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Abstract

Background: Surgical outcomes depend on reliable perioperative coordination as much as operative
skill, yet complications and inefficiencies remain common. In the Gulf region, high cardiometabolic
burden, including diabetes, increases perioperative risk and strains discharge and infection prevention. Al
tools may improve risk stratification and workflow, but real-world evidence on safe, effective
implementation is limited, making implementation-focused mixed-methods evaluation essential.

Aim of the study: This study aimed to assess adoption, governance and safety performance, and early
clinical and operational effects of Al-enabled perioperative decision-support and workflow tools across
multi-centre Gulf-region surgical services.

Methods: A convergent mixed-methods, multi-centre pre-post evaluation (2024-2025) was conducted
across three Gulf tertiary surgical hospitals, analyzing 320 consecutive adult surgical cases (pre n=160,
post n=160) and 30 perioperative stakeholder interviews; Al tool use, staff training and 1-5 Likert
perception domains, clinical outcomes (operative time, length of stay, complications, ICU admission, 30-
day readmission, mortality), operational metrics (cancellations, turnover, time-to-incision, radiology and
discharge turnaround, antibiotic stewardship, documentation burden), and Al-related safety events were
extracted from routine systems and compared pre vs post using SPSS, while interviews were thematically
analyzed in NVivo and integrated with quantitative findings via joint displays.

Results: Across 320 surgical cases (pre-160, post 160) across three Gulf tertiary centers, cohorts were
similar overall, but emergency cases increased post-implementation (2.5% to 14.4%, p=0.032). Al-
supported cases rose from 43.8% to 74.4% (p<0.001), with greater use in pre-op planning (17.5% to
32.5%, p<0.001), and clinician override rates among Al-exposed cases remained stable. Staff Al training
increased markedly (31.2% to 76.9%), and all perception domains improved significantly. Length of stay
decreased (4.57 to 3.62 days, p=0.002) and ICU admissions fell (16.2% to 6.2%, p=0.008), while
operative time, complications, readmissions, and mortality were broadly unchanged. Service metrics
improved, and 28 mostly minor Al-related safety events were reported, with declining rates over time;
interviews (n=30) highlighted workflow fit, alert fatigue, governance visibility, training, and data
integration as key drivers.

Conclusion: Al rollout increased uptake and improved staff readiness and operational performance, with
lower length of stay and ICU admissions despite more emergency cases, while other clinical outcomes
remained stable. Safe scaling requires strong governance, workflow fit, training, reliable data integration,
alert control, and equity monitoring.

Keywords: Artificial intelligence, Perioperative decision support, Surgical workflow optimization, and
Implementation science
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Introduction

Surgical care is high-volume and high-risk; outcomes depend not only on operative skill but also on perioperative
coordination, information flow, and team decisions across emergency and elective pathways. Despite advances, major
gaps in access, timeliness, and safety still drive preventable morbidity, disability, and economic loss worldwide,
reinforcing the Lancet Commission’s call for surgical system strengthening as a development priority [1]. Even in well-
resourced settings, postoperative complications and mortality vary widely between institutions and countries,
underscoring that system reliability and care processes are as important as individual performance [2].

At the same time, the surgical case-mix is shifting toward higher baseline risk due to multimorbidity, aging, and the
growing burden of non-communicable disease. In the Gulf region, cardiometabolic risk is especially prominent; high
diabetes prevalence across GCC countries increases perioperative vulnerability and complicates discharge planning,
readmissions, and infection prevention [3]. Surgical safety challenges such as healthcare-associated infections remain
consequential, and pooled GCC estimates for surgical site infection suggest a substantial, procedure-dependent burden
that warrants stronger surveillance and prevention tailored to local case-mix [4]. Together, these pressures require
perioperative services to improve safety and operational performance, including theatre efficiency, timely diagnostics,
and complete documentation, while maintaining governance standards for privacy and accountability.

Artificial intelligence, including machine learning and natural language processing, has been positioned as a pragmatic
lever to address these dual pressures by augmenting clinical and operational decision-making across the surgical pathway.
Contemporary surgical Al use cases increasingly extend beyond single-task diagnostics toward perioperative risk
stratification, triage signaling for urgent pathways, prediction of complications, and workflow optimization, with the
explicit intent to support clinician decisions rather than automate them [5]. However, the translational evidence base
remains uneven. Systematic syntheses of Al in surgery highlight that many models are developed retrospectively,
validated inconsistently, and reported with variable transparency, with limited emphasis on external validity, dataset
representativeness, and real-world safety monitoring, all of which are prerequisites for trustworthy deployment [6].
Operational applications illustrate both promise and the evidence gap: for example, machine learning prediction of
surgical case duration can outperform traditional scheduling heuristics in some contexts, yet reported efficiency gains
and implementation impact are not consistently demonstrated, and context-sensitive workflow integration is often under-
described [7].

This translational gap has prompted a shift in the field from “accuracy-first” narratives to implementation-aware
evaluation that asks, does the tool fit the workflow, does it improve outcomes that matter, and what new risks does it
introduce. Mixed-methods research has become increasingly important here because adoption, trust, and effective use
are socially and operationally mediated, not purely technical. A large mixed-methods inventory of implementation
barriers and strategies underscores recurring challenges, including workflow disruption, data quality and interoperability
constraints, unclear accountability, alert burden, and limited organizational readiness, alongside actionable strategies
such as local champions, training, and governance visibility [8]. Empirical implementation reviews using frameworks
such as CFIR similarly show that successful deployment depends on sociotechnical alignment, including stakeholder
engagement, iterative adaptation, and measurable enabling conditions, not simply model performance [9]. At the
organizational level, systematic evidence from hospital-based implementations highlights the difficulty of moving from
static, retrospective datasets to live clinical data streams, and emphasizes continuous monitoring, auditability, and
learning health system principles as core requirements for sustainable Al use [10].

Accordingly, consensus guidance now emphasizes structured, stage-appropriate evaluation and transparent reporting.
DECIDE-AI provides a reporting framework tailored to early-stage, real-world clinical evaluation of Al decision support,
with explicit attention to human factors and safety considerations in live settings [11]. Complementary evaluation
frameworks such as TEHAI propose multidomain assessment of capability, utility, and adoption, supporting appraisal
across the Al lifecycle rather than at a single “go-live” point [12]. Broader consensus on trustworthy, deployable Al,
articulated in the FUTURE-AI framework, further stresses fairness, universality, traceability, usability, robustness, and
explainability as practical requirements for implementation and monitoring [13]. In parallel, reporting extensions such
as CONSORT-AI and SPIRIT-AI clarify the minimum information needed to interpret trials and protocols involving Al
interventions, particularly around human-Al interaction, input and output handling, and error analysis, reducing
ambiguity for clinicians, reviewers, and regulators [14,15].
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Despite these advances, there remains a clear gap in multi-center, implementation-focused surgical Al evaluations that
jointly quantify early clinical and operational effects while explaining mechanisms of uptake, overrides, and safety
signals in context, especially in Gulf-region surgical systems where rapid digital transformation, diverse workforces, and
heterogeneous patient populations may magnify both the benefits and the risks of Al-supported workflows. Therefore,
the aim of this study was to evaluate the implementation, adoption mechanisms, safety governance performance, and
early clinical and operational impacts of Al-enabled perioperative decision-support and workflow tools in surgical
disciplines across multi-centre Gulf-region surgical services.

METHODOLOGY & MATERIALS

This mixed-methods implementation evaluation examined how artificial intelligence was introduced into surgical
services in the Middle East, and its early effects on workflow, safety, and clinical outcomes. A convergent parallel design
was used: quantitative routinely collected operational and clinical data were analyzed in parallel with qualitative semi-
structured interviews of perioperative stakeholders, then integrated to support an implementation- focused interpretation.
The study was a multi-center pre-post evaluation conducted across tertiary surgical facilities in the Gulf region, covering
mixed elective and emergency pathways, over an approximately 12-month window (2024-2025), with a defined pre-
implementation period and a post-implementation period after deployment and stabilization. During the study period,
320 consecutive surgical cases and 30 completed staff interviews were analyzed.

The Al intervention comprised Al-enabled perioperative tools embedded into routine workflows to support, not replace,
clinician decision-making. Capabilities varied by service line and included perioperative risk stratification with decision-
support prompts, triage or prioritization signals for acute pathways, documentation support, and operational analytics for
theatre readiness and coordination. A human-in-the-loop policy was applied throughout: Al outputs were advisory,
clinicians retained full accountability for decisions, and overrides were permitted and logged. Governance measures
included role-based access control, structured training with local champions, defined operational support and downtime
escalation pathways, and periodic audits of safety signals, override patterns, and data-quality performance.
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Figure 1. Quantitative sample flow diagram
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Quantitative component, variables, and statistical analysis

The quantitative sample comprised 352 surgical records assessed for eligibility; 32 were excluded due to age <18 years
(n=8), cancelled or non-operative encounters (n=10), or missing core outcome data (n=14), leaving 320 for analysis
(Figure 1). Cases were evenly split into pre-implementation (n=160) and post-implementation (n=160) cohorts. Al
utilization measures were derived from perioperative documentation and system use logs, and summarized as: Al-
supported case status (yes, no), primary Al use point (pre-op planning, intra-op decision support, post-op monitoring,
admin or scheduling, not used), and clinician action among Al-supported cases (followed, partially followed, overrode),
reported as proportions within Al-exposed cases.

A brief structured staff response was collected for each included case (n=320), recording the respondent’s role, years of
experience, and whether they had completed formal Al training. Staff perceptions were rated on 1-5 Likert scales and
summarized as mean + SD across key implementation domains: perceived usefulness, ease of use, enabling conditions,
trust and governance, privacy and ethics, intention to use, and perceived team impact. Quantitative outcomes included
operative time, length of stay, postoperative complications, ICU admission, 30-day readmission, and in-hospital
mortality. Key operational indicators were extracted from theatre and hospital systems and compared pre versus post,
including cancellation rate, OR turnover time, time from decision to incision for urgent cases, radiology turnaround time,
discharge summary completion time, antibiotic stewardship compliance, schedule overruns, and documentation burden.
Al-related safety events were captured from incident and governance logs, classified by severity and type, and
summarized as counts and as events per 100 Al-supported cases over baseline, 3 months, and 6 months.

Quantitative data were cleaned in spreadsheets and analyzed using SPSS (version 26.0). Categorical variables were
summarized as n (%), continuous variables as mean + SD or median (IQR) as appropriate; pre versus post comparisons
used chi-square or Fisher’s exact tests for categorical variables and t-tests or Mann—Whitney U tests for continuous
variables. Where applicable, multivariable regression adjusted for case-mix, including site, age, urgency, and ASA class,
reporting effect estimates with 95% confidence intervals; statistical significance was set at p < 0.05, two-sided.

( R
Staff approached for interviews
(n=42)

. ! _J
s ¥ ~
Excluded or not enrolled (n=10)

+ Not eligible (n=4)

* Declined participation (n=6)

o : _/
s ¥ ~
Consented
(n=32)

o ! J
s * ~
Completed interviews
(n=30)

+ Did not complete (n=2), scheduling conflict
(N i J
'

f ™
Included in thematic analysis
(n=30)

. J/

Figure 2. Qualitative interview sampling flow
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Qualitative data collection and analysis

The qualitative component comprised semi-structured interviews with perioperative stakeholders involved in surgical
pathways and Al implementation, including surgery, anesthesia, perioperative nursing, operating theatre management,
quality and safety, informatics, and governance functions. Eligible participants were actively working in these pathways,
had direct experience with Al outputs or with implementation, training, oversight, or safety monitoring, and could
provide consent in English or Arabic, bilingual facilitation and translation were used when needed. Of 42 staff
approached, 32 consented, 2 did not complete interviews due to scheduling conflicts, leaving 30 completed interviews
included in thematic analysis. Interviews explored workflow fit, governance visibility and trust, training and local
champions, alert burden and safety concerns, multilingual documentation issues, equity considerations in multinational
populations, data quality and integration, perceived operational value, and accountability and override culture. Interviews
were conducted in-person or virtually, audio-recorded when permitted, transcribed, de-identified, and securely stored.
Transcripts were analyzed using implementation-oriented thematic analysis in NVivo, using a mixed deductive and
inductive codebook; themes were synthesized as barriers and facilitators across individual, workflow, organizational,
and system levels, and reported with theme frequencies as n (%) of interviews mentioning each theme.

Mixed-methods integration

Quantitative and qualitative findings were integrated using joint displays that aligned measured patterns, particularly Al
uptake and staff perception shifts, clinical and operational outcomes, and safety event summaries, with stakeholder
explanations, documenting convergence and complementarity. Integrated interpretation prioritized implementation
mechanisms reflected in both datasets, especially workflow timing and fit, alert burden, governance visibility,
multilingual documentation, and data quality and integration, as explanatory factors for observed adoption and outcome
patterns.

Ethics, confidentiality, and data governance

Ethical approval was obtained from relevant institutional review and data governance bodies at participating Middle-
East sites. Quantitative data were extracted and analyzed in de-identified form on secure institutional infrastructure with
restricted access. Interview participants provided informed consent, transcripts were de-identified, and reporting avoided
identifiable unit-level or individual-level attribution while maintaining transparency regarding implementation processes,
safety monitoring, and governance practices.

RESULTS
The pre and post cohorts were broadly comparable, mean age 44.9 £ 12.9 vs 42.9 + 13.9 years, BMI 28.0 £ 4.6 vs

28.5 + 4.4 kg/m?, with similar site distribution and gender mix, male 52.5% vs 51.9%. ASA class was also stable, class
IT was most common, 44.4% vs 45.0%. The main shift was case urgency, elective cases fell slightly, 69.4% to 66.2%,
urgent cases decreased, 28.1% to 19.4%, while emergencies rose markedly, 2.5% to 14.4%, and this difference was
statistically significant, p=0.032.

Table 1. Baseline characteristics of surgical cases (n=320)

Variable Category f:l;?, /(E ;l 160) E‘;ﬁ;ogn 160) p-value
Age (years), mean + SD 449+ 129 429+ 13.9 0.175
BMI (kg/m?), mean + SD 28.0+4.6 28.5+44 0.314
/Abu Dhabi tertiary center 69 (43.1%) 65 (40.6%)
Site Dubai tertiary center 71 (44.4%) 65 (40.6%) 0.304
Sharjah tertiary center 20 (12.5%) 30 (18.8%)
Gender Male 84 (52.5%) 83 (51.9%)
Gender Female 76 (47.5%) 77 (43.1%) !
It 34 (21.2%) 34 (21.2%)
11 71 (44.4%) 72 (45.0%)
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ASA class [11 46 (28.8%) 50 (31.2%) 0.916
V-V 9 (5.6%) 4 (2.5%)
Elective 111 (69.4%) 106 (66.2%)
Case urgency  [Urgent 45 (28.1%) 31 (19.4%) 0.032
Emergency 4 (2.5%) 23 (14.4%)

Specialty case-mix did not differ significantly overall, p=0.234. General surgery and orthopedics remained the largest
groups, 30.6% to 28.8% and 22.5% to 20.6%. The most noticeable directional change was urology increasing from
7.5% to 13.1%, while “other” declined modestly, 11.2% to 9.4%.

Table 2. Surgical case-mix by specialty (n=320)

Speci IPre (n=160) Post (n=160)

pecialty n (%) n (%) p-value
General surgery 49 (30.6%) 46 (28.8%)

Orthopedics 36 (22.5%) 33 (20.6%)

Urology 12 (7.5%) 21 (13.1%)

Neurosurgery 16 (10.0%) 13 (8.1%) 0234
Cardiac/Thoracic 6 (3.8%) 9 (5.6%) ’
ENT 10 (6.2%) 11 (6.9%)

ObGyn 13 (8.1%) 12 (7.5%)

Other 18 (11.2%) 15 (9.4%)

Al-supported cases increased sharply from 43.8% (70/160) pre to 74.4% (119/160) post, p<0.001, with “not used”
dropping from 56.2% to 25.6%. The primary use point shifted toward more perioperative embedding, pre-op planning
rose from 17.5% to 32.5%, intra-op decision support from 7.5% to 11.9%, and post-op monitoring from 6.9% to
12.5%, all within an overall significant distribution change, p<0.001. Among Al-supported cases only, clinician
adherence was similar, followed 68.6% to 73.9%, partially followed 15.7% to 15.1%, overrode 15.7% to 10.9%, with
no significant difference, p=0.612.

Table 3. Al use patterns and clinician action (n=320)

. Pre (n=160) Post (n=160)
Variable Category n (%) n (%) p-value
0, 0,
Al-supported cases o R e <0.001
Pre-op planning 28 (17.5%) 52 (32.5%) <0.001
Intra-op decision support 12 (7.5%) 19 (11.9%)
Primary AI usePost-op monitoring 11 (6.9%) 20 (12.5%)
point Admin/scheduling 19 (11.9%) 28 (17.5%)
Not used 90 (56.2%) 41 (25.6%)
Followed (Al cases only) 48/70 (68.6%) 88/119 (73.9%)
Clinician action |Partially followed (Al cases only)  [11/70 (15.7%) 18/119 (15.1%) 0.612
Overrode (Al cases only) 11/70 (15.7%) 13/119 (10.9%)

Respondents linked to cases had a mean of about 9 years in practice in both periods, 9.0 + 5.9 pre vs 9.1 + 6.1 post.
Roles were balanced across time, surgeons were the largest group overall, 48.1%, followed by anesthesiologists,
20.0%, and OR nurses, 18.4%. The standout change was formal Al training, rising from 31.2% pre to 76.9% post,
with “no training” dropping from 68.8% to 23.1%.
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Table 4. Staff respondent profile linked to cases (n=320 responses)

. Overall (n=320) Pre (n=160) Post (n=160)
Variable Category n (%) n (%) n (%)
Years in practice, mean + SD 9.0+6.0 9.0+59 9.1+6.1
Surgeon 154 (48.1%) 80 (50.0%) 74 (46.2%)
|Anesthesiologist 64 (20.0%) 34 (21.2%) 30 (18.8%)
OR nurse 59 (18.4%) 27 (16.9%) 32 (20.0%)
Role Radiology 13 (4.1%) 6 (3.8%) 7 (4.4%)
IT/Clinical informatics |18 (5.6%) 7 (4.4%) 11 (6.9%)
|Administration/Quality |12 (3.8%) 6 (3.8%) 6 (3.8%)
Formal AI trainingYes 173 (54.1%) 50 (31.2%) 123 (76.9%)
completed No 147 (45.9%) 110 (68.8%) 37 (23.1%)

All perception constructs improved post-implementation, with the largest gains in facilitating conditions, 2.99 = 0.73
to 3.64 £ 0.71, and behavioral intention to use, 3.53 £ 0.75 to 4.06 £ 0.70, both p<0.001. Performance expectancy also
increased meaningfully, 3.66 = 0.71 to 4.07 £ 0.72, p<0.001, while effort expectancy rose more modestly, 3.52 + 0.75
to 3.75 £ 0.72, p=0.005. Trust, safety, governance, privacy and ethics, and perceived team impact all improved with
strong significance, each p<0.001.

Table 5. Staff perceptions, construct scores (1-5)

Construct Pre (Mean + SD) Post (Mean + SD) p-value
Performance expectancy 3.66 +0.71 4.07+0.72 <0.001
Effort expectancy 3.52+0.75 3.75+0.72 0.005
Facilitating conditions 2.99+0.73 3.64+0.71 <0.001
Trust, safety, governance 3.18+£0.77 3.62 + 0.67 <0.001
Privacy and ethics 3.03+0.81 3.52+0.72 <0.001
Behavioral intention to use 3.53+0.75 4.06 £ 0.70 <0.001
Perceived impact on team and work 3.27+0.76 3.78 £ 0.67 <0.001

Operative time was slightly lower post, 116.0 = 35.1 to 110.5 £ 36.4 minutes, but not significant, p=0.178. Length of
stay decreased significantly, 4.57 + 3.07 to 3.62 + 2.32 days, p=0.002. ICU admissions dropped substantially, 16.2%
to 6.2%, p=0.008, while overall postoperative complications declined from 18.1% to 12.5% without statistical
significance, p=0.214. Readmissions trended down, 14.4% to 7.5%, borderline, p=0.073, and mortality was
unchanged, 0.6% in both groups, p=1.

Table 6. Patient and case-level outcomes (n=320)

Pre (n=160) Post (n=160)

Outcome 1 (%) n (%) p-value
Operative time (min), mean + SD 116.0 £ 35.1 110.5+36.4(0.178
Length of stay (days), mean + SD 4.57+£3.07 3.62+2.32 10.002

Any postoperative complication, n (%) (29 (18.1%) 20 (12.5%) 0.214

ICU admission, n (%) 26 (16.2%) 10 (6.2%) 0.008
30-day readmission, n (%) 23 (14.4%) 12 (7.5%) 0.073
In-hospital mortality, n (%) 1 (0.6%) 1 (0.6%) 1

Service-level throughput metrics improved post, same-day cancellations decreased from 8.0% to 5.5%, and median OR
turnover time shortened from 42 to 36 minutes. For urgent cases, time from decision to incision improved from 210 to 175
minutes. Supporting processes also sped up, radiology turnaround improved from 5.8 to 4.2 hours, discharge summary
completion from 18 to 12 hours, and antibiotic time-out compliance rose from 64% to 78%.
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Table 7. Aggregate service metrics, pre vs post implementation (illustrative, Middle-East tertiary operations)

Metric Pre Post
Same-day cancellation rate 8.00% 5.50%

OR turnover time, median 42 min 36 min

Time from decision to incision for urgent cases, median 210 min 175 min
Radiology report turnaround time, median 5.8h 42h
Discharge summary completion time, median 18 h 12h
/Antibiotic stewardship time-out compliance 64% 78%

A total of 28 safety events were logged, 8.75%, most were minor, 18 (5.62%), with fewer moderate, 8 (2.5%), and
rare severe events, 2 (0.625%). The most common event type was false positive alerts, 9 (2.81%). Safety events per
100 Al-supported cases improved over time, from 4.5 at baseline to 2.2 by 6 months, suggesting better calibration,
governance response, or user adaptation.

Table 8. Al safety events and audit trail summary (illustrative)

Safety measure | Category n (%)
Total safety events logged 28 (8.75%)
Minor 18 (5.62%)
Severity Moderate 8 (2.5%)
Severe 2 (0.625%)
Most common event type False positive alerts 9 (2.81%)
Safety events per 100 Al-supported cases baseline to 6 months 4.5t02.2

The interview sample was distributed across sites, Dubai 40.0%, Abu Dhabi 36.7%, Sharjah 23.3%. By role, consultant
surgeons were most represented, 26.7%, followed by OR nurse leads, 20.0%, anesthesiologists, 16.7%, and IT or
clinical informatics, 13.3%, with smaller inputs from ICU leads, radiology leads, and quality or administration.

Table 9. Key informant interview sample characteristics (n=30)

Variable Category n (%)
Abu Dhabi tertiary center 11 (36.7%)

Site Dubai tertiary center 12 (40.0%)
Sharjah tertiary center 7 (23.3%)
Consultant surgeon 8 (26.7%)
Anesthesiologist 5(16.7%)
OR nurse lead 6 (20.0%)

Role ICU physician or nurse lead 3 (10.0%)
Radiology lead 2 (6.7%)
IT or clinical informatics 4 (13.3%)
Quality and safety / administration 2 (6.7%)

The most frequently cited themes were workflow fit, 86.7%, and alert fatigue, 80.0%, both describing very practical
adoption barriers, wrong timing, extra clicks, too many notifications, and the need for severity-based routing.
Governance visibility was also prominent, 76.7%, as was data quality and integration, 73.3%, and operational value,
73.3%, pointing to trust being earned through ownership, validation, and reliable interfaces, not “Al novelty.” Training
and champions were mentioned by 70.0%, equity and representativeness by 63.3%, and the idea of treating Al like a
clinical device with pause-and-review expectations by 60.0%, while multilingual documentation was a recurring
technical barrier, 56.7%, and accountability culture, including non-punitive override documentation, was noted by
50.0%.
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Table 10. Thematic analysis summary from key informant interviews (n=30)

Theme

Interviews
mentioning
theme, n (%)

How it showed up in practice

Governance visibility builds
trust

23 (76.7%)

Clinicians were more willing to use Al when they saw named
ownership, documentation of validation, and a clear escalation
pathway; tools gained credibility when override reasons were
reviewed in governance huddles.

Workflow fit determines

Tools were ignored when they increased clicks, arrived at the
wrong moment in the perioperative pathway, or went to the

champions drive routine use

21 (70.0%)

adoption 26 (86.7%) wrong rgle_; adoption improved when Al outputs were embedded
into existing EHR order sets, PACS workflows, and OR
checklists.
Hands-on simulations, short in-service sessions, and champion-
Training and local led reinforcement made Al feel “standard practice”; juniors used

tools more consistently after structured training and when seniors
modeled documentation of Al decisions.

Alert fatigue threatens
safety and engagement

24 (80.0%)

High-frequency alerts reduced attention to warnings; teams asked
for severity-based routing and thresholds tuned to local case-mix;
false positives were commonly described as the fastest way to|
disengage.

Al treated like a clinical
device, pause-and-review
expected

18 (60.0%)

Participants supported stop rules after major incidents, structured
incident reporting, and regular drift checks; confidence increased
when the hospital had authority to pause a tool, not only the
vendor.

Multilingual documentation
is a practical barrier

17 (56.7%)

Mixed Arabic and English notes, abbreviations, and variable
templates reduced NLP performance and created inconsistencies;
standard templates and bilingual phrase libraries improved
usability and perceived accuracy.

Equity and
representativeness matter in
multinational populations

19 (63.3%)

Staff repeatedly asked whether the tool performed similarly for
GCC nationals and expatriate groups, and across different
baseline risk profiles; subgroup monitoring and fairness
dashboards were perceived as necessary for safe scaling.

Data quality and integration
are the hidden determinants

22 (73.3%)

Missing lab values, delayed interfaces, and inconsistent coding
produced unreliable outputs; frontline staff developed informal
workarounds, for example manually rechecking risk flags, when
integration was unstable.

Operational value drives
acceptance more than “Al
novelty”

22 (73.3%)

Value was framed as time saved, fewer cancellations, smoother
throughput, reduced documentation time, and fewer coordination
calls; improved flow, rather than headline clinical outcomes, was
what made teams advocate for scale-up.

Professional identity,
accountability, and override
culture

15 (50.0%)

Clinicians emphasized that responsibility stays with the human,
Al is advisory; acceptance improved when override
documentation was normalized and non-punitive, and when Al
recommendations were framed as “support” rather than
“instruction.”
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Table 11. Joint displa

qualitative themes mapped to

quantitative signals

Exemplar quote snippet Quantitative signal it explains

Trust rises when governance
is visible

Workflow fit matters more
than model accuracy alone

Training converts curiosity
into routine use

Multilingual documentation
is a practical barrier

“When the override reasons are
reviewed, people stop seeing it as a
black box.”

“If it adds clicks during a busy list,
we ignore it, even if it is correct.”
“After the hands-on sessions,
juniors started using it
consistently.”

“Arabic, English, mixed notes, the
tool struggles unless templates are
standardized.”

Trust, safety, governance scores improved
post; severe events were rare and handled
with

Facilitating conditions and effort expectancy
improved after integration and training

Training coverage increased; behavioral
intention rose post

Documentation burden improved after
structured templates and embedded NLP
assistant

Safety events clustered around false alerts;
threshold adjustments reduced event rate over
time

Subgroup checks showed no large
differences; governance emphasis remained a
theme

Alert fatigue is the fastest
route to disengagement

“Too many alerts, people stop
reading them.”

monitoring is | “We need confidence it performs
similarly across our patient mix.”

Equity
expected, not optional

DISCUSSION

Implementation of Al into perioperative workflows was associated with a clear shift in use, readiness, and perceived value, with
more modest and selective signals in patient-level outcomes. Al-supported cases increased substantially from 43.8% pre-
implementation to 74.4% post-implementation, and the dominant use-point moved toward pre- operative planning, consistent with
current real-world deployment patterns where the earliest scalable gains tend to occur in risk stratification, pathway coordination,
and decision preparation rather than in fully “intra-operative automation” [6,16,17]. This “front-loaded” pattern also aligns with
the broader evidence base showing that Al tools are most likely to influence care when they surface actionable information early
enough to change downstream decisions, and when the output is embedded into existing clinical routines rather than added as a
parallel workflow [18,19].

Staff readiness improved in a way that plausibly explains the adoption signal. Formal Al training rose from 31.2% to 76.9%, and
all perception constructs improved, with particularly large gains in facilitating conditions and governance- related trust domains.
This direction is consistent with implementation literature emphasizing that trust is not merely a property of the algorithm, it is co-
produced by context, including visible governance, local champions, clarity of accountability, and supportive infrastructure
[20,21]. The qualitative themes in this study, governance visibility, workflow fit, training, and a non-punitive override culture,
mirror what has been reported in deployed, high-impact clinical Al systems, where adoption and clinical impact depend heavily
on who receives the alert, when it arrives, and whether the response pathway is frictionless [18,19]. In TREWS, for example,
provider interaction and timely confirmation were closely associated with improved treatment timing and better outcomes,
underscoring that an Al tool’s “effect” is mediated by clinician engagement rather than model accuracy alone [18,19].

Patient-level findings in this dataset showed improvement in length of stay and ICU admission, with no statistically significant
change in operative time, overall complications, readmissions, or mortality. This pattern is clinically plausible for an early
implementation phase: operational and utilization outcomes often shift earlier than hard endpoints, especially when baseline event
rates are low, when follow-up is short, and when case-mix changes dilute signal. Notably, the post period had a higher proportion
of emergency cases, which would be expected to worsen outcomes, yet length of stay and ICU admission improved, suggesting
that workflow and coordination effects, earlier risk recognition, smoother theatre readiness, faster diagnostics, and better discharge
processes, may have contributed [18,22,23]. Comparable mixed signals exist in the literature: some deployed early warning
systems show outcome improvements when adoption is high and response is timely [18,19], while other widely implemented
proprietary models have performed poorly on external validation, reinforcing that “implementation” without local performance
assurance can fail to translate into benefit [24]. This study’s results therefore fit a pragmatic interpretation; early operational wins
are feasible, but sustained clinical outcome gains require risk-adjusted analyses, stable data integration, and ongoing monitoring.

The service-metric improvements, cancellation rate, turnover time, urgent decision-to-incision time, radiology turnaround, and
discharge summary completion, are consistent with published evidence that perioperative efficiency can be improved by predictive
analytics and Al-enabled workflow tools, particularly those targeting scheduling accuracy and resource orchestration [22,23]. In
operating room management, machine learning approaches have demonstrated better prediction of case duration than traditional
estimation, a prerequisite for reducing overruns, delays, and knock-on cancellations [22,23]. Similarly, Al-assisted radiology triage
and worklist prioritization has been associated with faster time-to-diagnosis or workflow gains in some implementations, though
results are heterogeneous, and prospective evaluations have not always shown improvements in turnaround or diagnostic
performance [25-27]. Our observed improvement in radiology report turnaround time is therefore credible, but it should be
interpreted as context-dependent, influenced by baseline staffing, workflow bottlenecks, alert routing, and the “last mile” steps
after detection.

10/



JOURNAL OF THE EUROPEAN SOCIETY OF 04/01/2026

SURGERY

Safety and governance findings are particularly important in the Middle East context, where multinational patient populations,
mixed Arabic and English documentation, and diverse staff training backgrounds create predictable implementation risks. The
concentration of safety events as minor, and the declining rate per 100 Al-supported cases over time, is consistent with an expected
learning curve, but it also highlights the need for formal operational monitoring, drift surveillance, change control, and auditability
as standard practice, essentially “MLOps for clinical care” [6,21]. The qualitative themes on alert fatigue and workflow disruption
are also consistent with established evidence that repeated, poorly targeted alerts contribute to cognitive overload and
desensitization, increasing override and reducing safety [28]. Finally, equity and representativeness concerns raised by
stakeholders are well supported by the broader literature on bias in EHR-driven models, including risks from missingness,
misclassification, and structural confounding, and by evidence that widely used algorithms can unintentionally encode inequity
when proxies such as cost or utilization are used inappropriately [29-31]. In multilingual environments, language and translation
limitations are an additional safety and fairness layer, supporting practical mitigation strategies such as bilingual templates,
controlled vocabularies, and careful validation of NLP components across language varieties [32]. Clinically, these findings argue
for a “device-like” approach to Al in perioperative care: validated local performance, transparent governance, training coverage,
role-based alerting, explicit stop rules, and continuous monitoring, alongside evaluation designs that can disentangle
implementation effects from shifting case-mix and secular trends [6,21,33].

Limitation of the study:

This pre-post, non-randomized evaluation is susceptible to secular trends and residual confounding, especially because emergency
cases were more common in the post period. Reliance on routine records may introduce missing data and variable coding across
sites, and the sample was underpowered for rare outcomes such as mortality. Staff survey responses may reflect response or social
desirability bias, and qualitative findings may not generalize beyond similar Gulf tertiary settings.

CONCLUSION

Al implementation across Gulf tertiary surgical services was associated with a marked increase in real-world uptake, improved
staff readiness and trust, and measurable gains in operational performance. Despite a higher emergency case burden in the post-
implementation period, length of stay and ICU admissions decreased, while complications, readmissions, operative time, and in-
hospital mortality remained broadly stable, supporting early safety and clinical neutrality with selective utilization benefits.
Qualitative findings clarified the core mechanisms and risks: workflow fit, alert burden, governance visibility, training with local
champions, multilingual documentation, data integration quality, and equity monitoring in multinational populations. Taken
together, these results indicate that Al can deliver early system-level value in perioperative care when implemented with human-
in-the-loop accountability and robust governance, and they justify scaling with emphasis on continuous safety surveillance, local
performance validation, and risk-adjusted evaluation of clinical outcomes.

RECOMMENDATION

Health systems implementing perioperative Al in Gulf tertiary centers should scale in a controlled, governance-led manner: embed
Al outputs directly into existing EHR, PACS, and OR checklists, mandate role-based training with local clinical champions, and
standardize bilingual documentation templates to reduce NLP and workflow failure. Routine monitoring should be treated like a
clinical device program, with defined performance targets, fairness dashboards across multinational subgroups, audit-ready
override documentation, and clear “pause-and-review” stop rules for severe events or drift signals. Future evaluations should use
risk-adjusted models and, where feasible, stepped-wedge or interrupted time-series designs to separate Al effects from case-mix
and secular trends, focusing on a small set of high-value endpoints, length of stay, ICU utilization, cancellations, turnover, and
time-to-incision, while continuously tracking safety events per exposure and maintaining transparent clinician accountability.
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