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Introduction: This study aimed to assess the impact of artificial intelligence (AI) 
assistance on immediate task performance and evaluate perceived task load and 
AI acceptance among dental interns in an educational setting.
Methods: A pragmatic experiment was conducted among 132 dental interns 
during the 2024–2025 academic year. Participants were randomly allocated 
to either an AI-assisted group (n = 67) or a baseline knowledge control group 
(n = 65) to complete a 15-question quiz based on pediatric orthodontic 
cases. Perceived task load was measured using the National Aeronautics and 
Space Administration Task Load Index. AI acceptance was assessed using the 
Technology Acceptance Model (TAM). Task performance (quiz scores), task 
load, and AI acceptance were analyzed using Wilcoxon rank-sum tests and an 
adjusted generalized regression model.
Results: The AI-assisted group achieved higher task performance scores (median, 
13 vs. 11; p < 0.0001) and lower perceived task load scores (median, 21.7 vs. 41.7; 
p < 0.0001) than the control group. The AI-assisted group had 1.67 times higher 
odds of answering a question correctly compared to controls in the adjusted 
model. Responses to the TAM demonstrated high levels of perceived usefulness, 
perceived ease of use, and behavioral intention (Cronbach’s α = 0.92–0.95).
Conclusion: The AI-assisted group demonstrated improved immediate task 
performance and reduced perceived task load compared to the control group. 
This study serves as a preliminary step toward understanding how AI tools can 
support clinical learning and decision-making processes in educational settings.
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1 Introduction

The incorporation of artificial intelligence (AI) into dental clinical decision-making 
represents a major transformation in modern dentistry, fundamentally changing the 
approaches to diagnosis, treatment planning, and patient care (Semerci and Yardımcı, 2024). 
The integration of AI into dental practice demonstrates promise for delivering more 
personalized and comprehensive care, thereby enhancing clinical decision-making 
(Samaranayake et al., 2025; Tuygunov et al., 2025). For example, ChatGPT has demonstrated 
a relatively high diagnostic performance (72.2%) in various pediatric dental cases (Bhadila et 
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al., 2025). Additionally, a recent review highlighted the accuracy and 
efficiency of AI-based systems in orthodontics, particularly in 
diagnosing skeletal malocclusions, detecting landmarks, indexing 
images, and guiding treatment planning, ultimately improving time 
efficiency and reducing the clinician’s task load (Gracea et al., 2025).

AI also holds potential for reducing the mental and task load 
burdens experienced by clinicians during data collection, analysis, 
record-keeping, and decision-making, which may help decrease 
burnout and improve patient outcomes (Gandhi et al., 2023). 
Perceived task load can be reliably measured using the National 
Aeronautics and Space Administration Task Load Index (NASA-
TLX), a validated tool that assesses perceived mental, physical, and 
temporal demands, as well as performance, effort, and frustration 
(Hart and Staveland, 1988). The application of the NASA-TLX in 
dental education has revealed significant relationships between task 
complexity and perceived task load (Al-Saud, 2023). For example, a 
study with second-year dental students showed that complex 
preclinical tasks increase cognitive load, leading to performance 
decline when mental demand exceeds manageable levels (Al-
Saud, 2023).

As with any emerging technology, its effectiveness depends on 
users’ acceptance and perceived ease of use. Those constructs are 
articulated within the Technology Acceptance Model (TAM), one of 
the widely applied frameworks for understanding how new 
technologies are embraced (Ibrahim and Shiring, 2022). The TAM 
examines perceived usefulness (PU) and perceived ease of use (PEOU) 
to provide insights into the factors shaping practitioner acceptance of 
AI-powered tools, with PU emerging as a key predictor of adoption 
(Lee et al., 2025).

The intersection of AI assistance, perceived task load, and 
technology acceptance has promising implications for dental 
education and practice. Understanding how AI adoption influences 
performance in tasks that require aspects of diagnostic reasoning and 
cognitive demand can help guide AI integration in educational 
settings and support the digital transformation of dentistry. However, 
research examining the combined impact of AI tools on task 
performance, perceived task load reduction, and user acceptance in 
dental education remains scarce.

Therefore, this study aimed to evaluate the effect of AI-assisted 
tools on immediate task performance among dental interns and 
assess perceived task load and technology acceptance using 
NASA-TLX and TAM. The hypothesis was that among a sample of 
dental interns in an educational setting, the AI-assisted group would 
demonstrate improved immediate task performance and reduced 
perceived task load compared to the baseline knowledge group. This 
study serves as a preliminary step toward understanding how AI 
tools can support learning and decision-making processes in 
educational settings.

2 Materials and methods

2.1 Ethical considerations

The study was approved by the Ethical Research Committee of the 
Faculty of Dentistry at King Abdulaziz University Dental Hospital 
(KAUDH), Jeddah, Saudi Arabia (Protocol Code: 28–02-25). Written 
informed consent was obtained from all participants prior to the 

study. Participants were informed that participation was voluntary 
and that they could withdraw at any time without any negative 
consequences.

2.2 Experiment design

This study was designed as a pragmatic randomized experiment 
to examine the impact of AI assistance on immediate task performance 
(i.e., quiz scores) in pediatric orthodontic clinical decision-making 
scenarios and perceived task load among dental interns. Pragmatic 
experiments are designed to evaluate the effectiveness of an 
intervention in real-life routine practices (Schwartz and Lellouch, 
1967; Torgerson and Torgerson, 2007). This approach allowed the 
evaluation of AI assistance on immediate task performance and 
perceived task load under a standard classroom quiz experience, 
where variations in digital literacy and natural user behavior were 
preserved. This pragmatic design helped provide early practical 
relevance in natural educational settings. The Consolidated Standards 
of Reporting Trials (CONSORT) extension for pragmatic trial 
guidelines was followed in this study (Bennett, 2005; Zwarenstein et 
al., 2008) (Figure 1). Data were collected between May 2025 and June 
2025. Participants were recruited from KAUDH and were eligible if 
they were dental interns enrolled during the 2024–2025 academic year 
and agreed to participate. None of the enrolled students had received 
formal training in AI tools as part of their curriculum. Recruitment 
was conducted via email invitation with instructions to bring fully 
charged electronic devices. On the day of data collection, the 
participants received an overview of the study and provided written 
informed consent.

In our context, dental interns remain under the supervision of 
dental school throughout their seventh year of training. After 
completing six academic years, they rotate across affiliated public and 
private hospitals, where they deliver supervised clinical care 
comparable to general dental practice. Although they function in 
general dental practice settings during this internship year, they 
receive their bachelor’s degree only after successfully completing their 
internship. Therefore, they were selected as our sample of choice, as 
this hybrid model allowed us to capture the combined real-world 
general practice exposure with structured educational supervision.

2.3 Sampling

A priori power analysis was conducted using G*Power (version 
3.1) to determine the minimum sample size required to detect a 
statistically significant difference in mean scores between the two 
independent groups. Assuming a moderate effect size (d = 0.5), 
significance level of 0.05, and power of 80%, the analysis indicated that 
128 participants (64 per group) would be necessary to achieve an 
adequate statistical power. A convenience sampling approach was 
employed, followed by random allocation of participants to one of the 
two groups.

	•	 Group I (AI-assisted): Dental interns were permitted to use 
AI-assisted tools for task completion.

	•	 Group II (Baseline Knowledge): Dental interns completing the 
task without AI assistance.
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Simple randomization was performed using a 1:1 allocation ratio 
generated in Microsoft Excel. Equal numbers of printed slips labeled 
“Group I,” or “Group II” were folded and placed in an opaque 
container. The slips were mixed thoroughly, and at the time of data 
collection, the participants were asked to randomly draw one slip 
each, without replacement. This ensured equal probability of 
allocation and concealment. However, given the nature of the 
intervention, blinding was not feasible.

The design aimed to mimic the real-world classroom conditions 
in dental schools. Selection bias was reduced through randomization, 
ensuring approximately equal group size. Both groups completed the 
quiz simultaneously in the same, quiet room under identical 
supervision and time limits to minimize environmental bias. Each 
participant worked individually on their personal laptop or tablet. 
Students were instructed to complete the activity individually, without 
collaboration, and proctoring was performed to ensure compliance. 
The maximum time allowed to solve the 15-question test was 15 min.

The control group (baseline knowledge group) was chosen to 
reflect the standard quiz practice at our institution, in which students 
independently solved quizzes without external digital assistance. 
Meanwhile, the AI-assisted group models the emerging clinical 
practice in which AI tools may be used for decision support, 
supplementing baseline knowledge. Although administering the quiz 
through Google Forms for both groups could have minimized 
potential Hawthorne effects, this approach would have introduced a 
high risk of contamination, as preventing Internet access among 
control participants was not feasible if Google Forms were to be used. 

Therefore, the control group completed a paper-based quiz reflecting 
the standard classroom practice at our institution, whereas the 
intervention group completed the same quiz on Google Forms with 
access to AI tools.

To minimize potential performance anxiety, demoralization, or 
disability bias between groups, we informed all participants prior to 
the study about the following:

	 1.	 The quiz was part of a simple educational experiment and not 
a graded test.

	 2.	 The quiz was not relevant or weighted in their internship 
evaluation.

	 3.	 Individual responses were completely anonymous, as no names 
or potentially identifying data were collected.

	 4.	 Key answers were immediately shared with all participants after 
the tasks and surveys were completed.

	 5.	 The intervention group had access to the Internet during the 
quiz but did not receive any new AI instructional content or 
preparatory material beyond that available to the control group.

To minimize excessive variability in tool usage, participants in 
Group I (AI-assisted group) were provided with specific AI tools (with 
their QR codes presented on the screen).

	 1.	 DeepSeek: A free AI tool with unlimited prompts.
	 2.	 ChatGPT: free version with a 10-prompt limit unless the 

student had a paid subscription.

FIGURE 1

CONSORT flowchart of the study participants. NASA-TLX, NASA task load index; TAM, technology acceptance model.
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We allowed this slight variation in AI tools to reflect real-world 
dynamics because AI-assisted practices are heterogeneous in actual 
settings. By permitting students to use their preferred tools, we aimed 
to model realistic routine practices.

Three pediatric interceptive orthodontic clinical cases 
representing common clinical scenarios were selected by faculty 
members certified by the American Board of Orthodontics and 
Pediatric Dentistry. Standardized multiple-choice questions 
(MCQs) based on evidence-based guidelines were developed to 
assess task performance and clinical decision-making. Content 
validity was examined by five expert faculties using the Content 
Validity Index (CVI) (Polit and Beck, 2006) across six dimensions: 
ambiguity, importance, simplicity, relevance, clarity, and inclusion 
in the final version. The CVI values for the individual items ranged 
from 0.80 to 1.00. The average CVI values across each dimension 
were as follows: ambiguity (1.00), importance (1.00), simplicity 
(1.00), relevance (0.99), clarity (0.99), and inclusion (0.99). The 
overall mean CVIs across all dimensions was 0.99, indicating 
excellent content validity. In addition, the five experts independently 
rated the complexity of each clinical case as simple, moderate, or 
complex. For Case 1, three experts rated the case as moderate and 
two as simple, resulting in a simplicity rating of 40%. Case 2 
received a simplicity rating of 60%. Case 3 was unanimously rated 
as simple (100%). This approach ensured a gradient of case 
complexity, allowing the test to capture multiple levels of realistic 
clinical scenarios relevant to general dental practice (details 
provided in Supplementary materials).

2.4 Measures and outcomes

The dental interns completed the following:

	•	 A task that tested aspects of diagnostic reasoning and treatment 
planning for three clinical cases; administered either digitally 
using Google Forms for the AI-assisted group or on paper for 
baseline knowledge group.

	•	 Immediately after task completion, both groups completed the 
NASA-TLX survey to assess their perceived task load, which was 
completed digitally using Google Forms.

	•	 Subsequently, the AI-assisted group completed the TAM survey 
to digitally evaluate AI acceptance and usability using 
Google Forms.

NASA-TLX is a widely validated tool for assessing perceived task 
load in healthcare and education across six dimensions (Hart and 
Staveland, 1988).

	 1.	 Mental Demand - How challenging was the task mentally?
	 2.	 Physical Demand - How much physical effort was required to 

perform the task?
	 3.	 Temporal Demand - How pressured did you feel by time 

constraints?
	 4.	 Performance - How effectively did you meet the task  

objectives?
	 5.	 Effort - How much exertion was required to finish the task?
	 6.	 Frustration Level - How much discouragement, irritation, or 

stress did you experience?

Raw NASA-TLX Score:

	•	 The sum of all six ratings was divided by six to obtain the average 
perceived task load score.

Formula:

( )= ∑Raw TLX Score all six ratings /6

The TAM was used to assess the PU and PEOU of AI in clinical 
decision-making (Ibrahim and Shiring, 2022). PU was defined as “the 
degree to which a person believes that using a particular system would 
enhance job performance” (Davis, 1989) whereas PEOU was defined 
as “the degree to which a person believes that using a particular system 
would be free of effort” (Davis, 1989).

The study outcomes are:

	 1.	 Primary outcome: Task performance score, reported as the 
total number of correct answers out of 15 multiple-choice 
questions (score range: 0–15), reflecting accuracy in three 
structured case-based scenarios (each question was weighted 
equally).

	 2.	 Secondary outcome: Perceived task load score, measured using 
NASA-TLX scores across six task load dimensions (score 
range: 0–100).

2.5 Statistical analysis

Descriptive analyses were conducted to summarize the data using 
frequencies, percentages, means, standard deviations (SD), medians, and 
their associated 25th and 75th interquartile ranges (IQR). Cronbach’s α 
was calculated to assess the internal consistency of the TAM constructs 
among the students in the AI-assisted group. The Shapiro–Wilk test was 
used to assess the normality of continuous variables, including task 
performance and task load scores. Both variables demonstrated 
statistically significant deviations from normality (p < 0.05). 
Consequently, Wilcoxon rank-sum tests were applied to compare task 
performance and NASA-TLX task load scores between the AI-assisted 
and baseline knowledge groups. Bonferroni correction was applied to 
reduce the risk of type I error due to multiple testing on families of 
secondary outcomes. The three case-level task performance scores in 
Table 1 were evaluated using a Bonferroni-corrected significance 
threshold of p < 0.017 (=0.05/3), and the six NASA-TLX subscales in 
Table 2 were evaluated using a threshold of p < 0.008 (=0.05/6). The total 
test score in Table 1 and the overall NASA-TLX workload score in 
Table 2 were the primary outcomes and were reported without 
adjustment for multiple comparisons. All statistical tests were performed 
using two-tailed tests. For multivariable analysis, the unit of analysis was 
the participant. Each participant had a single outcome score for test 
performance, which was measured as the total number of correct 
answers out of 15 multiple-choice questions (bounded count ranged 
between 0 and 15). Generalized linear models (GLM) with a binomial 
family and logit link (Stata: glm, family(binomial 15) link(logit)) were 
selected to model the non-normally distributed outcome (test 
performance). Since each participant contributed one observation to the 
regression, the assumption of independence applies between 
participants. Two models were conducted using the binomial 
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GLM. Model 1 (the unadjusted model) estimated the total effect of AI 
assistance on task performance. In model 2, the GLM evaluated the 
association between the outcome (task performance) and the main 
predictor (group allocation: AI assistance vs. baseline knowledge), while 
adjusting for the NASA-TLX task load scores and sex. Model 2 was 
conducted to estimate the direct effect of AI assistance while holding the 
perceived task load and sex constant. Perceived task load was scaled and 
reported per 10-point increase in the NASA-TLX score to facilitate 
interpretation. The measure of estimation was the exponentiated 
coefficients presented as crude and adjusted odds ratios (ORs/AORs) 
with their corresponding 95% confidence intervals (CIs). The statistical 
significance for the regression analysis was set at p < 0.05. All statistical 
analyses were performed using Stata/IC version 15.1 (StataCorp, College 
Station, TX, USA).

3 Results

The final analyzed sample included 132 dental interns, of whom 
53.8% were female (n = 71) and 46.2% were male (n = 61). Participants 
were randomized into AI-assisted (n = 67, 50.8%) and baseline 
knowledge (n = 65, 49.2%) groups. As enrolled dental interns of the 
2024–2025 academic year, the participants were between 22 and 
24 years of age. Table 1 presented the task performance of the 
AI-assisted and baseline knowledge groups. The AI-assisted group 

achieved significantly higher overall task scores than the baseline 
knowledge group (median score 13 [IQR 11–14] vs. 11 [IQR 9–13]; 
p < 0.0001). Case-level analysis showed consistently superior 
performance in the AI-assisted group for the first two cases 
(Bonferroni-corrected significance threshold = 0.017; p < 0.0001 and 
p  = 0.0003; respectively), whereas no significant difference was 
observed for the third case (p = 0.0140).

Table 2 compared the perceived task load scores measured using 
the NASA-TLX. The AI-assisted groups reported significantly lower 
overall perceived task load scores than the baseline knowledge group 
(median score 21.7 [IQR 8.3–46.7] vs. 41.7 [IQR 30.0–62.5]; 
p < 0.0001). The scores for mental demand, physical demand and 
effort were substantially lower in the AI-assisted group (Bonferroni-
corrected significance threshold = 0.008; p-values were<0.008). 
Although temporal demand and frustration scores were also lower in 
the AI-assisted group, these differences were not statistically 
significant (p-values were>0.008).

Table 3 summarized the descriptive statistics for the TAM 
constructs among dental interns in the AI-assisted group (n = 63; four 
of the 67 interns did not complete the TAM survey). Possible scores 
ranged from 1 (Highly Unlikely) to 7 (Highly Likely). The PU of AI in 
clinical decision-making was rated highly, with item means ranging 
from 5.73 to 5.83 (SD ~ 1.3–1.5), and excellent internal consistency 
(Cronbach’s α = 0.95). PEOU was also rated highly, with item means 
ranging from 5.95 to 6.40 (SD ~ 1.0–1.3), and excellent reliability 

TABLE 1  Comparison of task performance (number of correct answers out of 15 multiple-choice questions) of dental interns by group (AI-assisted vs. 
baseline knowledge control) using Wilcoxon rank-sum test.

Test Performance Median (25th-75th interquartile range) P-value (*)

Total
n = 132

Control group 
n = 65 (49.2%)

AI-assisted group
n = 67 (50.8%)

Case 1 score (out of 5) 4 [3–5] 4 [3–4] 5 [4–5] <0.0001

Case 2 score (out of 5) 3 [2–4] 3 [2–3] 4 [3–4] 0.0003

Case 3 score (out of 5) 5 [4–5] 5 [4–5] 5 [5–5] 0.0140

Total score (out of 15) 12 [10–14] 11 [9–13] 13 [11–14] <0.0001 (**)

AI, Artificial Intelligence. The bold font indicates statistical significance. *Raw p-values are reported. Significance was evaluated using a Bonferroni-adjusted threshold of α = 0.05/3 = 0.017, 
applied to the case-level scores, which are considered as a family of three secondary outcomes. **The total test score was treated as a separate primary outcome; therefore, Bonferroni 
correction was not applied, and the statistical significance threshold was set at α = 0.05.

TABLE 2  Comparison of NASA task load index (TLX) scores for dental interns by group (AI-assisted vs. baseline knowledge control) using Wilcoxon 
rank-sum test.

NASA-TLX dimension Median score (25th-75th interquartile range)
Scores are out of 100

P-value (*)

Total
n = 132

Control group  
n = 65

AI-assisted group
n = 67

Mental Demand 50 [20–80] 65 [50–90] 35 [10–70] 0.0004

Physical Demand 20 [20–62.5] 40 [10–80] 10 [0–40] 0.0070

Temporal Demand 20 [5–55] 30 [5–70] 10 [5–45] 0.0202

Performance 55 [10–90] 75 [25–85] 40 [0–90] 0.1162

Effort 25 [5–60] 50 [20–75] 10 [0–35] <0.0001

Frustration 10 [0–40] 10 [0–60] 0 [0–25] 0.0266

Overall Load Score 35 [17.1–54.6] 41.7 [30.0–62.5] 21.7 [8.3–46.7] <0.0001 (**)

AI, Artificial Intelligence NASA-TLX score: High number equals higher perceived task load (0 = Zero Load). The bold font indicates statistical significance. *Raw p-values are reported. 
Significance was evaluated using a Bonferroni-adjusted threshold of α = 0.05/6 = 0.008, applied across the six NASA-TLX subscales, which are considered as a family of six secondary 
outcomes. **The total test score was treated as a separate primary outcome; therefore, Bonferroni correction was not applied, and the statistical significance threshold was set at α = 0.05.
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(Cronbach’s α = 0.92). The behavioral Intention to Use AI showed 
strong endorsement (mean 6.29, SD 1.01), indicating a substantial 
willingness among dental interns to adopt AI in future clinical 
decision-making.

Table 4 presented the GLM with a binomial family examining the 
association between the test performance scores and AI assistance. 
Model 1 estimated the overall impact of AI assistance on the test 
performance. The students in the AI-assisted group had 1.98 times 
higher odds of answering a question correctly compared to those in 
the baseline knowledge group (OR = 1.96; 95% CI: 1.58–2.44; 
p < 0.0001). Meanwhile, Model 2 estimated the direct effect of AI 
assistance on task performance, adjusting for the perceived task load 

scores and sex. In the adjusted model, students in the AI-assisted 
group had 1.67 times higher odds of answering a question correctly 
compared to those in the baseline knowledge group (AOR = 1.67; 95% 
CI: 1.33–2.10; p <  0.0001). A higher perceived task load was 
significantly associated with lower test performance, with every 
10-unit increase in task load score, there was a 10.1% decrease in the 
odds of answering a question correctly (AOR = 0.899; 95% CI: 0.86–
0.94; p <  0.0001). Sex was not significantly associated with task 
performance in either model (p > 0.05).

For a more intuitive and practical interpretation, we calculated the 
model-estimated means (Stata: margins). The unadjusted model-
estimated means for task performance score was 12.51 correct answers 

TABLE 3  Descriptive statistics for technology acceptance model constructs (TAM) (artificial intelligence assisted group, n = 63; four of the 67 interns 
did not complete the TAM survey).

Construct Mean Standard deviation Cronbach’s α

Perceived Usefulness (PU)

Using AI enabled me to make clinical decisions more quickly. 5.76 1.48

0.946

Using AI improved my clinical decision performance. 5.76 1.28

Using AI in making clinical decisions increased my productivity. 5.79 1.37

Using AI enhanced my effectiveness in making clinical decisions. 5.83 1.26

Using AI made it easier to make clinical decisions. 5.78 1.37

I find AI useful in making clinical decisions. 5.73 1.32

Perceived Ease of Use (PEOU)

Learning to operate AI is easy for me. 6.03 1.17

0.915

I find it easy to get AI to do what I want it to do. 5.95 1.26

My interaction with AI was clear and understandable. 6.05 1.03

I found AI to be flexible to interact with. 6.08 1.17

It would be easy for me to become skillful at using AI. 6.14 1.12

I find AI easy to use. 6.40 0.99

Behavioral Intention to Use (BI)

I intend to use AI regularly in the future. 6.29 1.01

TABLE 4  Generalized linear regression with a binomial family and logit link predicting task performance (total number of correct responses out of 15 
multiple-choice questions), among dental interns (n = 132; academic year 2024–2025).

Predictors Outcome (task performance) as the total number of correct answers
Odds ratios (ORs) and 95% confidence intervals [95%CI]

Model 1 Model 2

Crude OR of answering a 
question correctly 

[95%CI]

P-value Adjusted OR of 
answering a question 

correctly [95%CI]

P-value

Group allocation

Control Reference Reference

Artificial Intelligence Assisted 1.96 [1.58–2.44] <0.0001 1.67 [1.33–2.10] <0.0001

Sex

Male Reference

Female 0.91 [0.73–1.13] 0.394

Perceived Task Load (NASA-

TLX; 0–100 scale, per 

10-point increase)

0.899 [0.86–0.94] <0.0001

Constant 2.65 [2.22–2.94] <0.0001 4.43 [3.35–5.86] <0.0001
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(95% CI: 12.16–12.85) in the AI-assisted group compared to 10.78 
(95% CI: 10.36–11.21) in the baseline knowledge group. Meanwhile, 
the adjusted model-estimated means for the task performance score 
was 12.33 correct answers (95% CI: 11.95–12.70) in the AI-assisted 
group compared to 11.03 (95% CI: 10.61–11.45) in the baseline 
knowledge group. This corresponds to an average of 1–2 more correct 
answers out of 15 (all p < 0.0001) for the AI-assisted group compared 
to the control group.

4 Discussion

This pragmatic experiment assessed the impact of AI assistance 
on immediate task performance, perceived task load, and acceptance 
of AI among dental interns. The AI-assisted group demonstrated 
statistically significantly higher task performance scores than the 
baseline knowledge group, even after adjusting for perceived task load. 
Perceived task load, measured using the NASA-TLX, was significantly 
lower among students in the AI-assisted group than in the baseline-
knowledge group. Acceptance of AI, assessed using the TAM survey, 
was rated highly for PU, PEOU, and behavioral intention to use (BIU) 
AI. Therefore, we rejected the null hypothesis and found that among 
a sample of dental interns in an educational setting, the AI-assisted 
group demonstrated improved immediate task performance and 
reduced perceived task load compared to the baseline 
knowledge group.

In this study, the overall task scores were significantly higher in 
the AI-assisted group than in the baseline-knowledge group. 
Moreover, the adjusted regression model in this study suggested that 
dental interns in the AI-assisted group had 1.67 times higher odds of 
answering a question correctly compared to those in the baseline 
knowledge group. These findings align with those of a previous 
randomized clinical trial (RCT) conducted at Georgetown University 
School of Medicine (Kalam et al., 2025), where students in the 
AI-assisted group achieved significantly improved quiz performance 
across all cases compared with the unaided clinical decision-making 
approach. That study assigned first-year medical students to one of 
three groups: ChatGPT-4, external non-AI online resources, or 
institutional resources (textbooks and lectures). Participants in the 
ChatGPT group outperformed those in the other groups in case-based 
assessments, supporting the conclusion that AI assistance enhances 
clinical decision-making and academic performance (Kalam et al., 
2025). However, some methodological differences distinguish the two 
studies. The present study included a larger sample of dental interns 
and focused on specialty cases involving pediatric and interceptive 
orthodontics. Additionally, a recent mixed-methods study at the 
European University Cyprus (Kavadella et al., 2024), where 77 s-year 
dental students completing a “Radiation Biology and Radiation 
Protection” assignment achieved significantly higher scores when 
using ChatGPT compared to traditional literature searches (p = 0.045). 
Although the Cyprus study focused on collaborative learning and 
knowledge retention, the present study addressed AI integration into 
individual clinical decision-making in pediatric orthodontics. Despite 
these variations, these studies emphasize the potential of AI to 
improve clinical decision-making and learning outcomes in health 
professions education.

In the current study, the overall perceived task load scores were 
significantly lower in the AI-assisted group than in the baseline 

knowledge group. Additionally, the regression model demonstrated 
that a higher perceived task load was significantly associated with 
lower test performance. For every 10-unit increase in the perceived 
task load score, there was a 10.1% decrease in the odds of answering 
a question correctly. Our findings correspond with the results of a 
recent RCT in which 187 undergraduate dental students in China 
were randomly assigned to a ChatGPT-assisted group or a control 
group using traditional video-based learning (Huang et al., 2025). 
After 1 week of intervention, participants in the ChatGPT group 
demonstrated reduced cognitive load, measured objectively via pupil 
diameter changes using eye-tracking and subjectively through 
questionnaires, compared to those in the control group (Huang et al., 
2025). The consistent benefits across different contexts highlight the 
broader educational value of AI technology. Overall, these findings 
support the current results and suggest that AI-assisted decision-
making may streamline the diagnostic process by providing structured 
suggestions. Such assistance could reduce the time spent on manual 
data retrieval, potentially allowing students to focus more on 
interpretative and reasoning tasks.

Regarding AI acceptability and usability, the overall PU, PEOU, 
and BIU of AI for clinical decision-making were rated highly, 
reflecting the intention of students to adopt AI in the future. These 
findings should be interpreted as exploratory and descriptive, and not 
as evidence of strong predictive ability or sustained acceptability for 
long-term adoption. TAM was administered only to the AI-assisted 
group and immediately after task completion, introducing potential 
confirmation bias. While the internal consistency of TAM constructs 
was high, which is consistent with prior TAM literature (Ashmawy et 
al., 2025; Ibrahim and Shiring, 2022), they do not mitigate the design 
limitations noted above. Future research may benefit from 
administering TAM to both groups and longitudinally after delayed 
exposure. These findings align with those of a previous study, in which 
59.7% of dental students and dentists agreed that the dental 
curriculum should be updated with AI and reported positive attitudes 
toward its integration into dental practice (Kalaimani et al., 2023). A 
recent study further reinforced these observations, as 428 dental 
educators participated in a global survey assessing perceptions of AI 
chatbots and large language models such as ChatGPT (Uribe et al., 
2024). Most participants (64%) acknowledged the potential of these 
tools in dental education, recognizing their usefulness for knowledge 
acquisition, research, and clinical decision making. Concerns 
persisted, particularly regarding the risk of reduced human interaction 
and the absence of explicit guidelines or structured training for 
curriculum integration. A scoping review of the barriers and 
facilitators of AI adoption in healthcare supported these concerns, 
emphasizing that user acceptance improves when AI is perceived as 
useful and easy to use, while successful integration requires addressing 
challenges such as insufficient training, limited institutional support, 
data privacy concerns, and trust in technology (Hassan et al., 2024). 
Collectively, these studies indicate that although learners and 
educators increasingly hold positive attitudes toward AI, sustained 
adoption in dental education will depend on curriculum reforms, 
targeted training, and robust technological support to ensure the safe, 
effective, and ethical implementation of AI. Evidence from Turkey 
adds further support (Eroğlu Çakmakoğlu and Günay, 2025), as 72.3% 
of dental students believed that AI would bring significant changes to 
the profession, with 64.5% supporting AI-based diagnostic systems 
despite nearly half of them expressing ethical concerns. Similarly, a 
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study of healthcare students in Korea highlighted that AI literacy, 
although slightly below average, was positively associated with 
favorable attitudes toward AI and the intention to apply it in clinical 
contexts (Si, 2025). Notably, students’ interest in AI correlated more 
strongly with literacy than with prior training, emphasizing the 
importance of fostering engagement through structured education.

In this study, ChatGPT was selected because it became the fastest-
growing application in history, reaching over 100 million active users 
within 2 months as of January 2023 (Buriak et al., 2023). However, 
some students might have subscriptions to OpenAI, which allows 
unlimited use of ChatGPT. This concern was addressed by providing 
the option of using DeepSeek as a free AI tool, which was included 
because of its increasing popularity, particularly because of its free 
accessibility at the time of experiment conduction. Additionally, we 
allowed this slight variation in AI tools to reflect real-world dynamics, 
aligning with the pragmatic experiment design of choice. By 
permitting students to use their preferred tools, we aimed to model 
realistic behavior because AI-assisted practices are heterogeneous in 
real settings. The intervention also aimed to evaluate the general 
concept of AI assistance rather than a single isolated system to support 
the broader applicability of the study’s findings. Despite this, the 
heterogeneity in AI interventions used may have limited the 
reproducibility and interpretability of the study findings. Future 
randomized trials may benefit from evaluating isolated tool-specific 
effects using limited and standardized AI tools.

This study had some limitations. First, we did not measure prior 
AI familiarity, which may have contributed to variations in task 
performance among the AI-assisted group. However, at the time of 
data collection, none of the enrolled students had received formal 
training in AI tools as part of their curriculum, and exposure to 
generative AI was expected to be comparable across a relatively 
homogenous group of dental interns from the same school and class. 
Future research should include baseline measures of AI literacy and 
self-efficacy. Second, we did not quantify susceptibility to AI errors; 
future studies should assess error propagation as a safety outcome and 
examine skill transfer to high-fidelity and more complex clinical 
evaluations. Third, although the experiment was designed to reflect 
real classroom practice, the difference in the intervention group 
completing an online quiz while the control group completed a paper-
based quiz might have influenced the participants performance and 
perceived task load. These differences could be unrelated to AI 
assistance such as (ergonomics, navigation speed, or user interface) 
and are potential confounders. Additionally, despite the incorporation 
of pragmatic elements, the study was implemented within a controlled 
educational setting using surrogate outcomes without real clinical 
consequences, limiting its applicability in real-world settings. Finally, 
this study was conducted in a single dental institution; to improve 
generalizability and external validity, subsequent research should be 
conducted across multiple settings or institutions.

Given the limited evidence currently available on the impact of AI 
on clinical cognition in dentistry, this study addresses an important 
gap in the literature. The findings add to the broader discourse on 
digital transformation in healthcare education and provide 
preliminary findings that may support future research on the long-
term effects of AI integration on clinical competency and decision 
making. Future investigations should include longitudinal studies that 
assess the sustained influence of AI on perceived task load and clinical 
performance, its impact on critical thinking, and strategies to balance 
AI support with independent problem-solving skills over time. In 

conclusion, among a sample of dental interns in an educational 
setting, the AI-assisted group demonstrated improved task 
performance and reduced perceived task load using a structured case-
based clinical scenario compared to the baseline knowledge group. 
Additionally, AI assistance received strong acceptance from the 
students. This study serves as a preliminary step toward understanding 
how AI tools can support clinical learning and decision-making 
processes in educational settings.
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