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Purpose: Mounting evidence suggests that artificial intelligence can support the self-management of chronic diseases, including skin 
conditions, insulin management, and blood pressure control. This study aimed to investigate the potential use of artificial intelligence 
(AI) in chronic condition management among patients in Saudi Arabia, where the prevalence of such diseases is increasing. 
Specifically, we assessed AI perception, self-efficacy, and cognitive symptom management; examined their associations with demo
graphic variables, and evaluated the influence of AI perception and self-efficacy on cognitive symptom management.
Patients and Methods: This study employed a cross-sectional, descriptive-correlational design. Data were collected at a single time 
point to characterize the sample and explore relationships among variables. A convenience sample of 163 patients with chronic 
conditions was recruited. A structured questionnaire was used to assess AI perception, self-efficacy, cognitive symptom management, 
and demographic characteristics. Data were collected between December 2024 and March 2025 and were analyzed using descriptive 
statistics, Pearson’s correlation coefficient, one-way analysis of variance, and multiple regression analysis, as appropriate.
Results: The findings revealed that sex significantly influenced AI awareness, indicating a need for targeted outreach, particularly for 
women who demonstrated lower levels of AI awareness. Additionally, self-efficacy was a significant predictor of better cognitive 
symptom management (p < 0.01), as participants with higher self-efficacy reported significantly better management of cognitive 
symptoms and greater engagement in health-promoting behaviors compared to those with lower self-efficacy.
Conclusion: Our results highlight that self-efficacy is a key factor in managing cognitive symptoms associated with chronic 
conditions and underscore the importance of targeted interventions to enhance inclusivity and strengthen individuals’ confidence in 
managing their health. These findings can also inform the development of healthcare programs aimed at empowering patient self- 
management through AI-based tools.
Keywords: artificial intelligence, chronic conditions, self-efficacy, cognitive symptom management, healthcare technology

Introduction
The global incidence of chronic diseases continues to increase, affecting approximately 25% of the adults worldwide and 
posing significant challenges for individuals, families, and healthcare systems. Such conditions are associated with high 
morbidity and mortality rates and account for a substantial proportion of the global healthcare burden. As these 
conditions typically last over a year, require ongoing medical care, and potentially affect quality of life, patients with 
chronic diseases may face serious consequences, such as disease progression, functional impairment, reduced quality of 
life, hospitalization, and death if their conditions are not effectively managed.1 Thus, management of chronic conditions 
has become a priority, especially with an aging population.2

Common examples of chronic diseases including diabetes, hypertension, dyslexia, Alzheimer’s disease, and cancer 
are widely prevalent, affecting a substantial portion of the global population. Some of these diseases have been more 
extensively researched in terms of technological management solutions. However chronic diseases can be analyzed from 
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various perspectives, and each viewpoint highlights specific features of a health condition and potential methods for its 
control, treatment, and management. Among the various perspectives, using artificial intelligence (AI) technologies in 
healthcare could help manage the condition and enhance the patients’ quality of life.3 Over the years, AI has evolved 
from early systems based on fixed medical rules to modern frameworks that use artificial neural networks and statistical 
methods for diagnosis and treatment planning.4 Notably, recent advancements in AI and digital healthcare technology 
have enhanced the self-management of serious chronic diseases, including skin conditions, insulin management, and 
blood pressure control.5 Thus, predictive modeling and AI offer significant opportunities to enhance care across various 
clinical areas, including diagnosis, risk assessment, lifestyle management, and home monitoring, which could lead to 
substantial improvements in the care of patients with prevalent chronic diseases with high rates of morbidity and 
mortality.6 For instance, AI-driven public healthcare systems can improve problem-solving capabilities and enhance 
the decision-making process.7

Currently, the healthcare system in Saudi Arabia is facing multiple challenges, including an aging population, 
increasing incidence of chronic diseases, and nurse shortage. Moreover, rising healthcare costs and the growing demand 
for long-term care services further strain the system. Therefore, the government is actively expanding healthcare 
infrastructure, encouraging the effective use of technology, enhancing the quality of healthcare services, and focusing 
on preventive care to address these challenges and make the healthcare system more efficient and effective. In this regard, 
the use of AI systems can be vital in transforming the healthcare system in Saudi Arabia by increasing efficiency, 
lowering costs, and improving the quality of care. Additionally, the Vision 2030 plan for Saudi Arabia features a detailed 
strategy to overhaul the healthcare system, aiming to develop a system that is more focused on patients, fosters 
innovation, and is accessible to all citizens.8 As Saudi Arabia aims to deliver high-quality healthcare services to its 
citizens, the use of the Internet and big data technologies can be invaluable in this regard in reducing various risks by 
enabling early predictions of chronic diseases on a large scale.9

Recently, a new method for developing predictive models for treatment outcomes of chronic diseases was introduced 
and shown to be more effective than traditional machine learning approaches. Additionally, the predictive models 
developed using the new method were successfully integrated with electronic health records using a SMART on FHIR 
clinical decision support system for Type 2 diabetes mellitus.10 Thus, Saudi Arabia can greatly enhance the management 
of chronic conditions by utilizing these technologies, resulting in improved health outcomes for its population. However, 
successfully implementing AI solutions in managing chronic diseases, particularly in Saudi Arabia, requires a thorough 
understanding of the healthcare environment, patient needs, and specific challenges in Saudi Arabia. Moreover, ethical 
and regulatory concerns associated with the deployment of AI systems in clinical practice must be addressed to ensure 
that AI technologies are applied responsibly and effectively.11

Furthermore, managing chronic conditions often requires patients to make lasting changes in their behavior, which 
may be influenced by several factors. One such factor is self-efficacy—the confidence a person has in their ability to take 
control of their health and follow through with necessary changes.11 Measurement of self-efficacy offers a simple way to 
evaluate how capable patients feel about managing their own care, and is often suggested as an important part of 
managing chronic diseases.11 Cognitive symptom management is another crucial aspect of care for patients with chronic 
conditions, which helps them cope with mental and emotional challenges such as stress, negative thinking, and fatigue 
that often accompany long-term illness.12 This approach empowers patients to become active participants in their care, 
challenge maladaptive thoughts, regulate emotions, and improve their overall quality of life by fostering resilience and 
effective coping mechanisms.

Impaired cognitive function can hinder a patient’s ability to monitor their own health and perform complex self-care 
tasks. In this regard, the self-efficacy theory by Bandura has been used to improve the management of chronic conditions 
by enhancing patients’ understanding of how they can use their ability to manage their health using AI.13 The primary 
principles of Bandura’s self-efficacy theory are mastery experiences, vicarious learning, social persuasion, and emotional 
states. These principles can influence self-belief in determining the behaviors chosen to achieve better outcomes. 
However, the correlation between AI use and self-efficacy and cognitive symptom management among patients with 
chronic conditions remains poorly understood, despite the growing use of digital tools in healthcare. Furthermore, 
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evidence on these relationships—particularly within the Saudi context—is limited, resulting in a knowledge gap in 
understanding how AI may support the cognitive and self-management needs of patients.

Therefore, this study examined whether the use of AI was associated with better self-efficacy and cognitive symptom 
management among patients with chronic conditions in Saudi Arabia. In addition, we aimed to identify potential 
demographic factors that may be associated with these variables. We applied Bandura’s theory, particularly a mastery 
experience of using AI to influence patients’ self-confidence in using AI in chronic condition management among 
patients in Saudi Arabia. We hypothesized that the use of AI may support patients’ ability to take ownership of their care 
and enhance behavior change in cognitive symptoms management.

Materials and Methods
Study Design
This study had a cross-sectional, descriptive-correlational design. Data were collected at a single time point to describe 
the sample characteristics and variables and determine the relationships between them. This design was also completed 
within a specific timeframe to determine the patterns among variables, contributing to a better understanding of the 
variables.14

Study Setting
The study was conducted at the Primary Healthcare Centers (PHCs) in Saudi Arabia, which are managed by the Ministry 
of Health to provide essential healthcare services to citizens and residents. Vision 2030 by Saudi Arabia seeks to achieve 
its healthcare sector goals, including improving the quality of care services, increasing life expectancy, and reducing the 
burden on secondary and tertiary hospitals.15 The government aims to promote a healthy quality of life for people and 
provide resources for an effective healthcare system focusing on preventive and primary healthcare services, which aligns 
with the objectives of the Vision.

Sampling Process
This study employed a convenience sampling method. The required sample size was calculated using the Soper online 
formula [https://www.danielsoper.com/statcalc/calculator.aspx?id=1], with an anticipated effect size of 0.15, a desired 
statistical power level of 0.80, a number of 12 factors, and a probability level of 0.05. These parameters indicated that 
a minimum sample size of 127 participants was required. Considering an additional 10% to account for potential missing 
data, the estimated sample size was calculated to be a minimum of 140 participants.

The inclusion criteria were as follows: 1) adult patients aged ≥ 18 years; and 2) diagnosed with one or more chronic 
illnesses and receiving treatment at a PHC in Saudi Arabia. The exclusion criteria were as follows: patients 1) with acute 
medical conditions or those requiring immediate medical intervention unrelated to their chronic illness; 2) with cognitive 
impairments, including conditions such as dementia or severe mental health disorders, that prevent them from compre
hending the study requirements or participating effectively; and 3) who do not speak or understand the Arabic language, 
as this would hinder their ability to complete surveys accurately and provide meaningful responses.

Instrumentation
Data were collected using a structured questionnaire consisting of four sections. The instrument was translated into 
Arabic using a forward–backward translation process to ensure understanding for Arabic-speaking participants and was 
pilot tested to confirm clarity and cultural appropriateness. The first and second sections of the questionnaire included 
questions on demographics and 12 items related to AI, respectively. The third and fourth sections of the questionnaire 
covered self-efficacy and cognitive symptom management, respectively, with six items each.

Artificial Intelligence Scale
In this study, the assessment focused on participants’ perceptions, familiarity, and readiness to engage with AI-enabled 
healthcare tools, rather than on the technical performance of specific AI algorithms. Therefore, the AI scale was used to 
assess the attitudes, understanding, and engagement of using technologies to manage healthcare conditions.16 This scale 
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includes 12 items which measure an individual’s trust in AI tools to complete tasks and evaluates the perceived use, 
accuracy, and usefulness of the tool. Scores range from 1 (strongly disagree) to 5 (strongly agree), with higher scores 
indicating better perceived use of AI in healthcare. The items assess multiple aspects of AI perception, such as its 
potential to reduce errors in medical practice, facilitate patients’ access to services, and enable healthcare professionals to 
make more accurate decisions. Additionally, the scale explores concerns related to privacy, data security, and the 
reliability of AI technologies. The AI scale also provides insight into psychological and contextual factors that may 
influence user acceptance of AI-supported clinical care. Assessing these dimensions allows for more understanding of the 
facilitators and barriers to AI adoption in chronic conditions self-care. In this study, the scale demonstrated acceptable 
internal consistency (Cronbach’s α = 0.74).

Self-Confidence Scale
The Self-confidence scale comprises six items which measure an individual’s belief in their ability to perform specific 
tasks and achieve goals.17 Each of these items typically assesses different aspects of self-efficacy, such as confidence in 
overcoming challenges, persistence, and the ability to manage difficult situations. Respondents rate their agreement with 
statements on a scale from 10 (totally confident) to 1 (not at all confident) to quantify self-efficacy levels. In this study, 
the scale had Cronbach’s alpha 0.94, indicating excellent internal consistency of the scale.

Cognitive Symptom Management Scale
Chronic conditions often impact physical health and cognitive functions such as memory, concentration, and problem- 
solving abilities. Therefore, the Cognitive Symptom Management scale, a 6-item behavior change tool that determines 
whether people are practicing any cognitive stress reduction techniques for healthier behaviors, was also administered in 
this study.18 The scale scores range from 0–5, with a higher score indicating more practice of these techniques. The 
reliability of this scale was determined to be 0.87.

Data Collection Procedures
Data were collected using an online questionnaire designed using Google Forms and distributed to eligible patients with 
chronic conditions through commonly used social media platforms. The use of an online survey facilitated broader access 
to respondents and ensured efficient data collection within the study period. Participation was voluntary, and responses 
were collected anonymously. Research assistants were also asked to facilitate data collection to maintain consistency in 
data collection procedures and improve the efficiency of the study process. Data were collected between December 2024 
and March 2025.

Data Analysis
All data analyses were performed using the Statistical Package for the Social Sciences (SPSS) Version 31 (IBM Corp., 
Armonk, NY, USA). Prior to this, data management was conducted to ensure data quality, security, accessibility, and 
compliance, ultimately enhancing the reliability and effectiveness of the research outcomes. Missing data were minimal 
and were addressed using mean or mode imputation, depending on the variable type. Outliers were evaluated using 
statistical and visual methods, however, none required action as no concerning values were identified. Continuous 
variables are presented as measures of central tendency (Means and Standard Deviation measures), whereas categorical 
variables are presented as frequencies and percentages.

The independent sample t-test was used to evaluate the difference between the mean scores of the two groups, 
providing insights into the influence of different demographic factors on self-efficacy and cognitive symptoms levels. In 
addition to p-values, effect sizes (Cohen’s d) and 95% confidence intervals were estimated to determine the magnitude 
and precision of group differences. Pearson’s correlation coefficient was used to assess the strength and direction of linear 
relationships between continuous variables.19 The effect size was reported based on the magnitude and the strength of the 
association between the variables. The 95% confidence intervals were estimated using bias-corrected and accelerated 
(BCa) bootstrapping to enhance the robustness of the Pearson’s findings.
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A one-way analysis of variance (ANOVA) was used to assess the difference in the means of the dependent variable 
among three or more independent groups,19 providing insights into how different factors influence self-efficacy and 
cognitive symptom management. Multiple linear regression was used to examine the relationships among AI perception, 
self-efficacy, and cognitive symptom management while controlling for other covariates, which were selected based on 
theoretical relevance and their potential to confound the variables’ associations. Standardized regression coefficients (β) 
were reported as measures of effect size, along with unstandardized coefficients and 95% confidence intervals. 
Bootstrapped BCa confidence intervals were used where appropriate to improve estimation accuracy. This analytical 
method helped identify the relative contributions of multiple predictors to the outcome variable, providing a more 
comprehensive understanding of the dynamics involved.

Ethical Considerations
This study was approved by the Institutional Review Board at King Saud University Medical City and was performed in 
accordance with the ethical standards and guidelines of the Declaration of Helsinki. All included participants provided 
written informed consent prior to study participation.

Results
Univariate Analyses
Table 1 summarizes the demographic and background characteristics of 163 participants. The majority of them were 
Saudi nationals (95.7%), with women comprising 73% of the cohort. Most participants were married (75.5%) and had 
attained university-level education (68.7%). Approximately, more than half (55.2%) of the participants reported an 
income above 7000 SAR, and 60.7% of them lived in urban areas. Among the study cohort, 46% participants had been 
diagnosed with a chronic illness for more than five years. Additionally, 65.6% participants had a household member with 
a chronic illness, and one-third (33.7%) had previously used AI tools.

Bivariate Analyses
Tables 2–4 present the mean differences in AI perception, self-efficacy, and cognitive symptoms management, respec
tively, across key binary demographic variables, analyzed using independent sample t-tests. No statistically significant 
differences were observed in the demographic variables (p > 0.05). While some trends suggested variations (eg, higher 
self-efficacy among those with previous AI use), most comparisons did not reach statistical significance. These results 
suggest that the selected demographic variables have limited influence on the studied psychological variables.

Subsequently, we analyzed the correlation among the continuous variables age, AI perception, self-efficacy, and 
cognitive symptom management using Pearson’s correlation coefficient. A significant correlation observed was between 
self-efficacy and cognitive symptom management (r = 0.543, p < 0.05), which indicated that higher self-efficacy may be 
associated with higher cognitive symptom management. However, other correlations were weak and not statistically 
significant, suggesting minimal direct relationships between the other variables (see Table 5 for further details). 
Additionally, one-way ANOVA revealed no statistically significant differences in AI perception, self-efficacy, or 
cognitive symptom management across demographic groups (p > 0.05).

Multivariate Analyses
Different regression models were used to examine the relationships between key variables from multiple perspectives, 
allowing for a comprehensive understanding of their effects. The final model was specifically designed to address the 
third objective of this study, ensuring that the most relevant predictors were accurately assessed.

The first regression model examined predictors of AI perception (Table 6). The model was statistically significant (R2 

= 0.123, p = 0.025), explaining 12.3% of the variance in AI perception. In this model, sex emerged as a significant 
predictor of AI perception (β = 0.19, p = 0.02), with men having more positive perceptions than women. Other variables 
did not significantly predict AI perception, suggesting limited demographic influence.
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Table 1 Sample Characteristics (N= 163)

Characteristics N (%)

Nationality
Saudi 156 95.7

Non-Saudi 7 4.3

Patient’s sex
Female 119 73.0

Male 44 27.0

Marital status
Non-Married 40 24.5

Married 123 75.5
Education level

Illiterate 12 7.4

High school level or less 39 23.9
University level 112 68.7

Income

7000 SR or Less 73 44.8
More than 7000 SR 90 55.2

Where do you live?

Rural area 64 39.3
Urban area 99 60.7

When diagnosed with your disease?

Less than a year 54 33.1
1 to 5 years 34 20.9

More than 5 years 75 46.0

Household member with a chronic disease
No 56 34.4

Yes 107 65.6

Prior use to AI tools?
No 108 66.3

Yes 55 33.7

Table 2 Mean Differences Between AI Perception and Some Demographic Variables

Variable Mean 
Differences (t-Test)

Binary 
Categories

M (SD) p-value Mean 
Difference

t (df) Cohen’s d 95% CI of Mean 
Difference

Nationality Saudi 

Non-Saudi

42.68 

43.42

6.08 

7.54

0.36 −0.74 −0.31 

(161)

−0.12 [−5.43, 3.94]

Sex Female 
Male

41.85 
45.04

6.11 
5.57

0.76 −3.18 −3.02 
(161)

−0.53 [−5.27, 1.10]

Marital status Unmarried 

Married

41.15 

43.22

6.97 

5.75

0.92 −2.07 −1.87 

(161)

−0.34 [−4.26, 0.17]

Income ≤ 7000 SR 

> 7000 SR

41.21 

43.93

6.11 

5.88

0.32 −2.71 −2.87 

(161)

−0.45 [−4.57, −0.85]

Living area Rural area 
Urban area

42.53 
42.83

6.64 
5.79

0.61 −0.31 −0.312 
(161)

−0.50 [−2.25, 1.63]

Family history of chronic 

diseases

No 

Yes

43.73 

42.18

5.17 

6.52

0.16 1.54 1.53 

(161)

0.25 [−0.44, 3.53]

AI previous use No 

Yes

42.81 

42.52

6.15 

6.11

0.37 0.28 0.28 

(161)

0.04 [−1.72, 2.29]
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The second model aimed to identify factors predicting self-efficacy (Table 7). Although the model was not 
statistically significant overall (R2 = 0.089, p = 0.148), these findings warrant further investigation in future studies 
with larger samples or more targeted variables.

Table 3 Mean Differences Between Self-Efficacy and Some Demographic Variables

Variable Mean 
Differences (t-Test)

Binary 
Categories

M (SD) p-value Mean 
Difference

t (df) Cohen’s d 95% CI of Mean 
Difference

Nationality Saudi 

Non-Saudi

26.22 

36.85

14.31 

16.25

0.58 −10.63 −1.91 

(161)

−0.73 [−21.61, 0.34]

Sex Female 
Male

25.62 
29.54

14.06 
15.43

0.28 −3.92 −1.53 
(161)

−0.27 [−8.95, 1.10]

Marital status Unmarried 

Married

27.15 

26.52

16.04 

14.03

0.14 0.62 0.23 

(161)

0.04 [−4.60, 5.85]

Income ≤ 7000 SR 

> 7000 SR

25.90 

27.31

15.38 

13.80

0.31 −1.40 −0.62 

(161)

−0.09 [−5.92, 3.11]

Living area Rural area 
Urban area

24.68 
27.96

13.79 
14.87

0.14 −3.28 −1.42 
(161)

−0.23 [−7.86, 1.29]

Family history of chronic 
diseases

No 
Yes

26.98 
26.52

15.03 
14.28

0.47 0.46 0.19 
(161)

0.03 [−4.28, 5.19]

AI previous use No 

Yes

25.20 

29.58

13.85 

15.42

0.11 −4.37 −1.83 

(161)

−0.30 [−9.08, 0.33]

Table 4 Mean Differences Between Cognitive Symptoms Management and Some Demographic Variables

Variable Mean 
Differences (t-Test)

Binary 
Categories

M (SD) p-value Mean 
Difference

t (df) Cohen’s d 95% CI of Mean 
Difference

Nationality Saudi 

Non-Saudi

19.63 

20.14

7.00 

8.55

0.91 −0.50 −0.19 

(161)

−0.07 [−5.90, 4.88]

Sex Female 

Male

19.73 

19.45

7.02 

7.21

0.65 0.27 0.22 

(161)

0.03 [−2.18, 2.74]

Marital status Unmarried 
Married

19.67 
19.65

6.81 
7.15

0.57 0.02 0.02 
(161)

0.00 [−2.51, 2.56]

Income ≤ 7000 SR 

> 7000 SR

18.72 

20.41

6.74 

7.24

0.48 −1.68 −1.52 

(161)

−0.24 [−3.86, 0.49]

Living area Rural area 

Urban area

18.71 

20.26

7.45 

6.74

0.49 −1.54 −1.37 

(161)

−0.22 [−3.77, 0.68]

Family history of chronic 
diseases

No 
Yes

19.12 
19.93

7.14 
7.02

0.72 −0.81 −0.69 
(161)

−0.12 [−3.11, 1.49]

AI previous use No 

Yes

19.08 

20.78

6.92 

7.22

0.34 −1.69 −1.45 

(161)

−0.24 [−3.99, 0.60]

Table 5 Correlations Between Continuous Variables

1 2 3 4 95% CI values p-value Effect Size

1. Age 1

2. AI Perception 0.04 1 [−0.13, 0.19] 0.641 Small

3. Self-efficacy 0.07 0.09 1 [−.08, 0.26] 0.217 Small
4. Cognitive symptoms management −0.02 0.02 0.54* 1 [0.39, 0.66] < 0.001 Large

Note: *p-value < 0.05.
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Table 8 summarizes the results of the third regression model, which assessed predictors of cognitive symptom 
management. The model was not statistically significant (R2 = 0.039, p = 0.789), and none of the variables significantly 
predicted cognitive symptom management. These results suggest that cognitive symptom management in this cohort may 
be influenced by factors beyond the measured demographics.

The fourth regression model examined AI perception and self-efficacy and other demographics as predictors of 
cognitive symptom management. The model was statistically significant (R2 = 0.32, p < 0.001), explaining 32% of the 
variance. Notably, self-efficacy was a strong and significant predictor of cognitive symptom management (β =0.56, 
p <0.001), while AI perception was not. This suggests that cognitive symptom management is more strongly related to 
how confident individuals feel about managing their condition (self-efficacy) rather than to their perceptions of AI (see 
Table 9).

Discussion
The results of this study showed a strong positive correlation between self-efficacy and cognitive management outcomes. 
This suggests that an increase in self-efficacy can significantly improve cognitive management outcomes. Additionally, 
the magnitude of this association indicates that self-efficacy is statistically significant and practically meaningful in 

Table 6 Multiple Regression Analysis for the AI Perception Variable

Variables Unstandardized  
Coefficients

Standardized  
Coefficients

t p-value 95% CI

B Std. Error Beta

Constant 37.55 4.94 7.59 <0.001 [27.78, 47.33]

Nationality 0.64 2.40 0.02 0.27 0.790 [−4.11, 5.39]

Age 0.034 0.05 0.06 0.66 0.51 [−0.07, 0.14]

Sex 2.62 1.12 0.19 2.34 0.02* [0.41, 4.85]

Marital status 0.62 1.28 0.04 0.48 0.62 [−1.91, 3.15]

Education level −0.30 1.20 −0.02 −0.25 0.80 [−2.68, 2.08]

Income 2.15 1.11 0.17 1.93 0.05 [−0.05, 4.36]

Living area 0.43 1.02 0.03 0.43 0.66 [−1.58, 2.46]

Diagnosed time −1.63 1.00 −0.13 −1.62 0.10 [−3.62, 0.36]

Family history −1.40 1.06 −0.10 −1.32 0.18 [−3.51, 0.70]

Prior use to AI tools? −0.08 1.03 −0.00 −0.08 0.93 [−2.14, 1.97]

Note: *p-value < 0.05.

Table 7 Multiple Regression Analysis for Self-Efficacy

Variables Unstandardized Coefficients Standardized Coefficients t p-value 95% CI

B Std. Error Beta

Constant −0.60 11.94 −0.05 0.96 [−24.19, 22.99]

Nationality 10.21 5.80 0.14 1.76 0.08 [−1.25, 21.67]
Age 0.18 0.12 0.14 1.45 0.14 [−0.07, 0.43]

Sex 4.09 2.71 0.12 1.51 0.13 [−1.26, 9.46]
Marital status −3.79 3.09 −0.11 −1.23 0.22 [−9.91, 2.32]

Education level −0.80 2.90 −0.02 −0.28 0.78 [−6.55, 4.94]

Income 1.41 2.69 0.04 0.53 0.60 [−3.90, 6.73]
Living area 4.54 2.46 0.15 1.85 0.06 [−0.32, 9.42]

Diagnosed time −0.71 2.43 −0.02 −0.29 0.76 [−5.52, 4.09]

Family history −1.19 2.56 −0.03 −0.46 0.64 [−6.27, 3.88]
Prior use to AI tools? 4.33 2.50 0.14 1.73 0.08 [−0.61, 9.29]
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influencing cognitive symptom management. Thus, this study underscores the significant relationship between self- 
efficacy and cognitive performance in patients with chronic conditions. This finding is consistent with that of a previous 
study which reported that improved health education for individuals with a single chronic condition is associated with 
better adherence to self-management practices and medication routines in their daily lives.20 These findings suggest that 
self-efficacy may function as an essential psychological mechanism through which individuals effectively manage 
cognitive challenges associated with chronic conditions. Additionally, our findings highlight the importance of fostering 
self-efficacy in individuals, as it may lead to better cognitive performance. Notably, this relationship remained strong 
even after considering relevant sociodemographic and clinical factors, reinforcing the stability of the observed associa
tion. Consequently, effective interventions should be implemented to enhance self-efficacy, especially in contexts where 
cognitive functioning is critical to success, as they may yield meaningful improvements in cognitive symptom manage
ment and overall patient functioning.

In this study, Saudi participants scored lower than non-Saudi participants in terms of AI perception. Although this 
difference was small, it highlights potential contextual disparities in exposure to and familiarity with AI-enabled 
healthcare tools. This discrepancy can be attributed to differences in familiarity with technology, where non-Saudis 

Table 8 Multiple Regression Analysis for Cognitive Symptoms Management

Variables Unstandardized Coefficients Standardized Coefficients t p-value 95% CI

B Std. Error Beta

Constant 11.63 5.96 1.95 0.05 [−0.15, 23.42]

Nationality 1.79 2.89 0.05 0.62 0.53 [−3.93, 7.51]
Age 0.01 0.06 0.02 0.29 0.77 [−0.11, 0.14]

Sex −0.59 1.35 −0.03 −0.44 0.65 [−3.28, 2.08]

Marital status −0.65 1.54 −0.04 −0.42 0.67 [−3.70, 2.40]
Education level 0.39 1.45 0.02 0.27 0.78 [−2.48, 3.26]

Income 1.64 1.34 0.11 1.23 0.22 [−1.01, 4.30]

Living area 1.28 1.23 0.08 1.04 0.30 [−1.15, 3.71]
Diagnosed time −0.38 1.21 −0.02 −0.31 0.75 [−2.78, 2.02]

Family history 0.52 1.28 0.03 0.41 0.68 [−2.02, 3.06]

Prior use to AI tools? 1.32 1.25 0.08 1.06 0.29 [−1.15, 3.79]

Table 9 Multiple Regression Analysis for AI Perception, Self-Efficacy, and Cognitive Symptoms Management

Variables Unstandardized Coefficients Standardized Coefficients t p-value 95% CI

B Std. Error Beta

Constant 13.03 5.90 2.21 0.02 [1.37, 24.70]

Nationality −0.98 2.46 −0.02 −0.40 0.69 [−5.86, 3.89]
Age −0.03 0.05 −0.05 −0.58 0.56 [−0.14, 0.07]

Sex −1.63 1.16 −0.10 −1.40 0.16 [−3.94, 0.67]

Marital status 0.40 1.30 0.02 0.31 0.75 [−2.18, 3.00]
Education level 0.60 1.22 0.04 0.50 0.62 [−1.81, 3.02]

Income 1.33 1.14 0.09 1.16 0.24 [−0.93, 3.60]

Living area 0.05 1.04 0.00 0.05 0.96 [−2.02, 2.12]
Diagnosed time −0.23 1.03 −0.01 −0.23 0.81 [−2.28, 1.80]

Family history 0.80 1.08 0.05 0.74 0.46 [−1.35, 2.95]

Prior use to AI tools? 0.13 1.06 0.00 0.12 0.90 [−1.97, 2.24]
AI perception −0.03 0.08 −0.02 −0.40 0.69 [−0.20, 0.13]

Self-efficacy 0.27 0.03 0.56 8.01 <0.001* [0.21, 0.34]

Note: *p-value < 0.05.
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participants may have had more exposure to AI tools than Saudi participants. Therefore, such differences should be 
interpreted with caution, given the relatively small number of non-Saudi participants in the sample. Additionally, this 
may reflect broader socio-cultural factors in Saudi Arabia, where rapid digital transformation is still evolving across 
sectors and individuals may vary in their opportunities and readiness to adopt emerging technologies. Variability in 
digital literacy and access may shape the perceptions of AI more strongly than nationality alone.

Moreover, sex was significantly correlated with AI perception; men generally exhibited a stronger perception of AI 
than women. This association was remained significant even after controlling for other sociodemographic variables, 
suggesting a stable relationship between sex and AI perception. This difference could stem from societal expectations 
that encourage men to engage more with technology, while women may face barriers. In this regard, a previous study21 

revealed that sex plays an important role in how students use AI-based tools in education, with boys demonstrating 
a greater intention to engage with AI than girls. The study also highlighted notable differences in how innovation 
characteristics are perceived based on sex. These findings align with broader literature indicating that gendered access 
and confidence in technology may influence attitudes toward AI adoption. Furthermore, married individuals might utilize 
AI more because they often share responsibilities at home, making technology a valuable resource for managing daily 
tasks. However, this association was not statistically significant in the analyses and should be interpreted as exploratory. 
A previous study found that AI usage has a positive influence on managing household responsibilities and improving 
communication within relationships.22,23 Collectively, these observations suggest that personal and social contexts may 
shape AI adoption, even when direct effects are modest.

In this study, non-Saudi patients appeared to have better self-efficacy in managing chronic diseases compared to their 
Saudi counterparts, although this difference was not statistically significant. This finding suggests that nationality alone 
may not be a decisive determinant of self-efficacy when other contextual and individual factors are considered. Factors 
such as access to healthcare and educational resources may influence these outcomes, thereby alleviating challenges 
related to access to care.24 These factors may interact with individual experiences and health literacy rather than operate 
independently. Additionally, patients living in urban areas tended to report higher self-efficacy than those in rural 
settings, likely reflecting greater access to healthcare resources, health information, and support systems in Saudi 
Arabia. Although this was observed, the association was not significant in adjusted analyses and should therefore be 
applied carefully. While some studies showed that patients in urban areas reported higher self-efficacy due to better 
access to healthcare and support systems, other studies presented contrasting findings. For example, Miller et al25 

examined self-management of rural adults with multimorbidity and found that the participants reported high levels of 
self-efficacy, patient activation, and social support compared to urban adults. Moreover, a study comparing patients with 
cancer in rural and urban settings revealed that rural patients had significantly greater knowledge, skills, and confidence 
in managing their health than their urban counterparts.26 These findings suggest that self-efficacy may be shaped by 
social cohesion, community engagement, and family support networks rather than geographic location does. Community 
involvement and the preference for more isolated living in rural areas may also enhance health behaviors and self- 
management capabilities. However, urban patients often have better access to healthcare facilities and support systems, 
which can also empower them to manage their health more effectively. Taken together, the findings highlight the complex 
and context-dependent nature of self-efficacy in chronic disease care.

Cognitive symptom management also interacts with family dynamics. Patients who have a family member with 
a chronic disease may benefit from shared emotional support and practical guidance. Such shared experiences may 
facilitate adaptive coping strategies and knowledge exchange, which can support cognitive symptom management. In the 
Saudi context, strong family cohesion enhances this effect, providing reassurance and shared assistance for managing 
chronic conditions. Family-centered support structures may serve as an important contextual factor in patient self- 
management. However, Silva, et al26 explored the relationship between family dynamics and cognitive decline in older 
adults and reported that approximately 10% of the participants experienced family dysfunction, although this was not 
linked to declines in cognitive performance measured. Ultimately, the study concluded that family functioning does not 
significantly impact cognitive decline among older individuals living in the community. These findings suggest that while 
family support may influence subjective management experiences, its direct effect on cognitive outcomes may be limited.
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Furthermore, prior experience with AI tools can aid in managing cognitive symptoms. Familiarity with digital 
technologies may increase confidence and reduce uncertainty when engaging with AI tools. Thus, in Saudi Arabia, 
expanding digital health initiatives and increasing tech adoption may enhance individuals’ confidence and willingness to 
use such tools effectively. Nevertheless, the potential benefits of AI familiarity should also be considered alongside its 
limitations. For example, Gerlich27 investigated the connection between AI usage and cognitive skills, raising several 
important concerns. Their findings indicated a negative correlation between frequent use of AI tools and critical thinking 
abilities, implying that individuals who depend heavily on automation may face challenges in exercising independent 
reasoning. This highlights the importance of balanced AI integration that supports, rather than replaces, human cognitive 
engagement. Nevertheless, familiarity with technology can offer patients strategies and resources that enhance their 
ability to overcome cognitive difficulties, making them feel more confident and capable in managing their conditions. 
Accordingly, AI-enabled tools should be designed to support cognitive self-management while preserving active patient 
involvement.

In the regression analyses, although some models explained only a limited proportion of the variance, this was 
expected given the multifactorial nature of the outcomes. Cognitive symptom management and technology perception are 
influenced by a complex interplay of psychological, social, and contextual factors that extend beyond sociodemographic 
characteristics alone. The AI perception model was significant, indicating that at least one predictor had a meaningful 
impact on AI perception. Notably, sex emerged as the only significant predictor within this model, suggesting that men 
may perceive AI more positively than women. This is consistent with Russo et al28 who found that women experience 
significantly higher levels of anxiety regarding AI compared to men, which negatively affects their willingness to use 
these technologies. Moreover, while men generally have more positive attitudes toward AI, women often feel less 
knowledgeable, contributing to their reluctance to engage with AI tools. These differences may reflect broader gender 
disparities in access to technological training and confidence rather than intrinsic differences in capability.

In the regression analysis model for cognitive symptom management using all demographic variables, AI perception, 
and self-efficacy were significant; however, self-efficacy emerged as the only significant predictor of cognitive symptom 
management, underscoring its central role in influencing outcomes. The absence of a direct effect of AI perception after 
adjustment suggests that technology attitudes alone may be insufficient to support cognitive outcomes without adequate 
personal capability and confidence. Strong cultural emphasis on personal responsibility and family expectations may 
further reinforce the impact of self-efficacy on how individuals’ approach and manage their symptoms. This highlights 
self-efficacy as a potentially modifiable target for interventions aimed at improving cognitive symptom management. 
This is consistent with the results of Simone et al,29 who explored the connections between motivation for lifestyle 
changes aimed at reducing dementia risk and participation in health behaviors. The results revealed that higher self- 
efficacy significantly predicted increased physical and cognitive activity, as well as improved sleep quality. Additionally, 
Miao et al30 found that self-efficacy was a significant predictor of academic success. Collectively, these findings support 
the main role of self-efficacy across diverse domains of performance and well-being. They also underscore the 
importance of understanding sex dynamics in technology perception and the vital impact of self-efficacy on cognitive 
functioning.

Study Implications
The findings of this study have significant implications in research and clinical practice. For instance, understanding the 
role of sex in AI perception can inform targeted educational and outreach programs that aim to increase technology 
acceptance among underrepresented groups, particularly women. Stakeholders can enhance engagement with AI tech
nologies by addressing the specific barriers they face, ultimately fostering a more inclusive technological landscape. 
Additionally, the strong link between self-efficacy and cognitive outcomes suggests that interventions aimed at enhancing 
self-efficacy could lead to improved cognitive performance, especially in managing chronic diseases.

Furthermore, the insights gained from this study can guide healthcare providers and policymakers in designing 
programs that power AI tools to support patient self-management. Healthcare initiatives can focus on equipping patients 
with the skills and confidence needed to utilize these technologies effectively recognizing the importance of self-efficacy. 
This could lead to better health outcomes and improved quality of life for individuals, particularly those living with 
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chronic conditions. Overall, the study highlights the need for continued exploration of the factors influencing AI 
perception and self-efficacy, paving the way for future research.

Limitations of the Study
Despite its positive outcomes, this study has some limitations. First, convenience sampling from PHCs or the dispropor
tion representation of women in the sample may limit the generalizability of the findings. Therefore, future studies should 
consider employing broader, probability-based sampling approaches to enhance representativeness.31,32 Second, the 
reliance on self-reported measures may have introduced potential bias, as participants may overestimate or underestimate 
their experiences and abilities.33 Third, the cross-sectional design limited the ability to draw causal inferences, high
lighting the need for longitudinal studies to better understand the relationships over time.34 Fourth, the study did not 
account for other factors that could influence AI perception and self-efficacy, such as socioeconomic status or educational 
background, which might provide a more comprehensive understanding of the outcomes. Although the sample exhibited 
a sex imbalance, supplemental analyses confirmed that this did not meaningfully affect the statistical inferences. Given 
the cultural context of the participants, the findings may not apply to populations from different cultural backgrounds, 
potentially limiting the study’s relevance in a global context. Finally, the study conceptualized AI as a supportive digital 
health tool, and the findings should be applied in the context of user perception and self-efficacy rather than as an 
evaluation of AI system performance.

Conclusion
This study explored how AI use relates to self-efficacy and cognitive symptom management in Saudi patients with 
chronic conditions, along with demographic factors that may influence these associations. Men may engage with AI 
technologies more positively than women, indicating the need for targeted interventions to foster greater inclusivity in 
technology adoption among women. Additionally, the strong relationship between self-efficacy and cognitive symptom 
management emphasizes the importance of enhancing individuals’ confidence in managing their chronic conditions. 
Consequently, future research should explore the underlying factors shaping these insights and support strategies to 
improve engagement with AI-supported health tools.
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