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Abstract: With the rapid development of AI technology and the rise of AI in health care, AI diagnostic techniques are gaining 
attention. Studies have been conducted to enhance the reliability of AI in terms of algorithmic accuracy and "black box" nature, 
but few studies have explored the impact of AI interpretation type on patient trust. In this paper, we use subjective scales and 
objective eye-tracking techniques based on the elaboration likelihood model (ELM) and cognitive load theory to explore the 
trust and prediction of patients with different health literacy on global and partial interpretations of AI diagnostic reports. Firstly, 
based on the existing AI diagnostic report form, we remove the distracting information and restore the AI diagnostic report 
display elements by Axure RP9, and construct the patient health literacy and patient trust evaluation scales using the questionnaire 
method; then we conduct scenario simulation experiments using eye-tracking technology to analyze and compare the patient 
trust perception and objective eye-movement measurement results; finally, we use Pearson correlation test. Partial least squares 
method was used to construct a relationship model between patient trust and eye movement index, and the validity of the model 
was verified. The results showed that patients with different health literacy differed in their trust in different AI interpretation 
types; patients with different health literacy differed in their gaze levels for different interpretation types of diagnostic reports; 
and the relationship model between patient trust and eye movement indicators could effectively predict patient perceived trust. 
The results of the study complement the research on the calibration trust of eye-tracking technology in the medical field, while 
providing a reliable scientific basis for the design and developers of intelligent diagnostic technology applications. 

Keywords: Artificial Intelligence Diagnosis; AI Interpretation Type; Patient Trust; Eye Movement Behavior. 
 

1. Introduction 
In recent years, artificial intelligence has emerged in 

medical care, with AI technologies helping doctors diagnose 
or examine cases, such as deep neural networks and 
knowledge graphs that have been used in genetic diagnosis or 
imaging [1,2]. There is growing evidence that patients are 
becoming interested in AI systems[3,4], but because of the 
"black box" nature of AI systems[5,6], users cannot see the 
inner workings of the system, have difficulty understanding 
AI systems, and have difficulty determining whether they can 
trust intelligent diagnoses and make decisions, despite many 
efforts by academics[7-9], there is still no widespread 
acceptance by users Despite many efforts by scholars[10], 
there is still no general acceptance by users . Because the 
healthcare industry is a high-risk field without rigorous 
evaluation criteria and extensive experience, it is difficult for 
designers and developers of AI diagnostic systems to obtain 
guidance on how to develop meaningful, interpretable, and 
highly acceptable AI diagnostic systems [11,12]. Research 
has been done to theoretically sort out AI explanations and 
demonstrate the importance of AI system explanations [13-
16], which have focused on developing and improving system 
models to make AI systems more interpretable [17-19]. In 
addition, studies have emphasized the importance of 
explaining AI predictions for users to understand and accept 
the results provided by the system [11,20]. 

It has been shown that users have a cautious attitude 
towards the decision making of AI systems and when there is 
a discrepancy between the user's idea and the decision 
outcome of the AI system, the user will want to understand 
the operating mechanism of the AI system and form user 
perceptions to promote trust and preference for the system 

through the processing of information explained by the 
system [21]. In healthcare, it has been shown that lack of trust 
in AI by physicians and patients is a significant barrier to the 
adoption of AI systems in medical care[22,23], Asan et al.[24] 
showed that lack of trust in AI systems is a major issue in 
clinical adoption of this technology, and clinicians may have 
bias towards AI leading to trust deficits in the technology, 
which hinders the acceptance and adoption of AI, physicians' 
lack of trust in AI lack of trust in the system may result in 
misuse of devices and waste of resources, and lack of trust in 
the AI system by patients may cause congestion in the hospital 
system, both of which can be barriers to the development of 
AI systems within the healthcare environment. The literature 
suggests that a major barrier to facilitating user trust and 
acceptance of AI systems is the "black box" problem [25], 
where users cannot understand why an AI system produces 
information output [6]. To address this issue, researchers 
suggest making systems more transparent to enhance user 
trust in AI [20,26,27]. 

From the user perspective, user trust is the emotional 
experience of user interaction with an interface; therefore, 
understanding the relationship between interpretable AI and 
user trust can help in the design and development of AI 
systems. To date, several types of metrics have been used for 
measuring user trust, such as subjective ratings, behavioral 
data, and psychophysiological measures. The vast majority of 
studies have relied on rating scales to measure [28], but this 
method does not measure change over time in real time. With 
the development of physiological measurement techniques, it 
has become possible to measure dynamic emotions during 
user interactions, and eye-tracking techniques are beginning 
to be noticed and used as a continuous, real-time, non-
invasive way to analyze emotions during user interactions 
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[29,30]. Lu et al. [31] applied eye-tracking techniques to 
automated trust and system reliability calibration studies and 
confirmed that eye-tracking techniques are reliable tools for 
inferring trust and supporting trust calibration; Shanet al. [32] 
extracted user valued information and constructed a cognitive 
trust model by eye tracking technique. In summary, the 
existing results have had good theoretical and practical value 
in their respective fields, but there are still shortcomings in 
the field of medical high-risk: (i) few studies on explainable 
AI systems have empirically explored different types of 
explanations on patient trust; (ii) few studies have considered 
the impact of patient health literacy on trust in explainable AI 
systems from the perspective of patient information 
processing and processing; (iii) few studies have explored 
patients' trust in interpretable AI based on eye-movement 
metrics in the context of high risk in healthcare. To address 
the above deficiencies, this paper uses a combination of 
questionnaire evaluation scale and eye-tracking technology to 
analyze patient eye-movement indicators and subjective trust 
evaluations, and constructs and validates a patient trust 
prediction model for interpretable AI diagnostic reports. 

2. Theoretical Basis and Literature 
Review 

2.1. Elaboration Likelihood Model 
Psychologists Petty and Cacioppo proposed the 

Elaboration likelihood Model (ELM) in 1980, which is 
considered to be the most influential theoretical model of 
consumer information processing. "Elaboration" refers to the 
degree to which individuals think about information and 
process it in different ways depending on their "motivation" 
and "ability" to influence their decision attitudes Petty and 
Cacioppo confirm that there are two main ways in which 
people process information: (i) When individuals have high 
"motivation" and "ability", they think carefully about the 
content of the information, and evaluate the concepts and 
logic proposed by the information in depth, so as to decide 
whether to change their attitude toward things, and this way 
of information processing is called the "central path". (ii) 
When individuals are weak in "motivation" and "ability", they 
are often not willing to go through more efforts and process 
and analyze the information, and are more easily persuaded 
by the apparent characteristics, and use heuristic clues to 
understand the information through peripheral factors, and 
decide the credibility of the information, and this way of 
information processing is called the "edge path"[33]. In recent 
years, the ELM model has been further developed in the study 
of online users' information reception. Studies have combined 
the ELM model with visual perceptual physiological signals 
to study user behavior and its effects. Trivedi et al. [34] based 
on ELM model combined with eye-tracking technology to 
explore how user information access, message characteristics 
and social media users' health literacy level predict the 
evaluation of message credibility. Wan et al. [35] combine 
ELM model with eye-tracking technology from the 
perspective of visual perception to explore the relationship 
between community users' information browsing behavior 
and message judgment. 

In this paper, based on the classification of explanation 
types and ELM model research, AI explanation types are 
classified into two categories according to two paths of user 
information processing: (i) central path - local explanation 
(AI diagnosis report gives diagnosis results based on the 

degree of correlation between illness and disease) requires 
patients to extract the degree of matching between symptoms 
and disease after comparative analysis to determine the 
disease they are suffering from; (ii) Edge path global 
interpretation (AI diagnostic report gives the overall analysis 
logic of diagnostic results) does not require much effort and 
information processing. In addition, patients were grouped 
according to their health literacy levels to explore the impact 
of patient health literacy and AI interpretation type on patient 
trust. 

2.2. Cognitive Load Theory 
Cognitive psychologist John Sweller first mentioned the 

cognitive load theory in 1988, which states that cognitive load 
is a multidimensional structure that represents the load on the 
cognitive system of the learner when processing a specific 
task, to reflect the causal dimension of the interaction between 
the learning task andlearner characteristics, and to reflect the 
assessment dimension of measurable concepts such as mental 
load, mental effort, and performance of the learner. Learning 
tasks mainly include task form, task complexity, and time 
pressure, and learner characteristics mainly include expertise 
level, age, and spatial ability [36]. Sweller[37] proposes that 
cognitive load consists of two independent sources: internal 
cognitive load and external cognitive load. Internal cognitive 
load is determined by the interaction of information in the 
learning material and the learners' expertise level, while 
external cognitive load is generated by poorly designed 
instructional design. Previous authors measured learners' 
cognitive effort during learning by means of subjective scale 
measures [38], but due to the limitations of subjective and 
discontinuous scales, with the development of physiological 
measurement techniques, many scholars have adopted 
physiological measures for the study of learners' cognitive 
load [39-41]. Örün et al.[42]used EEG to study the effects of 
different learning environments on students' cognitive load 
under multitasking; Holden et al.[43] and Khairat et al.[44] 
explored the effect of electronic health records on patient 
safety hazards by highlighting the cognitive performance of 
physicians' electronic health records; Wu et al.[45] used eye-
tracking devices to refine the effect of information display 
methods in different scenarios on users' cognition and 
memory effects based on perceptual load theory, providing a 
realistic basis for human-computer interaction. 

This paper explores the evaluation and prediction of patient 
health literacy level and AI interpretation type on patient trust 
with the help of eye-tracking technology based on Sweller's 
concept of independent sources of internal and external 
cognitive load by considering patient health literacy level as 
a factor in internal cognitive load and AI interpretation type 
as a factor in external cognitive load. 

3. Research Model 

 
Fig 1. Conceptual model diagram 
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Study Objective 1: To analyze the impact of the type of AI 
interpretation and the level of patient health literacy on patient 
trust. 

In this paper, we classify AI interpretation types into two 
categories, local interpretation and global interpretation, 
based on the two pathways of patient information processing 
based on the interpretation type classification and ELM model 
study. In addition, patient types are distinguished based on 
health literacy levels to explore the effects of patient health 
literacy levels and AI interpretation types on patient trust. 

Study Objective 2: To explore the differences in cognitive 
load of patients reading diagnostic reports with different 
interpretation types by analyzing patient gaze levels. 

Based on previous studies, this paper explores the effects 
of health literacy level and AI interpretation type on patients' 
cognitive load by considering health literacy as a factor in 
internal cognitive load and AI interpretation type as a factor 
in external cognitive load with the help of eye-tracking 
technology. 

Study Objective 3: To predict patient trust by patient gaze 
duration and gaze frequency. 

This paper explores patients' perceived trust in different 
interpretation types of diagnostic reports of AI diagnostic 
systems through eye-movement gaze metrics to provide 
reference for designers and developers of AI systems. The 
study selects the number of gaze and gaze duration as the eye-
movement metrics in this paper based on the related user 
perception [36] and information processing eye-movement 
metrics [32,37] research. 

4. Research Methodology 

4.1. Experimental Subjects 
Sixty-six school volunteers were recruited as subjects to 

participate in the experiment, and subjects whose visual 
acuity could not be calibrated in the oculomotor experiment 
due to visual astigmatism were excluded. 64 valid samples 
were obtained, with 48.4% of males and 51.6% of females, 
and all subjects had normal or corrected visual acuity in both 
eyes, no history of allergies or major diseases, and were 
informed for the follow-up experiment. 

4.2. Experimental Materials 
Based on the existing programs and APPs that provide AI 

disease self-diagnosis, the well-known Left Hand Doctor and 
Coretek Q Medical were selected as the AI self-diagnosis 
primary materials for the experiment. In order to prevent the 
interference of other information elements in the interface, 
remove the interfering information elements and ensure the 
original design information layout as much as possible, Axure 
RP9 was used to simulate the results of the patient's diagnosis 
report, and two web interfaces were designed to present the 
diagnosis report in a global interpretation and in a partial 
interpretation as the experimental materials, and the two 
diagnosis reports were identical except for the different types 
of interpretation. 

4.3. Experimental Equipment and Eye 
Movement Index Selection 

In this paper, the Tobii T120 (Tobii Technology) eye-
tracking device was used. The eye-tracking device has a built-
in eye-tracking server integrated into a 17-inch thin film 
transistor display with a resolution of 1280 × 1024 and a 
sampling rate of 120 Hz. Subjects are required to view the 

experimental material on the display, and the eye-tracking 
device automatically records and saves the subject's eye-
tracking data through the Tobii Pro Glasses Controller 
software, and extracts the subject's eye-tracking data through 
ErgoLAB 3.0 The subjects' eye movement data were 
extracted using ErgoLAB 3.0. Based on the related user trust 
[34,35] and information processing eye movement index 
[46,47] research, the number of gaze and gaze duration were 
selected as the eye movement indexes in this paper. 

4.4. Experimental Design and Procedure 
The artificial intelligence diagnosis report was designed to 

meet the research content, and the user consultation process 
was simulated according to the existing artificial intelligence 
diagnosis system, thus making the subjects more realistic in 
the experimental process, and the task experimental scenario 
was as follows: 

Suppose you have been suffering from runny nose, nasal 
congestion and headache for a long time, runny nose for more 
than two weeks, nasal congestion and headache for about a 
week, with symptoms of sore throat, dry throat and itchy nose. 
The color of the nasal discharge is white and sticky, and the 
nasal congestion is often smooth in one nostril and not in the 
other, and occasionally smooth at the same time, repeatedly. 
The headache is located in the position above the temples, and 
the pain level is bearable. Now you choose artificial 
intelligence disease self-diagnosis system to detect the 
condition. 

The whole experiment was conducted in the oculomotor 
laboratory with only one subject and the instructor for each 
experiment to avoid interference from other people. The 
subjects were first briefly introduced to the purpose of the 
experiment, the procedure and precautions, and were asked to 
fill in the personal information form and the health literacy 
level scale. The subject was then asked to wear an eye-
tracking device to calibrate the eye-tracking system. 
Afterwards, the subject was guided to sit in a comfortable 
position in a chair, and the Tobii Pro Glasses 2 software was 
activated to position the subject's line of sight in the display 
at the best range of information, and the subject's line of sight 
was further calibrated to ensure that the subject's eye 
movement data were accurately collected. After the subjects 
understood the simulated condition, they entered the disease 
self-diagnosis system, selected the corresponding disease and 
interacted with the AI diagnosis system, and finally received 
the disease diagnosis report. After reading the diagnostic 
report, the subjects completed the trust assessment scale, 
which was based on a five-star Likert scale. Other 
interference factors such as noise were strictly controlled 
during the whole experiment. 

4.5. Experimental Data Processing 
The oculomotor experimental data were derived by 

ErgoLAB 3.0 data processing software for each plotted 
dynamic area of interest for the duration of gaze and number 
of gazes in each area of interest during the experimental time, 
patient trust data were summarized by Excel, and the data 
were grouped and analyzed using SPSS software, and the 
oculomotor index and patient trust data were modeled using 
MATLAB. 
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5. Analysis of Data Results 

5.1. Patient Trust Analyst 
The differences in the effects of AI diagnosis report 

interpretation type and health literacy level on patient trust 
were analyzed by independent sample t-test. The effect of the 
type of AI interpretation on patient trust under the difference 

in the level of expertise was first analyzed, and the results are 
shown in Table 1: (i) patients with weak ealth literacy 
perceived trust in the local interpretation (M୥୪୭ୠୟ୪ =2.50, 
M୪୭ୡୟ୪=3.90, p=0.000) were significantly higher than global 
explanations; (ii) patients with strong health literacy had 
significantly higher perceived trust in global explanations 
(M୥୪୭ୠୟ୪=4.24,	M୪୭ୡୟ୪=3.70, P=0.010) were more significant. 

 
Table 1. Patient health literacy t-test table 

 
Conditions

Weak health literacy Strong health literacy 
M୥୪୭ୠୟ୪ M୪୭ୡୟ୪ p-value M୥୪୭ୠୟ୪ M୪୭ୡୟ୪ p-value 

trust 2.50 3.90 0.000*** 4.24 3.70 0.010**

5.2. Analysis of Eye Movement Data Results 
The effects of AI interpretation type and health literacy 

level on patients' gaze levels were analyzed by independent 
samples t-test. From the perspective of this paper on the 
internal cognitive load hypothesis to analyze the differences 
in gaze of patients with different health literacy underwater 

and flat, the results are shown in Table 2: (i) under the global 
explanation type, the gaze duration and gaze number of 
patients with strong health literacy were significantly smaller 
than those with weak health literacy; (ii) under the local 
explanation type, the gaze duration and gaze number of 
patients with strong health literacy were significantly smaller 
than those with weak health literacy. 

 
Table 2. Differences in gaze of patients with different levels of health literacy 

Explanation  
Type 

Health  
Literacy 

Attention span Number of gazes 
Average 

value 
t-value p-value 

Average  
value

t-value p-value 

Global 
Strong 76.072 

-7.496 0.000*** 
124.30 

-2.270 0.040* 
weak 100.372 141.33 

Parti 
Strong 45.117 -

13.175 
0.000*** 

92.113 -
13.180 

0.000*** 
weak 67.00 161.00 

The differences in patients' gaze under different AI 
interpretation types were analyzed from the perspective of the 
hypothesis of external cognitive load in this paper, and the 
results are shown in Table 3: (i) patients with strong health 
literacy had significantly less gaze duration and number of 
gaze for the local interpretation than for the full interpretation; 
(ii) patients with weak health literacy had no statistically 

significant differences in gaze duration for the global 
interpretation and the local interpretation, but the number of 
gaze for the local interpretation was significantly  higher 
than for the global (ii) The difference in gaze duration 
between global and local explanations was not statistically 
significant. 

 
Table 3. Differences in user attention under different AI interpretation types 

Health 
literacy 

Interpretation 
type 

Fixation duration Number of gazes
Average 
value 

t value p value 
Average 
value

t value p value 

strong 
global 76.072 

8.949 0.000*** 
124.30

9.098 0.000*** 
local 45.117 67.00

weak 
global 100.372 

1.431 0.180 
141.33

-2.315 0.041* 
local 96.970 161.00

5.3. Patient Trust Prediction Model 
Construction and Testing 

Pearson correlation analysis was performed to verify the 
correlation between patient trust and oculomotor indicators. 
In this paper, PLS (partial least squares regression) method 
was used for modeling the relationship between patient 
perceived trust and oculomotor indexes. MATLAB was used 
to program the solution according to the PLS calculation steps. 
The results of the correlation analysis are shown in Table 4: 
(i) patients with higher health literacy showed significant 
positive correlations between perceived trust and gaze 
duration (PCC=0.751, sig=0.012) and gaze number 
(PCC=0.792, sig=0.006) in the global interpretation of 
diagnostic reports; (ii) patients with higher health literacy 

showed significant positive correlations between perceived 
trust in the local interpretation type of diagnostic reports were 
significantly and positively correlated with both gaze duration 
(PCC=0.893, sig=0.001) and gaze frequency (PCC=0.765, 
sig=0.016); (iii) patients with weaker health literacy showed 
a significant positive correlation between perceived trust and 
gaze duration (PCC=0.820, sig=0.046) and gaze frequency 
(PCC=0.829, sig=0.041) in the diagnostic report of the global 
explanation type; (iv) patients with weaker health literacy had 
a significant positive correlation between perceived trust and 
gaze duration (PCC=0.773, sig=0.042) and gaze frequency 
(PCC=0.830, sig=0.021) in the local interpretation type. 

The results of the above correlation analysis show that 
there is a correlation between patients' perceived trust and eye 
movement indexes. The relationship model between patients' 
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perceived trust and gaze level indexes can be further 
constructed. The patient gaze duration and gaze number were 
selected as independent variables, and the mean value of 
patient perception trust score was taken as the dependent 
variable. The PLS method was used to construct the 
relationship model between patient perception trust and 
oculomotor indexes with different AI interpretation types 
through MATLAB programming to achieve the prediction of 
patient perception trust for diagnostic reports, and the 
relationship model equations were obtained according to the 
results of MATLAB runs as follows: 

      ଵܻ ൌ 0.0990 ൅ 0.0280 ଵܺ ൅ 0.0160ܺଶ         (1) 
ଶܻ ൌ 	1.5014 ൅ 0.0408 ଵܺ ൅ 0.0049ܺଶ         (2) 

ଷܻ ൌ െ2.4155 ൅ 0.0260 ଵܺ ൅ 0.0158ܺଶ        (3) 
ସܻ ൌ െ0.6302 ൅ 0.0254 ଵܺ ൅ 0.0126ܺଶ         (4) 

Where ܻ1 denotes the mean score of perceived trust rating 
of global explanation type diagnostic reports for patients with 
strong health literacy, and ܻ2 represents the mean score of 
perceived trust in the diagnostic report of the local 
interpretation type for patients with strong health literacy, 
andܻ3 represents the mean score of perceived trust in the 
global explanatory type of diagnostic report for patients with 
weak health literacy, ܻ4 the mean score representing the 
perceived trust rating of patients with weak health literacy for 
the local interpretation type of diagnostic report;ܺ1 is the 
duration of gaze, andܺ2 is the number of gazes. 

 
Table 4. Differences in patient gaze under different types of AI interpretation 

Health 
Literacy 

Explanation 
Type 

Attention span Number of gazes
PCC sig PCC sig

strong 
global 0.751 0.012* 0.792 0.006**

local 0.893 0.001** 0.765 0.016*

weak 
global 0.820 0.045* 0.829 0.041*

local 0.773 0.042* 0.830 0.021*

To test the accuracy of the constructed model, four subjects 
with strong expertise and eight subjects with weak expertise 

were reselected, and the diagnostic reports with both global 
and partial explanations were included. 

 
Table 5. Paired samples t-test of model predicted and actual values 

Health Literacy 
Explanation

Type 

Actual value Predicted value
t df p Average 

value 
Standard
deviation

Average
value

Standard
deviation

strong 
global 3.835 0.233 3.863 0.073 -2.248 1 0.845
local 3.335 0.474 3.185 0.223 0.847 1 0.553

weak 
global 2.500 0.240 2.691 0.201 -6.780 1 0.093
local 4.165 0.234 4.091 0.290 1.872 1 0.312

As shown in Table 5, there was no significant difference 
between the predicted and actual values of the partial least 
squares regression model between patients' perceived trust 
and eye movement indexes, i.e., the significance levels 
between the predicted and actual values were all greater than 
0.05, and this result verified the accuracy of the PLS model. 

6. Discussion 

6.1. Patient Trust Evaluation Discussion 
There were significant differences in trust in diagnostic 

reports of different interpretation types among patients with 
different health literacy. Patients with weaker health literacy 
had higher levels of trust in diagnostic reports that provided a 
local interpretation type, while patients with stronger health 
literacy had higher levels of trust in diagnostic reports that 
provided a global interpretation type. The possible reason for 
this is that in healthcare contexts with high risk, patients use 
to be more concerned about the accuracy and reliability of the 
AI system and evaluate AI system explanations based on a 
priori knowledge when the AI system is interacting [48]. Thus, 
patients' trust in AI diagnostic systems is not only influenced 
by the type of explanation but also related to patients' health 
literacy. 

6.2. Discussion of Eye Movement Data Results 
The existing literature on patients' gaze behavior towards 

the interpretation interface of artificial intelligence systems in 
medical environments is scarce, and studies have shown that 
gaze duration and gaze number respond to the user's 

sensitivity to the processing of information content within the 
interest area, which is an important basis for measuring 
cognitive load. The analysis of gaze behavior data by eye-
tracking technology can obtain high-value information about 
users' interest in content, ease of accessing information and 
behavioral models [49]. The longer the total gaze time, the 
more difficult it is for users to process information and the 
higher the cognitive load [47,50]. The more the number of 
gaze sessions, the greater the effort required for users to 
process the information and the higher the cognitive load [46]. 
Some studies have found that users' ability to access health 
information on social media has an impact on the 
trustworthiness of information assessed by individuals, and 
users with lower health literacy spend more time on 
information processing. In this paper, patients with strong 
health literacy were more sensitive to disease diagnosis 
information and had higher information processing ability, so 
the length of gaze and number of gazes were significantly 
smaller than those with weaker health literacy levels; patients 
with stronger health literacy had higher trust in global 
explanations, while patients with weak health literacy had 
more trust in partial explanations of information. From the 
correlation between patients' trust and gaze level, it is 
reasonable that patients with strong health literacy gaze at 
globally explained information more than locally explained 
information, and patients with weak health literacy gaze at 
locally explained information significantly more than 
globally explained information. 
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6.3. Discussion of the Relationship Model 
Between Patient Perceived Trust and Eye 
Movement Indicators 

From the correlation test and PLS model correlation 
coefficients, it can be seen that patients' perceived trust in the 
information of diagnostic report interpretation type is 
positively correlated with gaze level, and the correlation 
coefficient of gaze duration is greater than that of gaze 
number, which can be interpreted as the influence of gaze 
duration on patients' perceived trust is greater than that of 
gaze number. In addition, comparing the model predicted 
values and patient perceived trust results by paired sample t-
test reveals that the model predicted values do not differ 
significantly from the actual values, i.e., it gives support to 
the accuracy of the model constructed using the PLS method 
for the relationship between gaze level and patient perceived 
trust evaluation. 

7. Conclusion 
In this paper, an AI diagnostic experimental study is 

conducted to evaluate the effects of different AI explanation 
types and patients' health literacy levels on patients' trust, and 
a prediction model of perceived trust levels is constructed in 
combination with an eye-tracking device. The main findings 
are as follows: (i) Patients with different health literacy levels 
have different levels of trust in global interpretation and 
partial interpretation reports, and patients may pay more 
attention to the accuracy of information rather than 
understanding, and intelligent diagnostic services should 
focus on cultivating patients' health literacy levels and 
pushing disease-related knowledge to promote patients' trust 
levels. (ii) Patients with different health literacy differ in their 
ability to process information, which is expressed through the 
gaze level. Also, the type of AI diagnostic report 
interpretation affects patients' small gaze level, indicating that 
eye-movement indicators can reflect patients' intrinsic 
cognition and extrinsic cognitive load. (iii) By correlating 
perceived trust with gaze level, the relationship model of 
patients' perceived trust was constructed, which can 
accurately and effectively make objective prediction of 
patients' trust. The above findings can enrich the study of eye 
movement metrics in medical high-risk areas and the 
construction of patient trust models, and provide developers 
and designers of AI diagnostic systems with a basis for pre-
design development. However, there are some shortcomings 
in this paper. First, this paper uses university students as 
subjects, which is limited at the age level and can be explored 
for different age groups in the future. Second, the relationship 
model was constructed by choosing two commonly used eye 
movement indicators, but whether other physiological 
indicators have correlation needs to be further explored in 
future experiments. 
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