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Abstract: Online learning has become increasingly popular, making the learning process more attractive. One of the most popular 
learning media is artificial intelligence (AI). However, students do not accept this technology at all. Therefore, this study examined the 
factors influencing accounting students' acceptance of AI in learning. The survey was conducted with 147 higher-education students 
who use AI as a learning medium. The data were analyzed using SmartPLS 4.0 with the partial least square approach. The results 
showed that perceived usefulness influenced behavioral intention to use and satisfaction. However, perceived ease of use was only 
significant for satisfaction. Similarly, perceived confidence must be consistent with intention. Although it may influence perceived 
usefulness, other constructs, such as AI quality and personal innovativeness, can increase students' perceptions of the benefits and 
convenience of adopting AI in learning. Thus, this study contributes to the development of the technology acceptance model (TAM) and 
the information systems success model and is helpful to scholars, especially in applying AI in learning. They need to pay attention to 
the quality of AI, such as the accuracy of the information produced. Thus, the need to control the information from the AI only serves 
as a reference without requiring you to trust it completely. 
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Introduction 

Since COVID-19, online learning-based learning models have been developed rapidly. Even after COVID-19, online 
learning methods are still used because they can be flexibly organized for the learning process. Online learning can enable 
students and lecturers to carry out learning activities anywhere and anytime, making it easier for both parties (Musyaffi, 
Septiawan et al., 2022). Combining technology with online learning impacts educational goals in higher education, such 
as reducing costs, increasing student learning, and effective management (Alkhawaja et al., 2022; Hadullo et al., 2017). 

Online learning can also increase intense communication between students and lecturers. However, more than online 
learning is needed to increase student engagement in the studied subjects. A fun and effortless approach to learning is 
necessary to improve the efficiency of online learning. One possible solution is integrating artificial intelligence (AI) 
technology. AI allows the learning process to be carried out interactively and quickly in producing information. The field 
of education has even led to extensive applications such as AI (Chassignol et al., 2018; Miyaji, 2019; Zawacki-Richter et 
al., 2019). AI utilizes massive analytical data processing to mimic human-like functions that have been scientifically 
researched to improve online learning and blended learning (Ouyang et al., 2023). One of these functions is increasing 
learning efficiency and developing instructional designs for the learning process (Nabizadeh et al., 2020; Ouyang et al., 
2023; Taheri et al., 2021). Therefore, using technology in learning is required (López-Belmonte et al., 2020). 

The existence of AI shows the progress of high technological developments because of its ability to improve human 
capabilities at a low cost. However, in professional or cultural contexts, AI cannot mimic or replace the need for human 
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contact, regardless of its use. To validate the best theoretical models for predicting the adoption of AI technology, further 
research should be conducted using the naturalistic technique. Such a study is necessary to comprehend the aspects 
contributing to AI user acceptability, such as perceived benefits, ease of use, attitudes, trust, and satisfaction from AI 
users (Kelly et al., 2023). 

Research conducted by BestColleges proves that 70% of students indicated that online learning is better than learning in 
class, and even 95% of graduates recommend online learning to others (BestColleges, 2022). This finding proves that 
online learning is an effective method of the learning process. However, a report from SMR revealed that when 92% of 
students studied online, they faced issues such as insufficient guidance from teachers and poor internet connectivity, 
with 38% affected by these problems (Hemansyah, 2020). Online learning systems have the possibility of losing, so there 
is a need for support from teachers, curricula, monitoring, and evaluation, as well as remedial systems (Munoz-Najar et 
al., 2022). Although online learning has many benefits for lecturers, students, and institutions in the learning process, 
research has indicated that only 15% of online learning initiatives are successful. In comparison, 40% partially fail, and 
the remaining 45% result in complete failure (Almaiah et al., 2020). 

Practitioners and academics must evaluate the AI tools used in accounting education, as students may have varying 
acceptance levels towards them. One crucial way to increase user acceptance is to evaluate the technology acceptance 
model (TAM) (Martín-García et al., 2019; Venkatesh & Bala, 2008). TAM can determine student acceptance of technology 
by analyzing the frequency of use and gauging their perceptions of how convenient and beneficial technology is in their 
learning experience. The TAM model is widely used to evaluate technology acceptance, particularly in education. It 
focuses on the benefits and convenience provided by the system. Students tend to accept technologies that have user-
friendly menus that are easy to see and use during the learning process (Martín-García et al., 2019; Muti Altalhi, 2021). 
Even though AI functions can be used anywhere and provide accurate results, their use by students is increasing. In the 
IS success model, user satisfaction can be measured by the system's quality contained in the technology. The quality of 
the used technology tends to make users feel accessible and helpful when utilizing the system, so the impact on user 
satisfaction is growing. This research examines the acceptance and successful implementation of online learning with AI. 
To achieve this aim, this study integrates TAM and IS success models and extends them to include factors such as trust 
and innovativeness. These factors are identified as research problems that require further investigation. 

Literature Review  

Artificial Intelligence Quality (AIQ) 

The system's quality can be shown from the functionality of the system according to user needs and has minimal risk 
(DeLone & McLean, 2003). Previous literature has shown that the high quality of technology students use increases the 
perception that instructional media benefits learning (Musyaffi, Septiawan, et al., 2022; Sulaiman et al., 2023). System 
quality is also critical in increasing usefulness (Alkhawaja et al., 2022; Mahmoodi et al., 2017) and student satisfaction 
(Al-Fraihat et al., 2020). Therefore, improving the system's quality is crucial, especially regarding user convenience and 
benefits that foster student satisfaction. In addition, proper feedback through online learning can increase student 
satisfaction (Al-Adwan et al., 2021). Feature of quality technology is that it comes from the functionality of an online 
learning system that can be quickly learned (Balaman & Baş, 2021; Musyaffi, Sulistyowati, et al., 2022). This is so that 
when the system's quality is high, it will directly affect student perceptions that learning with the help of technology can 
provide reliable and valuable functionality for increasing learning satisfaction (Al-Adwan et al., 2021). It is worth noting 
that when a system has all the features and benefits needed, students' perceived benefits and convenience for this 
technology are getting bigger and can be used continuously. This argument is fully supported by several previous studies 
when the quality of the system is good, and the user tends to have a perception of usability (Al-Adwan et al., 2021; 
Alkhawaja et al., 2022; Mohamed Riyath & Muhammed Rijah, 2022; Sulaiman et al., 2023) and convenience (Stylios et al., 
2022; Sulaiman et al., 2023), which becomes greater. Based on this explanation, hypotheses 1, 2, and 3 are as follows: 

H1: Artificial Intelligence Quality (AIQ) has a positive impact on perceived usefulness (PUAI) 

H2: Artificial Intelligence Quality (AIQ) has a positive impact on Perceived Ease of Use (PEAI) 

H3: Artificial Intelligence Quality (AIQ) has a positive impact on Student Satisfaction (SSA) 

Perceived Usefulness (PUAI) 

In TAM theory, usefulness is an essential element impacting technology adoption. Even in the digital learning system 
domain, PUAI has been proven to be a factor that triggers the acceptance of technology used in education (Rugube & 
Govender, 2022). PUAI is a person's beliefs about technologies that can improve performance and efficiency, especially 
in daily activities (Davis, 1989). PUAI is defined as the level of student confidence in using AI, which can assist students 
in improving the learning process to be more effective and efficient. As technology function increases, students are more 
satisfied using it in every lesson (Duggal, 2022; Musyaffi, Septiawan, et al., 2022). This opinion has been supported by 
previous literature, which confirms that PUAI can increase user satisfaction and help the learning process (Jain et al., 
2022). In addition, a good perception of benefits regarding the technology used can increase user adoption (Alami & El 
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Idrissi, 2022; Hu et al., 2022; Martín-García et al., 2019; Musyaffi, Sulistyowati, et al., 2022; Sulaiman et al., 2023). Thus, 
the 4th and 5th hypotheses are as follows: 

H4: Perceived Usefulness (PUAI) has a positive impact on Behavior Intention (BIA) 

H5: Perceived Usefulness (PUAI) has a positive impact on Student Satisfaction (SSA) 

Perceived Ease of Use (PEAI) 

Ease of use indicates how positively students perceive technology that does not take substantial effort to learn (Musyaffi, 
Sulistyowati, et al., 2022). Ease of use in learning with AI refers to the ability to master AI with less effort. The easier the 
tools students use, the greater the benefits and uses (Dissanayake & Velananda, 2020; Stylios et al., 2022; Suki & Suki, 
2017). So that it allows students to use technology in every learning process (Abdullah et al., 2016; Maheshwari, 2021). 
The majority of previous research regarding the adoption of online learning implemented with the TAM model revealed 
a strong relationship between convenience and usability (Chen & Li, 2021; Maheshwari, 2021; Mailizar et al., 2021; 
Mohamed Riyath & Muhammed Rijah, 2022; Munabi et al., 2020). 

H7: Perceived Ease of Use (PEAI) has a positive impact on Perceived Usefulness (PUAI) 

H8: Perceived Ease of Use (PEAI) has a positive impact on Student Satisfaction (SSA) 

Perceived Trust (PTA) 

Trust is viewed as existing when an institution or party has faith in the dependability and honesty of a partner (Morgan 
& Hunt, 1994). Trust in the educational context is understood in students' beliefs in a system or institution used in the 
educational process. Trust is also essential to influence student attitudes toward using technology in learning (Hameed 
et al., 2022). Trust in the technology used is critical to make users continue to use the product. The results of previous 
research prove a strong interest between trust, usefulness, and intention (Ahmed & Damodharan, 2022; Kaur et al., 2022; 
Rafferty & Fajar, 2022). Unsurprisingly, trust is the most crucial issue in technology adoption (Boo & Chua, 2022; Chiu et 
al., 2017; Stylios et al., 2022). Hence, the 9th and 10th hypotheses in this study are as follows: 

H9: Perceived Trust (PTA) has a positive impact on Behavior Intention (BIA) 

H10: Perceived Trust (PTA) has a positive impact on Perceived Usefulness (PUAI) 

Personal Innovativeness (PIA) 

PIA is individual readiness and desire to experiment with new information technology, unaffected by external or internal 
factors (Agarwal & Prasad, 1998). In learning with AI, PIA is defined as the readiness of students to try online learning 
technology using AI based on their characteristics. Students with a high level of innovation tend to perceive technology 
as a new use that can facilitate their learning process (Čevra et al., 2022). It can be concluded that PIA has a significant 
impact on PUAI (Cheng & Huang, 2013; Liébana-Cabanillas et al., 2015). The higher the level of user innovation, the 
greater the perception of benefit to students, leading to continued use of the technology (Liébana-Cabanillas et al., 2015; 
Rahman, 2013). In addition, the current literature has also proven a positive and significant relationship between PIA 
and the user's intention (Ahmed & Damodharan, 2022; Suebtimrat & Vonguai, 2021). Therefore, hypotheses 11 and 12 
in this study are: 

H11: Personal Innovativeness (PIA) has a positive impact on Perceived Usefulness (PUAI) 

H12: Personal Innovativeness (PIA) has a positive impact on Perceived Ease of Use (PEAI) 

Student Satisfaction (SSA) 

Satisfaction is a significant factor in the successful model framework for implementing certain technologies (DeLone & 
McLean, 2003; Forster et al., 2020). Student satisfaction in this study indicates that students are satisfied with using 
technology because it is convenient and provides benefits that help students improve their understanding. For example, 
in mobile learning, the tendency of students to use mobile learning is greater if they are more satisfied (Izkair & Lakulu, 
2021). That is, when students have felt satisfaction when using online learning with AI, students will likely continue to 
use AI in online learning. Previous research also ascertains a strong relationship between satisfaction and intention (Kaur 
et al., 2022; Musyaffi, Septiawan, et al., 2022; Rejman Petrović et al., 2022). The 13th hypothesis in this study is as follows: 

H13: Student Satisfaction (SSA) positively impacts Behavior Intention (BIA). 
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Figure 1. Research Model  

Methodology 

Research Design 

This study used quantitative methods to answer research problems. With the help of a questionnaire, the data was 
processed and interpreted to explain the facts that occurred in the field. Questionnaires were distributed online to 
management information systems and accounting information systems students after they used AI to complete 
accounting-related tasks. The AI used was chatbot, grammar, and paraphrasing. The researcher used a census technique 
to obtain the number of samples, namely, taking all samples into the population. The reason was that the population in 
this study was all students in the Management Information Systems (3 classes) and Accounting Information Systems (3 
classes) courses with 161 students. All incoming data were pre-screened using the frequency and statistical distribution 
available in the SmartPLS 4 feature. After that, the author ensured that the data was complete. If the data were 
incomplete, the author rechecked the completeness of the data. However, after the first check, it was found that 14 
respondents had answered incompletely and did not respond. Hence, the total number of participants was 147 
respondents, resulting in a response rate of 91.9%. The response rate's magnitude can continue in quantitative research 
(Babbie, 2020). 

Instrument 

Each question in this study was adapted from previous researchers for the research problem. The questionnaire that was 
distributed was closed-ended. A total of 27 questions were distributed to the students. Each question consisted of 5 
responses, ranging from "strongly disagree" (scored 1) to "strongly agree" (scored 4). Each construct item was taken 
from different previous studies according to the research problem. The AIQ construct consisted of 4 questions (Ojo, 
2017). Moreover, the PTA construct consisted of 3 questions (Hameed et al., 2022). While the PUAI and PEAI are part of 
TAM, each consisted of 4 questions adopted from Venkatesh and Bala (2008). The SSA construct was adopted from Kim 
et al., (2007), consisting of 4 questions. Finally, BIA items were adopted from several previous researchers (Hameed et 
al., 2022). 

Data Analysis 

The researcher used SEM-PLS analysis with SmartPLS 4 software to answer the hypotheses. Researchers used the PLS 
method because it could predict the built model (Hair & Alamer, 2022). This was so that researchers can understand how 
far the constructs that have been built form a model. The stages in SEM PLS consisted of two primary analyses: evaluating 
the measurement model by looking at validity (outer loading and AVE) and construct reliability (CR and CA). After that, 
testing with HTMT and Fornell-Larcker was carried out to ensure that no collinearity occurred. In the second stage, the 
authors evaluated the output of SmartPLS 4.0 on structural modeling through the coefficient of determination (R2) and 
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predictive relevance (Q2) taken from blindfolding data. In the last stage, the researcher evaluated the hypothesis 
proposed with SmartPLS output 4.  

Findings/Results  

Measurement Model 

The first stage was to evaluate the outer loading (minimum .7) and AVE (minimum .5). After that, reliability was evaluated 
through CR and CA with a minimum value of 0.7 (Hair & Alamer, 2022). 

Table 1. Measurement Model Output 

Item Outer loading VIF CA AVE CR 
Artificial Intelligence Quality (AIQ)   .852 .693 .900 
AIQ1 .857 2.552    
AIQ2 .777 1.542    
AIQ3 .852 2.576    
AIQ4 .841 1.962    
Perceived Trust (PTA)   .877 .802 .924 
PTA1 .873 2.274    
PTA2 .914 2.912    
PTA3 .900 2.304    
Personal Innovativeness (PIA)   .872 .726 .913 
PIA1 .841 2.187    
PIA2 .910 3.510    
PIA3 .893 2.855    
PIA4 .756 1.578    
Perceived Ease of Use (PEAI)   .911 .790 .938 
PEAI1 .880 2.683    
PEAI2 .903 3.071    
PEAI3 .893 2.877    
PEAI4 .879 2.607    
Perceived Usefulness (PUAI)   .913 .793 .939 
PUAI1 .909 4.143    
PUAI2 .916 4.274    
PUAI3 .862 2.333    
PUAI4 .874 2.598    
Student Satisfaction (SSA)   .868 .717 .910 
SSA1 .879 2.522    
SSA2 .865 2.372    
SSA3 .787 1.726    
SSA4 .854 2.101    
Behavior Intention (BIA)   .869 .719 .911 
BIA1 .896 2.891    
BIA2 .830 1.981    
BIA3 .845 2.312    
BIA4 .819 1.937    

Outer loading values in this study ranged from .756 – .916. In contrast, the AVE value is 0.693 – 0.802. All items contained 
good data validity because they had a value above .7 (the smallest value is .756). In comparison, the reliability aspect was 
measured based on CA (CA values = .852 – .916) and CR (CR values = .900 – .939). Then on the reliability aspect, the 
research data is reliable because it met the CR and CA criteria above .7. 

Furthermore, to ensure that no collinearity occurs, VIF evaluation was used. The recommended VIF value does not exceed 
5 (Hair & Alamer, 2022). Based on Table 1 above, the VIF values for all items do not exceed 5 (1.542 – 4.274), so it can be 
concluded that the items in this study have no collinearity. 

The purpose of the HTMT evaluation was to ensure that no correlation occurred in any research items. The way to 
evaluate HTMT was to look at the items produced by HTMT with a value below .9 one by one (Hair & Alamer, 2022). In 
total, the details of the HTMT output from SmartPLS 4 are presented as follows: 
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Table 2. Discriminant Validity With HTMT 

 AIQ BIA PUAI PEAI PTA PIA 
BIA .615      
PUAI .643 .721     
PEAI .691 .726 .744    
PTA .779 .543 .409 .576   
PIA .458 .589 .513 .605 .556  
SSA .664 .843 .696 .779 .651 .716 

The HTMT value on the BIA – AIQ item is .615. In contrast, PUAI with AIQ (.643) and BIA (.721) has a value below .9. 
Likewise, PEAI with AIQ (.691), BIA (.691), and PUAI (.409). While other constructs, such as PTA, PIA, and SSA, have 
HTMT values below .9. Based on the presentation of the HTMT evaluation, all items met the discriminant validity criteria 
in the HTMT aspect. 

After evaluating the value of the HTMT, the next step was to test the discriminant validity using the Fornell-Larker, which 
must have a root value of AVE above other values. For example, AIQ items with AIQ have a value of .833, where the value 
was greater than the AIQ construct with BIA (.532), PUAI (.572), PEAI (.614), PTA (.680), PIA (.398), SSA (.578). Then BIA 
items with BIA also have a value of .848. At the same time, BIA with other constructs such as PUAI (.645), PEAI (.647), 
PTA (.478), PIA (.516), and SSA (.733) has a smaller value than BIA with BIA. Then the PEAI – PEAI construct (.889) has 
the most significant value compared to PEAI with PTA (.519), PIA (.545), and SSA (.692). The PTA and PTA constructs 
(.896) also have the highest HTMT values when compared to other constructs, such as PTA and PIA (.487) and SSA (.570). 
While the PIA construct with PIA has a more excellent value than PIA with SSA. Based on this evaluation, all have the 
most outstanding value to meet the discriminant validation criteria using Fornell-Larcker. 

Table 3. Discriminant Validity With Fornell-Larcker 

 AIQ BIA PUAI PEAI PTA PIA SSA 
AIQ .833       
BIA .532 .848      
PUAI .572 .645 .890     
PEAI .614 .647 .679 .889    
PTA .680 .478 .369 .519 .896   
PIA .398 .516 .458 .545 .487 .852  
SSA .578 .733 .623 .692 .570 .627 .847 

Structural Model 

To test the model's suitability, analyze the R square and predictive relevance (Q2). The results of R2 and Q2 based on the 
output of SmartPLS 4 are as follows: 

Table 4. R square and Q2 

 R2 Q2 
BIA .607 .360 
PUAI .523 .368 
PEAI .485 .467 
Student Satisfaction (SSA) .543 .443 

R2 was used to predict the ability of the dependent variable model, which can be predicted using the independent 
variable. The R2 value for BIA is .607, which means that the model built by BIA has a moderate explanatory power of 
60.7%. At the same time, R2 for PUAI has a moderate explanatory score of 52.3%. While the R2 values for PEAI and SSA 
were respectively 48.5% and 54.3% in the category of moderate explanatory power. 

While the Q2 value indicates the appropriateness of the model the researcher has built when the value is more than 0, Q2 
is obtained based on the SmartPLS 4.0 output in the calculation of the blindfolding method. The table above shows the 
Q2 value with the smallest to the most extensive range, .360 – .467. Q2 value for BIA is .360; there is a 36% fit between 
PEAI, PTA, PUAI, and SSA with BIA. Then the Q2 value for the PUAI construct of .368 indicates an appropriate model level 
of 36.8% in the AIQ, PTA, and PEAI constructs of PUAI. Then in the SSA construct, the model's reasonable rate is 44.3%. 
In contrast, the PEAI construct has the highest Q2 value compared to BIA, SSA, and PUAI, .467. The model built against 
PEAI, namely AIQ, and PIA, has a high model fit rate of 46.7%. 
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Hypotheses Testing 

The hypothesis testing phase was conducted to evaluate the results of SmartPLS, the proposed hypotheses, and the 
determined error rate. Each hypothesis is classified as significant in Table 5 below. 

Table 5. Hypotheses Testing 

Hypotheses  Path p values Support 
H1 AIQ -> PUAI .342 .001 Yes 
H2 AIQ -> PEAI .472 .000 Yes 
H3 AIQ -> SSA .188 .015 Yes 
H4 PUAI -> BIA .252 .003 Yes 
H5 PUAI -> SSA .230 .013 Yes 
H6 PEAI -> BIA .135 .063 No 
H7 PEAI -> PUAI .485 .000 Yes 
H8 PEAI -> SSA .421 .000 Yes 
H9 PTA -> BIA  .059 .212 No 
H10 PTA -> PUAI .187 .021 Yes 
H11 PIA -> PUAI .148 .010 Yes 
H12 PIA -> PEAI .357 .000 Yes 
H13 SSA -> BIA .449 .000 Yes 

The first to third hypotheses regarding AIQ for PUAI, PEAI, and SSA have p values of .001, .000, and .015, respectively. All 
three are above 0.05, so the AIQ construct for PUAI, PEAI, and SSA has a hypothesis accepted with a magnitude of 
influence of 34.2% (AIQ 🡪 PUAI), 47.2%, and 18.8%. Then H4 (PUAI 🡪 BIA) and H5 (PUAI 🡪 SSA) have p values of .003 
and .013, so hypotheses 4 and 5 are also accepted with a relationship level of 25.2% and 23%. This result shows that 
PUAI is one of the constructs that strengthens the TAM theory. From the aspect of PEAI, it can also strengthen TAM, but 
only for PUAI. PEAI on SSA also has a strong impact, with a magnitude of influence of 42.1%. Unfortunately, PEAI to BIA 
in this study did not have a vital significance (p = .063, p > .05). Likewise, students' perceptions of belief in AI learning in 
the 9th hypothesis results do not significantly impact the adoption of AI in online learning (p = .212). 

Discussion  

This study used the integration between TAM and the IS success model and additional variables such as personal 
innovativeness and perceived trust to determine the acceptability and success of implementing AI in online learning. The 
analysis with PLS showed that all technology acceptance variables could be well predicted with TAM, except for PEAI, 
which was shown to have no significant relationship with the adoption of AI in online learning. This result is because 
students are more interested in AI functions that help them ask questions or solve accounting problems quickly. Previous 
researchers also confirmed the findings of this study that PEAI does not significantly impact the intention to use (Cheng 
& Huang, 2013; Rafferty & Fajar, 2022; Yan et al., 2021).  

However, behind the rejection of the significance of PEAI, another variable in TAM, namely PUAI, has a positive impact 
on the adoption of AI in online learning (p < .000), which means that the ease of use of AI in online learning can strengthen 
its benefits and usability. Therefore, students who feel that the AI used in learning is easy to use will more easily 
experience the benefits of learning using AI. The convenience most widely felt is the menu and how to use it, which is 
easy and fast. In addition, students also benefit a lot from the information output generated by AI, especially in helping 
solve problems related to economic events. Students tend to prioritize the use of AI in learning. This research's findings 
are similar to those of other researchers, revealing a relationship between convenience and usefulness (Sulaiman et al., 
2023; Thi et al., 2023) and usefulness with technology adoption, especially in learning (Efiloğlu Kurt, 2022; Musyaffi, 
Septiawan, et al., 2022; Sinha & Bag, 2023; Sulaiman et al., 2023; Wang et al., 2022). 

The use of technology provides many conveniences for students, one of which is being able to understand the material 
better with the help of AI. For example, students can quickly improve their writing grammar for making assignments. In 
addition, students can also paraphrase writing. When encountering unfamiliar terms, students can ask AI chatbots to 
discover student problems, especially those related to accounting. Students may also ask for journaling and financial 
reports. Although not 100% true, students believe that AI is a reference for developing ideas and solving problems in the 
learning process. This finding follows previous research where the trust gained through technology increases the 
intensity of technology use (Arfi et al., 2021). One inhibiting factor is the risks inherent in this technology which causes 
users to feel doubtful (Musyaffi, Gurendrawati, et al., 2022). The higher the features and benefits of the technology used 
for learning, the higher the student acceptance. This result is because students' use of technology, particularly AI, is 
primarily for learning purposes in everyday life; thus, AI can facilitate student comprehension in accounting learning. 

This research also proves that PIA affects PEAI and PUAI by 14.8% and 35.7%, respectively. The results indicate that 
students' preparedness significantly impacts how they perceive the convenience and advantages of AI, particularly its 
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features and benefits. This fact is because students currently have high digital literacy. Students are already familiar with 
the technology, so it is easier to master the technology itself. In addition, COVID-19 has also increased the use of 
technology in general, as other subjects require the use of technology in online learning. It stands to reason that students 
with a high level of technology readiness will accept and use technology in learning because the wealth of information 
available makes it easy for them (Čevra et al., 2022; Stylios et al., 2022). This research finding is also confirmed by other 
research, which confirms that the higher the PIA, the more users can experience the benefits of higher technology (Cheng 
& Huang, 2013; Jain et al., 2022; Liébana-Cabanillas et al., 2015; Shanmugavel & Micheal, 2022). 

Trust occurs when students are satisfied with the features and benefits of AI, which increases the adoption of continuous 
learning in a positive way (Hameed et al., 2022). When students see that others have extensively used AI-related content, 
it becomes more familiar to them and enhances their perception of the usefulness of AI. Besides that, trust is an essential 
key factor in forming successful collaboration in applying technology (Chiu et al., 2017; Suki & Suki, 2017). The study 
results confirmed the researcher's opinion that PTA had a significant impact on student BIAI, which was found to be 
18.7%. This result shows that the level of usefulness of students in using AI depends on their trust in the information 
contained in the AI. Other studies reveal that AI applied to the learning process can increase learning efficiency and 
develop more attractive instructional designs (Nabizadeh et al., 2020; Ouyang et al., 2023; Taheri et al., 2021). 

The quality of AI affects student behavior during the learning process. This fact is evident from the use of AI, which refers 
to the quality of AI, especially accuracy, flexibility, and ease of features and services. That statement is under what Field 
DeLone and McLean (2003) revealed that a quality system would improve the performance and function of the system 
itself. System quality is one of the critical factors for successful system implementation, especially in online learning for 
students (Hadullo et al., 2017; Musyaffi, Sulistyowati et al., 2022). Students believe using AI in learning accounting is very 
beneficial, especially when dealing with unfamiliar terms and problem-solving. This result leads to high satisfaction with 
using AI in online learning. These results were also confirmed by previous studies where there was a substantial factor 
between system quality and convenience, and usability (Alkhawaja et al., 2022; Mohamed Riyath & Muhammed Rijah,  
2022; Sulaiman et al., 2023) as well as with student satisfaction (Almaiah & Alismaiel, 2019; Lutfi et al., 2022). The higher 
the quality of AI students use, the higher the possibility for students to find it easy and valuable, resulting in students 
feeling more satisfied. If the quality of the system is related to the degree to which students perceive the benefits of this 
technology resulting from online learning, this quality will lead to a decision by students to use online learning regularly 
(Alkhawaja et al., 2022; Musyaffi et al., 2021). 

If students cannot develop a positive attitude in utilizing their skills, they will tend not to master them even though the 
tools are very effective (Ajzen, 1991; Fredrickson, 2001). The same is true with AI learning. Even though AI can help 
students improve learning understanding, if it is responded to negatively, it will affect student studies' success (Suh & 
Ahn, 2022). The results of this study indicate a high level of satisfaction with AI, so students will continue to use AI for 
learning in other subjects. 

In addition, the model in this study proves that 44.5% can confirm the variance for student satisfaction and 36% for 
behavioral intention. The results show that students perceive using AI in online learning to be more convenient and 
appropriate and to help students learn. This finding leads to BI being high in the learning process. These results also 
follow previous researchers who found a high level of BI (Mailizar et al., 2021; Mohamed Riyath & Muhammed Rijah, 
2022).  

Conclusion 

The results of this study show an increase in the TAM model integrated with the IS model of success in using AI for online 
learning. All variables in TAM, such as PUAI, can increase student intention. However, PEAI could not positively increase 
the importance of students' use of AI in online learning. One factor influencing this result is that students are more 
interested in the features that can help students in the learning process, mainly because of the speed in solving student 
problems. In addition, the variables in TAM, namely PEUI and PUAI, also increase students' satisfaction so that they 
continuously use AI as a learning medium in every lesson. The quality of AI greatly affects how easily and user-friendly 
students perceive it. Therefore, it is essential to significantly improve the features and menus of AI to help students solve 
their problems correctly. This result also aligns with the construct of trust, which can improve student perception. 
Students receive recommendations from others in internal and external environments, such as social media, so they 
believe AI can improve learning. Students can accept the use of AI in online learning if others are also satisfied with the 
use of AI. One of the factors is the quality of the functions and menus that help students in the learning process. 

Recommendations 

The role of technology in education is crucial, especially when considering the acceptance of the latest advancements, 
such as AI, among accounting students. Therefore, researching this topic is essential. This study can help develop a 
technology adoption theory to measure AI in online learning. The results also show that AI quality, confidence, and 
personal innovativeness are essential in developing technology acceptance models. Thus, when implementing learning 
with AI, it is important to consider these factors in addition to the constructs of technology acceptance theory. In addition, 
the results of this study can serve as a recommendation for lecturers to integrate technological approaches such as AI 
into the learning process. However, lecturers must also set clear boundaries for the use of AI so that students do not 
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adopt the entire output of AI. After all, in essence, technology like AI only helps people achieve their goals. In addition, 
this research's results also inspire academics to create superior technology-based learning models by providing the right 
ecosystem through personal innovation. This ecosystem is built through routine learning with technology so that 
students are comfortable with adapting learning to all types of technology. The researchers also recommend other 
variables that may influence the adoption of AI in online learning, such as technology readiness, self-efficacy, and 
instructor quality. In addition, the researchers suggest adding an endogenous variable, such as student performance. 

Limitations 

This research is limited to using the TAM and IS success models and two variables: personal innovativeness and 
perceived trust. Future research should examine the use of AI in education using other theoretical approaches, such as 
social cognitive theory or mental accounting theory, to provide a new perspective on student acceptance of learning with 
AI. In addition, only accounting students participated in this study. Therefore, results may differ for students in other 
disciplines. This study can be useful for scholars researching how AI is used in various fields and academic programs. 
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