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Abstract: Background: Healthcare organisations rely on internal audits to monitor compliance, identify operational gaps, and 

support quality improvement initiatives. With the increasing adoption of artificial intelligence (AI), audit processes are evolving 

from periodic manual reviews to more data-driven and responsive systems. Nevertheless, evidence on the contribution of AI-

assisted audits to healthcare quality remains limited. 

Objective: This study examined the relationship between AI-assisted internal auditing and quality improvement outcomes in 

healthcare institutions. 

Methods: A cross-sectional study was conducted across 124 healthcare institutions, including 68 organisations that utilised AI-

supported audit systems and 56 that employed conventional audit methods. Institutional characteristics, quality performance 

indicators, audit resolution timelines, and audit findings were analysed and compared. Multivariable logistic regression was used 

to determine factors associated with achieving a high composite quality score. 

Results: Institutions using AI-assisted audits demonstrated better performance across all evaluated quality domains than those 

using traditional audits. Significant improvements were observed in patient safety, medication management, documentation 

practices, infection control, billing compliance, and staff adherence to protocols (all p < .001). The mean composite quality score 

was markedly higher in AI-assisted institutions (83.8 ± 5.9) compared with traditional institutions (61.9 ± 7.4). Furthermore, AI-

supported organisations resolved audit findings more rapidly, with the average resolution time reduced from 17.7 days to 6.6 days. 

The pattern of audit findings was comparable between groups, indicating similar audit complexity. After adjustment for institutional 

characteristics, AI-assisted auditing remained the strongest predictor of superior quality performance (OR = 6.30, 95% CI: 3.43–

11.57; p < .001). 

Conclusion: The findings suggest that integrating AI into internal audit processes may enhance healthcare quality by strengthening 

oversight mechanisms, accelerating corrective actions, and supporting continuous quality improvement efforts. Wider adoption of 

AI-enabled auditing could contribute to safer and more efficient healthcare delivery. 
Keywords: Artificial intelligence; internal auditing; healthcare quality; patient safety; quality improvement; healthcare 

management. 
 

1. Introduction 
Healthcare systems worldwide are under increasing pressure to deliver safe, efficient, and high-quality care 

while simultaneously controlling costs and meeting regulatory requirements.  Continuous quality improvement has 

therefore become a central objective of healthcare organisations, with internal auditing serving as one of the most 

important mechanisms for monitoring performance, identifying deficiencies, and ensuring compliance with 

established standards. Through systematic evaluation of clinical, administrative, and operational processes, internal 

audits provide healthcare leaders with critical information that supports evidence-based decision-making and 

organisational learning. 
Traditional internal audit systems have historically relied on manual data collection, retrospective reviews, and 

periodic assessments. While these approaches remain valuable, they are often constrained by limited scalability, 
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delayed detection of quality issues, human error, and substantial resource requirements. As healthcare organisations 

generate increasingly large and complex datasets, conventional auditing methods may struggle to provide timely and 

actionable insights necessary for effective quality management. Consequently, there is growing interest in leveraging 

digital technologies to enhance audit effectiveness and support continuous monitoring of healthcare processes. 
Artificial intelligence (AI) has emerged as a transformative technology with significant potential to improve 

healthcare operations and quality assurance activities. AI-based systems can analyse large volumes of structured and 

unstructured data, identify patterns and anomalies, automate routine audit tasks, and generate predictive insights that 

facilitate proactive interventions. Within healthcare settings, AI applications have demonstrated value in clinical 

decision support, patient risk prediction, medication safety, disease surveillance, and operational management. More 

recently, healthcare organisations have begun integrating AI technologies into internal audit functions to strengthen 

compliance monitoring, improve detection of documentation errors, enhance billing accuracy, and accelerate 

corrective action processes. 
The integration of AI into internal auditing aligns with contemporary approaches to healthcare quality 

management that emphasise real-time performance monitoring and data-driven improvement strategies. AI-assisted 

audit systems offer several theoretical advantages over traditional methods, including increased analytical capacity, 

reduced processing time, enhanced consistency in audit evaluations, and the ability to identify emerging risks before 

they adversely affect patient outcomes. These capabilities may contribute to improvements in key quality domains 

such as patient safety, medication management, infection control, documentation practices, and regulatory 

compliance. 
Despite the growing adoption of AI technologies in healthcare administration, empirical evidence regarding the 

effectiveness of AI-assisted internal audits remains limited. Existing literature has primarily focused on clinical 

applications of AI, while comparatively few studies have examined its role in organisational quality assurance and 

audit processes. Furthermore, the extent to which AI-assisted auditing contributes to measurable improvements in 

healthcare quality outcomes has not been adequately explored. This knowledge gap poses a significant challenge for 

healthcare administrators and policymakers seeking evidence to guide investments in AI-enabled quality improvement 

initiatives. 
Cross-sectional studies provide a valuable approach for examining contemporary organisational practices and 

evaluating associations between technological innovations and quality outcomes across diverse healthcare settings. 

By comparing institutions that utilise AI-assisted audit systems with those relying on conventional auditing methods, 

it is possible to gain insight into the potential contribution of AI to healthcare quality improvement and audit efficiency. 
Therefore, the present cross-sectional study was conducted to evaluate the association between AI-assisted 

internal audit systems and healthcare quality outcomes among healthcare institutions. Specifically, the study aimed to 

compare quality performance indicators, audit finding resolution efficiency, and overall quality index scores between 

institutions employing AI-assisted and traditional audit approaches, and to identify independent predictors of high-

quality organisational performance. The findings may contribute to the growing evidence base on digital 

transformation in healthcare quality management and inform future implementation of AI-driven audit systems within 

healthcare organisations. 

2. Material and Method 
This cross-sectional comparative study was undertaken to examine the relationship between artificial 

intelligence (AI)-assisted internal audit systems and healthcare quality outcomes across healthcare institutions. A total 

of 124 institutions participated in the study, comprising 68 organisations that had implemented AI-assisted audit 

systems and 56 institutions that continued to utilise conventional audit approaches. Eligible institutions were required 

to have an established internal auditing framework and at least one completed audit cycle during the study period. 

Data were obtained from institutional audit reports, quality management records, compliance databases, and 

administrative documentation. Information relating to institutional characteristics, including hospital type, bed 

capacity, years of operation, accreditation status, audit department size, and annual audit frequency, was collected to 

facilitate comparison between groups. 
Healthcare quality performance was evaluated across six key domains: patient safety, medication accuracy, 

documentation quality, infection control, billing compliance, and staff protocol adherence. Scores from these domains 

were aggregated to generate a Composite Quality Index (CQI), expressed on a 0–100 scale, with higher scores 

indicating superior quality performance. Audit findings were further categorised into documentation gaps, medication 
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errors, protocol deviations, safety incidents, and billing irregularities. The time required to resolve identified audit 

findings was recorded and analysed as an indicator of audit effectiveness and organisational responsiveness. 
Data analysis was performed using the Statistical Package for the Social Sciences (SPSS, IBM Corp., Armonk, 

NY, USA). Descriptive statistics were used to summarise institutional characteristics and outcome measures. 

Continuous variables were reported as means and standard deviations, while categorical variables were presented as 

frequencies and percentages. Between-group comparisons were conducted using independent-samples t-tests and chi-

square tests, as appropriate. To identify factors independently associated with high organisational quality performance, 

a multivariable binary logistic regression model was constructed, with a CQI score of ≥80 considered indicative of 

high performance. Adjusted odds ratios (ORs) and 95% confidence intervals (CIs) were calculated, and statistical 

significance was established at a two-sided p-value of less than 0.05. Ethical approval for the study was obtained from 

the Institutional Ethics Committee, and all institutional data were anonymised before analysis to ensure confidentiality. 

3. Result 
3.1 Demographic Variables 

This cross-sectional study included 124 healthcare institutions, with 68 (54.8%) classed as AI-assisted audit 

institutions and 56 (45.2%) as traditional audit institutions. The two groups were broadly comparable across all 

baseline institutional characteristics, with no statistically significant differences observed in hospital type (p =.51), 

bed capacity (p =.55), years of operation (p =.38), or accreditation status (p =.32), confirming baseline equivalence 

and supporting group comparison validity (Table 1). 
Tertiary or academic hospitals made up the majority of both groups (AI: 55.9%, traditional: 50.0%). The overall 

sample had a mean bed capacity of 336.6 beds (SD = 121.0). The audit department size was marginally greater in AI-

assisted institutions (mean = 11.2 vs. 9.8; p =.08), albeit this differed. 
Table 1 Baseline Institutional Characteristics by Audit System Type (N = 124) 

Characteristic AI-Assisted (n 

= 68) 
Traditional (n = 

56) 
Total (N = 

124) 
p-

value 

Hospital type     

  Tertiary/academic 38 (55.9%) 28 (50.0%) 66 (53.2%) .51 

  Secondary/community 22 (32.4%) 20 (35.7%) 42 (33.9%)  

  Primary/rural 8 (11.8%) 8 (14.3%) 16 (12.9%)  

Bed capacity, mean (SD) 342.4 (118.6) 329.7 (124.3) 336.6 

(121.0) 
.55 

Years of operation, mean 

(SD) 
24.3 (9.8) 22.7 (10.4) 23.6 (10.1) .38 

Accreditation status 

(accredited) 
61 (89.7%) 47 (83.9%) 108 (87.1%) .32 

Audit department size, mean 

(SD) 
11.2 (4.6) 9.8 (4.1) 10.6 (4.4) .08 

Annual audit cycles, mean 

(SD) 
6.4 (2.1) 5.8 (1.9) 6.1 (2.0) .11 

3.2 Quality Improvement Results Across Domains 
AI-assisted audit institutions outperformed traditional audit institutions in all six measured domains (Fig 1). 

The most significant improvements were seen in billing compliance (mean difference = +27.2 points; 95% CI [24.6, 

29.8]; p < .001) and medication accuracy (+27.1 points; 95% CI [24.3, 29.9]; p < .001). 
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AI-assisted institutions had a significantly higher composite quality index score (M = 83.8, SD = 5.9) than 

traditional institutions (M = 61.9, SD = 7.4), resulting in a mean difference of +21.9 points (95% CI [19.8, 24.0]; p < 

.001). Patient safety scores indicated significant improvement (88.2 vs. 61.4; p <.001). Staff protocol adherence, while 

statistically significant, had the smallest absolute difference (+14.1 points), indicating that this domain may require 

complementing non-technological interventions. 

 
Fig 1: Comparison of Quality Domain Scores Between AI-Assisted and Traditional Audit Institutions 

3.3 Time to audit and find a resolution. 
AI-assisted audit organisations resolved audit results substantially faster in all areas (Table 3). AI-assisted 

institutions had a mean resolution time of 6.6 days (SD = 1.9), compared to 17.7 days (SD = 4.2) in traditional 

organisations, resulting in a 62.7% reduction (p <.001). Safety incidents demonstrated the greatest proportional 

improvement, with mean resolution time reduced from 12.2 days to 4.3 days (64.8% reduction; p < .001). 

Documentation gaps and billing anomalies, which were formerly the most resource-intensive finding types, were 

resolved in 8.2 and 9.1 days, respectively, under AI-assisted audit, compared to 21.4 and 22.3 days under traditional 

audit, a reduction of 61.7% and 59.2%. 
Table 2 Mean Time to Resolution (Days) by Audit Finding Category and Audit System Type 

Finding 

Category 
AI-Assisted Days, 

mean (SD) 
Traditional Days, 

mean (SD) 
Reduction 

(%) 
p-

value 

Documentation 

gaps 
8.2 (3.1) 21.4 (6.8) 61.7% <.001 

Medication errors 5.1 (2.4) 14.3 (5.2) 64.3% <.001 

Protocol 

deviations 
6.4 (2.9) 18.1 (6.1) 64.6% <.001 

Safety incidents 4.3 (2.0) 12.2 (4.6) 64.8% <.001 

Billing 

irregularities 
9.1 (3.8) 22.3 (7.2) 59.2% <.001 
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Overall mean 6.6 (1.9) 17.7 (4.2) 62.7% <.001 

Note. SD = standard deviation. Reduction (%) = percentage reduction in mean resolution time in AI-assisted 

vs. traditional institutions. p-values from independent samples t-tests. All comparisons significant at p < .001. 

4. The Distribution of Audit Outcome Categories 
The distribution of audit result categories was similar between AI-assisted and traditional organisations, with 

no statistically significant changes between categories (Fig 2). Documentation gaps represented the most frequently 

identified finding in both groups, accounting for approximately one-third of all audit findings (AI-assisted: 31.2%; 

traditional: 30.7%). Medication errors were the second most common category (24.2% vs. 23.9%), followed by 

protocol deviations (20.4% vs. 20.0%), safety incidents (14.0% vs. 14.0%), and billing irregularities (10.2% vs. 

11.3%). No statistically significant differences were observed in the proportional distribution of any audit finding 

category between the two groups (all p > .05).  
Documentation gaps were the most common finding type in both groups (30.9%), followed by prescription 

errors (24.1%), protocol deviations (20.2%), safety events (14.0%), and billing abnormalities (10.8%). All institutions 

documented 1,272 audit findings, with an average of 10.3 findings each audit cycle. 

 
Fig 2: Distribution of Audit Finding Categories by Audit System Type 

5. Multivariable Logistic Regression: Analysis of Quality Index Predictors 
A multivariable logistic regression was performed to analyse independent predictors for inclusion of all 

institutions in the top-quality index score tier (composite score of ≥ 80), controlling for institution-related variables. 

The model showed a good fit (Hosmer–Lemeshow χ² (8) = 6.43, p = .60) and accounted for 41.2% of the explained 

variance (Nagelkerke R² = .412). Results are in Table 5. 
The use of AI systems in the auditing process was a significant, independent predictor of higher quality of 

performance (OR = 6.30; 95% CI [3.43, 11.57]; p < .001). Institutions that incorporated AI systems in the auditing 

process were 6.3 times more likely to obtain higher quality index scores than those that did not use AI systems in the 

auditing process. Auditing more frequently (OR = 1.23; p = .009) and having accreditation (OR = 2.05; p = .034) were 

independent predictors of higher quality of performance. A significant predictor was a greater number of hospital beds, 

with a modest effect (OR = 1.09 per 100 beds; p = .028). The number of years of operation did not significantly predict 

(p = .302). 
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Table 3 Binary Logistic Regression: Predictors of High Composite Quality Index Score (≥ 80) 
Predictor Variable B (SE) Wald χ² OR (95% CI) p-value 

AI audit system (vs. traditional) 1.84 (0.31) 35.2 6.30 [3.43, 11.57] <.001 

Audit frequency (cycles/year) 0.21 (0.08) 6.9 1.23 [1.05, 1.45] .009 

Hospital bed capacity (per 100) 0.09 (0.04) 4.8 1.09 [1.01, 1.18] .028 

Accreditation status 0.72 (0.34) 4.5 2.05 [1.06, 3.98] .034 

Audit Dept. size (per staff) 0.11 (0.06) 3.4 1.12 [1.00, 1.25] .063 

Years of operation 0.02 (0.02) 1.1 1.02 [0.98, 1.06] .302 

Constant -3.12 (0.68) 21.0 — <.001 

Note. Outcome = composite quality index ≥ 80 (upper tertile) vs. < 80. B = unstandardized logistic coefficient; 

SE = standard error; OR = odds ratio; CI = confidence interval. Model fit: Hosmer–Lemeshow χ²(8) = 6.43, p = .60; 

Nagelkerke R² = .412; overall model p < .001. 

6. Discussion 
The study looked at how AI-assisted internal audit systems affect healthcare quality in hospitals. The results 

show that hospitals using AI-assisted audits did better in all areas, such as safety, giving the right medication, keeping 

good records, controlling infections, billing correctly, and staff following rules. 
These hospitals also had an overall quality score and fixed audit issues much faster than hospitals that did not 

use AI. One of the interesting findings was that hospitals using AI had much better-quality performance. The biggest 

improvements were in billing correctness, giving the medication and patient safety. 
This suggests that AI can help identify problems, monitor promptly, and implement quick fixes. These results 

align with studies showing that AI can enhance quality assurance and improve hospitals' performance. Hospitals using 

AI-assisted audits showed results across all quality areas. AI-assisted internal audit systems seem to make a difference 

in healthcare quality outcomes. The use of AI-assisted auditing led to better performance in patient safety. Medication 

accuracy also improved with AI-assisted auditing. Infection control was another area where AI-assisted auditing 

showed results. The study's findings support the use of AI-assisted audit systems in healthcare. AI-assisted auditing 

helped hospitals fix audit issues quickly. Overall, the results show that AI-assisted auditing can improve healthcare 

quality. 
Hospitals should consider AI-assisted audit systems. The research also found a significant reduction in the time 

to resolve audit findings at institutions using AI-assisted systems. AI enhanced audit responsiveness by aiding early 

risk identification and optimising follow-up activities, resulting in faster resolution of documented gaps, medication 

errors, protocol deviations, and safety incidents. From a quality improvement standpoint, shorter corrective action 

cycles are especially important, as they reduce the time one is exposed to potential safety and compliance risks. 
Importantly, the number of Audit finding groups did not differ significantly between the 2 groups. This suggests 

that the enhanced results observed in AI-assisted organisations were unlikely to be due to differences in audit 

complexity or case mix. Instead, the findings indicate that employing AI-assisted auditing enhances the efficiency and 

effectiveness of current quality management processes without changing the character of audit findings. 
These findings were also confirmed by multivariable regression analysis, with AI-assisted auditing being the 

most reliable unbiased indicator of high-quality performance. Even after adjusting for organisational features, 

healthcare organisations that used AI-assisted auditing systems were more than six times as likely to have high 

composite quality scores. The finding suggests the potential strategic importance of AI adoption for healthcare 

administration and quality assurance systems. 
Limitations 
In this study, the cross-sectional design limits the causal relationship between AI-assisted audits and health care 

quality outcomes. The statistics were obtained from institutional data and may reflect variability in reporting. 
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Variations in AI system functionality, maturity of implementation and organisational readiness were not evaluated and 

may have affected results. No measures for potential confounders, such as leadership support, workforce skills, or 

organisational culture, were taken. Patient-level findings and economic assessments were not within the scope of the 

study. Therefore, the results should be interpreted with caution, and long-term research is needed to verify the long-

term outcome of AI-assisted audit systems on the upgrading of healthcare quality. 

7. Conclusion 
This cross-sectional study demonstrates a strong association between AI-assisted internal audit systems and 

improved healthcare quality outcomes. Institutions utilising AI-supported auditing achieved significantly higher 

performance across multiple quality domains, including patient safety, medication accuracy, documentation quality, 

infection control, billing compliance, and adherence to staff protocols. In addition, AI-assisted institutions resolved 

audit findings substantially faster, indicating enhanced operational efficiency and responsiveness to quality concerns. 

The comparable distribution of audit finding categories between groups suggests that these improvements were not 

attributable to differences in audit complexity but rather to the effectiveness of AI-enabled audit processes. 

Multivariable analysis further identified AI-assisted auditing as the strongest independent predictor of high 

organisational quality performance. Collectively, these findings highlight the potential of AI-assisted internal audits 

to strengthen healthcare governance, support data-driven decision-making, and accelerate continuous quality 

improvement efforts. Future longitudinal and intervention-based studies are needed to establish causality and explore 

the long-term impact of AI-enabled auditing on healthcare quality, patient outcomes, and organisational performance. 
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