between the proposed

theoretical model and the empirical data, the study employed 

a range of model fit measures, including FIT, AFIT, GFI and 

SRMR. The results indicated that the model achieved a high 

and reliable level of overall fit (see Table 4). 

Table 4. Model fit indices for the structural equation model 

FIT AFIT GFI SRMR 

0.649 0.645 0.991 0.051 

Specifically, the FIT index—which reflects the overall 

goodness-of-fit between the structural model and the 

data—reached a value of 0.649, while the Adjusted FIT 

(AFIT) was 0.645. Both values exceed the recommended 

minimum threshold of 0.50 [38]. This indicates that the 

model is capable of explaining a substantial portion of the 

variance in the observed data.  

In addition, the Goodness-of-Fit Index (GFI) achieved a 

value of 0.991, which is close to the ideal value of 1.0, 

confirming the excellent compatibility between the model 

and the data. Meanwhile, the Standardized Root Mean 

Square Residual (SRMR)—one of the most widely used 

indices for assessing overall model fit—was 0.051, below the 

recommended threshold of 0.08. This suggests that the 

standardized average residual between the observed and 

predicted covariance matrices is very small, reinforcing the 

model’s overall fit. 

Overall, the fit indices collectively demonstrate that the 

proposed theoretical model exhibits a very good fit with the 

survey data. This provides a reliable foundation for 

hypothesis testing and further analysis of the relationships 

among the factors influencing algorithmic thinking in 

prospective primary school teachers. 

D. Path Coefficients

The results of hypothesis testing within the structural

model are presented through path coefficients, Standard 

Errors (SE), and 95% Confidence Intervals (CI). Statistically 

significant relationships were identified when the confidence 

intervals did not include the value zero. These results are 

summarized in Table 5. 

Table 5. Standardized path coefficients and significance levels in the 
structural model 

Path Estimate SE 95%CI 

LT→PC  0.095  0.08  −0.034 0.286  

LA→PC  0.294  0.094 0.105 0.455  

TSE→PC  0.436  0.087 0.277 0.691  

LT→AT  0.148  0.074 −0.006 0.293  

PC→AT  0.334  0.08  0.22 0.525  

LA→AT  0.083  0.081 −0.076 0.236  

TSE→AT  0.112  0.102 −0.095 0.288  

LE→AT  0.29  0.091 0.101 0.447  

The results of the hypothesis testing are visually 

summarized in Fig. 2, which presents the final structural 

model with standardized path coefficients and statistical 

significance levels. This model illustrates the direct and 

indirect relationships among the latent variables examined in 

this study. 

Solid arrows indicate significant paths (p < 0.05). 

Dashed arrows indicate non-significant paths (p > 0.05). 

Values on the paths represent standardized coefficients (β). 

Fig. 2. The final structural model with standardized path coefficients. 

As shown in Fig. 2, the effects of Learning Attitude (LA) 

and Tech Self-Efficacy (TSE) on Algorithmic Thinking (AT) 

are mediated through Programming Competence (PC), while 

Logical Thinking (LT) does not exhibit any significant direct 

or indirect influence. 

First, the results indicate that Technological Self-Efficacy 

(TSE) has a strong and statistically significant effect on 

Programming Competence (PC), with an estimated 

coefficient of β = 0.436, CI [0.277; 0.691]. This suggests that 

students with higher confidence in using technology are more 
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likely to develop stronger programming skills. Similarly, 

Learning Attitude (LA) also exerts a significant positive 

effect on PC (β = 0.294, CI [0.105; 0.455]), highlighting the 

importance of motivation and enthusiasm in enhancing 

programming skills among prospective primary school 

teachers. 

Another key finding is that Programming Competence (PC) 

has a direct and statistically significant effect on Algorithmic 

Thinking (AT) (β = 0.334, CI [0.220; 0.525]). This 

relationship confirms the mediating role of PC in translating 

foundational psychological and technical factors into 

higher-order thinking capabilities. 

In addition, the Learning Environment (LE) demonstrates 

a significant direct impact on AT (β = 0.290, CI [0.101; 

0.447]), underscoring the importance of supportive learning 

conditions such as infrastructure, expert guidance, and 

collaborative activities in fostering algorithmic thinking. 

Conversely, several hypotheses in the model were not 

statistically supported. Specifically, the effects of Logical 

Thinking (LT) on Programming Competence (PC) (β = 0.095, 

CI [–0.034; 0.286]) and on Algorithmic Thinking (AT)  

(β = 0.148, CI [–0.006; 0.293]) were not significant. 

Similarly, the direct effects of Learning Attitude (LA) on AT 

(β = 0.083, CI [–0.076; 0.236]) and Technological 

Self-Efficacy (TSE) on AT (β = 0.112, CI [–0.095; 0.288]) 

did not reach statistical significance. These findings suggest 

that LT, LA, and TSE may influence algorithmic thinking 

indirectly through the mediating role of programming 

competence, a possibility that warrants further examination 

through mediation analysis. 

In summary, the proposed theoretical model confirmed 

four statistically significant direct relationships, clarifying 

the central role of programming competence in the 

development of algorithmic thinking. It also highlighted the 

influence of psychological–technological and environmental 

factors in shaping this essential competency among 

prospective primary school teachers. 

IV. DISCUSSIONS 

Although the present study focused primarily on testing 

the hypothesized structural relationships among variables, 

future research is encouraged to include additional statistical 

indicators such as the correlation matrix, R² and f² effect sizes, 

and explicit significance level annotations to provide deeper 

insights into the model’s explanatory power. 

The findings of this study clarified the direct and indirect 

factors influencing Algorithmic Thinking (AT) among 

prospective primary school teachers, thereby contributing to 

the theoretical understanding of digital competence 

development in teacher education. Through the application of 

Structural Equation Modeling (SEM), the study identified 

Programming Competence (PC) and Learning Environment 

(LE) as two factors with direct and statistically significant 

effects on AT, while Learning Attitude (LA), Technological 

Self-Efficacy (TSE), and Logical Thinking (LT) played 

indirect roles mediated by PC. These findings not only 

support the initial theoretical hypotheses but also offer 

important implications for improving teacher training 

programs in the digital era. 

One of the key findings of this study is the strong influence 

of programming competence on Algorithmic Thinking (AT)  

(β = 0.334, CI [0.220; 0.525]). This result aligns with the 

theoretical framework proposed by Brennan and Resnick 

[26], which views programming as both a means of 

expressing and developing algorithmic thinking. Similarly,  

Román-González et al. [31] emphasized the close 

relationship between programming competence and core 

components of AT, such as problem decomposition, 

abstraction, and algorithm design. 

In the context of teacher education, programming skills are 

not merely a technological requirement but also serve as a 

cognitive tool that enables teachers to approach and structure 

learning content in a logical, systematic, and reusable 

manner—hallmarks of algorithmic thinking. 

In addition, the learning environment was identified as a 

significant direct factor influencing Algorithmic Thinking 

(AT) (β = 0.290, CI [0.101; 0.447]). This finding is consistent 

with the study by Doğan [8] which highlighted that a learning 

environment supported by digital resources, active 

interaction between learners and instructors, and 

opportunities for hands-on practice plays a critical role in 

fostering AT development among preservice teachers. 

Another noteworthy point is that, although Learning 

Attitude (LA) and Technological Self-Efficacy (TSE) did not 

have direct effects on Algorithmic Thinking (AT), they 

significantly influenced Programming Competence 

(PC)—the mediating factor in the model. Specifically, TSE 

had the strongest impact on PC (β = 0.436, CI [0.277; 0.691]), 

followed by LA (β = 0.294, CI [0.105; 0.455]). This finding 

supports previous studies by Yadav et al. [39], which 

emphasized that a positive attitude and confidence in one’s 

technological abilities are strong predictors of programming 

behavior and persistence in learning. The study by Butler and 

Leahy [33] further reinforces this perspective, suggesting that 

improving learning attitudes and technological self-efficacy 

can indirectly enhance algorithmic thinking by strengthening 

programming competence. Therefore, while LA and TSE 

may not directly boost AT, their development is nonetheless 

foundational, as they prepare learners to engage with and 

master technology—ultimately supporting gains in both 

programming skills and algorithmic thinking. 

In contrast, the effects of logical thinking on programming 

competence (β = 0.095) and algorithmic thinking (β = 0.148) 

were not statistically significant. This may stem from the fact 

that technical, software-related, and experiential learning 

factors play a more dominant role in shaping programming 

competence than abstract reasoning alone. Another possible 

explanation is that the measurement of Logical Thinking (LT) 

in this study focused primarily on general cognitive 

reasoning rather than task-specific logical sequencing used in 

programming practice. This conceptual gap might have 

reduced its predictive strength in the SEM model. 

Additionally, many pre-service teachers in Vietnam have 

limited exposure to formal logic training or algorithm-based 

tasks during their undergraduate studies, which could weaken 

the observed link between LT and AT. Cultural and 

curricular differences may also account for the divergence 

from findings in studies conducted in Western contexts, 

where logic-oriented coursework is more explicitly 

integrated into teacher education programs. This finding 

contrasts with some traditional assumptions in computer 

science education, which posit logical thinking as a 
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prerequisite for developing algorithmic thinking [40]. The 

findings of this study are consistent with several international 

studies that emphasize the contextual and affective 

dimensions of algorithmic thinking development. For 

instance, Adorni and Piatti [9] in Italy and Villalustre and 

Cueli [10] in Spain both highlighted that the development of 

algorithmic thinking depends not only on logical reasoning 

but also on pedagogical experience and environmental 

support. Similarly, Li et al. [12] reported that in the Chinese 

context, pre-service teachers’ algorithmic competence is 

more strongly influenced by their learning attitudes and 

technological self-efficacy than by cognitive ability alone. 

These results are in line with Doğan [8] and  

Hsu et al. [14], who found that digital learning environments 

and problem-based learning strategies play a critical 

mediating role in connecting logical thinking with practical 

programming and algorithmic skills. Together, these findings 

suggest that the non-significant effect of Logical Thinking 

(LT) observed in this study reflects a broader international 

trend—where cognitive factors serve as a foundation but are 

not sufficient predictors of algorithmic competence without 

motivational and contextual reinforcement. However, in the 

context of preservice teachers who may lack a strong 

background in mathematics or computer science, this result 

highlights the need to reorganize programming instruction 

toward project-based learning. Such an approach can foster 

algorithmic thinking in a more experiential, intuitive, and 

practice-oriented manner—better aligned with the realities of 

classroom teaching. 

Based on the above findings, this study contributes to the 

theoretical framework by validating a multi-factor model for 

developing Algorithmic Thinking (AT) among future 

teachers, in which programming competence serves as a key 

mediating variable. At the same time, the research offers a 

practical perspective: developing AT should not rely solely 

on technical content, but also requires interventions in 

learners’ attitudes, technological self-beliefs, and—most 

importantly—the creation of interactive, supportive, and 

hands-on learning environments. These results align with 

UNESCO’s vision for 21st-century teacher digital 

competence development [41], and have high applicability in 

current primary teacher training programs in Vietnam. 

The findings of this study offer several practical 

implications for the design and implementation of teacher 

training programs in the context of Algorithmic Thinking 

(AT) development. First, the central role of programming 

competence in the model indicates that teacher education 

curricula should incorporate applied programming modules 

that emphasize basic algorithmic manipulation, debugging 

skills, and the development of sequential logic through visual 

programming languages such as Scratch or Python. 

In addition, the significant influence of the learning 

environment on AT highlights the importance of creating 

flexible learning spaces with adequate technological support, 

open-access resources, and collaborative learning activities 

such as group projects, workshops, or coding clubs. The 

results also suggest the need to strengthen activities that 

foster cognitive and emotional engagement, particularly the 

cultivation of positive attitudes and confidence in using 

technology—critical foundations that encourage learners to 

independently explore and utilize digital tools to enhance 

their competencies. 

Thus, education managers and curriculum designers 

should systematically integrate academic content, hands-on 

experience, and supportive learning environments to create 

the optimal conditions for fostering algorithmic thinking—a 

core competency in modern education. 

This study primarily relied on self-reported survey data, 

which may be subject to response bias. Future research 

should consider incorporating more objective assessment 

methods, such as performance evaluations or classroom 

observations. Moreover, extending the study to include 

teachers at other educational levels or in diverse instructional 

settings would provide a more comprehensive understanding 

of the factors that influence the development of algorithmic 

thinking.  

V. CONCLUSION 

This study validated a structural model explaining the 

interrelationships among cognitive, affective, and 

environmental factors influencing Algorithmic Thinking (AT) 

among pre-service primary teachers in Vietnam. The results 

confirmed that Programming Competence (PC), 

Technological Self-Efficacy (TSE), Learning Attitude (LA), 

and Learning Environment (LE) significantly contribute to 

the development of AT, while Logical Thinking (LT) exerts 

no direct effect. These findings suggest that algorithmic 

thinking is a multidimensional competence shaped not only 

by cognitive ability but also by motivation and contextual 

learning conditions. 

These results suggest that sustainable development of 

algorithmic thinking in teacher education requires more than 

technical content; it also demands fostering learners’ 

technological confidence and positive learning attitudes. 

Simultaneously, the learning environment—including 

instructional support, infrastructure, digital resources, and 

collaborative learning activities—should be recognized as a 

critical component in cultivating higher-order thinking skills 

in modern education. 

From a policy perspective, the findings suggest that 

teacher-education programs should integrate algorithmic 

thinking through project-based programming and digital 

learning environments. Strengthening institutional support 

and teacher-training policies in digital pedagogy will help 

align future teachers’ competencies with the national goals of 

educational digital transformation. 

The study also raises theoretical questions regarding the 

inconsistent role of Logical Thinking (LT) within the model. 

While previous research has emphasized LT as foundational 

to AT, this study found its effect to be non-significant, 

pointing to the need for further exploration into potential 

indirect mechanisms or moderating variables. Finally, 

limitations include the reliance on self-reported data and a 

sample restricted to several teacher training institutions. 

In summary, this study advances the understanding of 

algorithmic thinking among pre-service teachers by 

integrating cognitive, affective, and environmental 

dimensions into a unified structural model. It extends the 

digital competence framework by highlighting algorithmic 

thinking as a multifaceted competence shaped by 

self-efficacy, learning attitude, and supportive learning 

environments, offering a foundation for future cross-cultural 
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research. 

Despite its contributions, this study has certain limitations. 

The use of self-reported data may involve subjective bias, 

and the sample was confined to pre-service teachers in a 

single region, limiting the generalizability of the results. In 

addition, the study employed a cross-sectional design, which 

restricts causal inference. Future research should expand the 

sample to multiple regions and institutions, adopt 

mixed-method or longitudinal approaches, and examine 

additional moderating factors—such as teaching experience, 

gender, or institutional resources—to provide a more 

comprehensive understanding of algorithmic thinking 

competence in teacher education. 
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