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ABSTRACT: Precision anticoagulation therapy requires individualized treatment strategies to optimize therapeutic efficacy while 

minimizing adverse events such as bleeding or thrombosis. The increasing availability of clinical, genomic, and pharmacological 

data offers unprecedented opportunities for personalizing anticoagulant dosing, yet these datasets often remain siloed across 

disparate healthcare systems and research platforms. This study proposes a Clinical Data Sharing and Integration Model (CDSIM) 

designed to facilitate secure, interoperable, and standardized data exchange to support evidence-based precision anticoagulation. 

The CDSIM framework integrates real-time electronic health record (EHR) data, laboratory results, pharmacogenomic profiles, 

medication histories, and patient-reported outcomes through a combination of standardized data formats, application programming 

interfaces (APIs), and secure cloud-based repositories. It employs advanced data harmonization protocols and ontological mapping 

to ensure semantic interoperability across different clinical sources. Embedded machine learning algorithms analyze aggregated 

datasets to predict optimal anticoagulant regimens, dosage adjustments, and monitoring intervals tailored to individual patient 

profiles. The model incorporates privacy-preserving technologies, including data encryption, role-based access control, and 

federated learning approaches, to protect sensitive patient information while enabling collaborative research and clinical decision 

support. Pilot implementation in a multicenter cohort demonstrated improved dosing accuracy, reduced incidence of adverse events, 

and increased clinician confidence in therapy decisions. Moreover, the CDSIM facilitated multicenter clinical trials by enabling 

real-time, cross-institutional data aggregation and analysis, accelerating the validation of novel dosing algorithms. This study 

underscores the potential of a unified data sharing and integration framework to enhance the precision, safety, and efficiency of 

anticoagulation therapy. Future work will focus on large-scale deployment, integration with national health information exchanges, 

and continuous model refinement through feedback loops and adaptive learning. The proposed CDSIM provides a scalable pathway 

for leveraging heterogeneous clinical data sources to advance personalized medicine in anticoagulation and serves as a blueprint for 

similar initiatives in other therapeutic areas. 

Keywords: Clinical Data Sharing, Data Integration, Anticoagulation Therapy, Precision Medicine, Pharmacogenomics, Electronic 
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1.0.  INTRODUCTION 

Anticoagulation therapy plays a critical role in the prevention 

and management of thromboembolic disorders, including 

conditions such as atrial fibrillation, deep vein thrombosis, 

and pulmonary embolism. By reducing the risk of blood clot 

formation, it significantly lowers the likelihood of life-

threatening events such as stroke. However, the effectiveness 

of anticoagulation depends heavily on maintaining precise 

therapeutic ranges, as subtherapeutic dosing can fail to 

prevent clotting while supratherapeutic levels increase the 

risk of bleeding complications. Traditional anticoagulation 

dosing practices often rely on population-based algorithms 

and periodic laboratory monitoring, which, while beneficial, 

are limited in their ability to capture the full variability of 

patient-specific factors such as genetics, comorbidities, diet, 

and concurrent medications. This lack of personalization can 

lead to dosing errors, delayed therapeutic response, and 

preventable adverse outcomes (Adelusi, Ojika & Uzoka, 

2023, Oyasiji, et al., 2023). 

The growing field of precision medicine offers a 

transformative approach to anticoagulation by tailoring 

treatment strategies to the unique clinical, genetic, and 

lifestyle profiles of individual patients. In this context, 

leveraging pharmacogenomic insights, real-time laboratory 

data, and comprehensive clinical histories enables clinicians 

to make more accurate and timely dosing decisions. Yet, the 

implementation of such individualized care is often hindered 

by fragmented data environments, where crucial patient 

information is dispersed across disconnected healthcare 

systems, laboratories, and research databases (Afrihyia, et al., 

2025, Nwanko, et al., 2025, Osamika, et al., 2025). The 

absence of seamless data interoperability restricts the 

integration of diverse datasets needed to generate robust, 

evidence-based dosing recommendations. 
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Effective clinical data sharing and integration provide the 

foundation for overcoming these barriers, allowing 

healthcare providers and researchers to pool, harmonize, and 

analyze information from multiple sources in a secure, 

standardized, and ethically compliant manner. By enabling 

real-time access to aggregated patient data, advanced 

analytics and machine learning models can be applied to 

predict optimal anticoagulant regimens, improve monitoring 

precision, and minimize risks (Adio, et al., 2024, Merotiwon, 

Akintimehin & Akomolafe, 2024, Ogugua, et al., 2024). 

The objective of this study is to develop and evaluate a 

Clinical Data Sharing and Integration Model (CDSIM) for 

precision anticoagulation therapy, designed to unify disparate 

clinical, laboratory, pharmacogenomic, and patient-reported 

data streams. The model aims to enhance therapeutic 

accuracy, reduce adverse events, support collaborative 

research, and establish a scalable framework adaptable to 

other domains of precision medicine (Abieba, et al., 2025, 

Nwanko, et al., 2025, Oyetunji, et al., 2025). 

 

2.1.  LITERATURE REVIEW 

Anticoagulation management has evolved considerably over 

the past decades, driven by the need to balance efficacy in 

preventing thromboembolic events with safety in minimizing 

bleeding risks. Existing anticoagulation management models 

have traditionally relied on standardized dosing algorithms, 

clinician experience, and routine monitoring of laboratory 

parameters such as the International Normalized Ratio (INR) 

for warfarin or renal function assessments for direct oral 

anticoagulants (DOACs). The most widely used models 

include physician-led dose adjustments based on periodic 

INR checks and the implementation of computerized dosing 

tools that apply population-derived dose-response curves 

(Mustapha, et al., 2021, Ojeikere, Akomolafe & Akintimehin, 

2021). These approaches, while useful in standardizing care, 

have notable limitations in addressing inter-individual 

variability. Specialized anticoagulation clinics have also 

emerged to provide structured monitoring and patient 

education, yet they still largely depend on retrospective data 

and infrequent monitoring intervals, making them reactive 

rather than proactive in dose optimization. Furthermore, the 

introduction of DOACs has simplified management for some 

patients by reducing the need for frequent laboratory testing, 

but these agents still require careful consideration of patient-

specific factors such as drug-drug interactions, comorbidities, 

and genetic variations influencing drug metabolism and 

transport (Adelusi, et al., 2023, Osamika, et al., 2023). 

The integration of pharmacogenomics into anticoagulation 

dosing represents a major advancement toward 

individualized therapy. Warfarin, for example, has a narrow 

therapeutic index and displays significant variability in dose 

requirements due to genetic differences in cytochrome P450 

2C9 (CYP2C9) and vitamin K epoxide reductase complex 

subunit 1 (VKORC1). Multiple studies have demonstrated 

that incorporating pharmacogenomic data into dosing 

algorithms improves time in therapeutic range (TTR), 

reduces the risk of adverse events, and shortens the time to 

stable dosing. Similarly, emerging evidence suggests that 

genetic variations in ABCB1, CES1, and other genes may 

influence DOAC pharmacokinetics and pharmacodynamics, 

although clinical implementation for DOACs remains limited 

compared to warfarin (Mustapha, et al., 2018, Oni, et al., 

2018). Clinical trials such as the EU-PACT and COAG 

studies have explored the integration of genetic testing into 

dosing protocols, highlighting both the potential and the 

challenges of pharmacogenomics-guided therapy. One major 

limitation is the availability of timely genetic testing and the 

incorporation of results into point-of-care decision-making 

workflows. Without seamless data integration, the utility of 

pharmacogenomic insights is diminished (Olufemi, Ayeni & 

Olagoke-Komolafe, 2024, Olulaja, Afolabi & Ajayi, 2024, 

Oyetunji, et al., 2024). 

In parallel with pharmacogenomics, precision medicine has 

increasingly emphasized the value of integrating diverse 

clinical datasets to inform patient-specific treatment 

decisions. Previous clinical data integration initiatives in 

precision medicine have demonstrated that harmonizing 

electronic health records (EHRs), laboratory data, imaging, 

and patient-reported outcomes can lead to more accurate 

predictions, early intervention, and improved outcomes. 

Notable examples include oncology-focused data integration 

platforms, which enable the aggregation of genomic, 

histopathologic, and treatment outcome data to guide targeted 

therapy selection (Ojeikere, Akintimehin & Akomolafe, 

2024, Olayiwola, et al., 2024, Olufemi, Ayeni & Olagoke-

Komolafe, 2024). In cardiovascular care, initiatives such as 

the National Cardiovascular Data Registry (NCDR) and the 

Million Hearts Initiative have shown how multicenter data 

collection and sharing can drive large-scale quality 

improvement. These models often rely on interoperability 

standards such as Health Level Seven (HL7) Fast Healthcare 

Interoperability Resources (FHIR) and ontological 

frameworks like SNOMED CT and LOINC to ensure 

consistent meaning across disparate data systems. In 

anticoagulation management, however, such robust 

integration is less common, with most existing systems 

operating within institutional or vendor-specific boundaries 

that limit cross-system data exchange (Omaghomi, et al., 

2024, Oparah,et al., 2024, Oyetunji, et al., 2024, Taiwo, et al., 

2024). 

Efforts to improve interoperability have been supported by 

various national and international policies, such as the U.S. 

21st Century Cures Act, which promotes patient access to 

health data and the adoption of standardized application 

programming interfaces (APIs). Nevertheless, practical 

challenges remain in achieving real-time, cross-platform 

integration. Previous data-sharing initiatives in precision 

medicine have demonstrated that technical interoperability is 

only part of the challenge issues related to data governance, 

security, consent, and institutional competition often hinder 

meaningful sharing. For anticoagulation therapy, where time-

sensitive decisions can have life-or-death consequences, the 
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lack of a streamlined, secure, and interoperable data 

infrastructure is a critical limitation (Adelusi, Ojika & Uzoka, 

2022, Nwokediegwu, Bankole & Okiye, 2022). Figure 1 

shows precision medicine cycle (PMC), illustrating the idea 

of a self-adapting healthcare system presented by Kraus, et 

al., 2018. 

 
Figure 1: Precision medicine cycle (PMC), illustrating 

the idea of a self-adapting healthcare system (Kraus, et 

al., 2018). 

 

Gaps in current data interoperability and sharing frameworks 

are multifaceted. On the technical side, variability in data 

formats, coding systems, and metadata quality complicates 

integration. Many healthcare systems still rely on proprietary 

formats, which require complex mapping or transformation 

before integration is possible. Semantic interoperability the 

ability for systems to not only exchange data but also interpret 

it consistently is often insufficient, particularly when merging 

datasets from laboratories, clinics, and pharmacogenomic 

testing services. This inconsistency can lead to incomplete 

patient profiles or errors in decision support algorithms 

(Afrihyia, et al., 2025, Nwanko, et al., 2025, Oyetunji, et al., 

2025). On the organizational side, institutional reluctance to 

share data due to concerns over intellectual property, liability, 

and competitive advantage remains a persistent barrier. 

Furthermore, differing interpretations of privacy regulations 

such as HIPAA and GDPR can result in overly restrictive data 

access policies, even when data could be shared in a de-

identified or aggregated form without compromising patient 

privacy (Aduloju, et al., 2023, Okiye, Ohakawa & 

Nwokediegwu, 2023). 

Another significant gap lies in the integration of patient-

generated health data (PGHD), such as self-reported 

symptoms, dietary information, and wearable device metrics. 

While these data can provide valuable context for 

anticoagulation management especially in detecting lifestyle 

or environmental factors that affect drug metabolism they are 

rarely incorporated into clinical decision-making systems due 

to a lack of standardization and validation. Additionally, real-

time monitoring technologies capable of transmitting data 

continuously are not yet widely adopted in anticoagulation 

care, despite their potential to enable dynamic dosing 

adjustments. Without a cohesive framework that supports the 

ingestion, standardization, and analysis of PGHD alongside 

clinical and pharmacogenomic data, opportunities for early 

intervention and personalized care remain underutilized 

(Adeleke & Ajayi, 2023, Obadimu, et al., 2023, Taiwo, et al., 

2023). 

Data security and patient trust are also central concerns. 

Inadequate cybersecurity measures can expose sensitive 

health information to breaches, undermining public 

confidence in data-sharing initiatives. Even when security 

protocols are in place, patients may be hesitant to consent to 

broad data use if the benefits are unclear or if they lack 

assurances about how their data will be used. This 

underscores the need for transparency, robust consent 

management systems, and clear communication about the 

clinical and research benefits of data integration (Adelusi, et 

al., 2025, Obioha Val, et al., 2025, Osamika, et al., 2025). 

Figure 2 shows precision medicine integrated model. Medical 

doctors and patients are active parts of the integrated 

processes presented by Savoia, et al., 2017. 

 
Figure 2: Precision medicine integrated model. Medical 

doctors and patients are active parts of the integrated 

processes (Savoia, et al., 2017). 

 

Overall, the literature indicates that while advances in 

pharmacogenomics, EHR interoperability, and precision 

medicine data platforms offer promising pathways to 

improving anticoagulation therapy, the current landscape 

remains fragmented. Existing anticoagulation management 

models provide a foundation but lack the comprehensive, 

real-time, and multi-source integration necessary for true 

precision dosing. Pharmacogenomics holds proven value for 

drugs like warfarin and emerging potential for DOACs, yet 

its clinical application is constrained by slow adoption and 

integration barriers (Omaghomi, et al., 2024, Osamika, et al., 

2024, Selesi-Aina, et al., 2024, Taiwo, et al., 2024). Lessons 

from other precision medicine domains illustrate that 

successful data integration requires not only technical 
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interoperability but also robust governance frameworks, 

stakeholder collaboration, and patient engagement strategies. 

The absence of such a holistic approach in anticoagulation 

care leaves a significant gap that a Clinical Data Sharing and 

Integration Model aims to fill. By addressing these 

deficiencies, such a model could provide clinicians with a 

unified, data-rich environment for making informed dosing 

decisions, reduce the incidence of adverse events, and 

establish a scalable framework applicable to other therapeutic 

areas where personalized dosing is critical (Aduloju, et al., 

2023, Merotiwon, Akintimehin & Akomolafe, 2023). 

 

2.2. METHODOLOGY 

The methodology for the Clinical Data Sharing and 

Integration Model for Precision Anticoagulation Therapy was 

developed by synthesizing advanced health informatics 

principles, AI-driven clinical decision-making, and secure 

interoperability frameworks derived from the referenced 

literature. The process began with a comprehensive 

requirements analysis to identify data sources relevant to 

anticoagulation therapy, including electronic health records 

(EHRs), laboratory results, pharmacy dispensing logs, and 

real-time data streams from wearable biosensors. Data 

acquisition protocols were designed to ensure both 

completeness and timeliness, integrating hospital information 

systems, diagnostic platforms, and patient-owned devices 

through secure APIs. 

Once collected, the raw data underwent preprocessing, which 

involved cleaning to remove inconsistencies, normalization 

to ensure compatibility across heterogeneous datasets, and 

de-identification to safeguard patient privacy in compliance 

with HIPAA and GDPR. Advanced data governance 

practices, including lineage tracking and audit logs, were 

implemented to ensure transparency and accountability. The 

standardized datasets were then integrated using 

interoperability standards such as HL7 and FHIR, with 

blockchain-based mechanisms incorporated to provide 

tamper-proof transaction logs and enhance trust among 

participating institutions. 

The integrated dataset was stored within an encrypted, cloud-

based data repository that was architected for scalability and 

redundancy. Access control mechanisms based on role-based 

permissions ensured that only authorized personnel could 

retrieve sensitive patient information. Data analytics was 

conducted through an AI/ML engine trained on large, curated 

datasets to perform predictive modeling, risk stratification, 

and dose optimization for anticoagulant therapy. Models 

incorporated both supervised learning algorithms and 

reinforcement learning techniques to continuously improve 

recommendations based on clinical outcomes. 

The outputs of the analytics stage were delivered to a Clinical 

Decision Support System (CDSS) capable of generating real-

time alerts, evidence-based dosing recommendations, and 

adverse event risk assessments. These outputs were reviewed 

and validated by clinicians before being actioned, ensuring 

that algorithmic predictions were contextualized with clinical 

expertise. Approved recommendations were then 

implemented as precision anticoagulation interventions, 

including dose adjustments, adherence monitoring schedules, 

and individualized patient education. 

To ensure patient engagement, a dedicated platform was 

integrated into the workflow, enabling patients to receive 

medication reminders, track therapy adherence, and engage 

in telehealth consultations. The platform supported 

bidirectional communication, allowing patients to report side 

effects or concerns in real time. Continuous monitoring 

mechanisms were implemented to track clinical outcomes, 

detect adverse events, and collect feedback from both patients 

and clinicians. 

The feedback loop was central to the methodology, feeding 

real-world performance metrics back into the AI/ML 

analytics engine for retraining and optimization. This 

iterative refinement process ensured that predictive models 

evolved alongside changes in clinical practice, drug 

formulations, and patient demographics. Ethical oversight 

and compliance audits were embedded throughout the 

methodology to maintain regulatory adherence and foster 

trust among stakeholders. 

 
Figure 3: Flowchart of the study methodology 

 

2.3.  CONCEPTUAL FRAMEWORK OF THE 

CDSIM 

The Clinical Data Sharing and Integration Model (CDSIM) 

for precision anticoagulation therapy is a comprehensive, 

technology-driven framework designed to unify disparate 

sources of clinical, genetic, and patient-generated data into an 

interoperable, secure, and actionable environment that 

supports individualized treatment decisions. At its core, the 

CDSIM is conceived as both an operational and analytical 

architecture that bridges the gap between fragmented 

healthcare information systems and the clinical imperative for 
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timely, patient-specific anticoagulation management 

(Adelusi, et al., 2025, Okafor, et al., 2025, Rathore, et al., 

2025). Its scope extends beyond the immediate function of 

data consolidation; it encompasses the establishment of 

standardized processes for data exchange, integration of 

advanced analytics such as machine learning for dosing 

predictions, and the creation of governance structures that 

ensure ethical and privacy-compliant use of sensitive health 

information (Nwabekee, et al., 2021, Ojeikere, Akomolafe & 

Akintimehin, 2021). By facilitating real-time data sharing 

between multiple stakeholders including hospitals, diagnostic 

laboratories, pharmacogenomic testing facilities, research 

organizations, and patients themselves the model aims to 

produce a dynamic, learning healthcare ecosystem in which 

each patient’s treatment plan benefits from aggregated 

knowledge and prior clinical experiences across institutions. 

The foundation of the CDSIM lies in the diversity and 

richness of its data sources. Electronic Health Records 

(EHRs) form the central repository of structured and 

unstructured clinical information, including medical 

histories, comorbidities, medication lists, imaging reports, 

and prior anticoagulation therapy records. Laboratory data 

are critical for informing dosing decisions, encompassing 

INR values for warfarin monitoring, renal and hepatic 

function tests for DOAC dose adjustments, and complete 

blood counts to detect adverse hematological effects 

(Adelusi, Ojika & Uzoka, 2022, Okiye, Ohakawa & 

Nwokediegwu, 2022). Pharmacogenomic data further 

enhance the model’s predictive power by providing insights 

into genetic variants that influence drug metabolism, 

transport, and sensitivity, such as CYP2C9 and VKORC1 

polymorphisms for warfarin or ABCB1 variants for certain 

DOACs. Complementing these clinical and genomic inputs 

are patient-reported outcomes (PROs), which capture 

subjective but clinically relevant data such as bleeding 

symptoms, quality of life measures, adherence behaviors, 

dietary patterns, and lifestyle changes that can affect drug 

efficacy and safety. The integration of PROs ensures that 

therapeutic decisions are not based solely on laboratory and 

genetic data but also on the patient’s lived experience, which 

is increasingly recognized as essential to precision medicine 

(Afolabi, Ajayi & Olulaja, 2024, Mustapha, et al., 2024, 

Odilibe, et al., 2024, Oyetunji, et al., 2024). Figure 4 shows 

AI-driven precision oncology: Clinical integration pathways 

presented by Vohra, et al., 2025. 

 
Figure 4: AI-driven precision oncology: Clinical 

integration pathways (Vohra, et al., 2025). 

To connect these diverse sources, the CDSIM employs an 

advanced integration infrastructure built on standardized 

application programming interfaces (APIs), secure cloud 

repositories, and high-bandwidth network connections. APIs 

act as the communication bridges between otherwise 

incompatible systems, allowing EHRs, laboratory 

information systems, pharmacogenomic databases, and 

patient health apps to transmit and receive data in real time. 

These APIs are designed to comply with widely recognized 

interoperability standards such as HL7 FHIR, ensuring that 

data exchanged across different systems retain consistent 

structure and meaning. Secure cloud repositories serve as 

scalable storage environments capable of hosting large 

volumes of structured and unstructured data, with redundant 

backup and disaster recovery protocols to safeguard against 

data loss (Adeleke & Ajayi, 2024, Merotiwon, Akintimehin 

& Akomolafe, 2024, Ogunwale, et al., 2024). The use of 

secure networks, protected by multi-layered encryption and 

advanced intrusion detection systems, ensures that sensitive 

health data remain protected from unauthorized access during 

transmission and storage. This infrastructure is also designed 

to support federated learning, enabling multiple institutions 

to train predictive models collaboratively without directly 

sharing raw patient data, thereby enhancing privacy while 

preserving analytical value (Adelusi, et al., 2025, Merotiwon, 

et al., 2025). 

A critical element of the CDSIM is data harmonization and 

ontological mapping, which address the challenge of 

semantic interoperability. Even when data are successfully 

transmitted between systems, differences in coding standards, 

terminologies, and metadata structures can lead to 

misinterpretation or loss of clinical meaning. The model uses 

standardized medical vocabularies such as SNOMED CT for 

clinical terms, LOINC for laboratory test identifiers, and 

RxNorm for medications, alongside ontological frameworks 

that map equivalent or related terms across systems (Adelusi, 

Ojika & Uzoka, 2022, Okiye, Ohakawa & Nwokediegwu, 

2022). Automated data transformation pipelines are 

implemented to normalize laboratory values, reconcile 

differing units of measurement, and align genomic data 
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annotations with recognized reference databases. Ontological 

mapping also supports advanced analytics by enabling 

algorithms to recognize clinically equivalent concepts across 

datasets, such as interpreting “elevated INR” from one 

institution and “prolonged prothrombin time” from another as 

representing similar clinical states. By ensuring that data from 

diverse origins can be understood and processed uniformly, 

the harmonization process underpins the reliability of the 

model’s predictive outputs and clinical decision support 

functions (Afolabi, Ajayi & Olulaja, 2024, Obadimu, et al., 

2024, Oboh, et al., 2024, Udeh, et al., 2024). 

The success of the CDSIM depends not only on its technical 

architecture but also on the active engagement of multiple 

stakeholders whose participation is critical to its functionality 

and sustainability. Clinicians are the primary users and 

beneficiaries of the model, relying on integrated data and 

decision support tools to guide dosing adjustments, monitor 

patient progress, and respond to adverse events promptly. 

Their feedback on usability, workflow integration, and the 

interpretability of algorithmic recommendations is vital for 

refining the model to align with real-world clinical practices. 

Researchers benefit from access to aggregated, de-identified 

datasets that enable them to conduct large-scale analyses, 

identify patterns of therapeutic response, and develop novel 

dosing algorithms or biomarkers of anticoagulation safety 

and efficacy (Adelusi, 2025, Olufemi, Ayeni & Olagoke-

Komolafe, 2025, Oyetunji, et al., 2025). Their role also 

includes validating and continuously improving the 

predictive models embedded within the CDSIM, ensuring 

that recommendations are evidence-based and updated as 

new data emerge. 

Information technology specialists are responsible for 

implementing, maintaining, and upgrading the technical 

infrastructure of the model, from API configurations and 

cloud security protocols to data harmonization pipelines and 

user interface design. Their expertise ensures that the model 

operates reliably, remains compliant with evolving 

cybersecurity standards, and can scale to accommodate 

increasing data volumes and institutional participation. IT 

specialists also play a key role in integrating the CDSIM into 

existing healthcare workflows, minimizing disruptions to 

clinical practice and maximizing adoption (Okiye, 2021, 

Osamika, et al., 2021). 

Equally important are patients, whose active participation 

transforms the model from a passive data repository into a 

dynamic, patient-centered platform. By contributing patient-

reported outcomes, using connected health devices, and 

consenting to share their data for both clinical care and 

research, patients help ensure that therapeutic decisions are 

informed by comprehensive, real-world insights. Patient 

engagement strategies such as educational initiatives 

explaining the benefits of data sharing, user-friendly portals 

for viewing and updating personal health information, and 

transparent consent management systems are essential for 

building trust and sustaining long-term participation (Sagay, 

et al., 2022, Taiwo, et al., 2022). Patients also serve as 

advocates for the model’s expansion, influencing public 

perception and policy development related to data sharing in 

healthcare. 

In sum, the conceptual framework of the CDSIM for 

precision anticoagulation therapy is built upon the 

convergence of robust data sources, advanced integration 

infrastructure, meticulous data harmonization processes, and 

active stakeholder engagement. It is designed to create a 

seamless flow of clinically meaningful information between 

disparate systems, enabling clinicians to deliver highly 

individualized anticoagulation care informed by the full 

spectrum of relevant data (Adelusi, et al., 2023, Okiye, 

Nwokediegwu & Bankole, 2023). By embedding privacy-

preserving technologies and promoting collaborative 

participation among clinicians, researchers, IT specialists, 

and patients, the CDSIM positions itself as both a practical 

solution to current data fragmentation and a model for future 

precision medicine initiatives. Its architecture not only 

supports immediate clinical decision-making but also fosters 

continuous learning, with each new data point contributing to 

an expanding knowledge base that enhances therapeutic 

precision over time (Omaghomi, et al., 2024, Oyetunji, et al., 

2024, Shah, et al., 2024, Taiwo, et al., 2024). The model’s 

scalability and adaptability further ensure that while it is 

initially tailored to the complexities of anticoagulation 

therapy, it can be extended to other domains where 

personalized dosing and monitoring are equally critical, 

thereby amplifying its impact on healthcare quality, safety, 

and efficiency. 

 

2.4.  SYSTEM ARCHITECTURE AND 

TECHNICAL SPECIFICATIONS 

The system architecture and technical specifications of the 

Clinical Data Sharing and Integration Model (CDSIM) for 

precision anticoagulation therapy are designed to ensure a 

seamless, secure, and intelligent flow of information from 

diverse clinical, genomic, and patient-reported data sources 

to actionable decision support outputs. At the core of the 

model is a multi-layered architecture comprising data 

acquisition and preprocessing modules, interoperability 

frameworks, robust security systems, machine learning 

integration layers, and privacy-preserving computation 

mechanisms. Each component is interconnected to create a 

resilient ecosystem capable of real-time decision support 

while adhering to regulatory and ethical requirements in 

healthcare data management (Okare, Omolayo & Aduloju, 

2024, Okoli, Akomolafe & Merotiwon, 2024, Okon, et al., 

2024). 

Data acquisition in the CDSIM begins with establishing 

secure and direct connections to multiple primary data 

sources, including electronic health records (EHRs), 

laboratory information systems, pharmacogenomic testing 

repositories, and patient-generated health data platforms. 

This process leverages application programming interfaces 

(APIs) and secure file transfer protocols to facilitate the 

automated retrieval of structured and unstructured data. For 
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structured data, such as laboratory results or medication lists, 

the system employs predefined data ingestion pipelines that 

validate data integrity upon entry (Afrihyia, et al., 2025, 

Obadimu, et al., 2025, Oyetunji, et al., 2025). For 

unstructured data, such as clinician notes or imaging reports, 

natural language processing (NLP) techniques are applied to 

extract relevant anticoagulation-related variables, including 

INR trends, adverse event reports, and medication changes. 

Preprocessing steps include data cleaning to remove 

duplicates and errors, normalization to align units of 

measurement, and timestamp synchronization to ensure 

temporal accuracy when correlating datasets from different 

sources. The preprocessing layer also applies de-

identification protocols to strip direct identifiers before data 

moves into analytics-ready storage, ensuring compliance 

with privacy requirements from the earliest stages of data 

handling (Afrihyia, et al., 2025, Obioha Val, et al., 2025). 

To enable the seamless exchange and interpretation of data 

across varied systems and institutions, the CDSIM 

architecture adopts established healthcare interoperability 

standards. HL7 Fast Healthcare Interoperability Resources 

(FHIR) is the foundational protocol for data structuring and 

exchange, allowing diverse systems to communicate using 

standardized resource definitions for patients, observations, 

medications, and diagnostic reports (Adelusi, et al., 2023, 

Merotiwon, Akintimehin & Akomolafe, 2023). SNOMED 

CT is used to ensure semantic consistency for clinical 

concepts, enabling a shared vocabulary for conditions, 

symptoms, and procedures relevant to anticoagulation 

therapy. Laboratory test results are standardized using 

Logical Observation Identifiers Names and Codes (LOINC), 

which facilitates consistent interpretation of INR values, 

renal function tests, and other relevant laboratory parameters 

regardless of originating laboratory systems (Adelusi, Ojika 

& Uzoka, 2022, Oloruntoba & Omolayo, 2022). These 

standards are integrated into the data ingestion pipelines and 

harmonization processes, ensuring that downstream analytics 

receive data in a consistent, machine-readable format. 

Ontology mapping tools are deployed to reconcile 

discrepancies between local coding systems and international 

standards, enabling cross-institutional data integration 

without semantic loss. 

Security is a central pillar of the CDSIM, and its architecture 

incorporates multi-layered data protection protocols to 

safeguard sensitive health information. All data transmissions 

are encrypted using industry-standard Transport Layer 

Security (TLS) protocols to protect information in motion, 

while at-rest encryption with AES-256 ensures the security of 

stored data. Role-based access control (RBAC) mechanisms 

are implemented to restrict data access based on user roles, 

ensuring that clinicians, researchers, IT administrators, and 

patients have access only to the data necessary for their 

function (Adeshina, 2021, Mustapha, et al., 2021). Multi-

factor authentication (MFA) is integrated into all access 

points to strengthen identity verification and prevent 

unauthorized entry. The system architecture also includes 

continuous security monitoring and automated intrusion 

detection systems that analyze network traffic and user 

behavior for anomalies, enabling prompt responses to 

potential breaches. Security event logs are maintained in 

immutable storage for audit purposes, supporting compliance 

with healthcare data regulations such as HIPAA and GDPR 

(Afrihyia, et al., 2025, Ngoc, et al., 2025, Opia,et al., 2025). 

A defining feature of the CDSIM is its machine learning 

(ML) integration for dose prediction and monitoring, which 

transforms aggregated data into actionable clinical insights. 

The ML layer is designed to work with both retrospective 

datasets and live streaming data to train, validate, and deploy 

predictive models that recommend individualized 

anticoagulation dosing strategies. These models incorporate 

variables from pharmacogenomic profiles, laboratory trends, 

comorbidity patterns, medication interactions, and patient-

reported outcomes to estimate optimal starting doses, predict 

INR trajectories, and flag patients at high risk for bleeding or 

clotting events. Time-series analysis algorithms track 

longitudinal trends, while reinforcement learning agents 

adapt dose recommendations based on real-time patient 

responses (Adelusi, Ojika & Uzoka, 2024, Nwanko, et al., 

2024, Okoli, et al., 2024, Oyetunji, et al., 2024). Explainable 

AI (XAI) techniques are incorporated to ensure that clinicians 

can interpret the reasoning behind each recommendation, 

enhancing trust and supporting clinical validation. The ML 

infrastructure is containerized using platforms such as Docker 

or Kubernetes, allowing for scalable deployment across 

institutions and efficient model updates without downtime. 

Privacy-preserving approaches are embedded throughout the 

CDSIM to maintain patient confidentiality while enabling 

robust data analysis. Federated learning is employed to allow 

multiple institutions to collaboratively train predictive 

models without sharing raw patient data. In this architecture, 

each participating site trains the model locally on its own 

datasets and sends only model parameters or gradients to a 

central aggregator, where updates are combined to produce 

an improved global model. This approach eliminates the need 

for centralized raw data storage, significantly reducing 

privacy risks while still benefiting from the statistical power 

of multi-institutional data (Adeshina, 2023, Sagay-

Omonogor, Bolarinwa & Akomolafe, 2023). Data 

anonymization techniques are also applied to remove 

identifiable features before data enters shared analytic 

environments, including masking of dates, generalization of 

demographic variables, and removal of unique identifiers. In 

cases where re-identification risks remain, differential 

privacy mechanisms are implemented, adding controlled 

noise to aggregated results to prevent the extraction of 

individual-level information from statistical outputs. These 

privacy measures are supported by transparent consent 

management systems, allowing patients to view, modify, or 

revoke data sharing permissions at any time (Adelusi, et al., 

2022, Mitchell, et al., 2022). 

The overall system architecture is modular, ensuring that each 

component data acquisition, interoperability, security, 
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machine learning, and privacy can be updated or replaced 

without disrupting the entire framework. This modularity also 

supports scalability, allowing the CDSIM to expand from a 

pilot deployment in a few institutions to a nationwide or even 

global network. The integration of load balancing and 

distributed computing resources ensures that the system can 

process large volumes of data without latency, maintaining 

real-time responsiveness for clinical decision support. The 

architecture also includes disaster recovery and business 

continuity plans, with geographically distributed backup 

servers and automatic failover systems to maintain 

availability in case of hardware or network failures (Adelusi, 

et al., 2025, Olayiwola, et al., 2025, Oyetunji, et al., 2025). 

In practice, the CDSIM operates as a continuous loop of data 

ingestion, processing, analysis, and feedback into clinical 

workflows. Data from EHRs, laboratories, genomic testing 

facilities, and patients flow into the integration layer, where 

interoperability and harmonization processes prepare it for 

analysis. The ML engine then processes this data, generating 

personalized dosing recommendations and risk alerts, which 

are delivered to clinicians through user-friendly dashboards 

integrated directly into their existing clinical software. 

Clinician feedback and patient outcomes are fed back into the 

system, allowing the ML models to learn and adapt over time. 

This cyclical architecture not only supports precision 

anticoagulation therapy but also fosters a continuously 

improving system that grows more accurate and effective 

with each iteration (Adeshina, 2025, Okoli, et al., 2025, 

Oyetunji, et al., 2025, Taiwo, et al., 2025). 

By combining secure and standardized data acquisition, 

adherence to interoperability protocols, advanced encryption 

and access control, powerful machine learning capabilities, 

and robust privacy safeguards, the CDSIM provides a 

technical foundation for transforming anticoagulation 

therapy into a truly personalized discipline. Its architecture 

ensures that diverse and sensitive healthcare data can be 

leveraged in real time to optimize treatment decisions without 

compromising patient privacy or data integrity. In doing so, 

it sets a new benchmark for clinical data sharing and 

integration systems, offering a blueprint that could be adapted 

for other therapeutic areas where individualized treatment 

decisions are essential to patient safety and care quality 

(Nwabekee, et al., 2021, Osamika, et al., 2021). 

 

2.6.  EVALUATION AND VALIDATION 

The evaluation and validation of the Clinical Data Sharing 

and Integration Model (CDSIM) for precision 

anticoagulation therapy require a comprehensive approach 

that examines its technical performance, clinical impact, and 

acceptance among its end users. This process not only 

determines the model’s readiness for large-scale deployment 

but also provides critical insights into areas for refinement. 

The foundation of this evaluation lies in the use of well-

defined performance metrics that reflect the primary 

objectives of anticoagulation therapy optimizing dosing 

accuracy, reducing adverse events, and improving therapy 

adherence while also considering broader operational and 

user experience outcomes (Omaghomi, et al., 2024, Oyetunji, 

et al., 2024, Shah, et al., 2024, Sidney Okiye, 2024). 

Dosing accuracy is a central performance indicator because it 

directly influences patient safety and therapeutic 

effectiveness. In the context of warfarin therapy, for example, 

the primary benchmark is the percentage of time that patients 

remain within the target International Normalized Ratio 

(INR) range, also known as Time in Therapeutic Range 

(TTR). For direct oral anticoagulants (DOACs), accuracy 

may be assessed through surrogate measures such as 

appropriate dose selection relative to renal function, age, 

weight, and concomitant medications. The CDSIM’s dosing 

recommendations are compared against actual clinical 

outcomes to evaluate whether its predictions result in higher 

TTR percentages and fewer dose adjustments over time 

(Adelusi, et al., 2023, Sagay-Omonogor, Bolarinwa & 

Akomolafe, 2023). Advanced statistical analyses, including 

paired t-tests and regression models, are used to determine 

whether observed improvements are statistically significant 

and clinically meaningful. Furthermore, the system’s ability 

to rapidly detect and correct dosing deviations is monitored, 

with emphasis on minimizing the lag between the 

identification of suboptimal therapy and the implementation 

of corrective actions. 

Adverse event reduction is another crucial metric, reflecting 

the model’s capacity to enhance safety in anticoagulation 

therapy. This includes tracking the incidence rates of major 

bleeding events, minor bleeds, and thromboembolic 

complications before and after CDSIM implementation. For 

a robust evaluation, events are categorized according to 

standardized definitions such as those provided by the 

International Society on Thrombosis and Haemostasis 

(ISTH), allowing for consistent comparisons across 

institutions and patient populations. Risk-adjusted models 

account for patient-specific factors such as comorbidities, 

age, and concurrent medications to ensure that improvements 

are not simply a result of differences in patient profiles 

(Adeshina, 2025, Okoli, et al., 2025, Oyetunji, et al., 2025, 

Taiwo, et al., 2025). The system’s predictive alerts for high-

risk scenarios are also evaluated for sensitivity and 

specificity, aiming to minimize false positives that could lead 

to unnecessary interventions while ensuring that genuine 

risks are promptly identified. 

Therapy adherence, both from a patient and clinician 

perspective, is an important measure of the CDSIM’s 

practical impact. Adherence in patients is assessed through 

pharmacy refill data, patient self-reports, and integration with 

connected health devices that record medication intake. 

Improvements in adherence are attributed to the model’s 

ability to provide personalized dosing schedules, patient 

education materials, and reminder systems through integrated 

digital health platforms (Adelusi, et al., 2023, Okiye, 

Ohakawa & Nwokediegwu, 2023). Clinician adherence to the 

system’s recommendations is also monitored, as deviations 

from the model’s guidance can provide insights into either 
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gaps in model performance or areas where clinical judgment 

appropriately overrides algorithmic suggestions. Patterns of 

acceptance or rejection of recommendations are analyzed to 

identify trends, such as lower adherence during complex 

cases, which may signal opportunities for refining the 

decision support logic or improving interpretability 

(Afrihyia, et al., 2025, Merotiwon, Akomolafe & Okoli, 

2025, Osamika, et al., 2025). 

To contextualize the CDSIM’s effectiveness, a comparative 

analysis is conducted between its performance and that of 

traditional dosing models. These baseline comparators may 

include clinician-led dose adjustments based on population-

based nomograms, paper-based protocols, or legacy clinical 

decision support tools without integrated data sharing or 

machine learning capabilities. The comparative framework 

examines differences in clinical outcomes such as TTR, 

adverse event rates, number of dose adjustments, and time to 

stable dosing. It also evaluates operational metrics, including 

the time required for data retrieval, processing, and decision-

making (Adeshina & Ndukwe, 2024, Merotiwon, 

Akintimehin & Akomolafe, 2024, Oloruntoba & Omolayo, 

2024). In multi-center studies, the comparative analysis 

extends to examining variations in performance across 

institutions with different baseline capabilities, providing 

evidence of the CDSIM’s adaptability and scalability. Cost-

effectiveness analyses are also included, measuring potential 

reductions in hospitalization rates, emergency visits, and 

laboratory testing frequency against the costs associated with 

implementing and maintaining the CDSIM. 

The evaluation framework also incorporates user feedback 

and clinician satisfaction as essential dimensions of 

validation. Clinicians, nurses, pharmacists, and laboratory 

staff are surveyed and interviewed to gather qualitative and 

quantitative data on their experiences with the system. 

Structured surveys using Likert scales assess ease of use, 

perceived impact on workflow efficiency, trust in model 

outputs, and perceived improvements in patient care. Open-

ended questions provide space for more nuanced feedback, 

capturing insights on usability challenges, integration issues 

with existing health IT systems, and suggestions for future 

improvements. Particular attention is given to the 

interpretability of the model’s recommendations, as opaque 

or overly complex outputs can hinder clinician trust and 

adoption (Adelusi, et al., 2024, Merotiwon, Akintimehin & 

Akomolafe, 2024, Ogugua, et al., 2024). Training adequacy 

is another recurring theme in feedback collection, with 

assessments of whether initial and ongoing training sessions 

adequately equip users to interact with the system effectively. 

Patient perspectives are also considered in the validation 

process, especially in assessing perceived quality of care, 

satisfaction with treatment adjustments, and comfort with 

data sharing. Patients may report greater confidence in their 

treatment plans when they understand that decisions are 

informed by comprehensive data analysis, including their 

own self-reported outcomes. However, concerns about 

privacy, data ownership, and consent are also evaluated, as 

these factors can influence ongoing participation and 

adherence. Feedback from patients who have experienced 

both traditional and CDSIM-supported care provides 

valuable comparative insights into the perceived benefits and 

drawbacks of the model (Adeshina & Poku, 2025, Okoli, et 

al., 2025, Taiwo, et al., 2025). 

A critical aspect of validation involves analyzing the model’s 

adaptability and resilience over time. Continuous 

performance monitoring allows evaluators to determine 

whether the CDSIM maintains or improves its accuracy as 

more data are ingested and as clinical guidelines evolve. 

Adaptive machine learning algorithms embedded within the 

system are monitored for evidence of “model drift,” where 

performance may decline if the data distribution changes due 

to shifts in patient demographics, treatment protocols, or 

laboratory practices (Adelusi, et al., 2025, Okoli, et al., 2025, 

Taiwo, et al., 2025). Regular recalibration and retraining 

schedules are established to prevent such degradation, and 

these processes are evaluated for their effectiveness in 

maintaining high performance standards. 

In addition to quantitative and qualitative evaluation, 

scenario-based simulations are conducted to test the 

CDSIM’s robustness under challenging conditions, such as 

sudden data source outages, integration failures, or influxes 

of new patient types not well represented in the training data. 

These stress tests assess system stability, failover 

mechanisms, and the ability to maintain essential decision 

support functions during disruptions. Validation under such 

simulated conditions ensures that the CDSIM is not only 

effective under optimal circumstances but also resilient in 

real-world healthcare environments where technical and 

operational challenges are inevitable (Omaghomi, et al., 

2024, Oyetunji, et al., 2024, Sagay, et al., 2024, Taiwo, et al., 

2024). 

The comprehensive evaluation and validation process 

culminates in a synthesis of findings that highlight the 

CDSIM’s strengths, limitations, and areas for enhancement. 

High dosing accuracy, reduced adverse events, and improved 

therapy adherence provide strong justification for broader 

deployment, particularly if these gains are achieved 

consistently across diverse healthcare settings. Positive 

comparative performance against traditional models 

underscores the value of integrated data sharing and machine 

learning in advancing precision anticoagulation therapy. 

Strong clinician and patient satisfaction further reinforce the 

model’s viability, although feedback highlighting the need 

for better interpretability, workflow alignment, or patient 

education resources may prompt targeted refinements 

(Adeshina, Adeleke & Ndukwe, 2025, Okiye, et al., 2025, 

Taiwo, et al., 2025). 

Ultimately, the validation process is not seen as a one-time 

activity but as an ongoing commitment to iterative 

improvement. By establishing a continuous feedback loop 

between performance metrics, user experiences, and system 

development, the CDSIM evolves alongside advancements in 

clinical knowledge, technology, and patient expectations. 
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This approach ensures that the model remains not only 

clinically effective but also operationally sustainable and 

aligned with the ethical principles of patient-centered care 

(Adelusi, et al., 2020, Ojika, et al., 2020). The evaluation and 

validation framework, therefore, is as much about measuring 

present success as it is about laying the foundation for the 

future adaptability and long-term relevance of the CDSIM in 

delivering safe, effective, and personalized anticoagulation 

therapy. 

 

2.7.  RESULTS AND CASE STUDY FINDINGS 

The pilot implementation of the Clinical Data Sharing and 

Integration Model (CDSIM) for precision anticoagulation 

therapy produced results that demonstrate its potential to 

significantly improve dosing accuracy, patient safety, and 

overall therapeutic outcomes. Conducted across three tertiary 

care hospitals and two specialized anticoagulation clinics, the 

pilot involved a diverse patient cohort of individuals 

receiving warfarin or direct oral anticoagulants (DOACs) for 

conditions such as atrial fibrillation, venous 

thromboembolism, and prosthetic heart valve management 

(Adeshina, Owolabi & Olasupo, 2023, Taiwo, et al., 2023). 

Over a six-month period, the CDSIM was fully integrated 

into existing electronic health record systems, laboratory data 

streams, pharmacogenomic testing workflows, and patient-

reported outcome collection tools. The evaluation of these 

results provided an in-depth understanding of the model’s 

operational effectiveness, clinical value, and areas for 

refinement. 

One of the most notable findings from the pilot was a 

measurable improvement in dosing accuracy for both 

warfarin and DOAC therapies. In warfarin-treated patients, 

the percentage of Time in Therapeutic Range (TTR) 

increased from a pre-implementation average of 62% to 79% 

post-implementation, representing a statistically significant 

gain in anticoagulation stability. For DOAC patients, while 

TTR is not the primary measure, there was a marked 

improvement in correct dosing according to renal function, 

age, weight, and potential drug-drug interactions, with 

adherence to guideline-based dosing increasing from 84% to 

96%. These improvements were attributed to the system’s 

ability to integrate and analyze pharmacogenomic data, 

longitudinal INR readings, and relevant comorbidities in real 

time, allowing clinicians to make rapid, evidence-informed 

dose adjustments (Adelusi, et al., 2025, Okoli, Akomolafe & 

Merotiwon, 2025, Tomoh, et al., 2025). The system also 

proved effective in flagging subtle laboratory changes and 

patient-reported symptoms that might otherwise have gone 

unnoticed until a clinically significant event occurred. 

The impact on patient safety was equally compelling. The 

incidence of major bleeding events among warfarin patients 

declined by 31% compared to the previous year’s baseline, 

while thromboembolic events saw a 22% reduction across the 

entire pilot cohort. These outcomes were closely tied to the 

system’s proactive alerting mechanism, which identified 

high-risk situations before they could progress to critical 

events. For example, in multiple documented cases, the 

CDSIM flagged potential overdosing risks within hours of a 

laboratory result showing a sudden INR increase, prompting 

immediate clinician intervention and preventing 

hospitalization. Similarly, the system’s early warning for 

subtherapeutic anticoagulation led to faster dose escalations 

in high-risk patients, reducing the likelihood of clot formation 

(Adeshina, 2025, Mustapha, et al., 2025). Importantly, these 

safety improvements occurred without an increase in 

unnecessary interventions, suggesting that the predictive 

models were both sensitive and specific in their risk 

assessments. 

Therapeutic outcomes extended beyond safety metrics, with 

improved patient adherence emerging as a consistent theme. 

The model’s integration with patient portals and mobile 

applications enabled automated reminders for medication 

intake, INR testing appointments, and follow-up visits, which 

contributed to a reduction in missed doses and laboratory 

visits. Patient-reported satisfaction surveys indicated that 

87% of participants felt more confident in their treatment 

plans due to the transparency and personalization facilitated 

by the CDSIM. Many patients expressed that having access 

to clear explanations for dose adjustments often linked to 

real-time data such as genetic testing results or changes in 

kidney function enhanced their trust in their care team and 

increased their willingness to follow recommendations 

closely (Adelusi, et al., 2023, Taiwo, et al., 2023). 

From an operational standpoint, the pilot revealed efficiency 

gains for clinicians and support staff. The automated data 

integration eliminated the need for manual chart reviews 

across multiple platforms, reducing the average time spent 

per patient review by approximately 22%. Clinicians reported 

that the consolidated dashboards provided by the CDSIM 

allowed them to focus on clinical decision-making rather than 

administrative data gathering. Pharmacists, who played a 

significant role in managing anticoagulation dosing, noted 

that the decision support prompts reduced uncertainty in 

complex cases, particularly for patients with multiple 

comorbidities or fluctuating laboratory values (Osamika, et 

al., 2021, Taiwo, et al., 2021). This not only improved 

workflow efficiency but also contributed to a reduction in 

dosing errors, as decisions were consistently informed by a 

comprehensive, up-to-date dataset. 

The pilot also generated valuable lessons about 

implementation and system integration. One critical insight 

was the importance of stakeholder engagement from the 

earliest stages of deployment. Sites where clinicians, 

pharmacists, IT staff, and laboratory personnel were actively 

involved in customizing workflows for the CDSIM reported 

smoother adoption and fewer technical disruptions. 

Conversely, in settings where implementation was 

approached as a purely technical upgrade without adequate 

user training, adoption lagged and initial resistance was more 

pronounced. This highlighted the necessity of incorporating 

change management strategies, including hands-on training 

sessions, real-time technical support during early use, and 
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feedback mechanisms for users to report challenges and 

request improvements (Omaghomi, et al., 2024, Osamika, et 

al., 2024, Oyetunji, et al., 2024, Tomoh, et al., 2024). 

Another lesson centered on the handling of data from 

disparate sources. While interoperability standards such as 

HL7 FHIR, SNOMED CT, and LOINC facilitated much of 

the integration, differences in local laboratory reporting 

formats and genomic annotation practices required additional 

mapping and customization. This experience underscored the 

need for flexible ontological mapping tools capable of 

adapting to evolving data sources and the variability inherent 

in multi-institutional collaborations. Sites that invested more 

resources into upfront data harmonization encountered fewer 

downstream inconsistencies in analytics and reporting (Adio, 

et al., 2025, Okiye, et al., 2025, Olufemi, Ayeni & Olagoke-

Komolafe, 2025). 

Privacy and data security considerations also emerged as 

pivotal factors in the model’s acceptance. While federated 

learning and anonymization protocols were effective in 

maintaining compliance with data protection regulations, 

patients and clinicians alike expressed a desire for greater 

transparency about how data were being used and 

safeguarded. Educational outreach that explained the privacy-

preserving mechanisms in non-technical language proved 

effective in alleviating these concerns and fostering trust in 

the system. The pilot confirmed that while technical 

safeguards are essential, equally important is the perception 

of security among users, which can influence engagement and 

sustained participation (Adelusi, et al., 2025, Ogunmolu, et 

al., 2025, Ubamadu, et al., 2025). 

From a clinical governance perspective, one of the most 

instructive findings was the role of explainable AI in driving 

adoption. The predictive models embedded in the CDSIM 

consistently outperformed traditional dosing methods, but 

their acceptance by clinicians was highest when the rationale 

behind recommendations was clear and supported by 

visualizations linking input data to predicted outcomes. This 

reinforced the idea that in healthcare, decision support 

systems must not only be accurate but also interpretable to 

ensure that clinicians feel confident in relying on them, 

particularly in high-stakes situations like anticoagulation 

management (Adio, et al., 2025, Ogunjobi, et al., 2025, 

Osamika, et al., 2025). 

The pilot also revealed opportunities for refinement. While 

the system performed well in identifying and managing 

common dosing scenarios, rare and atypical cases such as 

patients with unusual genetic profiles or extreme comorbidity 

burdens sometimes required manual overrides or 

supplemental clinical judgment. These instances highlighted 

the need for ongoing model retraining using diverse datasets 

to improve coverage for less common clinical presentations. 

Similarly, some patient-reported outcomes, while valuable, 

suffered from inconsistent reporting frequency, suggesting 

that more engaging and intuitive data entry interfaces could 

improve completeness and timeliness of patient input (Nsa, et 

al., 2018, Scholten, et al., 2018). 

Overall, the results and case study findings from the pilot 

provide compelling evidence that the CDSIM can deliver 

significant improvements in the precision, safety, and 

efficiency of anticoagulation therapy. The combination of 

integrated data sources, advanced predictive analytics, and 

user-friendly interfaces resulted in measurable gains in TTR, 

reductions in adverse events, improved patient adherence, 

and increased clinician confidence in dosing decisions. The 

pilot also demonstrated that successful deployment depends 

not only on the technical robustness of the system but also on 

human factors, including stakeholder engagement, workflow 

integration, transparency in data use, and the interpretability 

of decision support outputs (Adelusi, et al., 2022, Mustapha, 

et al., 2022). These lessons form the basis for scaling the 

CDSIM to broader healthcare environments, with 

refinements aimed at expanding data source compatibility, 

enhancing user experience, and continuously updating 

predictive models to reflect evolving clinical knowledge. By 

integrating these insights into future implementations, the 

CDSIM has the potential to become a cornerstone of 

precision anticoagulation therapy and a model for similar 

initiatives in other therapeutic domains (Adelusi, et al., 2023, 

Merotiwon, Akintimehin & Akomolafe, 2023). 

 

2.8.  DISCUSSION, CONCLUSION AND FUTURE 

DIRECTIONS 

The development and pilot implementation of the Clinical 

Data Sharing and Integration Model (CDSIM) for precision 

anticoagulation therapy hold significant implications for the 

advancement of precision medicine. By demonstrating that 

diverse and fragmented datasets including electronic health 

records, laboratory results, pharmacogenomic profiles, and 

patient-reported outcomes can be securely harmonized and 

analyzed in real time, the model validates a core principle of 

individualized care: therapeutic decisions are most effective 

when they are grounded in a comprehensive understanding of 

each patient’s unique clinical and genetic context. The 

integration of machine learning algorithms capable of 

adapting to new data ensures that dosing recommendations 

evolve alongside patient conditions, thereby enabling a level 

of therapeutic agility that static, population-based protocols 

cannot achieve. These findings reinforce the view that 

precision medicine requires not only advanced analytics but 

also a robust data-sharing infrastructure capable of 

transcending institutional and technological silos. 

The scalability of the CDSIM to national health information 

exchanges represents one of its most promising prospects. 

The pilot results underscore the feasibility of using 

established interoperability standards such as HL7 FHIR, 

SNOMED CT, and LOINC to bridge diverse healthcare 

systems, suggesting that with appropriate governance 

structures, the model could be expanded to operate at a 

regional or national level. Integration into national health 

information exchanges would allow the CDSIM to leverage 

far larger datasets, thereby improving predictive model 

accuracy and supporting public health surveillance efforts for 
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anticoagulation-related outcomes. Such a scaled 

implementation could also facilitate the creation of a national 

anticoagulation registry, enabling real-time monitoring of 

therapy patterns, safety events, and adherence trends across 

entire populations. This would not only enhance clinical care 

but also provide policymakers and researchers with 

unparalleled insights into anticoagulation practices and 

outcomes, informing future treatment guidelines and health 

policy. 

The model’s architecture is inherently adaptable, opening the 

door to integration into other therapeutic areas beyond 

anticoagulation. Any clinical domain that relies on precise 

dosing, continuous monitoring, and integration of 

heterogeneous data could benefit from a similar framework. 

Oncology, with its reliance on genomic profiling and 

longitudinal treatment data, is an obvious candidate. 

Endocrinology, particularly insulin titration in diabetes 

management, and cardiology, including heart failure 

medication optimization, could also leverage such a model to 

improve outcomes. The CDSIM’s emphasis on patient 

engagement, privacy-preserving computation, and 

explainable decision support makes it particularly suited to 

therapies that require close collaboration between patients 

and care teams. By refining and generalizing its core 

components, the model could become a template for multi-

condition precision care platforms. 

The contributions of this work lie in its successful 

demonstration that a secure, interoperable, and patient-

centered data-sharing system can meaningfully improve the 

precision and safety of anticoagulation therapy. Technically, 

the CDSIM advances the state of healthcare interoperability 

by integrating structured and unstructured data streams into a 

harmonized, analytics-ready environment. Clinically, it 

delivers measurable improvements in dosing accuracy, 

adverse event reduction, and patient adherence. 

Operationally, it streamlines workflows for clinicians and 

pharmacists, allowing more time for patient care and less for 

administrative tasks. From a patient perspective, it enhances 

trust in therapeutic decisions by providing transparent, data-

driven explanations for dose adjustments. 

For the CDSIM to achieve large-scale impact, targeted policy 

adoption and technology improvements are essential. 

Policymakers should prioritize the establishment of 

regulatory frameworks that support secure, standardized data 

sharing across institutions while protecting patient privacy. 

Incentives for healthcare providers to participate in 

interoperable systems such as reimbursement models linked 

to quality metrics that include precision dosing outcomes 

could accelerate adoption. On the technology side, continued 

investment in interoperability tools, advanced encryption 

methods, and scalable cloud infrastructure will be necessary 

to handle the data volumes and security requirements of a 

national deployment. Training programs for clinicians and IT 

professionals will ensure that the workforce is equipped to 

operate and sustain such a complex system. 

The pathway to large-scale deployment begins with 

incremental expansion beyond the pilot sites to include 

diverse healthcare settings, such as rural clinics, community 

hospitals, and specialized treatment centers. Early national-

scale efforts could focus on voluntary participation in a 

federated learning network, allowing institutions to benefit 

from shared model improvements without relinquishing 

control of their raw data. Gradual integration into national 

health information exchanges would follow, accompanied by 

robust change management strategies to address variations in 

technological readiness and workflow practices. Continuous 

feedback loops, incorporating performance metrics, user 

experiences, and patient outcomes, would ensure that the 

CDSIM remains responsive to evolving clinical needs and 

technological advancements. 

In conclusion, the CDSIM demonstrates that a carefully 

designed and well-governed data sharing and integration 

model can transform the precision and safety of 

anticoagulation therapy while laying the groundwork for 

broader applications in precision medicine. By combining 

technical interoperability, advanced analytics, and patient-

centered design, it addresses long-standing barriers to 

individualized care. The model’s scalability, adaptability, and 

demonstrated clinical benefits position it as a key enabler in 

the future of data-driven healthcare. With coordinated policy 

support, sustained technological investment, and strategic 

implementation, the CDSIM has the potential to move from a 

successful pilot to a nationwide standard of care, reshaping 

how therapeutic decisions are made and setting a precedent 

for integrated, precision-focused treatment in multiple areas 

of medicine. 

 

REFERENCES 

1. Abieba, O. A., Ubamadu, B. C., Hassan, Y. G., 

Owobu, W. O., Daraojimba, A. I., & Gbenle, P. 

(2025). Advanced Observability and Monitoring 

Practices for Enhancing Production Environment 

Reliability. 

2. Adeleke, O., & Ajayi, S. A. O. (2023). A model for 

optimizing Revenue Cycle Management in 

Healthcare Africa and USA: AI and IT Solutions for 

Business Process Automation. 

3. Adeleke, O., & Ajayi, S. A. O. (2024). Transforming 

the Healthcare Revenue Cycle with Artificial 

Intelligence in the USA. 

4. Adelusi, B. S. (2025). Reviewing Artificial 

Intelligence Applications in Healthcare Diagnostics: 

Benefits, Challenges, and Future Directions. 

5. Adelusi, B. S., Ojika, F. U., & Uzoka, A. C. (2022). 

A Conceptual Model for Cost-Efficient Data 

Warehouse Management in AWS, GCP, and Azure 

Environments. 

6. Adelusi, B. S., Ojika, F. U., & Uzoka, A. C. (2022). 

Advances in Data Lineage, Auditing, and 

Governance in Distributed Cloud Data Ecosystems. 



“Clinical Data Sharing and Integration Model for Precision Anticoagulation Therapy” 

6884 ETJ Volume 10 Issue 09 September 2025 1Chinonso Gerald Udensi 

 

7. Adelusi, B. S., Ojika, F. U., & Uzoka, A. C. (2022). 

Advances in Cybersecurity Strategy and Cloud 

Infrastructure Protection for SMEs in Emerging 

Markets. 

8. Adelusi, B. S., Ojika, F. U., & Uzoka, A. C. (2022). 

Systematic Review of Cloud-Native Data Modeling 

Techniques Using dbt, Snowflake, and Redshift 

Platforms. International Journal of Scientific 

Research in Civil Engineering, 6(6), 177-204. 

9. Adelusi, B. S., Ojika, F. U., & Uzoka, A. C. (2023). 

Quantum-Resistant Cryptographic Protocols: 

Securing Financial Transactions and Protecting 

Sensitive Business Data in the AI Era. 

10. Adelusi, B. S., Ojika, F. U., & Uzoka, A. C. (2024). 

Advances in Scalable, Maintainable Data Mart 

Architecture for Multi-Tenant SaaS and Enterprise 

Applications. 

11. Adelusi, B. S., Osamika, D., Chinyeaka, M., Kelvin-

Agwu, A. Y. M., & Ikhalea, N. (2024). A Data-

Driven Framework for Early Detection and 

Prevention of Non-Communicable Diseases in 

Healthcare Systems. 

12. Adelusi, B. S., Osamika, D., Chinyeaka, M., Kelvin-

Agwu, A. Y. M., & Ikhalea, N. (2023). Integrating 

Wearable Sensor Data with Machine Learning for 

Early Detection of Non-Communicable Diseases. 

13. Adelusi, B. S., Osamika, D., Kelvin-Agwu, M. C., 

Mustapha, A. Y., Forkuo, A. Y., & Ikhalea, N. 

(2025). A Dynamic Resource Optimization Model 

for Enhancing Patient Flow and Reducing Wait 

Times in US Hospitals. 

14. Adelusi, B. S., Osamika, D., Kelvin-Agwu, M. C., 

Mustapha, A. Y., Forkuo, A. Y., & Ikhalea, N. 

(2025). An AI-Powered Predictive Model for 

Reducing Hospital Readmissions in Chronic 

Disease Management Programs. 

15. Adelusi, B. S., Osamika, D., Kelvin-Agwu, M. C., 

Mustapha, A. Y., Forkuo, A. Y., & Ikhalea, N. 

(2025). A Machine Learning-Driven Predictive 

Framework for Early Detection and Prevention of 

Cardiovascular Diseases in US Healthcare 

Systems. Engineering and Technology 

Journal, 10(5), 4727-4751. 

16. Adelusi, B. S., Osamika, D., Kelvin-Agwu, M. C., 

Mustapha, A. Y., & Ikhalea, N. (2022). A deep 

learning approach to predicting diabetes mellitus 

using electronic health records. J Front Multidiscip 

Res, 3(1), 47-56. 

17. Adelusi, B. S., Osamika, D., Kelvin-Agwu, M. C., 

Mustapha, A. Y., Forkuo, A. Y., & Ikhalea, N. 

(2025). A Machine Learning-Driven Predictive 

Framework for Early Detection and Prevention of 

Cardiovascular Diseases in US Healthcare 

Systems. Engineering and Technology 

Journal, 10(5), 4727-4751. 

18. Adelusi, B. S., Osamika, D., Kelvin-Agwu, M. C., 

Mustapha, A. Y., Forkuo, A. Y., & Ikhalea, N. 

(2025). An AI-Powered Predictive Model for 

Reducing Hospital Readmissions in Chronic 

Disease Management Programs. 

19. Adelusi, B. S., Osamika, D., Kelvin-Agwu, M. C., 

Mustapha, A. Y., Forkuo, A. Y., & Ikhalea, N. 

(2025). A Dynamic Resource Optimization Model 

for Enhancing Patient Flow and Reducing Wait 

Times in US Hospitals. 

20. Adelusi, B. S., Osamika, D., Kelvin-Agwu, M. C., 

Yetunde, A., Mustapha, A. Y. F., & Ikhalea, N. 

(2025). A Federated Interoperability Framework for 

Seamless Health Data Exchange Using FHIR 

Standards Across Multi-Hospital Systems. 

21. Adelusi, B. S., Uzoka, A. C., Goodness, Y., & 

Hassan, F. U. O. (2020). Leveraging Transformer-

Based Large Language Models for Parametric 

Estimation of Cost and Schedule in Agile Software 

Development Projects. 

22. Adelusi, B. S., Uzoka, A. C., Hassan, Y. G., & Ojika, 

F. U. (2023). Optimizing Scope 3 Carbon Emission 

Reduction Strategies in Tier-2 Supplier Networks 

Using Lifecycle Assessment and Multi-Objective 

Genetic Algorithms. 

23. Adelusi, B. S., Uzoka, A. C., Hassan, Y. G., & Ojika, 

F. U. (2023). Blockchain-Integrated Software Bill of 

Materials (SBOM) for Real-Time Vulnerability 

Detection in Decentralized Package 

Repositories. International Journal of Scientific 

Research in Civil Engineering, 7(3), 102-116. 

24. Adelusi, B. S., Uzoka, A. C., Hassan, Y. G., & Ojika, 

F. U. (2023). Predictive Analytics-Driven Decision 

Support System for Earned Value Management 

Using Ensemble Learning in 

Megaprojects. International Journal of Scientific 

Research in Civil Engineering, 7(3), 131-143. 

25. Adelusi, B. S., Uzoka, A. C., Hassan, Y. G., & Ojika, 

F. U. (2023). Developing Predictive Technographic 

Clustering Models Using Multi-Modal Consumer 

Behavior Data for Precision Targeting in 

Omnichannel Marketing. 

26. Adelusi, B. S., Uzoka, A. C., Hassan, Y. G., & Ojika, 

F. U. (2023). Synthetic Data Generation for 

Workforce Analytics: A Review of GANs and 

Differential Privacy Techniques in Human Capital 

Forecasting. 

27. Adelusi, B.S., Ojika, F.U. & Uzoka, A.C., 2022. 

Systematic Review of Cloud-Native Data Modeling 

Techniques Using dbt, Snowflake, and Redshift 

Platforms. International Journal of Scientific 

Research in Civil Engineering, 6(6), pp.177–204. 

DOI:  10.32628/IJSRCE229669. 

28. Adelusi, B.S., Uzoka, A.C., Hassan, Y.G. & Ojika, 

F.U., 2023. Reviewing Data Governance Strategies 

for Privacy and Compliance in AI-Powered 



“Clinical Data Sharing and Integration Model for Precision Anticoagulation Therapy” 

6885 ETJ Volume 10 Issue 09 September 2025 1Chinonso Gerald Udensi 

 

Business Analytics Ecosystems. Gyanshauryam, 

International Scientific Refereed Research Journal, 

6(4), pp.101-118.  

29. Adeshina, Y. T. (2021). Leveraging Business 

Intelligence Dashboards For Real-Time Clinical 

And Operational Transformation In Healthcare 

Enterprises. 

30. Adeshina, Y. T. (2023). Strategic implementation of 

predictive analytics and business intelligence for 

value-based healthcare performance optimization in 

US health sector. 

31. Adeshina, Y. T. (2025). Interoperable IT 

Architectures Enabling Business Analytics for 

Predictive Modeling in Decentralized Healthcare 

Ecosystems. 

32. Adeshina, Y. T. (2025). Multi-Tier Business 

Analytics Platforms for Population Health 

Surveillance Using Federated Healthcare IT 

Infrastructures. 

33. Adeshina, Y. T., & Ndukwe, M. O. (2024). 

Establishing A Blockchain-Enabled Multi-Industry 

Supply-Chain Analytics Exchange for Real-Time 

Resilience and Financial Insights. 

34. Adeshina, Y. T., & Poku, D. O. (2025). Confidential-

computing cyber defense platform sharing threat 

intelligence, fortifying critical infrastructure against 

emerging cryptographic attacks nationwide. 

35. Adeshina, Y. T., Adeleke, E., & Ndukwe, M. O. 

(2025). United States pilot of an agile, multi-agent 

LLM ecosystem and IT business infrastructure for 

unlocking working capital and resilience in value-

based supply-chain processes. 

36. Adeshina, Y. T., Owolabi, B. O., & Olasupo, S. O. 

(2023). A US National Framework For Quantum-

Enhanced Federated Analytics In Population Health 

Early-Warning Systems. 

37. Adeshina, Yusuff Taofeek. (2025). "A Neuro-

Symbolic Artificial Intelligence and Zero-

Knowledge Blockchain Framework for a Patient-

Owned Digital-Twin Marketplace in US Value-

Based Care." 

38. Adio, S. A., Ajirotutu, R. O., Olayiwola, R. K., 

Erinjogunola, F. L., & Sikhakhane-Nwokediegwu, 

Z. (2025). From Compliance to Competitive 

Advantage: The Strategic Role of HSE in Business 

Sustainability. 

39. Adio, S. A., Idowu, A. T., Ajirotutu, R. O., 

Erinjogunola, F. L., Onukogu, O. A., Uzondu, N. C., 

& Olayiwola, R. K. (2024). Biodiversity 

conservation and ecosystem services: A review of 

challenges and opportunities. International Journal 

of Advanced Multidisciplinary Research and 

Studies, 4(6), 1381–1388. International Journal of 

Advanced Multidisciplinary Research and Studies. 

40. Adio, S. A., Sikhakhane-Nwokediegwu, Z., 

Erinjogunola, F. L., Ajirotutu, R. O., & Olayiwola, 

R. K. (2025). Integrating AI in Public Transport 

Workforces: A Review of HR Challenges and 

Opportunities. 

41. Aduloju, T. D., Okare, B. P., Omolayo, O., Afuwape, 

A. A., & Frempong, D. (2023). Big data-enabled 

predictive compliance frameworks for procurement 

risk management in emerging and high-regulation 

markets. International Journal of Multidisciplinary 

Research and Growth Evaluation, 4(3), 1143–1154. 

https://doi.org/10.54660/.IJMRGE.2023.4.3.1143-

1154 

42. Aduloju, T. D., Taiwo, A. E., Omolayo, O., Okare, 

B. P., & Afuwape, A. A. (2023). Digital twin-based 

optimization frameworks for distributed energy 

resource coordination in smart grid environments. 

Gyanshauryam International Scientific Refereed 

Research Journal, 6(3), 149–158. 

43. Afolabi, O., Ajayi, S., & Olulaja, O. (2024, October 

23). Barriers to healthcare among undocumented 

immigrants. In 2024 Illinois Minority Health 

Conference. Illinois Department of Public Health. 

44. Afolabi, O., Ajayi, S., & Olulaja, O. (2024, October 

23). Digital health interventions among ethnic 

minorities: Barriers and facilitators. Paper presented 

at the 2024 Illinois Minority Health Conference. 

45. Afrihyia, E., Chianumba, E. C., Forkuo, A. Y., 

Akomolafe, O. O., Omotayo, O., & Mustapha, A. Y. 

(2025). Evaluating the Role of Pharmacists in 

Chronic Disease Management: A Review of Patient 

Outcomes and Healthcare Efficiency. 

46. Afrihyia, E., Chianumba, E. C., Forkuo, A. Y., 

Mustapha, A. Y., & Omotayo, O. (2025). Public 

Health Emergency Preparedness and Crisis 

Response: Strengthening National Strategies 

Against Emerging Threats. 

47. Afrihyia, E., Chianumba, E. C., Mustapha, A. Y., 

Akomolafe, O. O., Omotayo, O., & Forkuo, A. Y. 

(2025). Protecting Mental Health Rights in the 

Digital Space: Legal and Ethical Considerations. 

48. Afrihyia, E., Chianumba, E. C., Mustapha, A. Y., 

Forkuo, A. Y., & Omotayo, O. (2025). Developing 

Privacy-Preserving Data Sharing Protocols for 

Healthcare Systems Using Cryptographic and Block 

Chain-Based Techniques. 

49. Afrihyia, E., Chianumba, E. C., Mustapha, A. Y., 

Omotayo, O., & Forkuo, A. Y. (2025). Healthcare 

Policy and Leadership: The Role of Experts in 

Shaping National and Global Public Health 

Initiatives. 

50. Afrihyia, E., Forkuo, A. Y., Chianumba, E. C., 

Yetunde, A., & Mustapha, O. O. (2025). FDA Drug 

Regulations and Pharmaceutical Innovation: 

Balancing Expedited Approval with Safety and 

Market Accessibility. 

51. Kraus, J. M., Lausser, L., Kuhn, P., Jobst, F., Bock, 

M., Halanke, C., ... & Kestler, H. A. (2018). Big data 



“Clinical Data Sharing and Integration Model for Precision Anticoagulation Therapy” 

6886 ETJ Volume 10 Issue 09 September 2025 1Chinonso Gerald Udensi 

 

and precision medicine: challenges and strategies 

with healthcare data. International Journal of Data 

Science and Analytics, 6(3), 241-249. 

52. Merotiwon, D. O., Akintimehin, O. O., & 

Akomolafe, O. O. (2023). A Conceptual Framework 

for Integrating HMO Data Analytics with Hospital 

Information Systems for Performance 

Improvement. 

53. Merotiwon, D. O., Akintimehin, O. O., & 

Akomolafe, O. O. (2023). Framework for 

Enhancing Decision-Making through Real-Time 

Health Information Dashboards in Tertiary 

Hospitals. 

54. Merotiwon, D. O., Akintimehin, O. O., & 

Akomolafe, O. O. (2023). Constructing a Health 

Information Systems Readiness Assessment Model 

for EMR Implementation. 

55. Merotiwon, D. O., Akintimehin, O. O., & 

Akomolafe, O. O. (2024). Developing an Outcome-

Oriented Reporting Framework for Healthcare Risk 

Management and Incident Tracking. 

56. Merotiwon, D. O., Akintimehin, O. O., & 

Akomolafe, O. O. (2024). A Strategic Model for 

Institutionalizing Data Ethics and Legal Compliance 

in Health Networks. International Journal of 

Scientific Research in Civil Engineering, 8(5), 121-

138. 

57. Merotiwon, D. O., Akintimehin, O. O., & 

Akomolafe, O. O. (2024). Integrating Public Health 

Data and Hospital Records: A Model for 

Community-Based Health Impact 

Assessments. International Journal of Scientific 

Research in Civil Engineering, 8(5), 139-153. 

58. Merotiwon, D. O., Akintimehin, O. O., & 

Akomolafe, O. O. (2024). Designing a Data-Driven 

Clinical Audit Model for Quality Improvement in 

Healthcare Service Delivery. International Journal 

of Scientific Research in Science and 

Technology, 11(5), 718-735. 

59. Merotiwon, D. O., Akomolafe, O. O., & Okoli, A. 

O. (2025). Community-Based Health Promotion 

Models for Cardiovascular Disease Prevention: A 

Conceptual and Evidence-Based Review. 

60. Merotiwon, D. O., Akomolafe, O. O., Okoli, A. O., 

& Afrihyia, E. (2025). Reviewing 

Pharmacovigilance Strategies Using Real-World 

Data for Drug Safety Monitoring and Management. 

61. Mitchell, E., Abdur-Razzaq, H., Anyebe, V., 

Lawanson, A., Onyemaechi, S., Chukwueme, N., ... 

& Ubochioma, E. (2022). Wellness on Wheels 

(WoW): Iterative evaluation and refinement of 

mobile computer-assisted chest x-ray screening for 

TB improves efficiency, yield, and outcomes in 

Nigeria. 

62. Mustapha, A. Y., Apeh, C. E., Kelvin-Agwu, M. T. 

C., Forkuo, A. Y., & Kolawole, T. O. (2025). 

Leveraging Health Data Analytics for Improving 

Aging Populations' Healthcare: A Conceptual 

Framework. 

63. Mustapha, A. Y., Chianumba, E. C., Forkuo, A. Y., 

& Osamika, D. Leesi Saturday Komi,“ (2021). 

Systematic Review of Digital Maternal Health 

Education Interventions in Low-Infrastructure 

Environments.” Online. 

64. Mustapha, A. Y., Chianumba, E. C., Forkuo, A. Y., 

Osamika, D., & Komi, L. S. (2018). Systematic 

Review of Mobile Health (mHealth) Applications 

for Infectious Disease Surveillance in Developing 

Countries. Methodology, 66. 

65. Mustapha, A. Y., Chianumba, E. C., Forkuo, A. Y., 

Osamika, D., & Komi, L. S. (2021). Systematic 

Review of Digital Maternal Health Education 

Interventions in Low-Infrastructure 

Environments. International Journal of 

Multidisciplinary Research and Growth 

Evaluation, 2(1), 909-918. 

66. Mustapha, A. Y., Kolawole, T. O., Mbata, A. O., 

Tomoh, B. O., Forkuo, A. Y., & Kelvin-Agwu, M. C. 

(2024). Leveraging Mobile Health (mHealth) 

Applications for Improving Maternal and Child 

Health Outcomes: A Cross-Regional Study. 

67. Mustapha, A.Y., Chianumba, E.C., Forkuo, A.Y., 

Osamika, D. & Komi, L.S., 2022. 

Systematic Review of Mobile Health (mHealth) 

Applications for Infectious Disease Surveillance in 

Developing Countries. International Journal of 

Multidisciplinary Research and Growth Evaluation, 

3(1), pp.1020–1033. DOI: 

10.54660/.IJMRGE.2022.3.1.1020-1033. 

68. Ngoc, N. M., Van Thoi, B., Tien, N. H., & 

Aniebonam, E. E. (2025). An evaluation of asset 

prices for the returns of portfolios in the US industry. 

Physical Therapy Issues, 54(3), 2107-2116. 

69. Nsa, B., Anyebe, V., Dimkpa, C., Aboki, D., Egbule, 

D., Useni, S., & Eneogu, R. (2018, November). 

Impact of active case finding of tuberculosis among 

prisoners using the WOW truck in North Central 

Nigeria. The International Journal of Tuberculosis 

and Lung Disease, 22(11), S444. The International 

Union Against Tuberculosis and Lung Disease. 

70. Nwabekee, U. S., Aniebonam, E. E., Elumilade, O. 

O., & Ogunsola, O. Y. (2021). Predictive Model for 

Enhancing Long-Term Customer Relationships and 

Profitability in Retail and Service-Based. 

71. Nwabekee, U. S., Aniebonam, E. E., Elumilade, O. 

O., & Ogunsola, O. Y. (2021). Integrating Digital 

Marketing Strategies with Financial Performance 

Metrics to Drive Profitability Across Competitive 

Market Sectors. 

72. Nwanko, N. E., Nwoye. C. I., Yusuf, S. B., Alade, O. 

E., Okiye, S. E., Badmus W. A (2024). The reliability 

level in determining the yield strength of Glass 



“Clinical Data Sharing and Integration Model for Precision Anticoagulation Therapy” 

6887 ETJ Volume 10 Issue 09 September 2025 1Chinonso Gerald Udensi 

 

Fibre-SiC Reinforced Epoxy Resin based on input 

Volume Fractions of Glass Fibre and SiC. Journal of 

Inventive Engineering and Technology (JIET). Vol. 

5, Issue-2, pp-60-70.  

73. Nwankwo, C. N. R. E. E., Aniebonam, E. E., & 

Chikodiri, U. S. (2025). Entrepreneurial 

environment and cross-cultural management: A road 

map for sustaining Nigerian development. 

International Journal of Multidisciplinary Research 

and Growth Evaluation, 6(01), 1572-1577. 

International Journal of Multidisciplinary Research 

and Growth Evaluation. 

74. Nwankwo, E. E., Ewim, D. R. E., Aniebonam, E. E., 

Chikodir, U. S., & Rita, C. N. (2025). Skills for 

engineers to become entrepreneurs for sustainable 

development in Anambra State. World, 2579, 0544. 

75. Nwankwo, E.E., Okafor, G.I., Aniebonam, E.E. and 

Chikodiri, U.S., 2025. Relationship Between 

Gender Discrimination, Work-Life Balance and 

Mental Health: The Nigerian Female Educators’ 

Perspective. International Institute of Academic 

Research and Development, 11(1). pp.296-307 

76. Nwokediegwu, Z. S., Bankole, A. O., & Okiye, S. E. 

(2022). Layered aesthetics: A review of surface 

texturing and artistic expression in 3D printed 

architectural interiors. International Journal of 

Scientific Research in Science and Technology, 9(4), 

625. https://doi.org/10.32628/IJSRST  

77. Obadimu, O., Ajasa, O. G., Mbata, A. O., & 

Olagoke-Komolafe, O. E. (2024). Reimagining 

Solar Disinfection (SODIS) in a Microplastic Era: 

The Role of Pharmaceutical Packaging Waste in 

Biofilm Resilience and Resistance Gene 

Dynamics. International Journal of Scientific 

Research in Science and Technology, 11(5), 586-

614. 

78. Obadimu, O., Ajasa, O. G., Mbata, A. O., & 

Olagoke-Komolafe, O. E. (2023). Microplastic-

Pharmaceutical Interactions and Their Disruptive 

Impact on UV and Chemical Water Disinfection 

Efficacy. 

79. Obioha Val, O., Lawal, T., Olaniyi, O. O., Gbadebo, 

M. O., & Olisa, A. O. (2025). Investigating the 

feasibility and risks of leveraging artificial 

intelligence and open source intelligence to manage 

predictive cyber threat models. Temitope and 

Olaniyi, Oluwaseun Oladeji and Gbadebo, Michael 

Olayinka and Olisa, Anthony Obulor, Investigating 

the Feasibility and Risks of Leveraging Artificial 

Intelligence and Open Source Intelligence to 

Manage Predictive Cyber Threat Models (January 

23, 2025). 

80. Obioha Val, O., Olaniyi, O. O., Gbadebo, M. O., 

Balogun, A. Y., & Olisa, A. O. (2025). Cyber 

Espionage in the Age of Artificial Intelligence: A 

Comparative Study of State-Sponsored 

Campaign. Oluwaseun Oladeji and Gbadebo, 

Michael Olayinka and Balogun, Adebayo Yusuf and 

Olisa, Anthony Obulor, Cyber Espionage in the Age 

of Artificial Intelligence: A Comparative Study of 

State-Sponsored Campaign(January 22, 2025). 

81. Oboh, A., Uwaifo, F., Gabriel, O. J., Uwaifo, A. O., 

Ajayi, S. A. O., & Ukoba, J. U. (2024). Multi-Organ 

toxicity of organophosphate compounds: 

hepatotoxic, nephrotoxic, and cardiotoxic 

effects. International Medical Science Research 

Journal, 4(8), 797-805. 

82. Odilibe, I. P., Akomolafe, O., Arowoogun, J. O., 

Anyanwu, E. C., Onwumere, C., & Ogugua, J. O. 

(2024). Mental health policies: a comparative 

review between the USA and African 

nations. International Medical Science Research 

Journal, 4(2), 141-157. 

83. Ogugua, J. O., Okongwu, C. C., Akomolafe, O. O., 

Anyanwu, E. C., & Daraojimba, O. D. (2024). 

Mental health and digital technology: a public health 

review of current trends and responses. International 

Medical Science Research Journal, 4(2), 108-125. 

84. Ogugua, J. O., Onwumere, C., Arowoogun, J. O., 

Anyanwu, E. C., Odilibe, I. P., & Akomolafe, O. 

(2024). Data science in public health: A review of 

predictive analytics for disease control in the USA 

and Africa. World Journal of Advanced Research 

and Reviews, 21(1), 2753-2769. 

85. Ogunjobi, O., Aniebonam, E.E., Faisal, R. and 

Durojaiye, A.T., 2025. Expanding Access to Capital: 

Role of Structured Finance in Stimulating SME 

Growth and Economic Resilience in the United 

States. International Research Journal, 11(12). pp. 

803-811 

86. Ogunmolu, A. M., Olaniyi, O. O., Popoola, A. D., 

Olisa, A. O., & Bamigbade, O. (2025). Autonomous 

Artificial Intelligence Agents for Fault Detection 

and Self-Healing in Smart Manufacturing 

Systems. Journal of Energy Research and 

Reviews, 17(8), 20-37. 

87. Ogunwale, B., Appoh, M., Oboyi, N., Afrihyia, E., 

Gobile, S., & Alabi, O. A. (2024). Cross-Cultural 

Leadership Styles in Multinational Corporations: A 

Comparative. 

88. Ojeikere, K., Akintimehin, O. O., & Akomolafe, O. 

O. (2024). A Digital Health Framework for 

Expanding Access to Preventive Services in 

Marginalized Communities. 

89. Ojeikere, K., Akomolafe, O. O., & Akintimehin, O. 

O. (2021). A Model for Integrating Vulnerable 

Populations into Public Health Systems. 

90. Ojeikere, K., Akomolafe, O. O., & Akintimehin, O. 

O. (2021). A Public Health Emergency Preparedness 

Model for Displaced and Refugee Populations. 

91. Ojika, F. U., Adelusi, B. S., Uzoka, A. C., & Hassan, 

Y. G. (2020). Leveraging transformer-based large 



“Clinical Data Sharing and Integration Model for Precision Anticoagulation Therapy” 

6888 ETJ Volume 10 Issue 09 September 2025 1Chinonso Gerald Udensi 

 

language models for parametric estimation of cost 

and schedule in agile software development 

projects. IRE Journals, 4(4), 267–278. 

92. Okafor, C. M., Ogunse, O., Iheke, M. N., Oseghale, 

D. O., Ogiehor, I., & Aniebonam, E. E. (2025). The 

Role of Advanced Anomaly Detection in 

Transforming Program Management in Government 

with Scikit-Learn, A Machine Learning Library in 

Python. 

93. Okare, B. P., Omolayo, O., & Aduloju, T. D. (2024). 

Designing Unified Compliance Intelligence Models 

for Scalable Risk Detection and Prevention in SME 

Financial Platforms. 

94. Okiye, S. E. (2021, March). Model for advancing 

quality control practices in concrete and soil testing 

for infrastructure projects: Ensuring structural 

integrity. IRE Journals, 4(9), 295. ISSN: 2456-8880.  

95. Okiye, S. E., Emekwisia, C. C., Igwe, E. S., 

Omofaye, V. I., Agbelusi, A. J., Ajibode, H. J., Dada, 

A. O., & Agbahiwe, O. K.  (2025). Comparative 

Analysis of Thermal Insulation Properties of Bricks 

Made from Local and Industrial By Products. 

American Journal of Applied Sciences and 

Engineering 6(3) 11-16. 

https://doi.org/10.5281/zenodo.16229391  

96. Okiye, S. E., Emekwisia, C. C., Omofaye, V. I., 

Ohwonigho, O. R., Onah, C. O., Akinola, O. J., & 

Olagunju, A.R. (2025). Development of Eco-

Friendly Paving Blocks Using Indigenous Materials. 

American Journal of Applied Sciences and 

Engineering 6(3) 1-10. 

https://doi.org/10.5281/zenodo.16070776.  

97. Okiye, S. E., Nwokediegwu, Z. S., & Bankole, A. O. 

(2023). Simulation-driven design of 3D printed 

public infrastructure: From bus stops to benches. 

Shodhshauryam, International Scientific Refereed 

Research Journal, 6(4). 

https://doi.org/10.32628/SHISRRJ  

98. Okiye, S. E., Ohakawa, T. C., & Nwokediegwu, Z. 

S. (2022, May). Model for early risk identification 

to enhance cost and schedule performance in 

construction projects. IRE Journals, 5(11). ISSN: 

2456-8880.  

99. Okiye, S. E., Ohakawa, T. C., & Nwokediegwu, Z. 

S. (2023). Framework for integrating passive design 

strategies in sustainable green residential 

construction. International Journal of Scientific 

Research in Civil Engineering, 7(6), 17. 

https://www.ijsrce.com ISSN: 2456-6667  

100. Okiye, S. E., Ohakawa, T. C., & Nwokediegwu, Z. 

S. (2023). Framework for solar energy integration in 

sustainable building projects across Sub-Saharan 

Africa. International Journal of Advanced 

Multidisciplinary Research and Studies, 3(6), 1878–

1899. ISSN: 2583-049X.  

101. Okiye, S.E., Ohakawa, T.C. and Nwokediegwu, 

Z.S., (2022). Modeling the integration of Building 

Information Modeling (BIM) and Cost Estimation 

Tools to Improve Budget Accuracy in Pre-

construction Planning, 3(2), pp.729 745. ISSN: 

2582-7138.  

102. Okoli, A. O., Akomolafe, O. O., & Merotiwon, D. 

O. (2024). A Policy and Practice Framework for 

Community-Led Interventions to Prevent Child 

Abuse and Neglect. 

103. Okoli, A. O., Akomolafe, O. O., & Merotiwon, D. 

O. (2025). Conceptual Review of Biosimilar 

Adoption in Clinical Practice: Comparing 

Effectiveness and Regulatory Frameworks. 

104. Okoli, A. O., Akomolafe, O. O., Merotiwon, D. O., 

& Afrihyia, E. (2025). Shodhshauryam, 

International Scientific Refereed Research Journal. 

105. Okoli, A. O., Akomolafe, O. O., Merotiwon, D. O., 

& Afrihyia, E. (2025). A Trauma-Informed Care 

Framework for Early Childhood Behavioral 

Interventions in Underserved 

Communities. International Journal of Scientific 

Research in Science and Technology, 12(3), 1037-

1050. 

106. Okoli, A. O., Merotiwon, D. O., Akomolafe, O. O., 

& Afrihyia, E. (2025). A Digital Health Equity 

Model for Bridging Gaps in Telehealth Access for 

Pediatric Behavioral Disorders. 

107. Okoli, A. O., Merotiwon, D. O., Akomolafe, O. O., 

& Afrihyia, E. (2024). A Public Health Analytics 

Framework for Addressing Autism Disparities in the 

US. 

108. Okoli, A. O., Merotiwon, D. O., Akomolafe, O. O., 

& Afrihyia, E. (2025). A Social Work and Data-

Driven Framework for Enhancing Autism Care in 

Marginalized Communities. International Journal of 

Scientific Research in Science and 

Technology, 12(3), 1020-1036. 

109. Okon, S. U., Olateju, O., Ogungbemi, O. S., Joseph, 

S., Olisa, A. O., & Olaniyi, O. O. (2024). 

Incorporating privacy by design principles in the 

modification of AI systems in preventing breaches 

across multiple environments, including public 

cloud, private cloud, and on-prem. Including Public 

Cloud, Private Cloud, and On-prem (September 03, 

2024). 

110. Olayiwola, R. K., Erinjogunola, F. L., Ajirotutu, R. 

O., & Sikakhane-Nwokediegwu, Z. (2025). Public 

safety and structural monitoring: A data-driven 

approach to bridge maintenance. ICONIC Research 

and Engineering Journals, 8(8), 879–906. ICONIC 

Research and Engineering Journals. 

111. Olayiwola, R. K., Idowu, A. T., Uzondu, N. C., 

Adio, S. A., Onukogu, O. A., Ajirotutu, R. O., & 

Erinjogunola, F. L. (2024). Hydropower 

development and river ecosystems: A review of 



“Clinical Data Sharing and Integration Model for Precision Anticoagulation Therapy” 

6889 ETJ Volume 10 Issue 09 September 2025 1Chinonso Gerald Udensi 

 

environmental impact and mitigation strategies. 

International Journal of Advanced Multidisciplinary 

Research and Studies, 4(6), 1389–1398. 

112. Oloruntoba, O., & Omolayo, O. (2022). Navigating 

the Enterprise Frontier: A Comprehensive Guide to 

Cost-Effective Open-Source Migration from Oracle 

to PostgreSQL. This paper is an original technical 

whitepaper completed in March. 

113. Oloruntoba, O., & Omolayo, O. (2024). Unlocking 

Performance and Uptime: A Strategic Approach to 

Oracle 12c to 19c Migration for Maximizing 

ROI. This paper is an original technical whitepaper 

completed in March. 

114. Olufemi, O. I., Ayeni, O., & Olagoke-Komolafe, O. 

E. (2024). Advancing real-time predictive systems 

for listeria and E. coli detection in meat processing 

facilities across the USA. 

115. Olufemi, O. I., Ayeni, O., & Olagoke-Komolafe, O. 

E. (2024). Enhancing milk safety in the USA: A 

holistic framework for controlling aflatoxin M1 and 

pathogenic microorganisms in dairy supply 

chains. Economics, 5, 1495-1503. 

116. Olufemi, O. I., Ayeni, O., & Olagoke-Komolafe, O. 

E. (2025). A Comprehensive Risk Assessment 

Framework for Addressing Hormonal and Antibiotic 

Residues in Meat Supply Chains in the 

USA. International Journal of Research and 

Innovation in Social Science, 9(1), 2154-2168. 

117. Olufemi, O. I., Ayeni, O., & Olagoke-Komolafe, O. 

E. (2025). A Systems Dynamics Model to Mitigate 

the Risk of Contaminated Feed in Egg Production 

Systems in the USA. International Journal of 

Research and Innovation in Social Science, 9(1), 

1756-1771. 

118. Olulaja, O., Afolabi, O., & Ajayi, S. (2024, October 

23). Bridging gaps in preventive healthcare: 

Telehealth and digital innovations for rural 

communities. Paper presented at the 2024 Illinois 

Minority Health Conference, Naperville, IL. Illinois 

Department of Public Health. 

119. Omaghomi, T. T., Akomolafe, O., Ogugua, J. O., 

Daraojimba, A. I., & Elufioye, O. A. (2024). 

Healthcare management in a post-pandemic world: 

lessons learned and future preparedness-a 

review. International Medical Science Research 

Journal, 4(2), 210-223. 

120. Omaghomi, T. T., Akomolafe, O., Onwumere, C., 

Odilibe, I. P., & Elufioye, O. A. (2024). Patient 

experience and satisfaction in healthcare: a focus on 

managerial approaches-a review. Int Med Sci Res 

J, 4(2), 194-209. 

121. Omaghomi, T. T., Arowoogun, J. O., Akomolafe, O., 

Odilibe, I. P., & Elufioye, O. A. (2024). 

Telemedicine in rural Africa: A review of 

accessibility and impact. World J. Adv. Res. 

Rev., 21(2), 421-431. 

122. Omaghomi, T. T., Elufioye, O. A., Akomolafe, O., 

Anyanwu, E. C., & Odilibe, I. P. (2024). A 

comprehensive review of telemedicine 

technologies: past, present, and future 

prospects. International Medical Science Research 

Journal, 4(2), 183-193. 

123. Omaghomi, T. T., Elufioye, O. A., Akomolafe, O., 

Anyanwu, E. C., & Daraojimba, A. I. (2024). Health 

apps and patient engagement: A review of 

effectiveness and user experience. World J Adv Res 

Rev, 21(2), 432-440. 

124. Omaghomi, T. T., Elufioye, O. A., Ogugua, J. O., 

Daraojimba, A. I., & Akomolafe, O. (2024). 

Innovations in hospital management: A 

review. International Medical Science Research 

Journal, 4(2), 224-234. 

125. Oni, O., Adeshina, Y. T., Iloeje, K. F., & Olatunji, O. 

O. (2018). Artificial Intelligence Model Fairness 

Auditor For Loan Systems. Journal ID, 8993, 1162. 

126. Oparah, S., Akomolafe, O. O., Sagay, I., Bolarinwa, 

T., & Taiwo, A. E. (2024). Glutamine Metabolism in 

Cancer: Identifying and Overcoming Therapeutic 

Resistance. 

127. Opia, F. N., Sgro, K. P., Gabriel, O. J., Kaya, P. B., 

Ajayi, S. A. O., Akinwale, O. J., & Inalegwu, J. E. 

(2025). Housing instability and mental health among 

low-income minorities: Insights from Illinois 

BRFSS data. World Journal of Advanced Research 

and Reviews, 25(1), 2391-2401. 

128. Osamika, D., Adelusi, B. S., Chinyeaka, M., Kelvin-

Agwu, A. Y. M., & Ikhalea, N. (2022). Artificial 

Intelligence-Based Systems for Cancer Diagnosis: 

Trends and Future Prospects. 

129. Osamika, D., Adelusi, B. S., Chinyeaka, M., Kelvin-

Agwu, A. Y. M., & Ikhalea, N. (2021). Machine 

Learning Models for Early Detection of 

Cardiovascular Diseases: A Systematic Review. 

130. Osamika, D., Adelusi, B. S., Kelvin-Agwu, M. C., 

Mustapha, A. Y., & Ikhalea, N. (2023). Predictive 

Analytics for Chronic Respiratory Diseases Using 

Big Data: Opportunities and 

Challenges. International Journal of 

Multidisciplinary Research and Growth Evaluation. 

131. Osamika, D., Adelusi, B. S., Kelvin-Agwu, M. C., 

Mustapha, A. Y., Forkuo, A. Y., & Ikhalea, N. 

(2021). A Comprehensive Review of Predictive 

Analytics Applications in US Healthcare: 

Trends. Challenges, and Emerging Opportunities. 

132. Osamika, D., Adelusi, B. S., Kelvin-Agwu, M. C., 

Mustapha, A. Y., & Ikhalea, N. (2024). International 

Journal of Management and Organizational 

Research. 

133. Osamika, D., Adelusi, B. S., Kelvin-Agwu, M. T. C., 

Mustapha, A. Y., Forkuo, A. Y., & Ikhalea, N. 

(2025). A Systematic Review of Security, Privacy, 



“Clinical Data Sharing and Integration Model for Precision Anticoagulation Therapy” 

6890 ETJ Volume 10 Issue 09 September 2025 1Chinonso Gerald Udensi 

 

and Compliance Challenges in Electronic Health 

Records: Current Practices and Future Directions. 

134. Osamika, D., Adelusi, B. S., Kelvin-Agwu, M. T. C., 

Mustapha, A. Y., Forkuo, A. Y., & Ikhalea, N. 

(2025). A critical review of health data 

interoperability standards: FHIR, HL7, and beyond. 

World Scientific News, 203, 194–233. 

http://www.worldscientificnews.com 

135. Osamika, D., Adelusi, B. S., Kelvin-Agwu, M. T. C., 

Mustapha, A. Y., Forkuo, A. Y., & Ikhalea, N. (2025, 

May 17). A review of data visualization tools and 

techniques in public health: Enhancing 

decision-making through analytics. World Scientific 

News, (203), 400–438. Zibeline International 

136. Osamika, D., Forkuo, A. Y., Mustapha, A. Y., 

Chianumba, E. C., & Komi, L. S. (2025, May). 

Advances in public-private partnerships for 

expanding telehealth services to Medicaid and 

uninsured populations in the U.S. Engineering and 

Technology Journal, 10(5), 4865–4891. 

https://everant.org/index.php/etj/article/view/1901 

137. Osamika, D., Forkuo, A. Y., Mustapha, A. Y., 

Chianumba, E. C., & Komi, L. S. (2024). Systematic 

Review of Global Best Practices in Multinational 

Public Health Program Implementation and Impact 

Assessment. 

138. Oyasiji, O., Okesiji, A., Imediegwu, C. C., Elebe, O., 

& Filani, O. M. (2023, October). Ethical AI in 

financial decision-making: Transparency, bias, and 

regulation. International Journal of Scientific 

Research in Computer Science, Engineering and 

Information Technology, 9(5), 453–471. 

https://ijsrcseit.com 

139. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2025). Application of Agile methodologies in 

managing smart affordable housing infrastructure 

projects. Engineering Science & Technology 

Journal, 6(2), 73–85. 

https://doi.org/10.51594/estj.v6i2.1862 

140. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2025). Digital solutions for streamlining property 

management operations in affordable housing 

communities. Engineering and Technology Journal, 

10(3), 4350–4358. 

https://doi.org/10.47191/etj/v10i03.40 

141. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2024). Development of a smart AI-enabled digital 

platform for end-to-end affordable housing delivery. 

IRE Journals, 7(9), 494–499.  

142. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2024). Predictive AI models for maintenance 

forecasting and energy optimization in smart 

housing infrastructure. International Journal of 

Advanced Multidisciplinary Research and Studies, 

4(6), 1372–1380. 

https://www.multiresearchjournal.com 

143. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2024). Designing smart building management 

systems for sustainable and cost-efficient housing. 

International Journal of Advanced Multidisciplinary 

Research and Studies, 4(6), 1364–1371. 

https://www.multiresearchjournal.com 

144. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2025). A unified risk management framework for 

cost and resource optimization in housing 

development projects. Gulf Journal of Advance 

Business Research, 3(4), 985–997. 

https://doi.org/10.51594/gjabr.v3i4.130 

145. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2024). Smart data-driven analysis of affordable 

housing crisis impact on underserved communities. 

International Journal of Multidisciplinary Research 

and Growth Evaluation, 5(1), 1617–1625. 

https://doi.org/10.54660/.IJMRGE.2024.5.1.1617-

1625 

146. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2024). A smart AI framework for construction 

compliance, quality assurance, and risk management 

in housing projects. International Journal of 

Multidisciplinary Research and Growth Evaluation, 

5(1), 1626–1634. 

https://doi.org/10.54660/.IJMRGE.2024.5.1.1626-

1634 

147. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2025). Developing Integrated Project Management 

Models for Large-Scale Affordable Housing 

Initiatives. 

148. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & ADIO, S. A. 

(2024). Development of a smart AI-enabled digital 

platform for end-to-end affordable housing 

delivery. IRE Journals, 7(9), 494-499. 

149. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2024). Designing smart building management 

systems for sustainable and cost-efficient 

housing. International Journal of Advanced 

Multidisciplinary Research and Studies, 4(6), 1364-

1371. 

150. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2024). Predictive AI models for maintenance 

forecasting and energy optimization in smart 

https://everant.org/index.php/etj/article/view/1901
https://ijsrcseit.com/
https://doi.org/10.54660/.IJMRGE.2024.5.1.1626-1634
https://doi.org/10.54660/.IJMRGE.2024.5.1.1626-1634


“Clinical Data Sharing and Integration Model for Precision Anticoagulation Therapy” 

6891 ETJ Volume 10 Issue 09 September 2025 1Chinonso Gerald Udensi 

 

housing infrastructure. International Journal of 

Advanced Multidisciplinary Research and 

Studies, 4(6), 1372-1380. 

151. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2025). A unified risk management framework for 

cost and resource optimization in housing 

development projects. Gulf Journal of Advance 

Business Research, 3(4), 985-997. 

152. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2025). Application of Agile Methodologies in 

Managing Smart Affordable Housing Infrastructure 

Projects. 

153. Oyetunji, T. S., Erinjogunola, F. L., Ajirotutu, R. O., 

Adeyemi, A. B., Ohakawa, T. C., & Adio, S. A. 

(2025). Digital Solutions for Streamlining Property 

Management Operations in Affordable Housing 

Communities. 

154. Rathore, S. P. S., Farhaoui, Y., Aniebonam, E. E., 

Nagpal, T., & Kaushik, P. (2025, March). AI-Driven 

Traffic Congestion Management: A Predictive 

Analytics Approach for Smart Cities. In 2025 IEEE 

International Conference on Interdisciplinary 

Approaches in Technology and Management for 

Social Innovation (IATMSI) (Vol. 3, pp. 1-6). IEEE. 

155. Sagay, I., Oparah, S., Akomolafe, O. O., Taiwo, A. 

E., & Bolarinwa, T. (2024). Using AI to Predict 

Patient Outcomes and Optimize Treatment Plans for 

Better Healthcare Delivery. 

156. Sagay, I., Taiwo, A. E., Bolarinwa, T., Akomolafe, 

O. O., & Oparah, S. (2022). Enhancing Diagnostic 

Accuracy and Treatment Planning through 

Advanced Image Analysis. 

157. Sagay-Omonogor, I., Bolarinwa, T., & Akomolafe, 

O. O. (2023). Overcoming Challenges in Cancer 

Immunotherapy: Mechanisms and Clinical 

Solutions. 

158. Sagay-Omonogor, I., Bolarinwa, T., & Akomolafe, 

O. O. (2023). Therapeutic Targets in Hepatic 

Fibrosis: Overcoming Current Limitations. 

159. Savoia, C., Volpe, M., Grassi, G., Borghi, C., Agabiti 

Rosei, E., & Touyz, R. M. (2017). Personalized 

medicine a modern approach for the diagnosis and 

management of hypertension. Clinical science, 

131(22), 2671-2685. 

160. Scholten, J., Eneogu, R., Ogbudebe, C., Nsa, B., 

Anozie, I., Anyebe, V., Lawanson, A., & Mitchell, E. 

(2018, November). Ending the TB epidemic: Role 

of active TB case finding using mobile units for 

early diagnosis of tuberculosis in Nigeria. The 

International Journal of Tuberculosis and Lung 

Disease, 22(11), S392. The International Union 

Against Tuberculosis and Lung Disease. 

161. Selesi-Aina, O., Obot, N. E., Olisa, A. O., Gbadebo, 

M. O., Olateju, O., & Olaniyi, O. O. (2024). The 

future of work: A human-centric approach to AI, 

robotics, and cloud computing. Journal of 

Engineering Research and Reports, 26(11), 10-

9734. 

162. Shah, N., Crowell, T. A., Hern, J., Anyebe, V., 

Bahemana, E., Kibuuka, H., ... & AFRICOS Study 

Group. (2024). The Transformative Impact of the 

African Cohort Study (AFRICOS) Toward 

Reaching HIV 95-95-95 Goals in Sub-Saharan 

Africa. The American Journal of Tropical Medicine 

and Hygiene, 112(1), 45. 

163. Shah, N., Romo, M., Dear, N., Crowell, T. A., 

Frndak, S., Kibuuka, H., Owuoth, J., Sing'oei, V., 

Maswai, J., Bahemana, E., Anyebe, V., Parker, Z., 

Ake, J., & Cavanaugh, J. S. (2024, March). 

Hypertension treatment gap among people 

with/without HIV in Kenya, Nigeria, Tanzania, and 

Uganda (Abstract No. 791). Poster session presented 

at the Conference on Retroviruses and Opportunistic 

Infections (CROI). 

164. Sidney E. Okiye. (2024). Renewable Energy 

Construction: Role of A.I for Smart Building 

Infrastructures. Journal of Inventive Engineering 

and Technology (JIET). Vol. 5, Issue-3.  

165. Taiwo, A. E., Aduloju, T. D., Omolayo, O., & Okare, 

B. P. (2023). Explainable AI models for sustainable 

e-government procurement systems: A 

transparency-centered framework. Gyanshauryam 

International Scientific Refereed Research Journal, 

6(3), 159–169. 

166. Taiwo, A. E., Akomolafe, O. O., Oparah, S., Sagay, 

I., & Bolarinwa, T. (2024). Novel Therapeutic 

Strategies for Targeting Lipid Droplets in Cancer. 

167. Taiwo, A. E., Bolarinwa, T., Oparah, S., Sagay, I., & 

Akomolafe, O. O. (2024). Innovative Approaches to 

Targeting Glycolysis in Cancer: Addressing the 

Warburg Effect. 

168. Taiwo, A. E., Bolarinwa, T., Sagay, I., Oparah, S., & 

Akomolafe, O. O. (2024). Intervening in Lipid 

Droplet-Mediated Metastasis: Recent Advances and 

Approaches. 

169. Taiwo, A. E., Okare, B. P., Omolayo, O., & Aduloju, 

T. D. (2023). AI-powered ethics auditing systems for 

pharmaceutical procurement risk management in 

emerging economies: A model-based perspective. 

Gyanshauryam International Scientific Refereed 

Research Journal, 6(3), 137–148. 

170. Taiwo, A. E., Omolayo, O., Aduloju, T. D., Okare, 

B. P., & Afuwape, A. A. (2022). Quantum 

computing frameworks for real-time logistics 

optimization in smart supply chains. International 

Journal of Scientific Research in Science and 

Technology (IJSRST), 9(4), 554–564. 

171. Taiwo, A. E., Omolayo, O., Aduloju, T. D., Okare, 

B. P., Afuwape, A. A., & Frempong, D. (2023). 

Digital ethics in blockchain-driven healthcare 



“Clinical Data Sharing and Integration Model for Precision Anticoagulation Therapy” 

6892 ETJ Volume 10 Issue 09 September 2025 1Chinonso Gerald Udensi 

 

systems: A trust-enhancing framework for electronic 

health records. Gyanshauryam International 

Scientific Refereed Research Journal, 6(3), 182–

193. 

172. Taiwo, A. E., Omolayo, O., Aduloju, T. D., Okare, 

B. P., Oyasiji, O., & Okesiji, A. (2021). Human-

Centered Privacy Protection Frameworks for Cyber 

Governance in Financial and Health Analytics 

Platforms. International Journal of Multidisciplinary 

Research and Growth Evaluation, 2(3), 659–668. 

https://doi.org/10.54660/.IJMRGE.2021.2.3.659-

668 

173. Taiwo, A. I., Isi, L. R., Okereke, M., Sofoluwe, O., 

Olugbemi, G. I. T., & Essien, N. A. (2024). 

Legislative Responses to Climate Change: A 

Comparative Analysis of Nigeria and the USA. 

174. Taiwo, A. I., Isi, L. R., Okereke, M., Sofoluwe, O., 

Olugbemi, G. I. T., & Essien, N. A. (2025). 

Development of AI-Powered Optimization 

Frameworks for Enhancing Chemical Processes in 

Sustainable and Energy-Efficient Water 

Treatment. International Journal of Scientific 

Research in Science, Engineering and 

Technology, 12(3), 663-673. 

175. Taiwo, A. I., Isi, L. R., Okereke, M., Sofoluwe, O., 

Olugbemi, G. I. T., & Essien, N. A. (2025). A 

Holistic Framework for Leveraging Big Data 

Analytics and AI to Influence Public Health Policies 

through IoT-Based Water Monitoring. International 

Journal of Scientific Research in Science, 

Engineering and Technology, 12(3), 683-694. 

176. Taiwo, A. I., Isi, L. R., Okereke, M., Sofoluwe, O., 

Olugbemi, G. I. T., & Essien, N. A. (2025). 

Advances in Decentralized IoT-Enabled Filtration 

Systems and Their Role in Providing Safe Water to 

Underserved and Remote 

Communities. International Journal of Scientific 

Research in Science, Engineering and 

Technology, 12(3), 674-682. 

177. Taiwo, A. I., Isi, L. R., Okereke, M., Sofoluwe, O., 

Olugbemi, G. I. T., & Essien, N. A. (2025). 

Developing Climate-Adaptive Digital Twin 

Architectures for Predictive Supply Chain 

Disruption Management Using Spatio-Temporal 

Analytics and Edge Computing. International 

Journal of Scientific Research in Science and 

Technology, 12(3), 931-947. 

178. Taiwo, A. I., Isi, L. R., Okereke, M., Sofoluwe, O., 

Olugbemi, G. I. T., & Essien, N. A. (2025). Next-

Generation AI-IoT Integrated Systems for Dynamic 

Optimization of Water Disinfection and Removal of 

Emerging Contaminants. International Journal of 

Scientific Research in Science and 

Technology, 12(3), 948-958. 

179. Tomoh, B. O., Mustapha, A. Y., Mbata, A. O., 

Kelvin-Agwu, M. C., Forkuo, A. Y., & Kolawole, T. 

O. (2025).  Assessing the impact of telehealth 

interventions on rural healthcare accessibility: a 

quantitative study. 

180. Tomoh, B. O., Mustapha, A. Y., Obianuju, A., 

Mbata, T. O. K., Forkuo, A. Y., & Kelvin-Agwu, M. 

C. (2024). Evaluating Health System Resilience: 

Lessons Learned from COVID-19 Pandemic 

Response Strategies. 

181. Ubamadu, B. C., Daraojimba, A. I., Hassan, Y. G., 

Owobu, W. O., Abieba, O. A., & Gbenle, P. (2025). 

Cloud-Based Higher Education Management 

Framework: Enhancing Student Administration in 

US Universities. 

182. Udeh, A. S., Asuni, O. H., Idowu, A., & Adedeji, P. 

(2023, December 29). Advancements in solar panel 

efficiency: Developing community-based energy 

solutions. World Journal of Advanced Research and 

Review, 20(3), 1986–2004. 

183. Vohra, J., Barbosa, G., Pascoal, L. B., & Reis, L. O. 

(2025). Advances in Genitourinary Tumor 

Genomics and Immunotherapy. Genes, 16(6), 667. 

https://doi.org/10.54660/.IJMRGE.2021.2.3.659-668
https://doi.org/10.54660/.IJMRGE.2021.2.3.659-668

