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ABSTRACT

Personalized medicine seeks to revolutionize healthcare by tailoring treatment strategies to individual
biological, clinical, and behavioral profiles. Central to this approach is data analytics, which enables the
integration, interpretation, and application of vast and varied datasets from genomics and electronic
health records to wearable sensor outputs and patient-reported outcomes. This paper explores how data
analytics underpins personalized medicine by examining key methodologies, including data collection,
integration, modeling, and predictive algorithms. We assess the evolution of bioinformatics tools and the
emergence of phylogenetic and machine learning frameworks to identify disease risks and optimize
interventions. The study also highlights practical applications, such as hepatocellular carcinoma
diagnosis, and discusses barriers like data heterogeneity, lack of standardization, and ethical concerns
related to data privacy and governance. By addressing these challenges, data analytics not only improves
the precision of medical decisions but also paves the way for sustainable, scalable, and ethically grounded
healthcare innovations.

Keywords: Personalized medicine, Data analytics, Precision healthcare, Bioinformatics, Genomics, Data
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INTRODUCTION

Personalized medicine requires methods to measure and integrate individual data for optimal
performance. Key questions include: Who are you, and whom do you resemble? Personalization starts
with phenotypes that define health states via measured parameters. Beyond genomics, clinical
characteristics related to diseases, microbiomics data, omics, and chronic conditions are essential to assess
risk. Each descriptor needs a biomarker to form the observable data necessary for approximating risk
states precisely. Although ample data exists, it is currently scattered across heterogeneous databases with
inconsistent definitions. To close this gap, quantitative measurements will be derived from personally
collected data. The process then involves linking query data to a global assemblage of similar data
through multi-stage phylogenetic trees, allowing predictions to start broadly before narrowing down to
precise outputs. Configurable trees can automatically integrate and transform data into a consistent
representation according to inputs. Each step repairs any broken provenance while contextualizing
results with a knowledge web that cross-references nomenclatures to ontologies. Active research involves
applying trees for identifying computer security threats, while simultaneously specifying operations to be
embedded within nodes. These operations encompass clean-up, normalization, and the treatment of
missing data, as well as encoding qualitative variables. The aggregated data enables understanding
behavior on a superpersonal level, addressing whom individuals resemble. This leads to cluster labeling
with projected probabilities for data assignments. Machine learning methods can predict user behavior by
segment, significantly enhancing marketing accuracy, reducing costs, and aiding in retaining menu items
in hospitals and food establishments [1, 27.
Overview of Data Analytics

In the last decade, healthcare has become a big data domain, where patient information is regularly
recorded to enhance research and operational management. Healthcare big data stems from sources like
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Electronic Health Records (EHRs), lab test instruments, telemetry data from wearables, and clinical
applications. It includes unstructured data from social media health forums, images, and Patient-Reported
Outcome Measurement Information Systems, which are processed as time charts. The continuous
generation of healthcare data is due to recordings from patients and real-time data from advanced surgical
tools and health sensors. Despite the financial implications of large data volumes, compressed or
anonymized data are often provided for free, lacking useful information for research. Ethical implications
are crucial, especially concerning health quality and privacy, and are often overlooked by researchers.
This issue has gained attention with the introduction of GDPR in Europe, leading to similar efforts in
Japan and other countries. New regulations stress strict anonymization, which poses risks for individuals
and institutions. Striking a balance between obtaining valuable knowledge and adhering to ethical
regulations remains a challenge 3, 47.

Historical Context of Personalized Medicine
Once considered rare, breakthroughs in personalized medicine are now common. Opinion pieces argue
that everyone should be treated based on their genetic uniqueness. However, for every success, such as
HER-2/neu directed treatments for breast cancer, there are many failures where targeted drugs did not
meet expectations. Despite these setbacks, the genomic revolution is fundamentally changing disease
understanding. The realization that a “one drug fits all” approach is naive has led biomedical sciences to
seek therapeutics tailored to individual identities. Yet, relying solely on candidate genes is often
inadequate for explaining disease risk variations among ethnic groups and individuals, prompting the
adoption of whole-genome approaches. Genomic techniques have evolved significantly, transitioning from
small functional segments to larger chromosome fragments, utilizing whole-exome or whole-genome
methods that encompass extensive sequences. This shift comes with substantial time and cost
investments. However, advancements in genotyping technologies have made whole-genome approaches
more routine in well-equipped labs worldwide. Additionally, as focus broadens from whole proteomes to
more specific nucleic acid sequencing, analysis materials have become increasingly minimal, allowing
informative “deep” peptide maps to be created from just a few nanograms of tissue [5, 67.

Key Concepts in Data Analytics

Data, as it relates to humans, is now widely viewed as the new “oil” by governments, corporations, and
individuals, but when oil was considered a valuable commodity, it did not become so valuable until
refineries were developed to turn the crude oil into gasoline, lubricants, plastics, etc. Data, particularly in
healthcare, is not valuable by itself, but it must be captured, stored, cleansed, and analyzed to produce
actionable information to preempt, predict, and personalize decisions about improving health, healthcare,
and public health. If there is no actionable information, many researchers either throw away the data or
make random decisions on actions to be taken. The increasing volume of data continues to deepen the silo
culture of big data in healthcare organizations because big data sources are too numerous and diverse by
variety, velocity, and complexity. For example, digital healthcare data includes medical devices, EHRs,
online genetic databases, health sensors, social media, ratings, and reviews. Effective, efficient, and ethical
big data analytics for personalized public health is thus a grand challenge. Computer models have been
constantly used in the study of physical systems to augment human capacity for prediction,
understanding, reasoning, etc. Furthermore, a few intelligent systems, constructed based on biophysics,
proteomics, and biochemistry, cause health outcomes. However, even if systems exist to generate
actionable information, their difficulty in learning would negate the advantages of growing volumes of
healthcare data. Moreover, many algorithms assume Gaussianity of the data. Based on the Bayesian
theorem, if the underlying distribution is non-Gaussian, a “garbage in, garbage out” response may occur,
negating the advantages of taking into account more data sources and increasing dimensionality. thus,
typically rendering cause-to-effect analysis hard or impossible. By contrast, manually conceived health
outcomes may inherently be difficult to predict due to the emergence of multiple levels of collective
intelligence caused by the interaction of many primitive actors [7, 87.

Types of Data Used in Personalized Medicine
Personalized medicine, also known as precision or individualized medicine, emphasizes tailored
diagnostics and therapies based on unique biomarker signatures from diverse data sources. This approach
moves away from generic treatments, focusing instead on accurate disease diagnosis and the prescription
of effective, safe therapeutics. Challenges in implementing predictive precision medicine include modeling
the human body as an interconnected system, modifying it with marker identifiers, and monitoring
changes to predict outcomes effectively. The late 1990s and early 2000s saw the advent of genomic
sequencers, while the early 2010s produced large repositories of clinical and omics data. Bioinformatic
pipelines were developed to analyze these omics data, leading to the construction of numerous human
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genome sequences. However, integration attempts have frequently been discontinuous, lacking validation
against clinical outcomes or comprehensive cohort studies. Despite advancements in technologies and the
expansion of omics modalities, the second decade of population biobanks is underway without a
significant leap in outcomes. The field faces ongoing challenges with predictive validity and
reproducibility, making the goal of enabling precision medicine in the 21st century daunting. A critical
gap remains in the availability of widely used platforms for integrating and analyzing diverse omics data
alongside emerging medical exposome information [9, 107.
Data Collection Methods
Sources of data for DPA in personalized medicine applications can be generally classified based on
whether they comprise primary or secondary (existing) data sources. It is relevant to point out that these
categories are not mutually exclusive, and such distinction is difficult to maintain since basic
characteristics of data are associated more with the characteristics of the study in which the data are
collected than patterns of the data themselves. So-called “traditional” data collection methods, such as
controlled laboratory settings, questionnaires, or interviews, fall under the category of primary sources.
Broadly speaking, such methods allow deep insights into the phenomenon under study, obtaining
collected data carefully tailored to the specific context and the study population. Nevertheless, they also
tend to be very resource-consuming and to be susceptible to various biases and inaccuracies. Data
collected through passive methods can be collected outside of a controlled setting. Existing data are easier
to obtain, easier and often cheaper to analyze, and offer the opportunity of cross-validation since many
users tend to leave traces over different platforms. Such data can also be less manipulable than primary
data. Nevertheless, for these same reasons, collecting technologies tend to evolve faster than scientific
conventions on their use, which can lead to unexpected problems, biases, inaccuracies, or even ethical
issues [11, 127].
Data Integration Techniques
Effective data integration is crucial in modern biobanks for meaningful comparisons between studies,
enabling cohort selection and meta-analyses. After verifying data for comprehensiveness and quality,
integration merges data from multiple sources into a common dataset, referred to as Extract, Transform,
Load (ETL). This text focuses on data integration techniques rather than statistical testing methods for
compatibility and consistency. Data integration lacks a universally accepted definition, but the unification
of heterogeneous data sources is a foundational principle. Integration has evolved to support richer
contextual understanding. Notably, approaches can be classified into model-based approaches (mediated)
and query rewriting (query-induced). The model-based approach constructs schema mediators for
uniform queries, exemplified by the BioDepot project, which employs semantic data integration to unify
diverse genomic and proteomic databases. BioDepot utilizes semantic web technologies for
interoperability, allowing for independent querying of biological data. Typically, a schema mediator is
developed and persists in a ‘mediator database’, with a wrapper capturing the mapping to local datasets.
However, these systems often focus solely on data without addressing the underlying semantics of
integrating domains, leading to inadequate user query responses. In areas like geography and
biomedicine, mediators reduce the number of federated databases users need to query. Yet, there is no
accepted formal representation for the underlying conceptual data models for comparison. This leaves
database designers to create schema mediators and wrappers, a task requiring substantial research and
development before effective automation and scaling can occur, demanding flexibility to accommodate
changes in source databases [13, 147].
Analytical Techniques in Personalized Medicine
Data analytics plays a crucial role in precision medicine by enabling the identification and evaluation of
knowledge through clinical and molecular data. This extensive data set enhances health predictions but
has seen limited integration in analytics frameworks for personalized medicine. Clinical text analysis is
vital for patient monitoring, treatment recommendations, and informed decision-making, offering insights
that help understand diseases, refine precision therapies, and assess adverse effects. To better leverage
clinical and molecular data for personalized medicine, a text mining framework is essential for analyzing
medical documents, integrating findings, and identifying drug therapeutic targets. This can enhance
disease and therapy knowledge, support decision-making, and drive biomedical advancements. A
biomedical corpus can be created from relevant articles, allowing knowledge discovery through text
mining techniques, stored in an implicit database. However, accessing this database can be challenging
due to vague queries, time constraints, and broad search scopes. Therefore, a rhetoric-based framework is
warranted for generating document summaries, facilitating the analysis of biomedical content, and
exploring document-user input relationships [15, 167.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work is properly cited.

Page | 126



Challenges In Data Analytics for Personalized Medicine

With the rise of precision medicine, personalized data is rapidly increasing, presenting challenges for
general usability. This data can reflect sample heterogeneity, inter-patient variability, and differing
experimental conditions. Consequently, much data goes unused as new data piles up. However, this
personalized data can improve patient outcomes, making contextualization essential to generalize it for
broader use. Computational models offer frameworks for analyzing and contextualizing these data
mathematically. Despite their potential, challenges persist in leveraging personalized data clinically.
Issues arise from the difficulty of generalizing data designed for specialized tasks and the organizational
practices that generate this data. A well-planned study design is crucial at the project's start and must
have adequate resources. Adhering to common data standards is vital for proper interpretation, ensuring
compatibility and comparability. Effective data division for training and validation is also necessary before
modeling. For clinical applicability, models must be transparent, allowing partners to assure validity
across different contexts. This includes documenting assumptions, biases, and data sensitivity, along with
processes for benchmarking new patient data. Addressing these prerequisites will enhance the integration
of existing models into clinical practice [17, 187.

Case Studies in Personalized Medicine
Hepatocellular carcinoma (HCC) is a common malignancy and the second leading cause of cancer-related
deaths globally. Potential tumor markers like blood a-fetoprotein (AFP), des-gamma-
carboxyprothrombin (DCP), GP73, and Golgi protein 73 have been studied, but their poor sensitivity,
specificity, and lack of validation hinder their routine clinical use. Personalized medicine is increasingly
employed to tailor HCC prevention, diagnosis, and treatment strategies. While a hypothesis suggests that
each cancer type arises from specific genetic mutations, distinguishing liver tumors solely based on
phenotypic traits is challenging. This review examines current diagnostic methods for HCC, discussing
both their successes and limitations, and offers guidelines for combining different approaches to improve
diagnostic accuracy. As of 2017, HCC caused 854,000 deaths annually worldwide. HCC diagnosis may
stem from characteristic presentations in chronic liver disease or arise from incidental findings. The
review also emphasizes data-driven, neuro-fuzzy intelligent methods for creating disease prediction
systems in personalized healthcare. Ultimately, it proposes a personalized healthcare strategy utilizing a
novel neuro-fuzzy, intelligent methodology that integrates gene mutation information and other diverse
data sources for tailored classification, demonstrating how big data can support personalized healthcare
by assessing individual health risk [19, 207.
Future Trends in Data Analytics and Personalized Medicine
Progress in data analytics is set to enhance the use of advanced techniques on complex health data. Access
to information will improve via multinational repositories, and advancements in technology will promote
growth in data collection, management, and sharing, making these processes quicker and more affordable.
Smaller health sector players will be able to use simple machine learning methods for self-analysis. As
personalized medicine evolves, larger organizations will engage in data integration to facilitate necessary
information exchange for multi-cue and multi-sample approaches. Data repositories for diagnosis,
analysis, and prognosis will be established, leading to standardized frameworks for data modeling and
teature extraction. Current operational frameworks are becoming outdated as health-related data can now
be acquired more cheaply and abundantly. This shift necessitates a more efficient data analytical approach
to ensure big data initiatives in healthcare. However, expectations for quick adoption often fall behind
reality. To avoid delays, the medical field should draw lessons from industries like finance and marketing
that adopted analytics earlier. Despite existing challenges, a broad acceptance of integrated analytics
across cues and samples is anticipated. The potential for improved future predictions from past data,
illustrated by examples like Laplace's demon, underscores the promise of these analytical advancements.
As the demands for computation and data integration are addressed through unified models, simple
modeling techniques will support prompt application testing for new analysis strategies [21, 227].
Regulatory and Ethical Considerations

The use of ‘Big Data’ in machine learning and AI has revolutionized R&D, medication testing, and public
policy in diagnostics. High Performance Computing (HPC) cloud solutions are proliferating across
industries like finance, insurance, education, and healthcare, where modeling and simulations have been
underutilized. However, security and privacy concerns are heightened by the risk of cyberattacks
exploiting supercomputing resources. Advances in sensor technology now enable medical data collection
via smart devices, facilitating connected biomedical systems that monitor health and trigger alerts during
clinical research and drug R&D. Wearable devices supplying real-time data about exposure and
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physiology are emerging in legal and insurance sectors, yet questions about data accuracy and integration
remain. There is no unified effort to validate these devices, nor a reliable framework for central data
storage, leading to siloed data from various vendors. This situation complicates evidence-based decision-
making with differing data from multiple devices answering the same question. Validity assurance for
wearables is crucial; however, comprehensive studies on their legal implications in insurance or litigation
are lacking. While the medical community is moving towards utilizing Big Data, the exploitation of data
is restricted by inherent methodological challenges, particularly in machine learning. Consequently, the
progress of Big Data analytics is slow and remains debatable, causing uncertainty among stakeholders
reliant on evidence-based medicine. Current procedures are in nascent stages, with significant potential
yet to be realized. Efforts to discover and repurpose drugs using Big Data analytics face hurdles, mainly
focusing on hypothesis generation rather than confirmation, and many methodologies remain
underexplored. Recent drug repurposing discussions reveal limitations in pharmaceuticals based on
preliminary findings, risking the loss of critical biological knowledge while screening drugs for disease
efficacy. Conversely, cognate repurposing relies on network-based methods to determine pharmacological
similarities between molecules [23, 247].

Collaboration Between Stakeholders
A revolution in evidence generation is transforming clinical care due to complex data capture that exceeds
past human capacity. Decision-making based on long intervals may struggle amidst this data influx,
which was unimaginable two decades ago. Personal and precision medicine experts benefit from new data
wealth; pharmaceutical companies now partner with start-ups for trial data analysis, while health systems
recognize the potential of "big data" for improving care. Predictive analytics will inform various health
management decisions, influencing allocations for research and development. Stakeholders vary in their
influence and intentions, necessitating ethical planning for participatory research. This academic progress
in predictive health analytics intertwines data use with fundamental human values like privacy, trust, and
equity. Adapting community-based participatory research (CBPR) principles is essential for effective
analysis of extensive data sets. These principles, already established in public health and related fields,
must be embraced by analysts across disciplines. Early initiatives should prioritize flexible data networks
instead of rigid algorithms for collaborative predictive analytics development [25, 267.
Impact of Data Analytics on Patient Outcomes
Healthcare is being transformed by data analytics across various fields like radiology, genomics, and
personalized medicine. Recent advancements in big data technologies, such as electronic health records,
digital sensors, and genomics, have led to a surge in data generation, presenting opportunities for healthy
lifestyles and preventive care. Personalized medicine, leveraging individual health data, has garnered
significant public and private investment, aiming to reshape the healthcare ecosystem. The rise of sensors,
apps, and technology yields vast amounts of diverse data from sources like social media and fitness
trackers. This influx of data will soon lead to extensive and complex datasets, enabling healthcare
decision-makers to leverage analytics to enhance patient care and reduce costs. However, challenges arise
in adopting big data analytics due to slow decision-making processes in hospitals. This raises concerns
regarding the timeliness and effectiveness of data in influencing healthcare management. Data analytics is
crucial for personalized medicine, revealing insights about patients through various forms of information,
including electronic health records and wearable devices. The initial phase involves descriptive analytics
that answers basic questions concerning demographics and past patient outcomes. As hospitals analyze
historical data, predictive analytics employs machine learning to identify patterns, estimate patient
outcomes, and spot at-risk patients. Lastly, prescriptive analytics further refines policy design and
optimization, enhancing healthcare delivery [27-317.
CONCLUSION
Data analytics is a cornerstone of personalized medicine, enabling a shift from one-size-fits-all care to
tailored therapeutic strategies grounded in individual variability. Through the application of advanced
analytical techniques, diverse data types from genomic sequences to behavioral logs can be harmonized to
inform clinical decisions, optimize outcomes, and reduce healthcare costs. Despite its transformative
potential, personalized medicine faces significant challenges, including inconsistent data structures,
algorithmic bias, and privacy concerns. Addressing these issues requires robust frameworks for data
integration, transparent modeling, and adherence to ethical standards. As technologies and computational
tools evolve, the role of data analytics will become even more crucial, empowering clinicians, researchers,
and patients to co-create a more responsive and precise healthcare ecosystem.

REFERENCES

This is an Open Access article distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work is properly cited.

Page | 128



10.

11.

12.

13.

14

16.

17.

18.

19.

20.

Martinez-Garcia M, Herndndez-Lemus E. Data integration challenges for machine learning in
precision medicine. Frontiers in medicine. 2022 Jan 25;8:7844:55.

Agarwal A, Pritchard D, Gullett L, Amanti KG, Gustavsen G. A quantitative framework for
measuring personalized medicine integration into us healthcare delivery organizations. Journal
of Personalized Medicine. 2021 Mar 12;11(8):196. mdpi.com

Razzak MI, Imran M, Xu G. Big data analytics for preventive medicine. Neural Computing and
Applications. 2020 May;32(9):4417-51.

Alyass A, Turcotte M, Meyre D. From big data analysis to personalized medicine for all:
challenges and opportunities. BMC medical genomics. 2015 Dec;8:1-2.

Lane WJ. Recent advances in blood group genotyping. Annals of Blood. 2021 Sep 30;6.

Kumawat S, Raturi G, Dhiman P, Sudhakarn S, Rajora N, Thakral V, Yadav H, Padalkar G,
Sharma Y, Rachappanavar V, Kumar M. Opportunity and challenges for whole-genome
resequencing-based genotyping in plants. Genotyping by sequencing for crop improvement.
2022 Apr 20:38-51. researchgate.net

Benchimol EI, Smeeth L, Guttmann A, Harron K, Moher D, Petersen I, Serensen HT, von Elm
E, Langan SM, RECORD Working Committee. The REporting of studies Conducted using
Observational Routinely-collected health Data (RECORD) statement. PLoS medicine. 2015 Oct
6;12(10):1001885.

Ahuja L, Singh B, Simon R. Data Cleaning: Paving a Way for Accurate and Clean Data. Global
Journal of Enterprise Information System. 2024 Jun 25;16(1):18-25. gjeis.com

Castelli FA, Rosati G, Moguet C, Fuentes C, Marrugo-Ramirez J, Lefebvre T, Volland H,
Merkogi A, Simon S, Fenaille F, Junot C. Metabolomics for personalized medicine: the input of
analytical chemistry from biomarker discovery to point-of-care tests. Analytical and
Bioanalytical Chemistry. 2022 Jan;414(2):759-89. springer.com

Verma D, Kapoor S. Omics approach for personalized and diagnostics medicine. InlIntegrative
Omics 2024 Jan 1 (pp. 175-185). Academic Press.

Giacomelli R, Afeltra A, Bartoloni E, Berardicurti O, Bombardieri M, Bortoluzzi A, Carubbi F,
Caso F, Cervera R, Ciccia F, Cipriani P. The growing role of precision medicine for the
treatment of autoimmune diseases; results of a systematic review of literature and Experts’
Consensus. Autoimmunity reviews. 2021 Feb 1;20(2):102738. unife.it

Vilela J, Asif M, Marques AR, Santos JX, Rasga C, Vicente A, Martiniano H. Biomedical
knowledge graph embeddings for personalized medicine: Predicting disease-gene associations.
Expert Systems. 2023 Jun;40(5):e13181. wiley.com

Alkhatib R, Gaede KI. Data management in biobanking: strategies, challenges, and future
directions. BioTech. 2024 Sep 2;13(3):34.

Brancato V, Esposito G, Coppola L, Cavaliere C, Mirabelli P, Scapicchio C, Borgheresi R, Neri E,
Salvatore M, Aiello M. Standardizing digital biobanks: integrating imaging, genomic, and
clinical data for precision medicine. Journal of Translational Medicine. 2024 Feb 5;22(1):136.
springer.com

Baiyewu AS. Overview of the role of data analytics in advancing health service. Open Access
Library Journal. 2023 Jun 6;10(6):1-9.

Batko K, Slezak A. The use of Big Data Analytics in healthcare. Journal of big Data. 2022 Jan
6;9(1):3.

Ugwu CN, Ugwu OP, Alum EU, Eze VH, Basajja M, Ugwu JN, Ogenyi FC, Ejemot-Nwadiaro
RI, Okon MB, Egba SI, Uti DE. Medical preparedness for bioterrorism and chemical warfare: A
public health integration review. Medicine. 2025 May 2;104(18):e42289.

Pamulaparthyvenkata S. Unlocking the Adherence Imperative: A Unified Data Engineering
Framework Leveraging Patient-Centric Ontologies for Personalized Healthcare Delivery and
Enhanced Provider-Patient Loyalty. Distributed Learning and Broad Applications in Scientific
Research. 2022;8:46-73. researchgate.net

Levine DS, Drossman DA. Addressing misalignments to improve the US health care system by
integrating patient-centred care, patient-centred real-world data, and knowledge-sharing: a
review and approaches to system alignment. Discover Health Systems. 2022 Dec 1;1(1):8.

Chan SL, Wong N, Lam WIJ, Kuang M. Personalized treatment for hepatocellular carcinoma:
Current status and future perspectives. Journal of Gastroenterology and Hepatology. 2022
Jul;37(7):1197-206. wiley.com

This is an Open Access article distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work is properly cited.

Page | 129


https://www.mdpi.com/2075-4426/11/3/196
https://www.researchgate.net/profile/Pallavi-Dhiman/publication/359670834_Opportunity_and_Challenges_for_Whole-Genome_Resequencing-based_Genotyping_in_Plants/links/63b73da6a03100368a567b51/Opportunity-and-Challenges-for-Whole-Genome-Resequencing-based-Genotyping-in-Plants.pdf
https://gjeis.com/index.php/GJEIS/article/download/758/697
https://link.springer.com/content/pdf/10.1007/s00216-021-03586-z.pdf
https://sfera.unife.it/bitstream/11392/2451990/3/Giacomelli_Growing_2021.pdf
https://onlinelibrary.wiley.com/doi/pdf/10.1111/exsy.13181
https://link.springer.com/content/pdf/10.1186/s12967-024-04891-8.pdf
https://www.researchgate.net/profile/Saigurudatta-Pamulaparthyvenkata/publication/386875345_Unlocking_the_Adherence_Imperative_A_Unified_Data_Engineering_Framework_Leveraging_Patient-Centric_Ontologies_for_Personalized_Healthcare_Delivery_and_Enhanced_Provider-Patient_Loyalty/links/675a3f356150084b45fe49ad/Unlocking-the-Adherence-Imperative-A-Unified-Data-Engineering-Framework-Leveraging-Patient-Centric-Ontologies-for-Personalized-Healthcare-Delivery-and-Enhanced-Provider-Patient-Loyalty.pdf
https://onlinelibrary.wiley.com/doi/pdfdirect/10.1111/jgh.15889

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Yang X, Yang C, Zhang S, Geng H, Zhu AX, Bernards R, Qin W, Fan J, Wang C, Gao Q.
Precision treatment in advanced hepatocellular carcinoma. Cancer Cell. 2024 Feb 12;42(2):180-
97. sciencedirect.com

Adesina AA, Iyelolu TV, Paul PO. Optimizing business processes with advanced analytics:
techniques for efficiency and productivity improvement. World Journal of Advanced Research
and Reviews. 2024;22(8):1917-26. wjarr.co.in

Duan L, Da Xu L. Data analytics in industry 4.0: A survey. Information Systems Frontiers. 2024
Dec;26(6):2287-303.

Ugwu CN, Ugwu OP, Alum EU, Eze VH, Basajja M, Ugwu JN, Ogenyi IFFC, Ejemot-Nwadiaro
RI, Okon MB, Egba SI, Uti DE. Sustainable development goals (SDGs) and resilient healthcare
systems: Addressing medicine and public health challenges in conflict zones. Medicine. 2025 Feb
145104(7):e41535.

Chopade SS, Gupta HP, Dutta T. Survey on sensors and smart devices for IoT enabled
intelligent healthcare system. Wireless Personal Communications. 2023 Aug;131(3):1957-95.
Islam MM, Nooruddin S, Karray F, Muhammad G. Internet of things: Device capabilities,
architectures, protocols, and smart applications in healthcare domain. IEEE Internet of Things
Journal. 2022 Dec 13;10(4):3611-41. [PDF_

Alemayehu D, Berger ML. Big Data: transforming drug development and health policy decision
making. Health Services and Outcomes Research Methodology. 2016 Sep;16:92-102.

Arevian AC, Bell D, Kretzman M, Kasari C, Narayanan S, Kesselman C, Wu S, Di Capua P, Hsu
W, Keener M, Pevnick J. Participatory methods to support team science development for
predictive analytics in health. Journal of clinical and translational science. 2018 Jun;2(3):178-82.
Gupta NS, Kumar P. Perspective of artificial intelligence in healthcare data management: A
Journey towards precision medicine. Computers in biology and medicine. 2023 Aug
1;162:107051.

Paul-Chima UO, Ugwu CN, Alum EU. Integrated approaches in nutraceutical delivery systems:
optimizing ADME dynamics for enhanced therapeutic potency and clinical impact. RPS
Pharmacy and Pharmacology Reports. 2024 Oct;3(4):rqae024.

Sahu M, Gupta R, Ambasta RK, Kumar P. Artificial intelligence and machine learning in
precision medicine: A paradigm shift in big data analysis. Progress in molecular biology and
translational science. 2022 Jan 1;190(1):57-100. THTML

This is an Open Access article distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work is properly cited.

Page | 130


https://www.sciencedirect.com/science/article/pii/S1535610824000126
https://wjarr.co.in/sites/default/files/WJARR-2024-1960.pdf
https://arxiv.org/pdf/2204.05921
https://www.sciencedirect.com/science/article/pii/S1877117322000436
https://doi.org/10.59298/ROJESR/2025/4.2.124130

