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Abstract—The vision of personalized medicine has led to an 

unprecedented demand for acquiring, managing and exploiting 

health related information, which in turn has led to the devel-

opment of many e-Health systems and applications. However, 

despite this increasing trend only a limited set of information is 

currently being exploited for analysis and this has become a ma-

jor obstacle towards the advancement of personalized medicine. 

To this direction, this paper presents the design and implemen-

tation of a content aware health data-analytics framework. The 

framework enables first the seamless integration of the availa-

ble data and their efficient management through big data man-

agement systems and staging environments. Then the integrated 

information is further anonymized at run-time and accessed by 

the data analysis algorithms in order to provide appropriate sta-

tistical information, feature selection correlation and clustering 

analysis.  

Keywords—Data Analysis, Data Mining, Heath data integra-

tion, IHE profiles, semantic interoperability. 

I. INTRODUCTION  

Healthcare is challenged by large amounts of data that is 

diverse, unstructured and growing exponentially. The heter-

ogeneity and scale of such data (clinical, environmental, life-

style, etc.) raises the demand for seamless data access along 

with the availability of powerful, reliable and efficient data 

analysis operations, tools and services. Obviously, the 

amount of information available, the heterogeneity of it and 

the wide range of terminologies/ontologies available to 

model this information, dictate the identification of a solution 

able to handle all this data. 

Health data analytics provide mechanisms able to identify 

patterns or trends in data, screen pre-frailty states and provide 

different views of data for new management plans. Data min-

ing consists of various methods and algorithms, which have 

been applied to many research areas, and the healthcare do-

main is not an exception [1, 2]. Understanding and extracting 

knowledge from healthcare data, formed the need for ad-

vanced analytical methodologies that can effectively trans-

form data into meaningful and actionable information [3].  

The major challenge in healthcare analytics is not the data 

mining algorithms, per se, but rather the framework which 

leverages legions of disparate, structured, and unstructured 

data [4]. Analytics can provide insides and draw conclusions 

for the data only if the data source(s) have been appropriately 

integrated and populated by reliable content.  

To this end, we propose an analytics framework over a 

well-defined mutli-layer approach, which provides efficient 

management of big data, seamless integration using seman-

tics and standards, secure interaction and anonymization of 

data for public open access and a modular analytics frame-

work able to incorporate advanced algorithm. The bottom 

layer can retrieve effectively data from disparate sources and 

combine those utilizing IHE Profiles [5], the second layer is 

responsible for the semantic integration and the efficient 

management of heterogeneous big data, the anonymization 

and data access, and the third layer provides a user-friendly 

analytics portal. The proposed framework has been adopted 

by the iManageCancer European project [6] as an open ac-

cess tool to any researcher for analysing anonymized, health 

related data. The framework was empirically evaluated by 

experts using artificial but realistic data that exist in real med-

ical databases such as patients’ admission details, de-

mographics, laboratory exams, medications, wellbeing data 

from smart phones and smart watches, etc. 

This paper describes a framework for data analytics over 

health related big data sources. It presents the system’s archi-

tecture in Section 2 by means of describing (i) the heteroge-

neous health sources integration by means of the IHE tech-

nical framework, (ii) the staging big data environment and 

the semantic layer, both feeding (iii) the Data Analysis Layer. 

Section 3 provides preliminary results from the iMan-

ageCancer project and section 4 concludes. 

II. SYSTEM ARCHITECTURE 

Analytical services try to go much further than traditional 

statistics by examining the raw data and then attempting to 

hypothesize relationships within the data. As shown in Fig. 1 

on the top, data analysis and data mining is an iterative ap-

proach, which combines data from the semantic layer and the 

big data staging environment, pre-processes the data, per-

forms the analysis and provides the results for visualization 

based on the data distillation model. The loop closes with the 

interaction of the end user who can refine the results and con-

tinue with a drill-down analysis to extract knowledge from 

patient cohorts with specific criteria.  



2 

ICBHI2017 

The proposed architecture consists of three layers. The 

data analytics layer, the semantic layer and the heterogeneous 

health sources integration layer. In the next sections, we an-

alyze in detail each one of the aforementioned layers. 

Fig. 1: The reference architecture of the proposed analytics framework 

A. Heterogeneous health sources integration using IHE 

IHE profiles have the potential to support the sharing of 

health information in a secure, reliable and incremental man-

ner across the different points of care, through authorized and 

validated interaction with existing systems and tools. This re-

quires the existence of a commonly agreed interoperability 

framework to be in place, including (amongst other) detailed 

conformance statements for each domain under considera-

tion. Implementations of software must be in accordance 

with the specifications described by IHE Profiles [5], such as 

those for Cross Document Sharing (XDS),  Patient Identifier 

Cross Referencing (PIXv3), Patient Demographics Query 

(PDQv3), Cross Community Access (XCA), and Cross Com-

munity Patient Discovery (XCPD) for peer-to-peer querying 

and retrieve with other communities. 

Cross-organization health data sharing translates into 

complex security policies that need to be uniformly man-

aged and enforced. New complex requirements include for 

example the capability of dealing with data-binding concepts 

such as ‘purpose of use’ and ‘conditions on use’ [REF3]. 

                                                         
3 D. W. Chadwick and S. F. Lievens, “Enforcing ‘sticky’ security 

policies throughout a distributed application,” MidSec ’08 Proc. 

2008 Work. Middlew. Secur., pp. 1–6, 2008. 
4 Haridimos Kondylakis, Anca Bucur, Feng Dong, Chiara Renzi, 

Andrea Manfrinati, Norbert Graf, Stefan Hoffman, Lefteris Kou-

makis, Gabriella Pravettoni, Kostas Marias, Manolis Tsiknakis 

The IHE Quality, Research and Public Health (QRPH) do-

main [10] addresses the information exchange and electronic 

health record content standards that are necessary for the 

sharing of information relevant to quality improvement in pa-

tient care, clinical research and public health monitoring. IHE 

QRPH addresses the infrastructure and content necessary to 

share information relevant to quality improvement, improve 

the liaison between the primary care system and clinical re-

search and provide population base health surveillance, 

which are all reliant on the secondary use of data gathered in 

clinical care. Some examples of relevant IHE QRPH profiles 

indicatively include the Clinical Research Process Content 

[11] and the Research Matching [12].   

Having in our disposal the IHE profiles, we can rely on a 

health information ecosystem, with well-defined interopera-

bility standards for every health related sources such as Elec-

tronic Health Records, Personal Health Records, lifestyle 

monitoring, laboratory results, etc. 

B. Semantic Layer and Application Programming Interface 

The semantic layer consists of two main sub-layers, i.e. 

the big data lake and the integrated information layer. On top 

of these layers APIs use various data services to provide ac-

cess to the available information exploiting anonymization 

services according to the security/ethical requirements. Bel-

low we explain in detail each one of those components. 

Data Lake Layer 

Presented architecture's big data lake layer corresponds to 

IHE ingestion layer. In the data lake, various information ex-

ists in its proprietary form and is further processed and 

cleaned as a first step of data management. Various databases 

are staged in this layer such as PostgreSQL storing the PHR 

patient information, MySQL for storing the recommenda-

tions to the patients and the corpus to be recommended, Cas-

sandra DBs for staging big data available (e.g. activity mon-

itoring data, sensor data etc.) and other DBs for storing the 

pushed information from external sources. 

Integrated Information Layer 

Selected information out of the data lake layer is mapped 

to a modular ontology, the IMC Semantic Core Ontology, de-

veloped as part of the iManageCancer project4. Then, data are 

semantically uplifted (through an ETL process), and stored 

in a Virtuoso Triple Store. A benefit of the approach is that 

we can recreate from scratch the resulting triples at any time. 

and Stephan Kiefer, iManageCancer: Developing a platform for 

Empowering patients and strengthening self-management in can-

cer diseases, 30th IEEE International Symposium on Computer-
Based Medical Systems - IEEE CBMS 



 3 

ICBHI2017 

However, for reasons of efficiency the data integration en-

gine periodically transforms only the newly inserted infor-

mation by checking the data timestamps. In this process sum-

marization tools [13] allow the quick exploration and 

understanding of the available information enabling subse-

quent query formulation. 

Data Access Services (APIs) 

 

 Both the integrated information and the staged infor-

mation at the data lake can be queried using appropriate Data 

Access Services through the appropriate APIs. The APIs 

transform the user request to the appropriate query language 

(CQL, SQL or SPARQL) and forward the query to the ap-

propriate source. The analytics framework usually queries 

the integrated information since we would like to analyze the 

linked information between the sources.  

C. Data Analysis Layer 

The objective of the analytical framework is to extract in-

formation from the diverse health data sources and transform 

it into an understandable structure for better knowledge and 

further use. The platform is modular enough and allow any 

data-mining algorithm to be directly embedded in the whole 

workflow. As we can see from the high-level architecture 

(Fig. 1 on the top), the components of the analytical frame-

work are the query builder, analysis and visualization. 

 
Fig. 2: Query builder example 

Query Builder 

Query builder is the place where the end user poses the 

research question and pull the anonymized data from the data 

lake. Since the end users can be also non-IT experts the 

graphical interface intended to be simple but yet powerful 

enough for complex queries. The user actually draws an 

SQL-like query with his/her preconditions and selects the at-

tributes that would like to retrieve data from. The implemen-

tation is based on graphs and the user has to create/draw a 

graph where each node is a feature with specific conditions 

(e.g. the user wants to view data for all the patients with age 

over 18), while the edges represent the logical condition be-

tween the features. The query builder provides the possibility 

to the user to create more complicated queries using groups 

e.g. (age under 40 OR age over 60) AND gender male as 

shown in . 

Visualization 

Query builder provides the capability to the user to view 

more statistics of the generated query at any time and up-

date/modify the query accordingly. The results of each query 

can be viewed in a graphical way, using various charts, ena-

bling further exploration and enhancement. Each chart can be 

used as a filter and give instant feedback. The graphical view 

of the query results from an example query is shown in Fig. 

3: Features with numeric values such as Age are visualized 

as bars charts while the nominal features such as Gender are 

visualized as pies. The total number of patients is shown to 

the right of the viewer area. All the charts can be used as sin-

gle filters or multiple filters (using the logical AND operation 

for more than one filters).   

 
Fig. 3: Visualization 

Data Analysis 

Data mining consists of various methods and algorithms, 

which have been applied to many research areas and the 

healthcare domain is not an exception. Main objective of the 

analytics framework is to hide the complexity of data mining 

from the end user.  

Handling of the diverse and large amount of data is sup-

ported by feature elimination algorithms, typically used in 

the demanding domain of bioinformatics [14, 15] while clus-

tering algorithms provide similarity matching to cases/pa-

tients. The reduction of the feature set and the selection of the 

most relevant features could help to cope with highly dimen-

sional data (e.g. lifestyle data from smart devices), reduce 

computational cost, and improve classification performance. 

The framework uses the principal variables [16] in order to 

select a subset of variables that contain, in some sense, as 
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much information as possible and propose the most informa-

tive variables of a cohort to the end user.  

One of the most important questions in data analysis is to 

find the “similar” cases/records in our data. Cluster analysis 

has been widely used in patient orientated management strat-

egies and identify discrete groups of patients with specific 

combinations of comorbid conditions [17]. The analytics 

framework uses the K-Means algorithm [18], one of the well-

known unsupervised learning algorithms, which clusters data 

by trying to separate samples in n groups of equal variance, 

minimizing a criterion known as the inertia or within-cluster 

sum-of-squares.  

III. PRELIMINARY EVALUATION AND DISCUSSION 

The proposed data analysis framework has been adopted 

by the iManageCancer European project. The iMan-

ageCancer project aims to support chronic cancer treatment 

via a cancer disease self-management platform focusing on 

the wellbeing [19] and patient empowerment [20].  

As such the analytics framework has been linked with the 

iManageCancer data sources using the semantic and interop-

erability layers. During the implementation of the aforemen-

tioned analytics platform, the iManageCancer pilots were in 

the process of preparation. Therefore, no real data were avail-

able. For that reason, we generated artificial but realistic data 

for testing and development of the framework and the algo-

rithms. The framework, using the artificially generated data, 

was empirically evaluated by four experts (two physicians, 

one research nurse and one data analyst) As it was expected 

the end users focused mainly on the visualization of data and 

analysis rather that the analytical algorithms. They identified 

the whole framework as a highly added-value instrument, 

easy to be understood and used. The query builder was the 

only part of the analysis workflow that the users were not fa-

miliar but after a while, using the trial and error method, all 

the users managed to create simple and complex queries. The 

results of a thorough evaluation, with real-datasets will be 

published in a follow-up after the completion of the pilots. 

IV. CONCLUSIONS  

Nowadays, medicine combines data collected over time 

about an individual’s genetics, environment, and lifestyle and 

focuses on the integrated diagnosis, treatment and prevention 

of disease in individual patients [21]. While the goal is clear, 

the path to such advances has been fraught with roadblocks 

mainly in the data management and data integration areas.  

We propose a multi-layer framework architecture and we 

believe that consolidating healthcare data into comprehen-

sive and coherent assets with an analytics frontend on top will 

aid in the precision medicine area. The architecture is able to 

combine heterogeneous healthcare sources by exploiting IHE 

profiles, integrate efficiently big data using semantics and 

provide anonymized healthcare data over a modular analytics 

framework. The proposed architecture/ framework has been 

adopted by the iManageCancer project but it could also be 

used out of the project's context. 
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