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ABSTRACT: Al-assisted clinical decision support systems (CDSS) are transforming healthcare by enabling more
accurate, efficient, and personalized care. Oracle Cloud Infrastructure (OCI) offers cloud compute, storage, Al services,
and robust security which can underpin the deployment of scalable CDSS. This paper surveys the recent developments
in Al-assisted clinical decision support delivered via OCI, discusses methodology of implementation, advantages and
disadvantages, reports early results, and suggests directions for future work. Two recent case studies are examined:
Oracle’s Clinical Al Agent which reduces physician documentation time significantly across many specialties; and
Evidium’s neurosymbolic Al platform hosted on OCI, which transforms unstructured clinical data into structured
knowledge, enhancing predictive modeling and decision support. Methodological challenges include data privacy,
interoperability, clinician acceptance, model explainability, and cost. Advantages found include reduced administrative
burden, improved efficiency, scalability, strong security, faster model training, and enhanced clinician focus on patient
care. Disadvantages include risk of bias, dependency on cloud infrastructure, regulatory compliance, expensive
implementation, potential workflow disruption, and need for clinician trust and transparency. Results from Oracle’s Al
Agent show ~30% reduction in documentation time; from Evidium, improved performance in model training time and
data processing. Discussion analyzes how these improvements translate into patient outcomes, clinician satisfaction,
and cost savings, as well as the trade-offs. Conclusion: deploying Al-assisted decision support on OCI holds strong
promise for smart healthcare delivery but requires careful attention to governance, transparency, and human-Al
collaboration. Future work should include rigorous clinical trials, measurement of patient health outcome impact, cost-
benefit analyses, extending to low-resource settings, and improving model interpretability and bias mitigation.

KEYWORDS: Clinical Decision Support System; Oracle Cloud Infrastructure; Artificial Intelligence; Neurosymbolic
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. INTRODUCTION

Healthcare systems globally are under mounting pressure to improve quality, reduce costs, minimize medical errors,
and deliver more personalized care. Clinical decision support systems (CDSS) augmented with artificial intelligence
(Al) have emerged as a promising solution. They assist clinicians by providing diagnostic suggestions, predictive alerts,
treatment recommendations, and automating documentation and workflow tasks. However, for such systems to scale
and to maintain robustness, performance, security, and cost-effectiveness, a strong infrastructure is necessary.

Cloud computing provides scalability, elastic compute, and storage resources, which are well suited for hosting and
deploying Al models. Gaps remain in deploying CDSS systems with large models, handling unstructured data (like
clinical notes), ensuring rapid inference, ensuring privacy/compliance, integrating with electronic health records
(EHRs), and maintaining clinician trust through transparency or interpretability.

Oracle Cloud Infrastructure (OCI) is one such cloud platform that offers GPU and bare-metal infrastructure, Al
services, secure data storage, regulatory compliance features, and integration capabilities. Recently Oracle has
introduced its Clinical Al Agent (voice, screen, multimodal) to automate documentation, streamline clinician workflow,
integrated with their EHR, and also Evidium has selected OCI to power its neurosymbolic Al platform to convert
unstructured clinical data into structured, actionable information. These developments suggest that OCI may be a viable
backbone for deploying Al-assisted clinical decision support at scale.

This paper aims to investigate the state of Al-assisted clinical decision support on OCI: how systems are designed, what
research methods are in use, what advantages and drawbacks have been observed or are anticipated, what early
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outcomes exist, and what future directions look promising. The rest of the paper is organized as follows: a literature
review of related work, the research methodology for assessing AI-CDSS on OCI, followed by
advantages/disadvantages, results and discussion, conclusion, and future work.

Il. LITERATURE REVIEW

1. General Al-assisted CDSS: There is a substantial body of work on Al-based and hybrid CDSS (knowledge-based
+ data-driven) in various medical domains. For example, “Artificial Intelligence in Clinical Decision Support: a
Focused Literature Survey” (2019) reviewed contributions from 2017-2018, finding that most CDSS adopt
data-driven techniques, some rely purely on knowledge, and some combine both. PubMed These studies highlight
issues like data quality, interpretability, model validation, and workflow integration as recurrent challenges.

2. Cloud-enabled Al in Healthcare: A recent systematic review “Cloud-Enabled Al Infrastructure in Healthcare: A
Systematic Review of Clinical Decision Support and Workflow Optimization” (2024) examines how cloud
engineering enables scalable diagnostic support, predictive analytics, medical imaging, workflow automation, and
operational optimization. The review addresses implementation strategies, interoperability, security compliance,
and cost effectiveness. ijrcait.com+1

3. Interpretability and Trust: Interpretable machine learning and “responsible clinician-Al collaboration”
frameworks gain importance. A survey by Nasarian et al. (2023) explores how ML systems in CDSS can be more
interpretable so that clinicians trust and adopt Al recommendations. Key ingredients are clarity in model reasoning,
data preprocessing, features, and explanation of outputs. arXiv

4. Case Studies & Implementations using OCI:

o Oracle Health Clinical Al Agent: Announced by Oracle, this agent uses OCI, is embedded in clinician
workflows, supports multiple modalities (voice, screen), and aims to reduce documentation burden. Early
claims: ~30% reduction in daily documentation time for physicians across 30+ specialties.
Oracle+20racle+2

o Evidium: A healthcare Al startup deploying neurosymbolic models on OCI to handle unstructured clinical
data (notes, guidelines, literature) and turn into structured data for predictive modeling. Evidium reports
that switching from on-premises to OCI has yielded reduced training time, increased scale, and faster data
processing. Oracle+1

5. Other Studies of Al impact on workflows: For example, “The impact of AI-based decision support systems on
nursing workflows in critical care units — Jordan” (2023/24) analyses how Al DSS affects nursing tasks, training
needs, and delays. PubMed Also studies on determinants of Al adoption in U.S. hospitals (market share,
financial/operational outcomes) show that larger institutions with more resources tend to adopt Al earlier and gain
performance improvements. ScienceDirect

6. Gaps and Challenges in the Literature: While there are many works on CDSS more generally, fewer peer-
reviewed, rigorous quantitative evaluations exist specifically for Al-assisted CDSS systems running on OCI. Many
announcements are corporate press releases rather than published trials. There is limited evidence (so far) of
measurable patient outcome improvements; most focus on process metrics (time saved, workflow improvements).
Ethical issues, bias, regulatory compliance, integration with varied EHR systems, handling unstructured data,
interpretability remain active research areas.

I1l. RESEARCH METHODOLOGY

To systematically investigate Al-Assisted Clinical Decision Support on Oracle Cloud Infrastructure (OCI) for smart
healthcare delivery, the following methodology is proposed. The approach is mixed-methods, combining quantitative,
qualitative, and technical performance analyses.
1. Study Obijectives and Research Questions
o What is the effect of deploying Al-CDSS on OCI on clinical workflows, especially documentation time,
decision accuracy, and clinician satisfaction?
o How does performance (latency, training time, inference speed) scale when using OCI compared to
on-premises or alternative cloud platforms?
o What are the challenges in integration (EHR, data types, interoperability), trust and interpretability, cost,
and regulatory/compliance issues?
o What are the patient-level outcomes (diagnostic accuracy, error rates, time to treatment)?
2. Study Design
o Case Study Analysis: ldentify organizations using Oracle Health Clinical Al Agent and Evidium’s
platform on OCI. Collect process metrics, performance metrics, user feedback.

IJCTEC® 2025 | AnI1SO 9001:2008 Certified Journal | 18



https://pubmed.ncbi.nlm.nih.gov/31419824/?utm_source=chatgpt.com
https://ijrcait.com/index.php/home/article/view/IJRCAIT_07_02_180?utm_source=chatgpt.com
https://arxiv.org/abs/2311.11055?utm_source=chatgpt.com
https://www.oracle.com/news/announcement/physicians-reduce-documentation-time-with-oracle-health-clinical-ai-agent-2025-03-04/?utm_source=chatgpt.com
https://www.oracle.com/news/announcement/ocw24-evidium-selects-oracle-cloud-infrastructure-to-power-its-referenced-healthcare-ai-platform-2024-09-10/?utm_source=chatgpt.com
https://pubmed.ncbi.nlm.nih.gov/38973347/?utm_source=chatgpt.com
https://www.sciencedirect.com/science/article/abs/pii/S0148296323007610?utm_source=chatgpt.com

International Journal of Computer Technology and Electronics Communication (IJCTEC)
| ISSN: 2320-0081 | www.ijctece.com ||A Peer-Reviewed, Refereed and Bimonthly Journal |

|| Volume 8, Special Issue 1, November — December 2025 ||

DOI: 10.15680/1JCTECE.2025.0806804

o Comparative Study: Where possible, compare same tasks executed on OCI versus on-premises or other
cloud services to isolate infrastructure effects.
o Cross-sectional Survey: Clinicians, nurses, administrators using the CDSS to assess satisfaction,
usability, perceived trust, interruptions.
o Experimental / Controlled Trial (if feasible): e.g., randomized controlled trial or stepped-wedge design
in clinical settings to measure patient outcome differences or error reduction.
3. Data Sources
o Logs from the CDSS systems: documentation time, system latency, inference errors or corrections,
follow-ups suggested vs approved.
o Surveys, interviews with clinicians and staff.
o Training/inference runtimes, resource utilization metrics from OCI.
o EHR data for clinical outcomes, with suitable de-identification (PHI compliance).
4. Performance Metrics
o Process metrics: documentation time, number of steps or clicks saved, interruptions.
o Technical metrics: model training time, inference latency, throughput, accuracy, precision, recall, F1,
error correction time.
o Human metrics: clinician satisfaction, perceived trust, cognitive load, adoption rate, alert fatigue
incidence.
o Outcome metrics: diagnostic accuracy, treatment timeliness, error rates, patient safety measures, cost
savings.
5. Implementation on OCI
o Use OCI Al infrastructure (GPU / bare-metal instances), Al services, secure storage, identity & access
management.
o Data ingestion pipelines: structured (EHR fields), unstructured (clinical notes, guidelines). Use
neurosymbolic methods or hybrid models for unstructured data.
o Model explainability methods (feature importance, reasoning graphs, human interpretable summaries).
6. Ethics, Privacy, and Regulatory Compliance
o Ensure data de-identification. Use HIPAA, GDPR compliant procedures (or local equivalents).
o Institutional Review Board (IRB) approvals for human subjects / clinician feedback / outcome studies.
o Assessment of algorithmic bias: check performance across different demographics.
7. Analysis Methods
o Statistical tests (e.g., paired t-tests or nonparametric tests) for pre vs post deployment comparisons.
o Regression modeling to adjust for confounders (patient case mix, clinician experience).
o Qualitative thematic analysis of interviews/surveys.
8. Limitations
o Possible selection bias (only early adopters).
o Limited duration for observing patient outcomes.
o Dependence on availability of data from OCI and partnering organizations.

Advantages

e Scalability and Elasticity: OCI enables rapid scaling of computing resources (e.g., GPU, bare-metal), which
supports training large models and handling variable load. (Evidium reports reduced training time, faster
scaling). Oracle+1

¢ Reduced Administrative / Documentation Burden: Oracle Health Clinical Al Agent claims ~30% reduction
in documentation time across many specialties. Oracle+1

e Strong Security and Compliance: OCI being enterprise cloud offers “military-grade security” per Oracle,
aiding in handling sensitive healthcare data. Oracle+1

e Processing of Unstructured Data: Neurosymbolic Al (combining neural + symbolic) allows transformation
of unstructured clinical text / guidelines / research into structured actionable data. Oracle

o Workflow Integration: Embedding Al agents into clinician workflows (voice/screen, at point of care) helps
reduce friction, improves usability. Oracle’s agent is integrated with its EHR. Oracle+1

e Potential for Cost Savings: Through efficiencies, reduced error, less time spent by clinicians on non-clinical
tasks, possibly shorter hospital stays etc.
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Disadvantages / Challenges

e Implementation Cost and Complexity: Initial investment, engineering effort, integrating with EHR systems,
setting up pipelines, data cleaning etc.

e Dependence on Cloud Infrastructure: Availability, latency, internet connectivity issues; risk of vendor
lock-in; operational risks if cloud service has downtime.

e Data Privacy, Security, and Regulatory Compliance: Ensuring patient data protections, meeting
region-specific laws (HIPAA, GDPR, etc.), auditability, handling PHI, governance.

e Model Bias, Fairness, and Interpretability: Neural models, especially on unstructured data, can inherit
biases; clinicians may distrust “black-box” decisions; explaining outputs, transparency required.

o Workflow Disruption and Clinician Acceptance: Changes to workflow may meet resistance; alert fatigue;
over-automation risks; training needed.

e Cost of Maintenance and Updates: Models must be continuously updated; monitoring and verifying
performance; dealing with new guidelines, changing disease patterns.

e Limited Evidence on Patient Outcomes: Many early results are process metrics; rigorous clinical trials of
patient health outcomes still needed.

IV. RESULTS AND DISCUSSION

From the two main real-world / near-real-world instances:
1. Oracle Health Clinical Al Agent:
o Reported ~30% average reduction in daily documentation time for physicians in 30+ specialty areas.
Oracle+1
o Qualitative feedback indicates clinicians can focus more on patient interaction, less on navigating menus
or typing notes. Oracle+1
o The integration being embedded (voice + screen, integrated with EHR) helps reduce friction.
o Some providers mention improved satisfaction, feeling of support. However, patient outcome data (e.g.
diagnostic accuracy, error reduction) is not yet publicly reported.
2. Evidiumon OCI:
o Moving from on-premises cluster to OCI resulted in faster model training, reduced processing times,
better performance, improved ability to scale larger models. Oracle+1
o The neurosymbolic approach improves handling of unstructured and semi-structured data (clinical charts,
guidelines, literature) into structured data, aiding algorithmic decision support.
o Again, while performance and processing metrics improved, tangible downstream impact (clinician
decision accuracy, patient outcomes, cost savings) still need reporting.
3. Discussion of Trade-offs:
o The improvements in documentation and processing are promising but may not automatically translate to
better patient outcomes unless model recommendations are clinically validated.
o Clinician trust and interpretability are crucial: even a efficient Al agent may go unused if
recommendations are opaque or error prone in rare cases.
o The acceleration in data processing/training is valuable especially in rapidly evolving medical knowledge
(new guidelines, literature) but requires continuous updating and monitoring.
o The cost savings from reduced administrative burden must be balanced against cloud costs, model
maintenance, compliance overhead.

V. CONCLUSION

Al-assisted clinical decision support systems deployed on Oracle Cloud Infrastructure show strong promise for
delivering smarter healthcare: reducing documentation burden, enabling workflows more aligned with clinical needs,
accelerating processing and model development, and leveraging unstructured data with neurosymbolic techniques. OCI
provides the infrastructure necessary in terms of scalability, security, and integrations to support such applications.
However, current published evidence is more compelling for process improvements than for direct clinical outcomes.
Challenges around interpretability, bias, clinician acceptance, regulatory compliance, and cost remain significant. To
realize the full potential, future implementations need rigorous evaluation, including randomized or quasi-experimental
designs, measurement of patient outcomes, equity across populations, and longitudinal monitoring.

VI. FUTURE WORK
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Conduct randomized controlled trials or stepped-wedge trials to assess the impact of AI-CDSS on patient
outcomes (mortality, morbidity, error rates).

Develop and evaluate more explainable/neurosymbolic models so clinicians can understand Al reasoning;
improve transparency.

Deep dive into bias and fairness: test across demographics (age, gender, race, socioeconomic status) to ensure
equitable performance.

Explore use in low-resource settings or in regions with intermittent internet or limited infrastructure; perhaps
hybrid (edge + cloud) solutions.

Combine Al agents with human-in-loop designs focusing on clinician feedback, trust building, workflow
usability.

Investigate cost-benefit analyses over longer terms, including total cost of ownership, maintenance, cloud usage,
clinician training.

Study regulatory, ethical, legal frameworks specific to cloud-based AI-CDSS deployments, data governance
models.

Explore multi-cloud or cross-cloud portability to avoid vendor lock-in and ensure resilience.
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