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 This study explores the novice programmers’ intention to use chat generative 

pretrained transformer (ChatGPT) for programming tasks with emphasis on 

performance expectancy (PE), risk-reward appraisal (RRA), and  

decision-making (DM). Utilizing partial least squares structural equation 

modeling (PLS-SEM) and a sample of 413 novice programmers, the analysis 

demonstrates that higher PE of ChatGPT is positively correlated with 

improved DM in programming tasks. Novice programmers view ChatGPT as 

a tool that enhances their learning and skill development. Additionally, novice 

programmers that have a favorable RRA of ChatGPT tend to make more 

confident and effective decisions, acknowledging potential risks but 

recognizing that benefits such as quick problem-solving and learning new 

techniques outweigh these risks. Moreover, a positive perception of 

ChatGPT’s role in DM significantly increases the inclination to use the tool 

for programming tasks. These results highlight the critical roles of perceived 

capabilities, risk assessment, and positive DM experiences in promoting the 

adoption of artificial intelligence (AI) tools in programming education. 
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1. INTRODUCTION 

In this fast-paced world of programming education, the integration of advanced tools and technologies 

has become essential for enhancing learning outcomes. One such tool, Chat Generative Pretrained Transformer 

(ChatGPT), has captured the attention of educators and students alike for its potential to assist novice 

programmers in programming-related tasks. Understanding how individuals learn their first programming 

language is a central focus of computing education research. Novice programmers, who are just beginning their 

journey in computer programming, often display characteristics that set them apart from more experienced 

coders. They typically have concrete, low-level, syntax-based knowledge acquired through introductory 

programming classes and often struggle with writing code proficiently, focusing mainly on a surface-level 

understanding of programs. These beginners tend to use a “line-by-line” approach to programming and have 

less developed mental models of computer programs compared to expert programmers, who possess more 

abstract representations [1]–[3]. 

Novice programmers face various challenges, such as difficulties in understanding programming 

language syntax and abstract concepts like objects and classes in object-oriented programming. They 

commonly make errors in their code and find it challenging to write code that leverages advanced concepts 

like parallelism and heterogeneity, typically expected from more experienced programmers [4]. Research has 

emphasized the importance of providing targeted examples for novice programmers, as example programs 

https://creativecommons.org/licenses/by-sa/4.0/
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have been found to be highly beneficial for their learning process [5]. Novice programmers often face 

challenges in acquiring essential skills such as problem-solving, program design, comprehension, and 

debugging [6]. Despite these difficulties, many novice programmers still actively seek resources like 

documentation and code samples to enhance their understanding and practical skills [7]. In addition to this, 

researchers have been focusing on understanding the mistakes novice programmers make to improve the 

quality of programming education. Novice programmers tend to start writing programs before planning them, 

highlighting the importance of teaching effective planning strategies [8]. The field of novice programming has 

been extensively researched, with efforts to understand the main issues faced by these learners [9]. Novice 

programmers are often described as having ‘fragile’ knowledge, emphasizing the need for comprehensive 

educational approaches [10]. Metacognitive skills are essential for novice programmers to solve unfamiliar 

problems effectively [11]. Additionally, studies have explored the challenges novice programmers encounter 

while programming and their reactions during programming tasks [12]. Understanding the pain points of novice 

programmers in developing smart systems is crucial for improving their learning experiences [13]. 

Understanding how novice programmers perceive artificial intelligence (AI) tools is essential for 

improving tool design and usability, enhancing educational effectiveness, and fostering broader adoption and 

integration. Insights from beginners can help identify gaps and challenges, promote inclusive technology, and 

drive innovation and future development. Positive experiences with AI tools boost user confidence and 

empower novices to tackle complex tasks, contributing to a more skilled workforce and broader economic 

benefits. Insights into how beginners interact with AI tools can inform educators about the strengths and 

weaknesses of these tools in a learning environment. This understanding can help in integrating AI tools into 

programming curricula in a way that enhances learning outcomes. The perceptions of novice programmers can 

influence the broader adoption of AI tools in educational and professional settings. If beginners find these tools 

helpful and easy to use, they are more likely to continue using them and recommend them to others. 

OpenAI’s ChatGPT has shown significant potential in transforming various industries, including 

education [14]. Research indicates that integrating ChatGPT in educational settings can enhance idea generation, 

topic verification, proofreading, and editing, leading to positive student experiences, and perceptions [15]. Virtual 

tutors powered by ChatGPT can make the learning process more engaging for both students and teachers [16]. 

ChatGPT has been acknowledged as a valuable tool for simplifying complex concepts in health education [17] 

and as a supporting tool for academics [18], [19]. However, challenges and associated risks have also been noted 

[18], [20]–[25], with ChatGPT helping to alleviate the workload in various routine tasks in academia [23], [26], 

[27]. AI tools like ChatGPT can assist novice programmers in various ways [28]–[31]. These tools can help 

address challenges faced by beginners, such as issues related to basic program design, algorithmic complexity, 

and the fragility of novice knowledge. Utilizing ChatGPT for educational support can aid in tasks like program 

comprehension and improving their understanding of code execution [32]–[35]. ChatGPT’s conversational and 

programming abilities make it an attractive tool for facilitating education for beginners [36]. Research has shown 

that ChatGPT can benefit beginner and intermediate programming courses by offering valuable guidance for both 

teachers and students in understanding and optimizing their solutions [37], [38]. The use of AI tools like ChatGPT 

can also benefit novice programmers when trying to understand small programs or exploring linguistic features 

in a new programming language. 

This study investigates the perceptions of first-year undergraduate programming students (i.e., novice 

programmers) regarding ChatGPT, focusing on four key constructs: performance expectancy (PE), risk-reward 

appraisal (RRA), decision-making (DM), and intention to use (IU). AI tools like ChatGPT have the potential 

to significantly support novice programmers by providing educational assistance, aiding in program 

comprehension, offering guidance in solving programming exercises, and facilitating the learning process in 

various programming domains. Furthermore, this study explores how PE, RRA, and DM affect novice 

programmers’ IU ChatGPT for programming-related tasks through a partial least squares structural equation 

modeling (PLS-SEM) analysis. 

 

 

2. THEORETICAL BASIS 

2.1.  Performance expectancy 

PE within the context of this study, refers to the anticipation that novice programming students have 

regarding the potential benefits of using ChatGPT to enhance their programming capabilities. This concept is 

derived from the unified theory of acceptance and use of technology (UTAUT) model, which identifies PE as 

a crucial factor influencing technology adoption and usage intentions. In programming, PE refers to the belief 

that using ChatGPT can lead to improved code quality, enhanced problem-solving efficiency, and the 

acquisition of new programming skills. Extensive research in the field of technology acceptance supports the 

notion that higher PE correlates with increased IU and actual use of technology [39]–[43]. When applied to 

ChatGPT, this means that if students perceive substantial benefits from using this tool for their programming 
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tasks, they are more likely to rely on it, thereby enhancing their DM processes. Increased PE in ChatGPT can 

lead to better utilization of ChatGPT’s capabilities, where students will use ChatGPT’s features for complex 

problem-solving which can result in higher-quality programming outcomes. Additionally, with a strong belief 

in ChatGPT’s ability to improve their programming tasks, students can make more informed and confident 

decisions during the coding process. This may lead to achieving better results in their programming 

assignments and projects. Therefore, the hypothesis is that increased PE in ChatGPT is associated with improved 

DM regarding programming tasks. This connection highlights the importance of fostering positive perceptions of 

ChatGPT’s capabilities among novice programmers to enhance their educational experiences and outcomes.  

H1. Increased PE in ChatGPT is associated with improved DM with regards to programming tasks. 

 

2.2.  Risk-reward appraisals 

RRAs involves evaluating the potential benefits and risks of using ChatGPT in programming tasks. 

This concept is based on the expectancy theory of motivation, which suggests that individuals assess the value 

of specific actions based on their expected outcomes. For novice programmers, this appraisal includes weighing 

the accuracy and reliability of ChatGPT’s programming solutions against potential risks such as developing 

overreliance or encountering misinformation. When deciding to use ChatGPT, programmers engage in a 

cognitive evaluation, considering whether the benefits (e.g., enhanced efficiency, better problem-solving) 

outweigh the risks (e.g., incorrect code suggestions, misinterpretation of programming concepts). A favorable 

RRAa is expected to enhance DM in programming tasks. If users perceive the utility of ChatGPT-such as its 

ability to improve programming outcomes and streamline workflows-as outweighing potential drawbacks, they 

are more likely to rely on it for assistance. This reliance, driven by a positive assessment of ChatGPT’s 

capabilities which can leads to more effective and confident DM in programming tasks. This hypothesis posits 

that when programmers find the risk-reward balance of using ChatGPT to be favorable, they will experience 

improved DM capabilities, thereby enhancing their overall programming performance. H2. A favorable RRAs of 

ChatGPT is linked to enhanced DM with regards to programming tasks. 

 

2.3.  Decision-making 

DM from the perspective of novice programmers, involves selecting among various alternatives to 

solve programming challenges, guided by the information and recommendations provided by ChatGPT. This 

process is influenced by cognitive biases, such as confirmation bias and overconfidence, which can shape the 

evaluation of suggestions provided by ChatGPT. A positive perception of ChatGPT’s role in DM can mitigate 

some of these cognitive biases by offering a reliable source of information. This reliability encourages a more 

analytical and reflective approach to problem-solving, promoting better DM practices [24], [31], [33],  

[44]–[47]. The theory of planned behavior supports this hypothesis by suggesting that positive attitudes towards 

a behavior (using ChatGPT) are linked to stronger behavioral intentions-in this case, the inclination to use 

ChatGPT for programming tasks. When novice programmers view ChatGPT positively in the context of DM, 

they are more likely to rely on it as a valuable tool, enhancing their inclination to use it for solving programming 

problems. This positive attitude not only increases the likelihood of utilizing ChatGPT but also fosters 

confidence and effectiveness in their programming endeavors. H3. A positive view on the role of ChatGPT in 

DM is connected to a greater inclination to use it for programming tasks. 

 

 

3. METHOD 

This study adapted the proposed model in Figure 1 previously developed by  

Shahsavar and Choudhury [48]. The framework has four key constructs: PE, RRA, DM, and IU. Specifically, 

this research aims to understand the relationships among these constructs in the context of utilizing ChatGPT 

for programming tasks. In particular, the study examined how increased PE of ChatGPT is associated with 

enhanced DM regarding programming tasks, how favorable RRAs of ChatGPT are linked to improved DM, 

and how positive perceptions of role of ChatGPT in DM correlate with a greater inclination to use it for 

programming tasks. To rigorously analyze these relationships, PLS-SEM is utilized. This robust analytical 

approach aids in more in depth understanding how PE, RRAs, and DM processes interact to influence users’ 

intentions to use ChatGPT. 

 

3.1.  Sample characteristics 

As indicated in Table 1, of 1,134 individuals invited to participate in the survey, only 413 respondents 

were found eligible for analysis. This attrition rate (63.58%) suggests that while these respondents had 

previously used ChatGPT, they did not utilize it for programming-related tasks. The age range of the sample 

was from 17 to approximately 21 years old. The majority (97.3%) were enrolled in public schools. Gender 

distribution in the sample was predominantly male (76%), followed by female (21.8%), those who preferred 

not to specify their gender (1.9%), and non-binary individuals (0.2%). 
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Figure 1. Proposed model based on Shahsavar and Choudhury [48] 

 

 

Table 1. Description of the respondents 
Demographics Frequency Percentage 

Age (mean±SD) 18.99±1.96 

School type   
Public 402 97.3 

Private 11 2.7 

Gender   
Male 314 76 

Female 90 21.8 

Non-binary 1 0.2 
Prefer not to say 8 1.9 

Academic program   

Information technology 207 50.1 
Computer science 106 25.7 

Information system 39 9.4 

Others 61 14.8 
Preferred learning style   

Visual 156 37.8 

Auditory 57 13.8 
Kinesthetic 113 27.4 

Read/ write 87 21.1 

Average weekly time spent on programming-related tasks outside of classes (mean±SD) 4.5 ± 5.239 
Primary operating system for programming tasks   

Windows 398 96.4 

macOS 7 1.7 
Linux 8 1.9 

Previous experience with generative AI tools other than ChatGPT   

Yes 249 39.7 
No 164 60.3 

Frequency of using ChatGPT for programming tasks   

Rarely 208 50.4 
Occasionally 157 38 

Frequently 48 11.6 

Specific purposes for using ChatGPT in programming-related tasks*   
Generating code snippets 100 24.2 

Providing programming advice or recommendations 210 50.8 

Debugging assistance 98 23.7 
Explaining programming concepts 251 60.8 

Others 22 5.33 

Familiarity with ChatGPT’s full capabilities   
Slightly familiar 156 37.8 

Somewhat familiar 131 31.7 

Moderately familiar 86 20.8 
Very familiar 40 9.7 

Extent to which they find ChatGPT helpful in programming tasks   
Slightly persuasive 125 30.3 

Somewhat persuasive 153 37 

Moderately persuasive 97 23.5 
Very persuasive 38 9.2 

Total 413 100 
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Educationally, half of the respondents (50.1%) were pursuing a bachelor of science in information 

technology. Other fields of study included computer science (25.7%), information systems (9.4%), and various 

other disciplines like associate in computer technology, computer engineering, data science, and analytics 

(14.8%). The diverse educational backgrounds and learning preferences reflect the wide range of applications and 

approaches to integrating AI tools like ChatGPT in programming education. In terms of learning preferences, 

37.8% favored visual aids like images, charts, and diagrams. Other learning styles included a hands-on approach 

(27.4%), reading and writing (21.1%), and auditory learning (13.8%). On average, the respondents used ChatGPT 

for programming tasks outside of class for about less than an hour to nine hours per week. Most participants 

(96.4%) used Windows for these tasks, followed by Linux (1.9%) and macOS (1.7%). A majority (60.3%) had 

no prior experience using generative AI tools other than ChatGPT. Usage frequency of ChatGPT for programming 

tasks varied: 50.4% rarely used it, 38% occasionally, and only 11.6% frequently. 

As regards the purpose of using ChatGPT, over half (60.8%) utilized it for explaining programming 

concepts, while 50.8% sought programming advice. Approximately a quarter used it for debugging assistance 

(23.7%) and generating code snippets (24.2%), with a smaller fraction (5.33%) using it for academic tasks like 

essay writing. Familiarity with ChatGPT’s full capabilities also varied: 37.8% were slightly familiar, 31.7% 

somewhat familiar, 20.8% moderately familiar, and only 9.7% were very familiar. In evaluating the tool’s 

effectiveness, 37% found ChatGPT slightly persuasive in programming tasks, 30.3% moderately persuasive, 

23.5% slightly persuasive, and 9.2% very persuasive. 

 

3.2.  Sampling and data collection 

A non-probability snowball purposive sampling technique was used to obtain responses using Google 

Form. The target audience for this study were novice programmers (i.e., first year undergraduate students with 

programming-related subjects). Novice programmers in this study refer to undergraduate students currently 

enrolled in introductory programming courses [49]. At the same time, they should have prior experience, or 

have used ChatGPT at least once for programming-related tasks. These were the minimum requirements to 

participate in the study. The two were followed in order to increase the number of potential respondents for the 

study. For any successful recruit, they were asked to refer or send the survey form link to their classmates. The 

study utilized Google Form to survey respondents across universities. A consent in accordance with the existing 

data privacy laws in the country was also acquired from the respondents prior to the start of the survey. 

 

3.3.  Research instrument 

The study applied the framework proposed by Shahsavar and Choudhury [48] and adapted it to the 

context of programming tasks for novice programmers. Three experts in educational technology and 

programming validated the instruments. To assess the internal consistency of the instrument, a pilot test was 

conducted with 93 respondents. Their data was excluded from the main PLS-SEM analysis which involved 413 

actual respondents. Table 1 presents the Cronbach’s Alpha values for the four constructs: PE (3 items, α=0.884), 

RRA (3 items, α=0.793), DM (3 items, α=0.831), and IU (2 items, α=0.750). The overall cronbach alpha of the 

instrument is 0.929. These values indicate good internal consistency which indicates that the items within each 

construct measure a single underlying concept reliably. This tool comprised two sections: one gathers personal 

information about novice programmers, including age, school type, gender, academic program, preferred learning 

style, weekly time spent on programming tasks outside of classes, primary operating system for programming 

tasks, previous experience with generative AI tools other than ChatGPT, frequency of using ChatGPT for 

programming tasks, specific purposes for using ChatGPT in programming-related tasks, familiarity with 

ChatGPT’s capabilities, and the extent to which they find ChatGPT helpful in programming-related tasks. The 

second section assessed PE, RRA, DM, and IU, consisting of 11 statements to which respondents express their 

level of agreement (ranging from strongly disagree to strongly agree). 

 

 

4. RESULTS AND DISCUSSION 

This study utilized PLS-SEM approach to investigate the hypotheses using the proposed model in 

Figure 2. In Table 2, it shows that all variable items have factor loadings (FL) greater than 0.60, indicating 

strong correlations with their respective factors. This confirms that each item effectively measures its intended 

construct. Additionally, the average variance extracted (AVE) for each construct exceeds 0.50. This signifies 

that more than half of the variance in the indicators is captured by the construct which also confirms good 

convergent validity. Convergent validity is achieved when multiple items intended to measure the same 

construct do so effectively, as evidenced by high FL and sufficient AVE values. Table 3 further demonstrates 

this by comparing the square root of the AVE for each construct with the correlations between the constructs. 

Based to the Fornell-Larcker criterion, all constructs exhibit good discriminant validity; the square roots of the 

AVEs for DM, IU, PE, and RRA (0.826, 0.899, 0.855, 0.846, respectively) are greater than their correlations 

with other constructs (ranging from 0.48 to 0.662). This indicates that each construct is distinct and uniquely 
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measures its respective aspect of the model. The model in this study produced a goodness of fit (GoF) value of 

0.579 which indicates an adequate fit of the model. 

 

 

 

 
 

Figure 2. Measurement model 

 

 

Table 2. Summary of the results of the assessments 
Construct Item FL α Composite reliability AVE R2 

PE PE1 0.863 0.816 0.817 0.731  

PE2 0.860     

PE3 0.842     

RRA RRA1 0.804 0.801 0.818 0.715  
RRA2 0.838     

RRA3 0.893     

DM DM1 0.806 0.766 0.766 0.682 0.474 
DM2 0.836     

DM3 0.835     

IU IU1 0.907 0.764 0.767 0.809 0.439 
IU2 0.891     

Average scores     0.734 0.457 

AVE*R2     0.335  
√AVE*R2 (GoF)     0.579  

 

 

Table 3. Fornell-Larcker criterion 
Construct DM IU PE RRA 

DM 0.826    
IU 0.662 0.899   

PE 0.654 0.634 0.855  

RRA 0.508 0.480 0.489 0.846 

 

 

The explanatory power of the predictor variables on their respective constructs is reflected in the 

corrected R² values in Figure 2. The two dependent constructs, DM (R²=0.474) and IU ChatGPT (R²=0.439), 

both exceed the required threshold, as indicated in Table 2. This categorizes both DM and IU ChatGPT as 

moderate in explanatory strength (i.e., R²>0.33). The influence of the independent constructs on the dependent 

variables was assessed using standardized path analysis to test the hypothesized relationships. Three 

hypotheses (H1 to H3) had positive path coefficients and were significant at the p<0.001 level, as shown in 

Table 4 and Figure 2. Therefore, all hypotheses are supported. The heterotrait-monotrait (HTMT) ratios in 

Table 5 assess the distinctiveness of the constructs measured in our PLS-SEM model. While the commonly 

recommended threshold for good discriminant validity is 0.85, this study adopted a slightly less stringent 

criterion of 0.90. Based on this criterion, all HTMT values fall within the acceptable range which indicates a 

good discriminant validity. 

This study examines the perceptions of novice programmers regarding their IU ChatGPT for 

programming-related tasks, based on the framework developed by Shahsavar and Choudhury [48]. The factors 



J Edu & Learn  ISSN: 2089-9823  

 

Assessing novice progammers’ perception of ChatGPT: performance, … (John Paul P. Miranda) 

2297 

considered include PE, RA, DM, and the IU. The survey results supported the model, confirming all three 

hypotheses. 

 

 

Table 4. Structural estimates: path coefficients 
 Construct Original sample Standard deviation t-statistics (jb/STDEVj) p-values 

H1 PE→DM 0.533 0.531 0.054 0.00 

H2 RRA→DM 0.247 0.250 0.051 0.00 
H3 DM→IU 0.662 0.665 0.040 0.00 

 

 

Table 5. HTMT ratio 
Construct DM IU PE RRA 

DM     

IU 0.864    

PE 0.826 0.801   

RRA 0.643 0.615 0.606  

 

 

4.1.  Performance expectancy and decision-making 

Hypothesis 1 posited that PE is positively associated with DM. The results indicate that higher PE in 

ChatGPT correlates with improved DM for programming tasks. One possible reason for this result is that 

novice programmers might believe that ChatGPT’s capabilities will encourage them to explore, learn concepts 

easily, and broaden their skills. For instance, they might ask ChatGPT to explain specific functions or code 

snippets. Schukow et al. [50] found that ChatGPT can distill and summarize vast amounts of data quickly, 

aiding in building a foundation of knowledge on specific topics. When facing challenges, trusting ChatGPT’s 

assistance can help users persevere through difficulties, leading to a more positive learning experience and a 

greater willingness to tackle complex problems [25], [51]. Additionally, similar to how AI models supplement 

clinician knowledge and DM processes [52], novice programmers with high PE likely believe in ChatGPT’s 

capabilities to assist them effectively [53], [54]. This confidence might lead to better DM as users feel more 

assured about the information and suggestions provided by ChatGPT. Past positive experiences with ChatGPT, 

where it helped users solve problems efficiently, also contribute to users relying on ChatGPT more confidently 

for programming tasks, thus enhancing DM. If users expect high performance from ChatGPT, they may 

inherently look for and recognize positive outcomes and solutions, reinforcing their DM process. 

 

4.2.  Risk-reward appraisal and decision-making 

Hypothesis 2 examined the influence of RRA on DM. It shows that a favorable risk-reward assessment 

of ChatGPT is linked to better DM in programming tasks. A favorable risk-reward assessment suggests that 

users acknowledge potential risks (such as receiving bad advice) but believe the potential benefits (such as 

learning new concepts or solving problems faster) outweigh those risks. This calculated approach can lead 

them to experiment with the tool in a way that enhances their DM. Individuals tend to evaluate the potential 

outcomes of their decisions based on the balance between risk and reward, with a favorable risk-reward 

assessment often leading to more confident and effective DM [55]. Novice programmers who perceive a 

favorable risk-reward ratio with ChatGPT might likely to feel more secure in using the tool. They are more 

likely to decide to use ChatGPT if they perceive that the benefits (such as gaining quick solutions, learning 

new programming techniques, and receiving immediate feedback) outweigh the potential risks (such as 

receiving incorrect information or becoming overly reliant on the tool). This favorable cost-benefit analysis 

makes the decision to use ChatGPT more appealing. When novice programmers recognize that using ChatGPT 

can provide significant value, such as saving time and enhancing their learning experience, they might more 

likely to decide to use it. The perception of added value increases the attractiveness of the decision. 

 

4.3.  Decision-making and intention to use ChatGPT 

Hypothesis 3 revealed that DM is positively associated with the IU ChatGPT. This implies that a 

positive view of ChatGPT’s role in DM is connected to a greater inclination to use it for programming tasks. 

When users have positive experiences with ChatGPT in their DM process, it reinforces their confidence in the 

tool’s efficacy [56]–[58]. This confidence can naturally lead to a greater inclination to use ChatGPT for future 

tasks. A positive view of ChatGPT’s role in DM builds trust in its reliability and capabilities [59]. When users 

trust the tool, they are more likely to intend to use it as a regular part of their workflow [60]. Users who 

experience improved DM with ChatGPT perceive it as adding significant value to their work. This perceived 

value increases their IU the tool because it enhances their productivity and problem-solving capabilities [57]. 

According to the theory of planned behavior, a positive attitude towards a behavior (in this case, using ChatGPT 
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for DM) enhances the intention to perform that behavior. If users have a favorable view of ChatGPT’s impact 

on their decisions, they are more likely to intend to use it. In the context of novice programmers, positive DM 

outcomes when using ChatGPT create a feedback loop where users associate the tool with successful results. 

This reinforcement encourages them to rely on ChatGPT more frequently for programming tasks. The DM 

process regarding the utilization of ChatGPT for programming tasks is positively associated with the IU 

ChatGPT. This connection implies that a favorable perception of ChatGPT’s role in DM is linked to a higher 

inclination to employ it for programming activities [61], [62]. 

 

 

5. CONCLUSION 

This study used quantitative methods to investigate the novice programmers’ PE, RRA, DM, and IU 

ChatGPT. A model was developed and empirically validated, explaining 47.4% of DM and 43.9% of the IU 

ChatGPT among novice programmers. The research tested three key hypotheses. Hypothesis 1 proposed that 

PE is positively associated with DM, and the results supported this. Hypothesis 2 explored the impact of RRA 

on DM, which was found to be significant. Hypothesis 3 established that DM is positively correlated with the 

IU ChatGPT, further validating the model. This study revealed that novice programmers are motivated to use 

ChatGPT. They perceived it as a beneficial and credible tool for programming-related tasks. This research 

highlights the potential of ChatGPT to enhance the programming experience for beginners. This study also 

emphasized its potential value as a reliable and advantageous resource for programming education. 
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