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Abstract--- Internal Quality Assurance Cells
(I0ACs), long established in higher
education  for continuous  institutional
quality monitoring, are increasingly being
adapted by multi-specialty hospitals as a
structured — mechanism  for  sustaining
accreditation  compliance and  driving
patient-centered care improvement. This
paper examines the design and effectiveness
of an Artificial Intelligence (Al)-based IQAC
framework  for  continuous  quality
improvement in multi-specialty hospitals,
focusing on predictive quality-indicator
monitoring, automated incident reporting,
natural-language-processing-based patient-
feedback analysis, and real-time compliance
dashboards  aligned  with  National
Accreditation Board for Hospitals and
Healthcare Providers (NABH) and Joint
Commission International (JCI) standards.
Primary data was collected through a
structured questionnaire administered to
120 quality managers, hospital
administrators, and clinical audit personnel
across multi-specialty hospitals,
supplemented by secondary data from
published  accreditation  reports  and
academic literature. Descriptive statistics,
weighted-mean ranking, chi-square tests,
and correlation analysis were used to
interpret the data. Findings indicate that
predictive adverse-event monitoring and
automated patient-feedback analysis are the
most valued AI-IQAC functions, and that
hospitals ~ with  Al-augmented  IQAC
frameworks  report measurably  faster
corrective-action turnaround and higher
patient-satisfaction scores than those relying
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on manual quality-monitoring processes
alone. Key barriers identified include staff

resistance to algorithmic decision support,
data-integration challenges across legacy
hospital information systems, and the
upfront cost of implementation. The study
concludes with recommendations for phased
AI-IQAC adoption, staff training, and
governance safeguards to support
continuous quality improvement and patient-
centered care in multi-specialty hospital
settings.

Keywords: Internal Quality Assurance Cell,
artificial  intelligence in  healthcare,
continuous quality improvement, patient-
centered care, NABH accreditation, hospital
quality management, predictive analytics,
multi-specialty hospitals.

1. INTRODUCTION

Quality assurance has become a defining
priority  for  multi-specialty  hospitals
operating under increasingly stringent
accreditation regimes such as the National
Accreditation Board for Hospitals and
Healthcare Providers (NABH) and Joint
Commission International JCD).
Historically, hospital quality assurance has
relied on periodic manual audits,
retrospective incident review, and paper-
based patient-feedback forms, a model that
1S resource-intensive, prone to delay, and
often reactive rather than preventive in
nature.
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The Internal Quality Assurance Cell
(IQAC), a governance structure long used in
higher-education institutions to
institutionalize continuous quality
monitoring and self-assessment, offers a
useful organizational template for hospitals
seeking a standing, dedicated body
responsible for quality oversight. When
adapted to the hospital context and
augmented with artificial intelligence (Al)
capabilities, an IQAC can shift from
periodic manual review toward continuous,
predictive, and  data-driven  quality
monitoring across clinical, operational, and
patient-experience dimensions.

This paper examines the design and
perceived effectiveness of an Al-based
IQAC  framework in  multi-specialty
hospitals. The framework under study
integrates four core Al-enabled components:
predictive monitoring of clinical quality
indicators (such as infection rates and
readmission risk), automated incident and
near-miss reporting with pattern detection,
natural-language-processing-based analysis
of patient-feedback text, and real-time
dashboards that track accreditation-standard
compliance. The study investigates which of
these components hospital quality personnel
find most valuable, what factors drive or
hinder  adoption, and  whether Al
augmentation is associated with measurable
improvements in quality-indicator
turnaround and  patient-centered care
outcomes.

Background: NABH and JCI accreditation
standards require hospitals to maintain
continuous quality-monitoring processes,
structured incident-reporting systems, and
documented patient-feedback mechanisms,
creating strong institutional incentive for
tools that reduce the administrative burden
of compliance while improving the
underlying quality of care. The growing
availability of hospital information systems,
electronic health records, and natural-
language-processing tools has made Al-
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augmented quality assurance increasingly
feasible even for mid-sized multi-specialty
hospitals, not only large tertiary-care
centers.

Scope and Significance: The scope of this
study covers quality managers, hospital
administrators, and clinical audit personnel
involved in IQAC or equivalent quality-
assurance functions at multi-specialty
hospitals that have either implemented or are
actively evaluating Al-based quality-
monitoring tools. The study is significant for
three stakeholder ~ groups: hospital
administrators evaluating AI-IQAC
investment decisions, quality-management-
software vendors designing hospital-specific
solutions, and accreditation bodies interested
in how technology adoption is reshaping
continuous compliance practices.

The remainder of this paper is organized as
follows: Section 2 outlines the objectives of
the study; Section 3 reviews relevant
literature; Section 4 details the research
methodology; Section 5 presents data
analysis and interpretation; Section 6
discusses findings and suggestions; and
Section 7 concludes with implications and
directions for future research.

2. OBJECTIVES OF THE STUDY

- To examine the core components of an
Al-based IQAC framework applicable to
multi-specialty hospitals.

« To assess the relative importance quality
personnel place on each AI-IQAC
component.

- To evaluate the association between Al-
IQAC adoption and improvement in
quality-indicator turnaround and patient-
centered care outcomes.

« To identify barriers hindering AI-IQAC
adoption in hospital settings.

« To recommend an implementation and
governance approach for Al-augmented
continuous quality improvement in
hospitals.
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3. LITERATURE REVIEW

[1] A. Donabedian (1988) established the
structure-process-outcome framework for
evaluating healthcare quality, a model that
continues to underpin most hospital quality-
assurance systems, including Al-augmented
variants studied in this paper.

[2] NABH (2020) published revised
accreditation standards emphasizing
continuous quality-monitoring cycles rather
than  point-in-time  audits,  creating
institutional ~ demand  for  real-time
compliance-tracking tools.

[3] R. Kumar and V. Sinha (2019) studied
Internal Quality Assurance Cell structures in
Indian higher-education institutions, finding
that a standing, dedicated quality body with
clear reporting lines significantly improved
the consistency of continuous-improvement
cycles compared to ad hoc committee
structures.

[4] World Health Organization (2021)
reported that predictive analytics for
adverse-event and infection-rate monitoring
reduced average detection-to-intervention
time 1in pilot hospital deployments,
supporting earlier corrective action.

[5] S. Menon and P. Achar (2020) examined
natural-language-processing applications for
hospital patient-feedback analysis and found
that automated sentiment and theme
extraction identified recurring service-
quality issues considerably faster than
manual review of feedback forms.

[6] Joint Commission International (2021)
documented that hospitals integrating real-
time compliance dashboards into quality-
assurance workflows reported reduced
accreditation-survey preparation time and
more consistent standard adherence between
formal audit cycles.

[7] D. Bates et al. (2020) reviewed Al
applications in patient-safety monitoring and
concluded that machine-learning-based
incident-pattern detection improved
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identification of systemic risk factors that
manual incident review often missed due to
fragmented reporting.

[8] Deloitte (2022) surveyed hospital
quality-management technology adoption
and found staff resistance to algorithmic
decision support and data-integration
difficulties across legacy systems as the two
most commonly cited barriers to Al-based
quality-tool adoption.

[9] T. Fernandez and R. Iyer (2021) found
that hospitals with dedicated quality-
assurance governance structures, including
IQAC-equivalent  bodies, demonstrated
significantly faster corrective-action closure
rates following identified non-conformities

compared to hospitals without such
structures.
[10] McKinsey & Company (2022)

projected continued growth in Al-enabled
hospital  quality-management  adoption,
while cautioning that governance safeguards
and human oversight remain essential for
algorithmic  recommendations  affecting
patient safety.

[11] K. Ramesh and A. Nair (2020) studied
patient-centered care metrics in Indian
multi-specialty hospitals and identified
responsiveness to feedback and transparency
of corrective action as strong predictors of
patient trust and satisfaction.

[12] PwC (2021) reported that phased,
function-by-function rollout of Al-based
quality tools, beginning with lower-risk
administrative functions before extending to
clinical-safety applications, achieved higher
staff-adoption ~ rates  than  full-scale
simultaneous deployment.

4. RESEARCH METHODOLOGY

A mixed-methods research approach was
adopted, combining quantitative survey
analysis of hospital quality personnel with
qualitative insights drawn from secondary
accreditation and industry sources, enabling
both statistical measurement of AI-IQAC
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component importance and contextual
understanding of adoption barriers.

4.1 Research Design

A descriptive and exploratory research
design was employed. The descriptive
component quantifies the relative
importance quality personnel assign to
different AI-IQAC components and the
barriers they encounter, while the
exploratory component investigates the
association between AI-IQAC adoption and
reported improvements in quality-indicator
turnaround and  patient-centered care
outcomes. The study was cross-sectional,
with data collected over a two-month period
across multiple multi-specialty hospitals.

The research design was chosen to capture
both measurable component-importance
rankings and the more  nuanced
organizational factors, such as staff
resistance and governance structure, that
shape successful AI-IQAC adoption. A pilot
test of the questionnaire was conducted with
15 respondents to refine item wording;
Cronbach's alpha for the component-
importance scale was 0.80 and for the
barriers scale was 0.77, both indicating
acceptable internal consistency.

4.2 Data Sources

« Primary Data: A structured questionnaire
using a five-point Likert scale was
administered to 120 quality managers,
hospital administrators, and clinical audit
personnel at multi-specialty hospitals that
have implemented or are evaluating Al-
based quality-monitoring tools.

+ Secondary Data: Published NABH and
JCI accreditation guidance documents,
World Health Organization patient-safety
reports,  Deloitte =~ and  McKinsey
healthcare-technology surveys, and peer-
reviewed journal articles on hospital
quality management were used to
contextualize primary findings.
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4.3 Sample Size

A sample of 120 respondents was selected
using purposive sampling across quality-
assurance departments of multi-specialty
hospitals of varying bed-strength categories:
below 200 beds (24%), 200-500 beds (46%),
and above 500 beds (30%). Respondents
held roles including quality manager,
hospital administrator, clinical audit officer,
and patient-safety officer.

4.4 Tools for Analysis

 Descriptive statistics: mean, standard
deviation, and percentage analysis of
Likert-scale responses.

- Weighted-mean ranking to determine the
relative  importance  of  AI-IQAC
components and adoption barriers.

« Chi-square test of independence to
examine association between hospital
bed-strength category and AI-IQAC
component adoption.

- Pearson correlation to examine the
relationship between AI-IQAC maturity
and reported patient-centered care
outcome improvement.

4.5 Limitations of the Study

The study is subject to certain limitations.
The sample of 120 respondents, while
adequate for the statistical tests applied, was
drawn primarily from hospitals that have
already begun evaluating or implementing
Al-based quality tools, potentially excluding
the perspectives of hospitals that have not
yet considered such adoption. Reported
improvements in quality-indicator
turnaround and patient outcomes are based
on respondent perception rather than
independently audited hospital performance
data. The cross-sectional design also limits
the ability to observe how AI-IQAC
maturity and its associated benefits evolve
over multiple accreditation cycles; a
longitudinal design would strengthen causal
inference in future research.
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5. DATA ANALYSIS AND AI-IQAC Component Hospitals Adopting
: %
INTERPRETATION - o
Predictive adverse-event / 38%

5.1 Demographic Profile of Respondents infection monitoring

Automated corrective-action 44%
The sample of 120 respondents was tracking
dlStnbu.ted across hOSpltal bed-strength Table II: AI-IQAC Component Adoption Across
categories, professional roles, and Respondent Hospitals

accreditation status as summarized in Table
I, ensuring representation across a range of
hospital sizes and quality-assurance maturity
levels.

Demographic Category Percentage
Variable
Hospital Bed Below 200 beds 24%
Strength
200-500 beds 46%
Above 500 beds 30%
Respondent Role Quality Manager 34%
Hospital 28%
Administrator
Clinical Audit 22%
Officer
Patient-Safety 16%
Officer
Accreditation Status  NABH accredited 68%
JCI accredited 19%
Accreditation in 13%
progress

5.3 Importance Ranking of AI-IQAC
Functions

Weighted-mean analysis of five AI-IQAC
functions, rated on a five-point Likert scale,
identifies predictive adverse-event
monitoring as the most valued function,
followed closely by automated patient-
feedback analysis, as shown in Table III.

AI-IQAC Function Mean Score Rank
(E))
Predictive adverse-event 4.38 1
monitoring
Automated patient- 4.27 2
feedback analysis (NLP)
Real-time compliance 4.16 3
dashboards
Automated incident-pattern 4.05 4
detection
Automated corrective- 3.86 5

action tracking

Table I: Demographic Profile of Respondents

5.2 AI-IQAC Component Adoption

Table II presents the proportion of
respondent hospitals that have adopted each
AI-IQAC component. Real-time compliance
dashboards and automated incident reporting
are the most widely adopted components,
while predictive adverse-event monitoring
remains comparatively less common,
reflecting its higher technical and clinical-
integration complexity.

AI-IQAC Component Hospitals Adopting
(%)
Real-time compliance 61%
dashboards

Automated incident / near-miss 54%
reporting

NLP-based patient-feedback 47%
analysis
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Table III: Ranking of AI-IQAC Functions by
Perceived Importance

5.4 Quality Outcomes Before and After
AI-IQAC Adoption

Respondents reporting on hospitals with at
least one year of AI-IQAC operation
indicate marked improvement across four
quality outcomes, most notably in patient-
feedback response time and accreditation
non-conformity closure, as shown in Table
IV.

Quality Outcome Pre-Al (Avg.)
Incident-to-corrective-action 12.4 6.8
time (days)

Patient-feedback response time 9.1 34
(days)

Accreditation non-conformity 21.6 13.2

closure (days)

Patient-satisfaction score (out 74.3 82.7

of 100)
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Table 1V: Quality Outcomes Pre- and Post-Al-
IQAC Adoption

5.5 Barriers to AI-IQAC Adoption

Table V ranks the barriers respondents
consider most significant in hindering Al-
IQAC adoption. Staff resistance to
algorithmic decision support and data-
integration challenges with legacy hospital

systems rank highest, ahead of cost
concerns.
Barrier to AI-IQAC Mean Score Rank
Adoption (/5)
Staff resistance to 4.21 1
algorithmic decision
support
Data integration with 4.09 2
legacy hospital systems
Upfront implementation 3.94 3
cost
Lack of in-house 3.72 4
technical expertise
Data privacy / regulatory 3.58 5
concerns

Table V: Ranking of Barriers to AI-IQAC Adoption

5.6 Statistical Significance Testing

Chi-square tests of independence confirm
that hospital bed-strength category is
significantly associated with adoption of
both compliance dashboards and predictive-
monitoring tools, while accreditation type
shows no significant association with
adoption of feedback-analysis tools, as
summarized in Table VI.

Pearson correlation analysis was conducted
to examine relationships between AI-IQAC
maturity and key outcomes. As shown in
Table VII, AI-IQAC maturity is moderately-
to-strongly correlated with both patient-
satisfaction score and corrective-action
speed, while staff resistance shows a
moderate negative correlation with overall
AI-IQAC maturity.

Variable Pair

AI-IQAC 0.59
maturity x
Patient-
satisfaction score

AI-IQAC 0.66
maturity x
Corrective-action
speed
Bed strength x 0.43
AI-IQAC
maturity

Correlation (r)  Interpretation

Moderate positive

Moderate-strong
positive

Moderate positive

Staff resistance x -0.51 Moderate negative

AL-IQAC

Bed Strength x Chi- p-value Result
AI-IQAC square
Adoption (X2)
Bed Strength x 27.14 <0.01 Significant
Compliance
Dashboard Use
Bed Strength x 31.62 <0.01 Significant
Predictive
Monitoring Use
Accreditation Type 4.18 0.12 Not
x Feedback- Significant
Analysis Use

Table VI: Chi-Square Test Results

5.7 Correlation Between AI-IQAC
Maturity and Outcomes
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maturity

Table VII: Correlation Analysis of Key Variables

6. FINDINGS AND SUGGESTIONS
6.1 Key Findings

« Predictive  adverse-event  monitoring
emerged as the single most valued Al-
IQAC function, with a weighted mean
score of 4.38 out of 5, followed by
automated patient-feedback analysis at
4.27.

- Hospitals with at least one year of Al-
IQAC operation reported patient-feedback
response time falling from an average of
9.1 days to 3.4 days, and accreditation
non-conformity closure time falling from
21.6 to 13.2 days.

- Average patient-satisfaction scores rose
from 74.3 to 82.7 (out of 100) following
AI-IQAC  adoption,  suggesting a
meaningful link between faster quality
response and improved patient-centered
care perception.

« Larger hospitals (above 500 beds) are
significantly more likely to have adopted
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predictive-monitoring and compliance-
dashboard components (chi-square =
31.62 and 27.14 respectively, p < 0.01),
reflecting greater technical and financial
capacity.

- Staff resistance to algorithmic decision
support was the leading barrier to
adoption, and was moderately negatively
correlated with overall AI-IQAC maturity
(r = -0.51), indicating that change-
management effort is as important as
technical capability.

- Data-integration challenges with legacy
hospital information systems ranked as
the second-most significant barrier,
particularly for mid-sized hospitals with
older infrastructure.

 Real-time compliance dashboards, while
highly adopted, ranked third in perceived
importance behind predictive monitoring
and feedback analysis, suggesting that
adoption rate and perceived value do not
always align.

Figure 1 (represented as Table VIII below in
place of a pie chart, per single-column
formatting constraints) summarizes the share
of respondents citing each AI-IQAC
function as having the single greatest impact
on hospital quality outcomes.

Most Impactful AI- Share of Respondents (%)
IQAC Function

Predictive adverse-  29%
event monitoring

Automated patient- 25%
feedback analysis

Real-time compliance 21%
dashboards
Automated  incident- 15%

pattern detection

Automated corrective- 10%
action tracking

Table VIII: Distribution of Most Impactful Al-
IQAC Function

6.2 Suggestions

- Hospitals  should adopt AI-IQAC
components in a phased manner,
beginning with lower-risk administrative

Received: 01-11-2025 | Accepted: 07-12-2025 | Published: 13-12-2025 |

functions such as compliance dashboards
before extending to clinically sensitive
predictive-monitoring applications.

« Structured change-management and staft-
training programs should accompany Al-
IQAC rollout to address algorithmic-
decision-support resistance, the leading
barrier identified in this study.

- Hospitals with legacy information
systems should prioritize data-integration
planning  and,  where  necessary,

middleware solutions before committing
to full-scale AI-IQAC deployment.

« Predictive adverse-event monitoring and
automated  patient-feedback  analysis
should be prioritized in implementation
roadmaps given their high perceived
value relative to current adoption levels.

- Hospital governance structures should
maintain clear human-oversight protocols
for all Al-generated quality alerts,
ensuring algorithmic recommendations
inform, rather than replace, clinical and
administrative judgment.

« Mid-sized hospitals (200-500 beds)
should consider shared-service or vendor-
hosted AI-IQAC models to access
predictive-monitoring capabilities without
the full infrastructure investment required
for in-house deployment.

6.3 Managerial and Policy Implications

For hospital administrators, the findings
suggest that AI-IQAC investment yields
measurable gains in corrective-action speed
and patient-satisfaction outcomes, but that
these gains depend heavily on addressing
staff ~ resistance = and  legacy-system
integration rather than on technology
capability alone. For quality-management-
software vendors, the gap between high
adoption of compliance dashboards and
higher perceived value of predictive-
monitoring tools points toward continued
product-development opportunity in
adverse-event prediction and NLP-based
feedback analysis. For accreditation bodies
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such as NABH and JCI, the demonstrated
link between AI-IQAC maturity and faster
non-conformity  closure suggests that
accreditation standards could evolve to
explicitly recognize continuous, technology-

enabled quality-monitoring practices
alongside  traditional = periodic  audit
requirements.

7. CONCLUSION

This study examined the design and
perceived effectiveness of an Al-based
Internal Quality Assurance Cell framework
for continuous quality improvement and
patient-centered care in multi-specialty
hospitals. The findings confirm that
predictive adverse-event monitoring and
automated patient-feedback analysis are the
AI-IQAC functions quality personnel value
most, and that hospitals with mature Al-
IQAC implementations report meaningfully
faster corrective-action turnaround and
higher patient-satisfaction scores than
reported pre-adoption baselines.

Adoption remains uneven across hospital
size, with larger hospitals significantly more
likely to have implemented predictive-
monitoring and  compliance-dashboard
components, reflecting differences in
technical and financial capacity. Staff
resistance to algorithmic decision support
and data-integration challenges with legacy
systems emerged as the most significant
barriers to broader adoption, underscoring
that successful AI-IQAC implementation
depends as much on change management
and infrastructure planning as on the
underlying Al capability itself.

Overall, multi-specialty hospitals  that
combine phased AI-IQAC rollout with
structured staff training, legacy-system
integration planning, and clear human-
oversight governance are best positioned to
translate Al-augmented quality monitoring
into sustained continuous quality
improvement and stronger patient-centered
care outcomes.
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Future research could extend this study
through longitudinal analysis of AI-IQAC
maturity across multiple accreditation
cycles, through comparative studies across
public and private multi-specialty hospitals,
and through deeper investigation of how
emerging large-language-model-based tools
may further enhance predictive quality
monitoring and patient-feedback analysis in
hospital settings.
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