
Data integration (DI) is the process of combining and harmonizing 
data from multiple heterogeneous sources to promote its 
exploitation and facilitate its transparent management. This study 
explores interoperability solutions with a specific focus on its 
applications in healthcare.

Figure 1. Data Integration System Components

Challenges in healthcare interoperability such as poor data quality, 
data protection, and compatibility issues will be further explored for 
each tool presented. Addressing these challenges is vital for 
maximizing the value of big data. 

OPTIQUE
an advanced virtual data integration system of various data 
sources, with an easy-to-use query interface and leveraging 
ontology-based data access (OBDA) for efficient integration.

CLIO
a semi-automatic tool developed by the IBM Almaden 
Research Center facilitating data integration and exchange. It 
was the first to use mappings to exploit relationships between 
heterogeneous schemas and facilitate data exchange.

SQUERALL
Enables virtual access allowing users to query diverse big 
data in real-time without data transformation and efficient 
distributed query processing, establishing the concept of a 
Semantic Data Lake.

ODIN
an automated system developed by the DTIM-UPC group, 
designed to incrementally integrate diverse data sources into 
dataspaces, and user feedback to generate integrated results 
and providing user-friendly querying mechanisms.

FAIR4HEALTH DATA CURATION TOOL
acts as an Extract-Transform-Load (ETL) tool based on HL7 
FHIR resources and aligns with the FAIRification process. 
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1. INTRODUCTION

Existing DI systems exhibit strengths in improving data quality, 
bridging the gap between data producers and users, and resolving 
schema and data conflicts. In particular, ODIN and Squerall address 
the most challenges.

Figure 2. High-level Architecture of Odin [7]     Figure 3. Semantic Data Lake Architecture [6]

However, there are areas that require further attention, such as data 
protection and addressing near real-time requirements. By 
addressing these challenges, the healthcare industry can achieve 
improved interoperability for better patient care and decision making.

5. CONCLUSION

3. SOLUTIONS

FAIR DATA 
PRINCIPLES

(Findable, Accessible, 
Interoperable, Reusable) 
framework to improve 
the infrastructure & 
reuse of scholarly data

EUROPEAN 
INTEROPERABILITY 
FRAMEWORK

guidelines and principles 
to ensure interoperability 
of data within the EU

FAST HEALTHCARE 
INTEROPERABILITY 
RESOURCES (FHIR)

standardized approach 
for sharing electronic 
health records & other 
health-related data

2. STANDARDS
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DI system architectures were compared based on their components:

Table 1. DI Systems Architecture Comparison

Each system was then assessed based on their ability to address 
each of the interoperability challenges [8], particularly for healthcare:

Table 2. Challenges addressed by each DI System

4. ANALYSIS

DI System Supported Data Sources Bootstrapping Schema matching Schema 
integration Query

Clio Relational and nested schemas Input Input Simple merge, 
Incremental

Yes

Optique Relational, Sensor, Stream Provided and 
extracted

Input Simple merge Yes

ODIN Structured (e.g., relational) and 
semi-structured (e.g., JSON)

Provided and 
extracted

Enhanced LogMap, 
NextiaDI, Manual

Simple merge, 
Incremental

Yes

FAIR4Health 
Data Curation 
Tool

Relational databases, Files, 
semi-structured and structured 
medical data sources

Provided and 
extracted

Input Simple merge -

Squerall No relational, and relational data 
sources (Databases, raw files, and 
structured data)

Input Input Simple merge Yes
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Clio Optique ODIN DCT Squerall

Enhance data quality
✔ ✔

Heuristics - 
Schema quality

✔
Compliance checks

✔
Data validation 

phase

✔

Data protection
✔

De-identification & 
pseudonymization*

Decoupling between data 
producers & users

✔ ✔
User interface

✔
User interface

✔ ✔

Schema-level and 
data-level conflicts

✔
Matching: LogMap 

and NextiaJD

Demand for near 
real-time analytics

✔
Streaming 

✔
Data Lake

Intersystem interfaces & 
compatibility

✔
Relational 

✔
Sensors, Streaming

✔
Structured and 
semi-structured

✔
Medical domain

✔
Relational and 

nonrelational db

Scope and scalability ✔
Incremental

✔ ✔
Incremental

✔
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