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Background: Clinical artificial intelligence (AlI) technologies are increasingly being introduced into hospital practice, yet evidence
describing their operational integration and performance after deployment in routine clinical settings remains limited. This study
examined the real-world implementation and operational integration of clinical Al within a provincial tertiary health system in China
over an 18-month observation period.

Methods: This retrospective longitudinal observational study used aggregated institutional data generated during routine platform
deployment, including electronic medical record—linked system logs, deployment records, quality-monitoring summaries, and opera-
tional reports. The analysis focused on implementation patterns, workflow integration, selected operational indicators, and user
acceptance during routine clinical use. The study evaluated implementation and operational integration rather than algorithmic
accuracy, diagnostic performance, or patient-level clinical effectiveness.

Results: Three Al-supported clinical pathways were included: an intelligent pre-consultation system, a multidisciplinary tumor
decision-support system, and a duloxetine therapeutic drug-monitoring pathway. During the observation period, 127 clinicians across
53 specialties participated in Al-assisted clinical activities involving more than 27,000 patient encounters, 850 multidisciplinary tumor
decision-support cases, and 320 therapeutic drug-monitoring episodes. Patient waiting time decreased from 18 to 13 minutes, patient
satisfaction increased from 95.40% to 98.92%, consultation efficiency improved by approximately 40%, and documentation comple-
tion efficiency improved by approximately 80%. Implementation patterns differed substantially across pathways, reflecting differences
in workflow position and clinical accountability rather than deployment effort alone.

Conclusion: In this provincial tertiary health system, clinical AI implementation was associated with sustained operational use, cross-
specialty workflow integration, and measurable changes in selected workflow indicators. These findings suggest that technical
functionality alone is insufficient for sustained clinical Al use and that workflow compatibility and organizational readiness are
central to routine implementation. Because this was a single-site observational study using aggregated operational data, the findings
should be interpreted as implementation evidence rather than proof of clinical effectiveness.

Plain Language Summary: Many hospital Al systems are tested in pilot settings but are not subsequently integrated into routine
clinical operations. This study examined how a clinical Al platform was deployed in routine care at a large teaching hospital in Hebei
Province, China, over an 18-month period.

The study used routine hospital data, including electronic medical record-linked system logs, deployment records, quality-
monitoring summaries, operational reports, and patient satisfaction information. No identifiable patient information was accessed.
The analysis examined how widely the Al tools were used, which clinical services adopted them, and whether selected workflow
indicators changed following routine deployment.
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Three Al-supported tools were included: an intelligent pre-consultation system, a multidisciplinary tumor decision-support system,
and a duloxetine therapeutic drug-monitoring system. In total, 127 clinicians across 53 specialties used the platform, involving more
than 27,000 patient encounters, 850 tumor decision-support cases, and 320 drug-monitoring episodes. Patient waiting time decreased
from 18 to 13 minutes, patient satisfaction increased from 95.40% to 98.92%, consultation efficiency improved by approximately 40%,
and documentation efficiency improved by approximately 80%.

The findings suggest that clinical AI can move from pilot use into routine hospital workflows when deployment is grounded in
existing clinical workflows and backed by sustained organizational support. Because this was an observational study from a single
hospital, the findings should be interpreted cautiously and confirmed in other settings.

Keywords: clinical artificial intelligence, real-world implementation, workflow integration, operational outcomes, implementation science

Introduction

Clinical artificial intelligence (AI) is increasingly being introduced into hospital practice, with applications spanning
diagnostic support, clinical decision-making, patient triage, medication safety, documentation assistance, and operational
coordination.' Advances in large language models, multimodal data processing, and clinical decision-support systems
have further expanded the range of Al-enabled functions that may be embedded within hospital workflows.®® Despite
these developments, the transition from technical feasibility to routine clinical use remains difficult. Many Al systems
continue to be evaluated in controlled, experimental, or pilot settings, while less is known about their operational
performance after deployment in everyday clinical care.” "'

Routine implementation differs fundamentally from algorithm validation. Validation studies typically emphasize
accuracy, discrimination, calibration, or diagnostic performance under predefined technical conditions.'*'* Real-world
implementation, however, requires sustained clinician participation, compatibility with electronic medical records, fit
with departmental workflows, operational continuity, and monitoring of service-level indicators during routine use.'>”
An Al system that performs well technically may still fail to influence clinical work if it increases workload, disrupts
routine processes, or lacks adequate organizational support.'® Implementation evidence therefore needs to describe not
only technical performance, but also adoption, sustainability, and workflow integration in routine care.

This gap restricts the ability of hospital managers and policymakers to judge whether Al can be maintained as a routine
operational capability rather than a short-term innovation project. Existing studies and reviews have highlighted barriers
related to workflow fit, professional trust, infrastructure readiness, accountability, and organizational change, but empirical
reports describing multi-pathway deployment across large hospital systems remain scarce.”'""'® Many implementation
reports focus on single tools, isolated departments, or early adoption phases, limiting understanding of how Al-supported
services operate after broader institutional rollout. Similar post-deployment challenges have also been reported in health
systems outside China, including North America, Europe, and other Asian settings, where promising Al tools may remain
confined to pilot or early implementation phases rather than becoming stable components of routine care.”'%'®

China provides an important and underrepresented setting for examining these questions. National efforts to develop
smart hospitals, digital-health infrastructure, and Al-supported healthcare services have accelerated the introduction of
clinical Al in tertiary hospitals.'® International governance guidance emphasizes transparency, accountability, human
oversight, and lifecycle monitoring as foundational requirements for responsible Al deployment in healthcare settings.
Provincial tertiary hospitals represent a particularly informative context: they combine high clinical service volume,
mature information systems, and regulatory alignment with national and international Al standards, creating conditions in
which multi-pathway deployment across heterogeneous clinical services is both feasible and observable. Empirical
evidence describing operational outcomes after routine deployment in such settings, however, remains limited.

This study examined the real-world implementation and operational integration of a clinical Al platform at a large
provincial tertiary hospital in Hebei Province, China. A related governance framework derived from the same institu-
tional implementation context has been reported elsewhere.'” The present study differs from that viewpoint by focusing
on empirical operational outcomes, pathway-level adoption, workflow integration, and selected service indicators during
routine deployment.
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Methods
Study Design and Objectives

This retrospective longitudinal observational study examined the real-world implementation and operational integration
of a clinical artificial intelligence (Al) platform within routine hospital practice. Conducted from an implementation and
operational evaluation perspective, it used aggregated operational data generated during routine deployment and did not
aim to evaluate algorithmic accuracy, clinical effectiveness, or the previously reported governance framework.' The
objectives were to describe deployment characteristics, adoption and utilization patterns across clinical pathways and
specialties, integration of Al-supported functions into routine workflows, and selected operational indicators and user

acceptance during routine clinical use.

Setting and Observation Period
The study was conducted at a large provincial tertiary teaching hospital in Hebei Province, China. The hospital has
approximately 3,300 beds and serves as a regional referral center. The observation period extended from August 2024 to
January 2026, covering 18 months from initial clinical deployment to completion of operational data extraction.

The six-month pre-implementation baseline period was February 2024 to July 2024. This baseline period was used
where institutional quality-monitoring indicators were available for comparison.

Clinical Al Pathways

Three Al-supported clinical pathways were included. The intelligent pre-consultation system was deployed in
August 2024 and supported structured patient history collection, preliminary symptom assessment, and outpatient triage
preparation before physician consultation. Initial deployment was conducted in gynecology, endocrinology, cardiology,
otolaryngology, and neurology because these departments had high outpatient volumes, relatively standardized consulta-
tion processes, stable electronic medical record use, and sufficient readiness for workflow integration.

The multidisciplinary tumor decision-support system was deployed in November 2024. It supported oncology-related
multidisciplinary team discussions by organizing patient information and providing decision-support outputs for clinician
review. Oncology decision-making is guideline-intensive, multidisciplinary, and dependent on integration of patient-
specific clinical information. Final clinical decisions remained the responsibility of treating clinicians and multidisci-
plinary teams.

The duloxetine therapeutic drug-monitoring pathway was deployed in December 2024. It supported individualized
medication management by integrating patient characteristics and therapeutic drug-monitoring information into routine
neuropsychiatric medication-management workflows. This pathway represented a specialized medication-support use
case with narrower clinical scope and more structured data inputs.

Data Sources and Institutional Access

The study used aggregated institutional data generated during routine platform deployment. Data sources included
electronic medical record-linked system logs, deployment records, quality-monitoring summaries, institutional opera-
tional reports, patient satisfaction summaries, and platform utilization records. Patient satisfaction data were derived from
routine institutional service-evaluation summaries.

The study team did not directly participate in algorithm development, software engineering, or routine technical
operation of the platform. Data were accessed from the perspective of hospital management and implementation
evaluation. As part of the hospital’s administrative and operational-management structure, aggregated summaries related
to digital-health implementation, workflow operation, quality monitoring, and service performance were routinely
compiled for institutional review. No identifiable patient-level or clinician-level data were accessed. All data extraction
and aggregation procedures were conducted within institutional information-management systems under existing hospital

data-governance policies.
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Outcome Domains and Measures

Implementation outcomes were assessed across four domains. Deployment characteristics included the number and type
of Al-supported pathways, deployment timing, participating departments, specialty coverage, and duration of continuous
operation.

Clinical adoption was assessed using system utilization records, including active clinician users, number of specialties
with sustained use, patient encounters, consultation sessions, tumor decision-support cases, therapeutic drug-monitoring
episodes, and mean daily utilization.

Workflow integration was assessed according to whether Al-supported functions were incorporated into existing
clinical processes, including outpatient pre-consultation workflows, multidisciplinary tumor board processes, medication-
management workflows, documentation support, and quality-monitoring activities.

Operational indicators included patient waiting time, consultation efficiency, documentation completion efficiency,
documentation standardization, Al-assisted quality-control coverage, and patient satisfaction. Where available, post-
deployment values were compared with institutional baseline summaries from the six months before implementation.

Data Validation and Missing Data Handling

Aggregate indicators were cross-checked against source system logs and institutional reporting records to ensure
consistency of deployment dates, pathway-level utilization counts, specialty coverage, and aggregate performance
indicators; discrepancies were reviewed against institutional reporting records before final aggregation. Because the
study used aggregated operational data, indicators without reliable baseline values were reported descriptively and
interpreted as institutional monitoring estimates rather than causal effectiveness measures.

Statistical Analysis

Descriptive statistics were used to summarize deployment characteristics, adoption patterns, utilization volume, and
operational indicators. Continuous indicators are presented as absolute values or percentage changes where appropriate.
Categorical indicators are presented as counts and percentages.

Because this was a single-site observational study using aggregated institutional data without a control group, no causal
inference was attempted. No inferential testing was performed for most operational indicators because patient-level or
encounter-level data and complete pre-implementation denominators were not available. Observed changes were therefore
interpreted as descriptive implementation observations rather than causal estimates of clinical or operational effectiveness.

Results

Platform Deployment and Infrastructure

During the 18-month observation period, three Al-supported clinical pathways were deployed within routine hospital
practice: an intelligent pre-consultation system, a multidisciplinary tumor decision-support system, and a duloxetine
therapeutic drug-monitoring pathway. The intelligent pre-consultation system was deployed in August 2024, followed by
the multidisciplinary tumor decision-support system in November 2024 and the duloxetine therapeutic drug-monitoring
pathway in December 2024.

By January 2026, the platform was supported by institutional graphics processing unit computing infrastructure
integrating Huawei Ascend and Nvidia clusters. The hospital held Electronic Medical Record System Functionality Level
5 certification and Health Information Interoperability Level 5B certification. Regulatory approval for the oncology
decision-support pathway was completed before routine clinical deployment. Figure 1 illustrates the deployment timeline
and operational rollout sequence of the three clinical Al pathways.

Clinical Adoption and Uctilization
A total of 127 clinicians across 53 specialties participated in Al-assisted clinical activities during the study period.
Platform utilization involved more than 27,000 patient encounters, 850 multidisciplinary tumor decision-support cases,
and 320 therapeutic drug-monitoring episodes.
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Aug 2024 Nov 2024 Dec 2024
Intelligent pre-consultation system MDT tumor decision-support system Duloxetine TDM pathway
Expanded from 5 departments 850 MDT cases 320 therapeutic drug-monitoring
to 53 specialties episodes
27,000 patient encounters

Figure | Timeline of clinical Al pathway deployment during routine hospital implementation. The intelligent pre-consultation system was deployed in August 2024, followed
by the multidisciplinary tumor decision-support system in November 2024 and the duloxetine therapeutic drug-monitoring pathway in December 2024.

The intelligent pre-consultation system accounted for the largest utilization volume and expanded from five initial
departments to broader outpatient service coverage. Mean daily utilization exceeded 100 encounters per day after phased
operational rollout. The multidisciplinary tumor decision-support pathway was used in oncology-related multidisciplin-
ary discussions, whereas the duloxetine therapeutic drug-monitoring pathway remained limited to a more specialized
neuropsychiatric medication-management setting. All three pathways remained in active operational use throughout the
observation period. Table 1 summarizes pathway-level adoption and utilization.

Workflow Integration and Operational Indicators
Al-supported functions were incorporated into outpatient pre-consultation workflows, multidisciplinary tumor board
discussions, medication-management workflows, clinical documentation support, and institutional quality-monitoring
activities.

Selected operational indicators changed during the observation period. Mean patient waiting time decreased from
18 minutes during the baseline period to 13 minutes after deployment. Consultation efficiency improved by approximately
40%, and documentation completion efficiency improved by approximately 80% according to institutional operational
monitoring records. Documentation standardization monitoring showed a 25-percentage-point increase relative to institutional
baseline summaries. Al-assisted quality-control functions were incorporated into institutional monitoring activities during the
later implementation period. Table 2 summarizes operational indicators before and after deployment.

User Acceptance
Institutional patient satisfaction increased from 95.40% during the pre-implementation period to 98.92% after deploy-
ment. The post-implementation satisfaction sample included 3,847 survey responses. The pre-implementation satisfaction

Table | Adoption and Utilization Metrics Across Three Clinical Al Pathways (August 2024—January 2026)

Clinical Al Pathway Initial Operational Active Total Clinical Organizational Mean Daily Use
Deployment Duration Clinicians Events Coverage

Intelligent pre-consultation system Aug-24 18 months 127 >27,000 patient 5 initial departments; | >100 encounters/day
encounters 53 specialties

Multidisciplinary tumor decision- Nov-24 15 months 45 850 cases 8 oncology-related 1.9 cases/day

support system departments

Duloxetine therapeutic drug- Dec-24 14 months 23 320 episodes 3 neuropsychiatric 0.8 episodes/day

monitoring pathway departments

Notes: Specialty coverage was defined as specialties with at least 10 system uses per month during the observation period. The intelligent pre-consultation system recorded
more than 27,000 patient encounters across 24,154 clinician consultation sessions. Mean daily use for the intelligent pre-consultation system refers to the post-rollout
operational phase after phased departmental onboarding, rather than a uniform average across the entire 18-month observation period. Mean daily use was derived from
institutional platform utilization summaries and should be interpreted as an operational utilization indicator rather than a patient-level outcome measure.
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Table 2 Selected Operational Indicators Before and After Al Deployment

Performance Indicator Baseline Period (Feb 2024-Jul 2024) Post-Deployment Period (Aug 2024-Jan 2026)
Consultation efficiency Institutional baseline reference Approximately 40% improvement

Patient waiting time (registration to consultation) 18 min (estimated) 13 min

Documentation completion efficiency Institutional baseline reference Approximately 80% improvement

Documentation standardization compliance Institutional baseline reference 25-percentage-point increase

Quality-control coverage Limited manual review Automated system-supported review

Patient satisfaction 95.40% (baseline denominator unavailable) 98.92% (n = 3,847)

Notes: Consultation efficiency, documentation completion efficiency, and documentation standardization compliance were derived from institutional operational monitoring
summaries rather than patient-level measurements. Complete pre-implementation denominators were unavailable for several operational indicators because the study used
aggregated institutional operational data generated during routine deployment. Reported percentage improvements should therefore be interpreted as descriptive
institutional monitoring estimates rather than causal estimates of intervention effectiveness. Patient waiting time refers to the interval from registration to physician
consultation in departments with active Al deployment.

value was derived from institutional quality-monitoring summaries, and individual survey response counts for that period
were not available at the aggregate reporting level.

Routine clinician use continued across participating departments without mandatory participation requirements or
direct financial incentives. No formal institutional complaints related to Al system operation were recorded during the
observation period.

Discussion

Pathway-Stratified Adoption as the Central Finding

The central finding of this study is not simply that clinical Al was adopted, but that adoption followed pathway-specific
implementation patterns shaped by workflow position, clinical risk, and accountability requirements. Clinical Al did not
enter routine care as a uniform category of technology. Instead, each pathway became embedded through a distinct
operational route, depending on where it was positioned in the clinical workflow and what type of clinical responsibility
it introduced.

The WenYi intelligent pre-consultation system represented a high-frequency, low-risk, upstream workflow-support
tool. Positioned before the physician encounter, it supported patient information collection and preliminary structuring
across outpatient specialties. Because it reduced repetitive information-gathering work without redistributing final
clinical authority, the threshold for use was relatively low. This likely contributed to its expansion from five initial
departments to 53 specialties and its use in more than 27,000 patient encounters.

The multidisciplinary tumor decision-support system followed a different implementation pattern. Its use volume was
lower, but each interaction occurred within complex multidisciplinary oncology decision-making, where imaging
findings, pathology results, guideline recommendations, and patient-specific information had to be interpreted under
specialist authority. Implementation in this context was expressed not as broad diffusion, but as stable incorporation into
a high-accountability decision process.

The duloxetine therapeutic drug-monitoring pathway represented a third pattern: narrow, technically specialized, and
medication-sensitive integration into individualized pharmacotherapy management. Its purpose was not to increase
throughput or support broad outpatient flow, but to inform bounded specialist decisions in a clinically sensitive area.
Its relatively narrow deployment scope should therefore not be interpreted as incomplete implementation.

Clinical AI systems cannot be meaningfully evaluated through a single volume-based adoption metric.®'°"'* High-
volume workflow-support systems and low-volume specialist decision-support systems generate different forms of
operational relevance. A pathway supporting thousands of routine outpatient encounters and a pathway supporting
a smaller number of complex specialist decisions may each represent successful implementation when decision
sensitivity, responsibility structure, and operational complexity are considered. In this sense, maximal diffusion may
be an inappropriate benchmark for some forms of clinical Al
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Workflow Position as a Structural Determinant of Diffusion

Implementation behavior in this study was structurally shaped by workflow position. Al systems entering upstream workflow
stages, particularly those involving repetitive information collection, documentation support, or preliminary structuring,
appeared to diffuse more easily because they reduced operational burden without substantially changing clinical authority.
By contrast, Al systems operating closer to high-stakes interpretation, medication adjustment, or multidisciplinary decision-
making diffused more selectively and remained more tightly bounded within specialist workflows.

Existing implementation literature often treats adoption as a general endpoint.®'*"'%1%17 The present findings suggest
that adoption is pathway-dependent. Different Al systems occupy different operational positions and therefore encounter
different diffusion ceilings, interpretive burdens, and responsibility boundaries. For specialist decision-support systems,
limited diffusion may represent appropriate implementation rather than failure. Systems embedded within oncology
decision-making or individualized pharmacotherapy require stronger interpretive oversight, narrower user groups, and
more bounded oversight structures than low-risk workflow-support applications.”® 2> Under these conditions, careful
containment reflects risk-sensitive implementation.

The temporary operational suspension of one pathway pending clarification of model update authority deserves
particular attention. Operational interruptions are often treated as implementation failures, but in clinical Al they may
indicate functioning risk control. >3 Suspension in this case allowed accountability boundaries and update authority to
be reviewed before routine use continued under defined oversight arrangements. In this setting, temporary suspension
functioned as part of operational oversight during routine deployment, illustrating that mature implementation requires
not only mechanisms for activation and use, but also operational procedures for pausing, reviewing, and restarting Al-
supported functions when responsibility boundaries remain unclear.

Operational Capacity as the Enabling Condition for Sustained Use

A recurring problem in clinical Al implementation is that technically functional systems fail to persist beyond early
deployment.>>” Transition into routine use in the present study depended less on technical deployment alone than on the
formation of operational capacity around the deployed pathways. None of the three pathways functioned as a standalone
Al product. Each was connected to established electronic medical record workflows, departmental documentation
processes, specialist decision structures, or quality-monitoring routines.”>*

Diffusion of the WenYi system to 53 specialties occurred without mandatory participation or direct financial
incentives. Routine use became more sustainable once workflow-adjustment burden was reduced through prior standar-
dization and data integration.’” This pattern suggests that voluntary diffusion at scale may be achievable when
organizational readiness lowers the adoption cost sufficiently, a condition rarely examined in implementation research.

Workflow compatibility, data readiness, operational coordination, and continuity of support created the environment

in which each pathway stabilized, rather than technical deployment alone."’

Situating the Findings in the Implementation Literature

Most clinical Al literature continues to emphasize algorithm development, validation, or diagnostic performance.'™
Comparatively fewer studies examine how AI systems behave after entering routine clinical operations.” '
Implementation-oriented work has highlighted workflow integration, clinician trust, organizational readiness, infrastruc-
ture maturity, and accountability as central determinants of sustained use.%'*!3:1¢:17:25-27

The present study extends this literature by showing that implementation itself is heterogeneous across pathway types.
The same institutional environment produced broad cross-specialty expansion in one pathway and deliberately bounded
specialist use in others. Implementation research designed around system-wide adoption metrics may obscure important
differences between Al pathway types.

The workflow improvements observed during the implementation period were consistent with the operational role of
the deployed systems. The pre-consultation pathway was designed to reduce information-collection burden before
physician encounters, which provides a plausible mechanism for shorter waiting time and improved consultation
efficiency. These improvements occurred alongside broader smart-hospital development, workflow standardization, and

institutional digitalization, and should not be interpreted as isolated Al effects.
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Documentation-related improvements may reflect a data-quality spillover from Al integration.”**> The 80% improve-
ment in documentation completion efficiency and the 25-percentage-point increase in standardization compliance are
unlikely to reflect Al output quality alone. Each pathway required structured data inputs compatible with institutional
information systems, which may have reinforced formatting, completeness, and standardization requirements at the point
of care. Al deployment may therefore influence surrounding documentation practices not only through direct functional
outputs, but also through the data conditions its integration imposes on clinical workflows. This mechanism has received
limited attention in implementation studies, where Al-associated improvements are often attributed mainly to system
outputs rather than to the structural demands of workflow integration. Describing this mechanism may help explain
implementation-associated improvements that cannot be attributed to Al functional output alone.

Confounding Influences and Alternative Explanations

The observed operational improvements occurred within a hospital simultaneously advancing smart-hospital certification,
workflow redesign, data governance, and digital quality-control systems. These parallel institutional changes may indepen-
dently have contributed to improvements in consultation efficiency, documentation quality, and patient satisfaction. The
results therefore show favorable movement during Al implementation, not isolated effects attributable to Al alone.

The initial departments were selected partly because they had high outpatient volume, relatively standardized
workflows, established electronic documentation practices, and sufficient data readiness. These departments may have
been more capable of integrating Al-supported workflows than less standardized clinical units. Observed efficiency gains
may therefore partly reflect pre-existing departmental readiness rather than Al deployment alone.

Patient satisfaction increased from 95.40% to 98.92%, but this change emerged from an already high baseline and
likely reflects multiple service-related influences, including waiting time, communication quality, institutional expecta-
tions, and broader service improvements.”® The available aggregate data do not permit these effects to be separated from
Al-supported workflow changes.

Strengths and Practical Implications

The 18-month observation period captured transition from initial deployment into sustained routine operation rather than
short-term pilot use. Inclusion of three clinically distinct AI pathways allowed comparison across different workflow
positions, accountability structures, and implementation patterns within the same institutional environment. Reliance on
routine operational data rather than research-specific deployment conditions reflects implementation under ordinary
clinical circumstances.

These findings suggest that implementation evaluation should consider where an Al system enters the workflow, what
level of clinical accountability it carries, and what level of oversight and organizational support that accountability
requires. Broad diffusion may be appropriate for low-risk workflow-support systems. Bounded specialist deployment
may be more appropriate for high-complexity decision-support applications. Treating all clinical Al systems as though
they should scale identically risks misunderstanding both their operational role and the oversight they require.

Large-scale clinical Al deployment requires continuing investment in computing resources, cybersecurity, data govern-
ance, maintenance, and specialized personnel. These requirements may exceed the independent capacity of smaller
institutions.?*>° Shared regional infrastructure, cloud-based deployment under institutional data-governance agreements,
and staged implementation focused on high-value workflows may provide more feasible pathways for broader adoption.

Limitations

This study was conducted at a single well-resourced tertiary teaching hospital with substantial digital infrastructure and

organizational support capacity. Generalizability to smaller or resource-constrained institutions remains uncertain. The

observational design did not include randomization, control groups, or patient-level outcome data, precluding causal inference.
Some operational indicators were available only as institutional quality-monitoring summaries rather than raw event-level

datasets. Baseline values for consultation efficiency, documentation completion efficiency, and documentation standardization

compliance were reported descriptively rather than analyzed through formal comparative statistical approaches.
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The analysis focused on operational adoption, workflow indicators, documentation processes, quality-control cover-
age, and patient satisfaction. Diagnostic accuracy, clinical outcomes, safety events, and cost-effectiveness were not
evaluated because the available dataset consisted of de-identified aggregate operational indicators rather than patient-
level clinical outcome data.

User acceptance was inferred from sustained utilization patterns, patient satisfaction, and absence of formal complaints
rather than validated attitudinal instruments. Future studies incorporating structured clinician and patient evaluation tools
would provide more detailed understanding of trust, perceived usefulness, workload impact, and workflow adaptation.

Directions for Future Research
Future implementation research should move beyond binary notions of adoption toward pathway-specific models of opera-
tional embedding. Different categories of clinical Al diffuse under different workflow constraints, accountability structures,
and organizational conditions. Comparative multi-site studies could determine whether the pathway-stratified adoption
patterns observed here are reproduced across hospitals with different levels of digital maturity and organizational capacity.’
Further research should evaluate patient-level clinical outcomes, safety indicators, economic impact, and cost-
effectiveness.”’~%? Mixed-methods approaches combining operational data with clinician and patient interviews would
clarify how different forms of Al integration reshape clinical work over time and how organizational change processes
influence sustained adoption.** > The central question for the field is not only whether clinical Al is adopted, but what kind of
Al is adopted, where it enters the workflow, and what operational conditions allow routine use to continue over time.

Conclusion

Routine clinical Al implementation should be understood not as a uniform act of technical deployment, but as a pathway-
specific process shaped by workflow position, clinical risk, and accountability requirements. Over 18 months in
a provincial tertiary hospital in China, three Al pathways achieved sustained operational use, with broad cross-
specialty diffusion for an upstream pre-consultation tool and more bounded specialist integration for tumor decision
support and therapeutic drug monitoring. Implementation success therefore should not be judged by scale alone; clinical
Al systems require evaluation according to their workflow role, responsibility structure, and operational purpose. The
single-site observational design and reliance on aggregate operational data limit causal interpretation, and further multi-
site studies are needed to examine clinical outcomes, safety, and cost-effectiveness.

Clinical Trial Registration
This study does not meet the definition of a clinical trial because no participants were prospectively assigned to
interventions; registration was therefore not required.

Data Sharing Statement

The data supporting the findings of this study are presented within the manuscript and tables. The study reports de-
identified aggregate implementation data. Raw operational data are not publicly available due to institutional data
governance policies and restrictions related to clinical information system access.
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