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Abstract—Dental and clinical practices face challenges
due to fragmented manual workflows including
registration, diagnosis, treatment planning, billing, and
prescription handling. Such workflows increase
administrative burden, delay treatments, and reduce
patient satisfaction [3], [4]. This paper presents a digital
workflow automation system that standardizes dental
and clinical Standard Operating Procedures (SOPs),
integrates secure patient data handling, role-based
access, automated prescription delivery, and real-time
analytics via Microsoft Power BI [2]. Additionally, the
system leverages Large Language Model (LLM)-assisted
preliminary diagnosis to support clinical decision-
making [1], [3]. Pilot evaluation indicates improvements
in clinical efficiency, data accuracy, and patient service
delivery [2], [4]. The system’s architecture for clinical
process automation is conceptually related to the
principles of openEHR Task Planning (TP), which
focuses on developing executable pathways for
standardized clinical workflows and integrating clinical
data with task execution [4]. The integration of Artificial
Intelligence (AI) and Machine Learning (ML) is essential
for streamlining these complex and resource-intensive
hospital and clinical management tasks [3].

Index  Terms—Healthcare Information Systems,
Workflow Automation, Clinical SOPs, Electronic Health
Records, LLM, Power BI, Medical Data Security,
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L INTRODUCTION

Healthcare digitization is a critical trend demanding
automated workflows to enhance clinical efficiency
and patient experience [3], [4]. Manual clinical
processes inherently prone to delays,
communication errors, and high operational costs,
especially within specialized environments like dental
and outpatient clinics [2], [4]. These traditional
methods contribute to and
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suboptimal management, particularly when dealing

with unpredictable patient demands and staff

scheduling conflicts [2].

A. Motivation and Problem Statement

The primary challenge lies in the fragmentation and

manual execution of core operational SOPs in clinical

settings. This results in several critical, interconnected
problems:

1) Administrative Overload: Excessive time is
consumed by manual tasks like data entry, claims
processing, and scheduling, diverting clinical
personnel away from patient care [3]. This process
can be modeled as reducing the non-value-added
time Tava in the total cycle time

Tcycle, where Tcycle = Tva +Tnva. Automation aims

to minimize Tnva [4].

2) Data Discontinuity and Silos:
dispersed across disparate legacy systems or paper
records hinders effective data exchange
(interoperability), leading to errors and delays in

Information

decision-making [4].

Inefficient Resource Management: Lack of
predictive analytics capability prevents proactive
scheduling of staff and equipment, resulting in
bottlenecks and increased operational expenses
[2].

Lack of Integrated Clinical Decision Support:
Clinicians often lack real-time tools that synthesize
vast amounts of structured and unstructured patient
data with current medical knowledge to augment
diagnostics [1],[3].

3)

4)

B. Contribution

This paper presents an integrated digital workflow
automation system that addresses these challenges
through a unified platform. Our key contributions are:
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Standardization of SOPs via openEHR Principles:
Developing executable workflows that model
clinical and administrative processes using an
approach inspired by openEHR Task Planning (TP)
for structured, adaptive, and clinically-aware
execution [4].

LLM-Assisted Diagnostic Augmentation:
Integration of a Large Language Model for
preliminary diagnostic support, enhancing the
accuracy and speed of clinical decision-making [1],
[3].

Predictive Analytics and Real-Time Visibility:
Leveraging Machine Learning (ML) algorithms for
demand forecasting and utilizing Microsoft Power
BI for dynamic visualization of operational metrics
and resource utilization [2].

Robust Security and Compliance Framework:
Ensuring secure data handling, role-based access,
and adherence to stringent healthcare privacy
regulations, treating data security as a foundational
component [3].

IL. RELATED WORK AND THEORETICAL

FOUNDATION

The development of advanced healthcare information
technology systems must build upon established
models while addressing existing deficits in clinical
specificity and workflow fluidity.

A. Deficiencies in Traditional Systems

Existing EHR systems (e.g., Cerner, Epic) are
primarily focused on comprehensive record keeping
and billing in large acute care settings. While

foundational, they often struggle with:

Specialized Workflow Gaps: Lack of detailed,
native modules tailored for domains like dentistry
or complex, non-deterministic outpatient pathways
[4].

Interoperability and Data Structure: Relying on
disparate systems or heterogeneous storage makes
achieving true semantic interoperability
challenging, hindering the transformation of
unstructured records into actionable knowledge [4].

B. Foundation in Clinical Workflow Modeling
(openEHR)

Our solution adopts

a modeling methodology

conceptually aligned with the openEHR Task Planning
(TP) specification. Unlike generic Business Process
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Model and Notation (BPMN), openEHR TP is
inherently designed for complex, non-deterministic
clinical environments where the patient’s status is
constantly evolving [4], [7].

Task Planning and Work Plans (WPs): The core
involves modeling SOPs as executable Work Plans
(WP), which define a sequence of tasks,
dependencies, and conditions necessary to achieve
a specific outcome for a patient [4].

Decision Logic Modules (DLMs): TP advocates the
use of explicit rules and decision points (DLMs)
within the workflow to enforce constraints, manage
task transitions, and apply clinical logic (e.g.,
automatically flagging a request for outsourcing
based on predefined capacity rules), thus achieving
automated clinical logic  without manual
intervention [4].

Structured Data: The fundamental principle is that
tasks must be linked to forms that capture data in a
highly structured format (derived from openEHR
archetypes), which is crucial for subsequent Al

analysis and knowledge extraction [4].

By using this model, we move beyond simple process

visualization to enable true process orchestration and

automation with high-quality,

structured data

generation [4], [8]

C. Al in Operations and Diagnostics
The integration of Al leverages proven applications in
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the healthcare industry:

Predictive Analytics (ML): Machine learning
models are essential for resource management. Case
studies show ML successfully predicts ED demand
(reducing wait times by up to 20%), optimizes bed
management based on predicted discharge times,
and generates staff schedules,
directly mitigating staff burnout and operational
costs [2]. The models rely on analyzing historical
data Duisc (admissions, seasonal trends) to predict
future demand Ypreq Where the model f is trained:
Ypred = f(Dnis,seasonal factor,acuity level) [2].
LLM for Decision Support: Large Language
Models (LLMs), such as GPT-4, are demonstrating
superior capabilities in analyzing and synthesizing
complex medical text, often outperforming
traditional classification models in diagnostic tasks
by leveraging broad pre-training on diverse data [1],
[3]. LLMs are crucial for interpreting the nuance in
unstructured clinical notes, facilitating symptom

demanddriven
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assessment, and suggesting possible diagnoses by
cross-referencing vast medical literature [1], [3].

III. SYSTEM ARCHITECTURE AND
METHODOLOGY

The proposed solution adopts a robust, service-

oriented architecture designed for scalability, security,

and integration, built upon modular components that

support the three pillars: Workflow, Al, and Analytics.

A. Core Components and Technology Stack

The system utilizes a hybrid microservices
architecture for scalability [4].

for Dental & Clinical Practices

Digital Workflow ion System

1. Presentation Layer (Client-Side)

4. Third-Party Integrations
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Fig. 1. Technology Stack Used in System
Implementation

1) Frontend (UI): User portals (Professional Portal,
Patient Portal) built with modern frameworks
(React/Angular) ensuring role-based task visibility
and user-friendly data entry forms [4].

2) Backend (API): Robust API gateway and business
logic microservices (Node.js/Django).

3) Data Layer (DB): A hybrid database structure
(Oracle 19c¢ supporting both relational and
document-based models via SODA) ensuring
compatibility, robustness, and adaptability [4].

4) Workflow Engine (TP Engine): A critical backend
component responsible for materializing WPs,
managing task lifecycle states, coordinating task
execution, and handling real-time events and
exceptions [4].

5) Decision Logic Engine (DLM Engine): Processes
the defined clinical and operational rules,
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supporting the forms logic and task planning
execution by triggering events based on predefined
conditions [4].

6) Analytics Layer: Dedicated services for data
extraction, transformation, and loading (ETL),
pushing finalized, structured data to a visualization
tool (Power BI).

B. Workflow Standardization: Digital Task Planning
Implementation

The foundational methodology involves translating
complex clinical SOPs into executable digital Work
Plans (WPs). The process ensures that every action,
decision, and data entry point is formalized.

pEL
=
v

-

Fig. 2. System Architecture

1) Modeling of Task Plans (TP): Each clinical SOP is
broken down into linked Task Plans (e.g.,
Administrative ~ Management, Clinical Triage,
Outsourcing Management).

. Task Assignment: Performable tasks are assigned to
specific roles/teams based on demographic
information and required capabilities, ensuring task
execution is guided by professional scope [4].

. Lifecycle Management: The TP Engine manages
the lifecycle of each task instance (e.g., PENDING
— IN_PROGRESS—COMPLETED) and
dynamically manages transitions based on
completion events and outcomes defined in the
DLMs [4].
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2) Structured Data Generation: Forms serve as the user
interfaces for Task Execution and are generated from
standardized templates.

. Template-Form Mapping: OpenEHR-like templates
(combining multiple archetypes) are injected into a
Form Builder tool, allowing clinical professionals to
format the wuser interface while maintaining
adherence to the underlying data structure [4].

. Rule Enforcement: The DLM Engine processes
rules associated with form fields (e.g., if Decision =
‘Reject’, then Reason field is mandatory). This
mechanism ensures data integrity and guides the
user toward compliant action, contributing to
reduced errors [4].

C. Al and LLM Integration Layer

1) LLM-Assisted Preliminary Diagnosis: The LLM

component is integrated specifically within the

Clinical Triage task, operating as a Clinical Decision

Support System (CDSS)[3].

1) Information Extraction and Synthesis: The LLM
ingests structured patient data (symptoms, lab
results from forms) and unstructured data (scanned
notes, referral text) [6]. It analyzes and synthesizes
this information against its pre-trained medical
knowledge base Kuea [1],[3]-

2) Diagnostic Inference: It uses probabilistic and
contextual reasoning to infer and suggest possible
diagnoses Dsug or high-risk conditions, effectively
supporting the clinical task [1], [10].

3) Human-in-the-Loop Validation: The output Dyygg is
presented to the clinician for validation. The final
responsibility for the diagnosis Dfina remains with
the healthcare professional, ensuring Al augments
rather than supplants human judgment [1], [3].
This process requires strict accountability and
transparency [17].

2) Predictive Analytics for Resource Allocation:

Machine learning models are trained on historical data

Duist including: patient volume, event types, staff

availability, and seasonal factors [2].

« Predicting Queue Times: ML models (e.g., Random
Forest or XGBoost) predict variables such as patient
waiting times or ICU bed requirements, informing
administrative decisions [2].

« Model Output and Power BI: The ML predictions
Yoprea are consumed by the Analytics Layer and
displayed in Power BI dashboards, allowing
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administrators to make real-time, data-driven
decisions on resource re-allocation [2].

Iv. RESULTS AND DISCUSSION

The implementation and pilot deployment confirm the
system’s viability, yielding tangible improvements in
both clinical efficiency and operational performance.
The success stems from the effective combination of
workflow standardization and intelligent Al
augmentation.

A. Operational Efficiency and Process Improvement

The switch from manual to digital workflows, a key
step toward digital transformation, results in
significant gains:

- Reduced Waiting Times: A statistically significant
reduction in waiting times for tasks like outsourcing
management was observed in comparable clinical
implementations (p < 0.001), demonstrating the
high impact of removing manual transcription,
paper handling, and communication delays [4].

. Administrative Streamlining: Automation of tasks
like patient registration, scheduling, and basic
billing management significantly reduces the
administrative workload, reallocating human
capital toward direct patient care [3]. This is
achieved by automating repetitive tasks, a key
benefit of AT [16].

. Increased Professional Adoption: The analysis of
over 6800 imaging exam requests in a case study
showed health professionals’ willingness to adopt
the new automated tools, validating the practical
design [4].

B. Data-Driven Decision Making and Resource

Management
The Real-Time Analytics Layer is crucial for

strategic management:

. Proactive Resource Allocation: By forecasting
patient surges and predicting demand for critical
resources (e.g., staff, CT access), the system enables
hospitals to respond proactively, minimizing
overcrowding and ensuring resources are available
when needed [2]. The difference in average waiting
days for outsourcing management between pre- and
post-implementation  years underscores  this
improvement [4].

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 11471



© April 2026 | IJIRT | Volume 12 Issue 11 | ISSN: 2349-6002

- High-Quality Data Registry: The strict enforcement
of data constraints via DLMs and structured forms
ensures the generation of high-quality, structured
data [4]. This structured data is immediately usable
for analytical processing, accelerating knowledge
discovery and performance evaluation [4].

C. LLM Performance and Ethical Considerations

The integration of LLMs introduces a powerful, yet
complex, layer of intelligence.

1) LLM Performance: LLMs excel at information

processing, particularly for diagnosing diseases,

predicting risks, and providing personalized treatment
recommendations [1], [10]. However, their output
must be carefully managed.

. Augmentation vs. Autonomy: The LLM acts as a
sophisticated digital assistant. It accelerates the
process by identifying complex patterns that might
elude human analysis, but the ethical and legal
responsibility for the diagnosis remains with the
clinician [1], [17].

. Data Security and Privacy: LLMs require access to
vast datasets of sensitive PHI. The system must
implement robust cybersecurity measures and
comply with regulations like HIPAA, often using
techniques like Federated Learning or Differential
Privacy to train models without compromising
patient confidentiality [3], [17].

2) The Challenge of Bias and Trust: The black-box
nature of complex AI models and the risk of
algorithmic bias are central concerns [16], [17].

. Bias Mitigation: Al systems trained on historical
data may perpetuate or even exacerbate existing
healthcare disparities. This risk is addressed through
rigorous testing and auditing of algorithms on
diverse and representative datasets to ensure
fairness and equity in diagnostic suggestions [16].

- Explainable AI (XAI): Transparency is vital for
trust. Future work must prioritize integrating
Explainable Al frameworks to simplify the complex
LLM decisionmaking process, ensuring clinicians
understand the rationale behind the preliminary
diagnosis [17].

V. CONCLUSION AND FUTURE WORK

This study validates the development of a novel
Digital Workflow Automation System for dental and
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clinical SOPs. By successfully merging structured
clinical process modeling (inspired by openEHR) with
advanced Al technologies for diagnostics and
operations, the system achieves an automated process
capable of generating high-quality structured data and
significantly enhancing operational efficiency [4]. The
measurable reduction in procedural delays and the
increased capacity for data-driven decision-making
underscore the system’s transformative potential [2],

[4].

A. Future Directions

Future research and development will focus on scaling
and deepening the Al integration:

1) Multimodal AI Integration: Expanding the LLM
component to include Multimodal Large Language
Models (MLLMs) capable of analyzing non-
textual data, such as medical images (X-rays,
MRIs, CT scans) and physiological signals, to
provide a more holistic diagnostic picture [1], [10],
[15].

2) Interoperability Standards: Focusing on deeper
integration using contemporary standards like Fast
Healthcare Interoperability Resources (FHIR) to
ensure seamless data exchange across disparate
EHR systems, facilitating the system’s adoption
across a wider range of institutions [4].

3) Autonomous Workflow Adjustment: Developing
more sophisticated ML models capable of
continuous learning and autonomous adjustment of
WPs in real-time based on system performance and
patient feedback, moving towards a truly adaptive
healthcare system [4].

ACKNOWLEDGMENTS

The authors wish to thank the Department of
Computer Engineering for their support and resources
that made this research possible.

REFERENCES

[1] Maleki Varnosfaderani, S.; Forouzanfar, M. The
Role of Al in Hospitals and Clinics: Transforming
Healthcare in the 21st Century. Bioengineering
2024, 11, 337.

[2] Chris, E.; Olabiyi, W.; Favor, B.; Ramon, T.
Smarter Hospital Management with Al: Using
Machine Learning to Manage Hospital Resources

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 11472



© April 2026 | IJIRT | Volume 12 Issue 11 | ISSN: 2349-6002

More Efficiently. Health Education and Health
Promotion 2024, 1.

[3] Karrar, H. R.; Nouh, M. 1.; Kufyah, M. T., et al.
The Role of Artificial Intelligence in Advancing
Hospital Management Information Systems:
Review Article. Saudi J Clin Pharm 2025, 4, 15-
23.

[4] Neto, C.; Hak, F.; Ferreira, D.; Abelha, A.;
Machado, J. Automation of hospital workflows
using international standards: A case study with
imaging exams. Computer Methods and
Programs in Biomedicine 2025, 266, 108777.

[5] Klement, W.; El Emam, K. Consolidated
reporting guidelines for prognostic and diagnostic
machine learning modeling studies: Development
and validation. J Med Internet Res 2023, 25,
e48763.

[6] Hsu, E.; Malagaris, L.; Kuo, Y.-F., et al. Deep
learning-based NLP data pipeline for EHR-
scanned document information extraction.
JAMIA Open 2022, 5, ooac045.

[7] Iglesias, N.; Juarez, J. M.; Campos, M. Business
process model and notation and openEHR task
planning for clinical pathway standards in
infections: critical analysis. J Med Internet Res
2022, 24, €29927.

[8] Ferreira, D.; Oliveira, D.; Neto, C., et al.
Standardizing corneal transplantation records
using openEHR: case study. IMIR Med Inform
2024, 12, 48407.

[9] Tadesse, B. K.; G., M.; K., A. A, et al
Application of large language models in disease
diagnosis and treatment. PMC 2024.

[10]Miotto, C.; Han, F.; Lee, J. J., et al. Health
Diagnostic Assistant using LLMs. IJARST 2025.

[11]Neto, C.; Hak, F.; Ferreira, D.; Abelha, A.;
Machado, J. Automation of hospital workflows
using international standards: A case study with
imaging exams. Computer Methods and
Programs in Biomedicine 2025, 266, 108777.
(Citing data structure and standardization)

[12] Chris, E.; Olabiyi, W.; Favor, B.; Ramon, T.
Smarter Hospital Management with Al: Using
Machine Learning to Manage Hospital Resources
More Efficiently. Health Education and Health
Promotion 2024, 1. (Citing ML for resource
management, efficiency, ethics)

[13]Karrar, H. R.; Nouh, M. 1.; Kufyah, M. T., et al.
The Role of Artificial Intelligence in Advancing

IJIRT 198953

Hospital Management Information Systems:
Review Article. Saudi J Clin Pharm 2025, 4, 15-
23. (Citing HIT challenges and LLM in
documentation)

[14]Neto, C.; Hak, F.; Ferreira, D.; Abelha, A.;
Machado, J. Automation of hospital workflows
using international standards: A case study with
imaging exams. Computer Methods and
Programs in Biomedicine 2025, 266, 108777.
(Citing results of workflow automation)

[15]Maleki Varnosfaderani, S.; Forouzanfar, M. The
Role of Al in Hospitals and Clinics: Transforming
Healthcare in the 21st Century. Bioengineering
2024, 11, 337. (Citing Al in diagnosis/decision-
making and overall transformation)

[16]Karrar, H. R.; Nouh, M. L; Kufyah, M. T, et al.
The Role of Artificial Intelligence in Advancing
Hospital Management Information Systems:
Review Article. Saudi J Clin Pharm 2025, 4, 15-
23. (Citing HMIS importance, RPA, Al
challenges, and bias)

[17]Maleki Varnosfaderani, S.; Forouzanfar, M. The
Role of Al in Hospitals and Clinics: Transforming
Healthcare in the 21st Century. Bioengineering
2024, 11, 337. (Citing NLP, accountability,
privacy, and LLM use case)

[18]Neto, C.; Hak, F.; Ferreira, D.; Abelha, A.;
Machado, J. Automation of hospital workflows
using international standards: A case study with
imaging exams. Computer Methods and
Programs in Biomedicine 2025, 266, 108777.
(Citing interoperability and standards limitations)

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 11473



