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Integration of medical data is a critical component of the functioning of modern 
healthcare systems and a primary task of personalized medicine. Aggregating 
data from disparate sources, such as electronic medical records and medical 
devices, allows service providers to obtain a complete picture of patients' health 
status and optimize workflows.
It is noted that the strategy of integration is closely linked with the logic of 
medical data compatibility. The problems of integration also reflect in the tasks of 
creating Portfolios for physicians and pharmacists. Research objective. Summary 
of biomedical data compatibility issues. It is emphasized that data compatibility 
depends on the consistency of standards applied in programs. The quality of data 
also requires special attention. This directly affects the quality of the decisions 
made. Although data interoperability is one of the primary requirements of 
information and communication systems (ICS), it is often overlooked. As a result, 
data exchange is not performed, significantly limiting the flow of information. 
The problem of large dimensionality is also serious. It is evident that such 
multidimensional and labor-intensive computational processes are a primary 
task for modern algorithms and models of artificial intelligence (AI) and machine 
learning (ML).
It is highlighted that one of the ways to solve the problems of standardization and 
integration of large-scale medical data are metadata, which are also useful for 
improving statistical analysis, probabilistic models, and ML models. Conclusions. 
1. Precision Medicine (4P Medicine) was introduced as a new paradigm approach 
to healthcare with a more predictable, preventive, personalized, and participatory 
manner. Precision medicine is closely related to data-intensive approaches, as 
well as to ML and AI. 2. Integration of data for placement in structures useful 
for precision medicine is only possible after several previous stages of their 
processing, namely: data (metadata) collection, processing, obtaining 'clean' data, 
data compression. 3. To realize the prospects of precision medicine, approaches 
to computational learning must evolve with the help of well-chosen and well-
integrated digital data ecosystems.

Integration of medical data, interoperability of medical data, Portfolio of 
doctors and pharmacists, information and communication systems, 4P Medicine, 
interoperable data standards, metadata
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1. Introduction

The primary goal of precision medicine is the aggregation and integration of extensive arrays of 
diverse data into analytical structures that enable the development of individualized, context-dependent 
diagnostic and therapeutic approaches. In this regard, artificial intelligence (AI) and machine learning 
(ML) approaches can be used to construct analytical models for complex diseases and be utilized in 
predicting personalized health outcomes. 1

Computational approaches in medicine are characterized by large datasets that combine both structured 
and unstructured formats. Clinical and biomedical data offer a wide selection of shapes and formats, 
sizes, complexity levels, and are often poorly annotated and unstructured, creating heterogeneity in many 
situations. For instance, various types of variables (different encoding), different datasets (electronic 
health records [EHRs] from different hospitals), inconsistent distributions or scaling, diverse modalities 
of data (continuous signals, intervals, categories, etc.), and different formats (various standards of 
medical reporting). Each of these issues poses a challenge for effective modeling using AI and ML.

A range of problems also arises in analyzing medical data in modern personalized medicine settings, 
depending on time, available computational power, and bioethical constraints. One of the primary 
challenges in deriving knowledge from electronic medical records is that they represent extremely 
heterogeneous data sources with complex arrays of quantitative, qualitative, and transactional data.
Different types of data include ICD (International Classification of Diseases) codes, biochemical and 
laboratory analyses, clinical (textual) notes, historical archives of medical interventions, treatment 
methods. These data sources are often collected by dozens of people, separately for each case, making 
the data from Electronic Health Records (EHR) quite challenging to analyze. EHRs were not designed 
as a resource for automated learning; hence the data structures representing information for preservation 
were not considered during their usage. As EHRs are primarily adapted for clinical and hospital logistics, 
modeling such data and training AI algorithms based on them often encounter problems related to 
structural heterogeneity or issues of adaptation through existing strategies or by redesigning these 
medical records. 2,3 The problem of dimensionality is also significant. The dimensionality problem is 
particularly evident in the case of genomic and transcriptomic analysis, where the number of genes or 
transcripts is about tens of thousands, while the number of samples seldom exceeds a few hundred or a 
few thousand.

2. Research objective

Summarize the problems of compatibility of biomedical data. Our work is aimed at presenting general 
options for approaches to overcoming these problems by applying machine learning and artificial 
intelligence to analyze biomedical and health-related data in the context of precision medicine.The 
methodological basis of the study is the conceptualization of contemporary problems of ensuring the 
compatibility of biomedical data.

3. Discussion

Since the late 20th century, the field of medicine and healthcare has employed an approach to the 
proper verification of existing clinical and biomedical research, known as evidence-based medicine 
(EBM). It aims at the comprehensive utilization of confirmed accumulated scientific and clinical data 
for the development of health-related measures and policies. With the emergence of large, qualitatively 
selected data arrays obtained from large-scale clinical trials (large-scale data analytics, LSDA) and 
powerful methods of such data analysis as well as the development of mechanisms for converting them 
into useful information, the ideals of EBM have been incorporated into Precision Medicine. 5 Later, 
biological databases were added to such data, which include individual EHR data as well as social 
information (social determinants of health). 6,7 
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Advancements in artificial intelligence play a central role in the development of such integrated 
structures. Data integration indeed is a highly complex task. The ability to perform complex queries, 
construct heterogeneous models, and develop hierarchically nested data search operations in multiple 
databases is the primary goal of data integration strategies, useful for artificial intelligence and machine 
learning models in precision medicine.

The necessity of exchanging clinical research data to ensure the reproducibility of results, plan subsequent 
research stages, perform quantitative comparisons of diagnostic or treatment methods' effectiveness, 
accelerate the reporting of results, and ensure continuous medical education becomes evident. Optimal 
utilization of shared data is associated with the need for their standardization, which becomes a central 
task in both medical research and personalized clinical practice.

In resolving issues of standardization and integration of large-scale medical data (LSDA), metadata 
have become a central element in modern solutions, which can help to ensure efficient exchange, 
analysis, and usage of information in healthcare. For this reason, the aspiration to create high-quality, 
well-formatted, and standardized metadata has become highly relevant. 8

Metadata also prove useful in enhancing statistical analysis, probabilistic models, and ML models. The 
use of metadata can improve query optimization through resampling and initial loading, standardization 
of data sets, and as an auxiliary source for multi-dimensional Bayesian analysis, and analysis of datasets 
with different dynamic ranges. 9‒12

Integration of multiple data sources and metadata further requires the design, development, and 
implementation of analysis algorithms capable of processing heterogeneous data in conditions of 
noise accumulation, false correlations, and random endogeneity, while maintaining a balance between 
statistical accuracy, computational efficiency, and interpretability. Addressing such issues may require 
new models for the implementation of metadata reporting standards.
Standardization of the method of presentation and acquisition of metadata in biomedical and clinical 
settings is critically important for the development of comprehensive machine learning approaches that 
fully utilize these unified data structures. 13

The current development of complex and quite effective AI algorithms and the accompanying 
proliferation of large-scale data sources in biomedical conditions have heightened expectations regarding 
the many potential benefits that can be derived from the combination of "good" methods and "good" data 
("clean" data). However, to make these large volumes of data useful for creating high-quality artificial 
intelligence models, it is necessary to address not only the dimensionality challenge. There's a need to 
create a system of "clean" data that can amalgamate diverse sources, technologies, infrastructures, and 
processes for the collection, storage, processing, analysis, and utilization of medical data in a specific 
organization or in the industry as a whole. Such systems are called digital data ecosystems.
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Figure 1. Digital data ecosystems.

A data ecosystem creates a conducive environment for data management and utilization in making 
informed decisions, refining processes, and achieving strategic goals. It consists of various elements 
such as software, hardware, data, and people, fostering communication and collaboration at different 
stages.
In the context of healthcare, a digital data ecosystem can also denote a set of digital platforms and 
technologies used for interaction with doctors, patients, and other stakeholders based on prepared data 
of any nature and origin. The digital ecosystem should eliminate barriers in the diagnosis and treatment 
of patients and enable each participant to utilize the most advanced technologies and systems to meet 
their needs.

Conclusions.
1.	 Precision Medicine (4P Medicine) is introduced as a new paradigm approach to healthcare, 

characterized by more predictive, preventive, personalized, and participatory methods. Precision 
Medicine is closely linked with data-intensive approaches, as well as with ML (machine learning) 
and AI (artificial intelligence).								      
	

2.	 The integration of data for placement in structures beneficial for precision medicine is only possible 
after several preceding stages of data processing, namely: data (metadata) collection, processing, 
obtaining "clean" data, and data compression.							     
	

3.	 To realize the prospects of precision medicine, approaches to computational learning must evolve 
with the help of well-selected and well-integrated digital data ecosystems.
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