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Executive Summary
This best practices report provides an overview of recommendations based on the challenges AEGLE project faced,
as well as some well selected guidelines that we followed from the very beginning of the project. The
recommendations can be used by future projects and initiatives trying to tackle similar issues. Some of the
challenges we faced are inherent to big data projects and for these challenges we offer solutions and best
practices from the AEGLE project to facilitate big data decision-making for future developers and policy makers.
Many of the issues we tackle relate to the data used in big data projects. For instance, the large volume of a
dataset does not guarantee the data quality and data completeness and limited follow-up time can challenge the
usefulness of datasets. A simple checklist can guide developers to try and keep development as efficient as
possible. Moreover, data structure and interdisciplinary communication is a common pitfall. Clarifying the
underlying structure of a database early on can improve efficiency.
Throughout development of big data solutions the decision must also be made whether the solution can be used
for research and/or clinical decision support. In this document, we illustrate how the two go hand in hand but a
clear assessment on the users and the scope of use can facilitate development and decision-making.
The legal and ethical complexity of secondary data use in the European Union was addressed in great detail in the
AEGLE project. Developers should consider that legal expertise throughout development is important. This
document offers guidance on how to request legal input throughout development of big data analytics for
healthcare. The solution Gnubila has incorporated in the AEGLE final product, consists of several data privacy
profiles for data uploaded into the FedEHR system aiming to preserve the privacy and alignment with the GDPR.
Furthermore, tools such as the PR anonymization matrix can guide decision-making by research ethics and data
access committees.
To conclude, communication of results to the public is crucial in order to enable knowledge spillovers. We offer
some guidance on the steps taken in dissemination and communication that could be used for further projects.
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1. Introduction
In this report we will present the lessons learned during the lifetime of the project and the best practices that have
been adopted. The main topics we considered important addressing are the following:


Data Quality and other challenges of developing big data solutions for healthcare



Networks extension and best practices for data sharing in research



Health Data Analytics: how to move from a research platform to a decision support platform - and back



Methodology for developing cost-effective solutions



Tips on how to request legal input in an EU Healthcare project and how to process it



Ethico-legal issues in healthcare big data



How to best perform Dissemination and Communication in H2020

On one hand, we present the difficulties the consortium faced, which a project with a similar focus should
anticipate. We provide recommendations on implemented practices that have worked in order to overcome the
aforementioned difficulties. On the other hand, we provide details on methodologies and practices that were
planned in advance and worked well throughout the project bringing timely results.
Overall, we present elaborate recommendations and guidelines for future projects and initiatives tackling similar
problems in order to facilitate an easier start and a more effective implementation of their activities. Moreover,
this enables third parties and stakeholders to benefit from our experience, avoid our mistakes and replicate our
successes.

2. Data quality and other challenges of developing big data
solutions for healthcare
Authors: John Rumbold (NTU) & Lytske Bakker (EUR)
When embarking on a Big Data study, there are two important questions: what are Big Data; and does my project
require Big Data? There is no universally accepted definition of Big Data. There are various alliterative lists of Vs,
but the fact that a given data set does not possess all the Vs does not exclude it from being Big Data. One
definition might be that the dataset requires high-powered computing and special techniques for analysis. The
most commonly accepted characteristics are the 5 Vs:
1.
2.
3.
4.
5.

Volume
Variety
Velocity
Veracity
Value (1)
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Several challenges can be expected when developing and implementing big data analytics. These challenges can
relate to the clinical relevance of the big data solution, the data quality used for development and the necessity of
a big data solution.

2.1 Clinically relevant problems
Big data solutions for healthcare consist of multiple components (i.e. cloud back-end, data management software,
analytics etc.). These components can be used to improve clinical decision-making (i.e. by performing research
using big data analytics) or when making clinical decisions (i.e. real-time clinical decision support). Many of these
components are not specific and can be used to address a variety of problems. However, it is best to consider how
they will be used as soon as possible. Early on during development the (clinical) problems the solution must solve
should be clarified. Different problems could lead to certain requirements and feasibility checks. Providing an
overview of all the clinically relevant problems a solution can address enables developers to select an alternative
problem when development for one problem fails. Moreover, sometimes a value proposition is better understood
by clinical users when translated into concrete clinical applications.
Providing an overview of the clinical problems that can be addressed is relevant both when big data is used to
generate hypotheses but also when it’s used to test hypotheses. With a hypothesis generating approach the
feasibility of further research into a correlation should also be tested for feasibility. Translating a correlation into a
concrete clinical problem and answer will then be the first step.

2.2 Data quality and other data challenges
As previously stated, the data sets available are often crucial to the type of study that can be performed. DAMA UK
defined six core dimensions of data quality:
1.
2.
3.
4.
5.
6.

Completeness
Uniqueness
Timeliness
Validity
Accuracy
Consistency (2,3)

Some of these correspond with characteristics associated with Big Data.
Completeness can be difficult to assess, if it is not known how often optional data ought to be recorded. In the
Diamond database for example, there are facilities to record many different measurements. The more
comprehensive the EHR, the greater the number of fields that will be empty for a particular episode.
Uniqueness means that the same datum is only recorded once. Also, that each patient will only have one entry in a
dataset (this will often require pseudonymisation, particularly if datasets are being combined).
Timeliness means that the data are updated in a timely fashion, so that the dataset reflects reality within a short,
defined time period. This corresponds with the velocity component of Big Data.
Validity means that the data conform to the syntax – the correct format, type, and range. Where lab values are
concerned, the range that is permissible should not be the normal range for the population. The purpose of the
normal range is for diagnosis. Patients will often have test results outside the normal range, because of the effect
of various disease processes. Therefore, the important criterion is the range of biologically plausible values.
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Accuracy is synonymous with veracity in this context. It means how well the recorded data responds with reality.
Consistency means that data are represented in the same way. This is particularly an issue when combining
datasets.
Another issue is how critical particular data are for a particular purpose. For example, the lack of a contact number
of next of kin makes no difference to our analytics but might be vital for an inpatient stay. Therefore, the overall
quality of the dataset may not be as important as the quality of select parts.

2.2.1 The AEGLE databases
We encountered some particular issues on the Diamond and Croydon databases that relate to these six
dimensions.
In the Diamond database, there were a number of different measures of visual acuity. There was only one
recorded in the Croydon database. It is impossible to combine these two datasets on this without knowing which
particular measure of visual acuity was used in the Croydon dataset. However, where one dataset has a composite
measure for cardiovascular disease, but the other has various types of cardiovascular disease listed separately, this
can be reconciled (at the cost of losing the more granular information).
There was an issue in the Diamond database with BMI values. This was most likely due to an error inputting the
values e.g. in the wrong units. This gave values orders of magnitude highest than the highest ever BMI values
recorded. Whilst it was likely that many of the BMI values would be highly abnormal, given the population studies,
it was mathematically impossible to achieve BMI values in the thousands or tens of thousands. The same would
also apply to creatinine values. Given that some of the patients would likely have end-stage renal disease,
massively elevated blood creatinine values were quite plausible. Thus liberal ranges for particular lab ranges were
required for validity assurance.
Confounding factors will affect the association between abnormal lab values and particular medications. For
example, an association was noted between captopril and hypoglycaemia on a French pharmacovigilance
database. This association was due to the frequent prescription of this medication to diabetics. Once this was
corrected for, the association disappeared (4). Therefore it is important to check that the range of information
available is sufficient to control for these factors before attempting to find these type of associations.
In AEGLE, we also faced challenges pertaining to the completeness of the Diamond, Croydon and CLL databases.
Repeatedly, insufficient follow-up of patients was available to enable appropriate analysis. Moreover, limited
patients fitted the in-and exclusion criteria in the dataset and an insufficient number of events occurred (i.e.
mortality, treatment received). Therefore answering particular questions was not always feasible. These challenges
should be identified early on so that limited time is wasted investing in analytics for a problem that cannot be
solved with the given dataset. This is challenging since development of big data analytics and big data analysis go
hand in hand.

2.3 Applicability of the solution
Other challenges relate to differences in communication and understanding between disciplines. Problems faced
by clinical experts when analysing large datasets may be considered easy to solve by software or computer
engineers experts. The clinical experts might consider it a big data problem whilst the engineer does not. This
could lead to investments in advanced solutions for a simple problem. Sometimes cheaper, simpler solutions are
available that could solve the issue that the clinician just hasn’t heard of. You’d want to avoid ‘the use of a cannon
to kill a fly’.
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2.4 Multidisciplinary effort
Development and implementation of big data analytics requires a multidisciplinary effort. Clinical experts need to
select clinically relevant problems that the big data analytics should solve. Therefore, a clinician from the prespecified clinical field in mind should be narrowly involved (i.e. if cardiology data is available a cardiologist should
be narrowly involved during development). Technical experts need to assess whether the problem proposed by
the clinical expert and the data available truly requires a big data approach. Moreover, because the clinical
problem to be solved has been clearly specified, developers can consider whether they have sufficient expertise
involved to generate the required solution (i.e. developer of CDSS or apps etc.)

2.5 Cost-effectiveness
When a problem is selected and it seems realistic to address it, developers can consider the impact of the
problem. Assessing the potential health benefits and financial impact for users could motivate developers to cease
development if the benefits are deemed insufficient.

2.6 Checklist
These challenges are not new to Big Data projects and several of them can be found in the literature (i.e. 5,6).
However we have tried to formulate very specific questions trying to avoid them. When developing big data
analytics for healthcare we advise developers to answer several questions during development. These questions
should be answered as soon as development commences but a continuous reassessment of the answers
throughout development is recommended.

-

-

-

-

MULTIDISCIPLINARY: Is sufficient clinical and technical expertise involved to develop a solution
that solves clinically relevant problems?
CLINICAL PROBLEMS: Which clinical problems could the big data analytics address?
Answers should be given in detail. It is recommended to have a concrete patient population,
outcome, intervention and comparator in mind (i.e. 7). Having a list of relevant clinical problems
allows developers to quickly switch to an alternative problem.
DATA FEASIBILITY: Will solving this problem be feasible given the available data?
Developers should evaluate data feasibility in terms of the number of patients fulfilling inclusion
criteria, with sufficient follow-up time, experiencing an event. Initially, a estimation could be
made based on an experts knowledge of the database. However, it is recommended to generate
some form of descriptive statistics from the data as soon as possible.
TECHNICAL APPLICABILITY: Should this problem be solved with big data analytics?
An expert can determine whether the problems noted by clinicians require a big data approach
to solve them. Perhaps easier, cheaper solutions are possible in which case alternative problems
should be selected. Furthermore, should datasets be combined (i.e. Diamond and Croydon) for
the analyses and is this considered feasible?
COST-EFFECTIVENESS: What is the potential health and financial impact of the clinical problem
to solve? Is the solution still an interesting investment considering the results?

2.7 References
1. Marr B. The 5 V’s of Big Data. Vol. 2016. 2015.
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Quality Assessment [Internet]. Group, DAMA UK Working. 2013 [cited 2018 Jul 18]. Available from:
https://www.whitepapers.em360tech.com/wpcontent/files_mf/1407250286DAMAUKDQDimensionsWhitePaperR37.pdf
3. EHDI. The Six Dimensions of EHDI Data Quality Assessment* Title Timeliness [Internet]. [cited 2018 Jul 18].
Available from: https://www.cdc.gov/ncbddd/hearingloss/documents/dataqualityworksheet.pdf
4. Moore N, Kreft-Jais C, Haramburu F, Noblet C, Andrejak M, Ollagnier M, et al. Reports of hypoglycaemia
associated with the use of ACE inhibitors and other drugs: a case/non-case study in the French pharmacovigilance
system database. Br J Clin Pharmacol [Internet]. 2003 Oct 2 [cited 2018 Jun 25];44(5):513–8. Available from:
http://doi.wiley.com/10.1046/j.1365-2125.1997.00615.x
5. Halamka, J. D. (2014). Early experiences with big data at an academic medical center. Health Affairs (Project
Hope), 33(7), 1132-1138.
6. Krumholz, Harlan M. "Big data and new knowledge in medicine: the thinking, training, and tools needed for a
learning health system." Health Affairs 33, no. 7 (2014): 1163-1170.
7. Buisman, L. R., Rutten-van Mölken, M. P., Postmus, D., Luime, J. J., Uyl-de Groot, C. A., & Redekop, W. K. (2016).
The early bird catches the worm: Early cost-effectiveness analysis of new medical tests. International Journal of
Technology Assessment in Health Care, 32(1-2), 46-53.

3. Networks extension and best practices for data sharing in
research
Authors: David Manset & Jérôme Revillard (Gnubila)
As stated in the first sentence of the AEGLE project DoW, “At the centre of health debates there are open
questions on what to do about data and how to produce value out of it, share it and secure it 1”. This is what
Gnubila intends to do since many years in different EU projects.
Anticipating the complex needs of GDPR in sensitive data protection and privacy matters, a first network of
hospitals and research centres was developed in the 2000s, in the EU FP5 MammoGrid project (Warren et al.,
2007), which made it possible to share sensitive medical data across renowned European centres in pioneering
breast cancer research, utilizing the so-called Grid (Foster et al., 2001). In doing so, initial developments were
achieved in anonymizing medical information (i.e., DICOM file headers and images, diagnostic reports) and in
securely sharing, indexing, cataloguing, and curating data.
Following on with an even more ambitious scope, Health-e-Child (Skaburskas et al., 2008) then pursued the
development of this distributed platform, inter-connecting several more centres and addressing three major
pathologies in paediatrics, thus leading to an interesting strategy. The solution that emerged allowed sourcing and
preparing sensitive data from the inside and applying proper anonymization onsite, under the strict supervision of
1

“Transforming health care through big data”, Institute for Health Technology Information. Available online at
http://www.ihealthtran.com/big_data_in_healthcare.html
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data managers, who could perform quality control, quarantine, or even stop the sharing at any time. The verified
data was then uploaded to the ‘demilitarized zone’ server, which synchronized the contents with the other
connected centres. This architecture also made it possible to more deeply penetrate local information systems, by
connecting to their routing systems, proprietary RIS, PIS, or PACS databases.
Today, the EU FP7 MD-Paedigree (MD-Paedigree, 2016), EU FP7 neuGRID (Redolfi et al., 2009), EU FP7 N4U (Frisoni
et al., 2011), and EU FP7 CARDIOPROOF (CARDIOPROOF, 2016) projects further exploit and extend this initial
network with a total set of 15 centers feeding dedicated scientific data catalogues. Much as VISA developed a
network of institutions accepting and supporting VISA payment cards, the intent of these projects is nowadays to
further extend this network and keep on feeding research platforms by providing access to much more data.
AEGLE is a bit different in the way that it is a more centralized architecture, based on Big Data technologies. The
problematic part however, is the same: how to preserve privacy and GDPR with so much data (both in term of size
but also in term of diversity). The answer was to implement proper data privacy profiles for all kind of data (even
raw data) and upload everything into the FedEHR system which was used in the previous projects but which was
partially rewritten in order to cope with the AEGLE specificities. Integrating all this data was not an easy task
because of the lack of consistency. The main difficulty was to be able to agree on a common data “structure” for
every single data type. Indeed, not all the datasets have the same structure and to find and agreed on a kind of
pivotal representation is a challenge: in Big Data, you do not want to filter data which could be useful at some
point. Once done, everything was uploaded without any problem. One thing that Gnubila did not have to cope
with was to get the patient consent to be able to use it in the AEGLE project but this is something that we would
like to facilitate.
In the coming three years, Gnubila, in collaboration with involved project partners, will try to give life to a
sustainable
blockchain-enabled
transactional
platform,
so
called
MyHealthMyData
(MHMD
www.myhealthmydata.eu). MHMD will serve the purpose of topping up this privacy-preserving information
system with full transparency and traceability over space and time. Now, think of such a ledger deployed at the
European scale, enabling (anonymous) consents and data transactions, browsable at anytime, anywhere, and by
anyone, yet containing no sensitive information. Imagine a place where individuals, research groups,
pharmaceutical businesses, and healthcare professionals can easily search for and mobilize large volumes of data
on demand while ensuring patients’ clear consent and privacy at all times, regardless of their geographical
locations, data complexity, and data protection laws. This is Gnubila’s objective: to create such a solid
technological backbone, supporting information systems’ resilience, and acting as an operational GDPR-compliant
infrastructure where data transactions are informed and controlled by informational self-determination and
privacy-by-design/default principles. Such a foundational base will open new avenues to innovative (smart)
contracts (Watanabe et al., 2015), incentivizing data mobilization under strict regulatory control, while facilitating
dynamic consent collection and data preparation.
Besides the advances that blockchain technology shall bring to the development of a transparent, traceable, and
trustable distributed ledger of consent and associated data transactions, it could also lead to experiments with a
novel type of social business model, involving the usage of specific protocols for exchanging value. In fact, this
would result in creating a new sort of virtual currency, experimenting with the creation of a health-dedicated
complementary money, used for giving value to transactions in different ways within the health-care area. At the
state-of-the-art in the “transitional money systems, which can be used as crutches to re-educate atrophied
collective behaviour patterns” (Lietaer, 2001), the intent is to investigate the potential use of shared economy and
open value accounting in healthcare (Bauwens et al., 2015).
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4. Health Data Analytics: how to move from a research platform
to a decision support platform - and back
Authors: Ioanna Chouvarda (CERTH), Achilleas Chytas (CERTH), and Lytske Bakker (EUR)

4.1 The research and the decision support platform at glance
The AEGLE health data analytics experience is drawn from three use cases (CLL as a biologically related malignancy,
patients in the Intensive Care Unit of a Hospital , Diabetes as a chronic non-malignant disease), covering a wide
range of user needs and challenges, as regards precision medicine research and practice, as well as types of health
data.
AEGLE develops:
● A research platform (RP) that enables data driven research: selection, exploration and visualisation of data,
along with analytics, including descriptive and predictive analytics specialised for different types of data.
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●

A CDS platform (CDSP) that supports clinical user in their daily routine challenges, both by
synthesising/summarising/combining/presenting information in a useful manner and by providing predictions
based on machine learning.

In AEGLE, a local vs a cloud space has been conceptualised, along with their interaction. With respect to the above,
an RP is seen as a cloud service, while a CDS is locally accessible but can use cloud based functionalities. From a
technical viewpoint, in both cases, health data analytics include a data preparation, a data analysis and description
part, and a prediction part, along with presentation and visualisation of information. From a health science
viewpoint, both cases include domain and health data knowledge. These two are not seen as detached systems,
but parts of the same cycle of data driven research -new knowledge discovery - application of new knowledge
towards personalised medicine.
The CDSP was based on initial drafts of UI elements that were used to facilitate the development of the RP
analytics. These elements were developed as a means to present the analytics and convey the results to the
physicians in a stage where the actual RP was still early in the design phase. This strategy facilitated the
communication between the technical and medical group and it was essential for the analytics to be co-developed
with the assistance of domain experts that had limited technical knowledge, a common occurrence in
interdisciplinary projects. The version we opted had a limited degree of interaction (e.g. fiddle with a specific set of
parameters) and was more focused on the visualization aspect. The rationale for this chapter is to present the
AEGLE experience for linking the RP and CDSP platforms, and for migrating functionality between them.

4.2 Similarities and Differences of the two platforms
This section will attempt to shed some light on how these two platforms are considered from a user requirement
and design perspective.
Who would use it: A decision support platform is expected to be integrated and used into routine practice by
healthcare professionals, including health professional education/training. For example: “For supporting an ICU
clinician in detecting deteriorating patient conditions”, “A diabetologist for deciding the best treatment”, “A
primary care doctor for checking on the patients with a higher risk of complications”, “A hematologist for deciding
the best treatment for a specific patient”, “A nurse for adapting the patient support needs”, etc. On the other hand,
a research platform has a different scope of use. For example, “a multidisciplinary biomedical team to find the
mechanisms of a disease based on multiscale data“, “a biologist to study the genetics of a disease, from her
experimental data”, “A bioinformatician to evaluate his algorithm with a wide range of data”, “A health policy
researcher to mine patterns of regional disease prevalence”, “A pharma researcher to predict response to X
treatment”, “A clinical researcher studying treatment response in diabetes and diabetes epidemiology”, “A hospital
manager for detecting the deviations from guidelines” etc .
Scope of use. A clinical decision support system is usually expected to perform on a local level, meaning its access
within the organisational scope, and with questions/data of the organisation. However, computational resources
beyond the organisation can be used. The research platform can support multi-user research projects and
collaborations, and thus have a wider scope beyond a single organisation, supported by a centralised platform.
This implies centrally sharing of data among organisations, with the exclusion of personally identifiable data in the
RP, and restrictions due to privacy limitations. In comparison of RP and CDSP, the same data types are relevant in
both platforms, but the data governance and sharing policies may differ with respect to their scope.
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What types of questions are asked, and how are they answered. A CDSP aims to directly support clinical practice
and therefore questions have an applied character, as illustrated via the AEGLE ICU case questions:
● To detect in a timely fashion events and smart alerts, based on a combination of data, as gradually produced,
e.g. patient deterioration
● To provide relevant information for an event (e.g. potential cause), which supports HCP action, e.g. “cause of
a specific low PVI”
● To predict upcoming events, enabling corrective actions, e.g. “raise of DPressure in next 5min”
● To classify and characterise current patient state, and predict future progress, e.g. detect malnutrition and
potential consequence
These questions are answered with analytics and machine learning methods.
The RP has a different purpose, rather towards exploring data, understanding mechanisms, creating models,
testing them potentially with multisite data before putting them to practice. In other words, one may develop and
validate a prediction model in RP, potentially with multicentric data, before deploying it for use in the CDSP. Such a
model can periodically be retrained in the RP, ensuring a close link between the two platforms, and a learning
system.
What methods are relevant. Analytic methods can be the same or similar in both platforms. In AEGLE RP, as
regards predictive models, feature selection and training of models took place. Some successful models were then
deployed in the CDSP, and the respective pipelines included calculation of features and feeding into the predictive
model. The RP naturally can include a wider range of analytics that can be tested under different cases and
datasets. As data exploration is a necessary step, a variety of visual analytics are also included in the RP, while
CDSP visualisations are more targeted. In summary, the mature analytics and predictive models can migrate from
the RP to the CDSP, and the CDSP can give inputs and experience for the exploration of new models at the RP.
Similarities, Differences and Particularities based on user-requirements. While domain expertise is a prerequisite
for understanding of both platforms’ functionality in each use case application, there is also a “data literacy”
challenge that is inherent to big health data applications, and requires a level of familiarisation in both platforms.
The digital literacy level required for the CDSP use is lower in terms of skills needed to perform actions in the
platform, as well as the level of familiarisation with analytics methods (“which pipeline should I execute to have this
result”), since the results are supposed to be presented in a readily actionable manner.
Human Computer Interaction and the level of interaction / presentation. The RP has a wider exploratory
component, more choices and analysis options, abilities for customising pipelines, or generating new ones, which
naturally require adequate user interaction. On the other side, the CDSP, for the sake of efficiency (fast, simple
and clear convey of needed information), has a more crystalised view and directly, if not proactively, answers a set
of predefined questions without the need for many HCI interactions. There are reduced choices for input by the
user, and clearly emphasised messages (e.g. colour coding).
The level of time response. A CDS integrated into clinical practice would require immediate response, in terms of
real time. This is not necessarily critical for a RP. In this case, the volume of data, rather than the real-time
response can be the challenge, as a RP may have access to a bigger volume of data for research. In summary, a
research project needs time performance and efficient use of big data, but not does not pose necessarily the real
time requirement, as the CDSP.
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4.3 Which one to offer? Deciding based on value?
Deciding whether to offer a CDSP or a RP can depend on the scope of use and of who uses it of course. With
monitoring data a clinician may wish to obtain instant results and the data is of such a size that a big data platform
is required. In these cases, the obvious decision would be a CDSP. Estimating the potential health and financial
benefits such a system could yield, justifies decisions for which analytics to include in the platform. The estimated
benefits can be used by developers to market their product to users and stimulate adoption. However, costeffectiveness is not the only motivation for including analytics in a CDSP. Sometimes analytics are included despite
uncertainty as to whether they will improve health and/or result in financial benefits. They could be adopted for
competitive reasons for instance or because all information is simply considered valuable for the clinician. Ideally,
the CDSP is combined with the ability to perform research or evaluate the quality of care and the impact of
decisions. Therefore, CDSP alerting is combined with an RP for carefully scrutinizing additional data and results
collected.
For the Intensive Care scenario in AEGLE, the potential health benefits that could be gained justified development
of a CDSP. Furthermore, the speed with which the data is collected required advanced analytics and a platform
that can process large amounts of data. However, the clinician emphasized that sometimes uncertainty in benefits
is accepted and the value comes from having additional information on a patient. Combining a CDSP with a RP
offers the users the ability to further explore their ‘new information’.
Offering solely a research platform can be justified for certain settings. It could be that there are market barriers to
implementing a CDSP or that this simply does not align with current user needs. For AEGLE this was the case with
the analysis of Next Generation Sequencing (NGS) data. Most NGS data is currently still collected for research
purposes. Collecting the whole genome of an individual patient is not the standard of care and therefore offering a
CDSP to analyse the whole genome at the bedside would be pointless.
Analysis of ‘big’ NGS data is currently performed in the research setting. Samples are collected for research and
bio-scientists analyse them to determine why patients (do not) respond to treatment, to develop disease models
and to predict progression. Knowing on which research settings to focus can be determined by the potential
impact results from analytics could have. Therefore, it is worthwhile to estimate for instance health and financial
benefits of research questions for clinical practice. When it seems that results from ‘big NGS data’ research can
lead to improved health, the question remains whether a big data platform is needed to implement results in
clinical practice. Big data analysis of NGS data could prove that patients with a specific mutation do not respond
well to treatment A. Big data analytics are crucial in finding such a result, not necessarily for implementing it in
clinical practice. However, the increased complexity of the NGS data and the results make it possible that CDSPs
are needed for NGS data in the future. Developers should therefore anticipate these developments and not rule
out the possibility of developing a CDSP.

4.4 Parts of the same Universe?
The RP and CDSP are both parts of health digital data economy, with the former establishing the data driven
research paradigm, and the data repurposing, and the latter producing value and impact from the mature data
analytics, and further promote the data driven research and exploration. Thus, both platforms can be seen as parts
of a continuously learning health system, where knowledge is extracted in RP and integrated in CDSP, while the
impact of the CDSP further refuels and leverages data driven research and the need for RP based collaborative
research projects.
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5. Methodology for developing cost-effective solutions
Authors: Lytske Bakker (EUR) & Kostas Stamatopoulos (CERTH)

5.1 Early CEAs
Ideally, users invest in solutions that offer them the most health and financial benefits. In healthcare, benefits such
as prolonged life, improved quality of life and shorter length of stay, can be assessed using cost-effectiveness
analyses. Cost-effectiveness analyses (CEAs) are often conducted in healthcare after development is (almost)
finished and the drug or service is ready to be adopted in practice (Pietzsch & Paté-Cornell). However, CEAs are
increasingly used during development to ensure developers don’t invest in products that will not be adopted
because of their unfavourable cost-effectiveness ratio.
This approach is also recommended when developing big data analytics. Some technical components that enable
big data analyses are non-specific and can be used for a variety of problems. However, the analytics for instance,
are often developed to address a specific problem. By estimating what the impact would be of solving this
problem, developers can focus on those analytics that generate the most benefits.
For estimating the cost-effectiveness of big data analytics, we found the methods of Buisman et al. for conducting
an early CEA for diagnostic tests to be applicable. What is important when conducting these cost-effectiveness
analyses is to use the checklist presented elsewhere to critically assess the feasibility of development prior to
estimating health and financial benefits. The Application, Patient, Comparator, Outcome, Intervention (APCOI)
method as presented by Buisman et al. can be used for specifying the clinical problems (second step). This
stimulates the multidisciplinary team to describe the problem in great detail which makes a feasibility assessment
easier.
Once all points on the checklist have been answered in a satisfactory manner, developers can assess the early costeffectiveness of their solution. For these early CEAs of big data analytics, the input of a clinical expert with
thorough knowledge of both the disease and the data is crucial.

5.2 Cost-effectiveness of using Next Generation Sequencing data
When assessing the cost-effectiveness of big data analytics for Next Generation Sequencing (NGS) a distinction can
be made between big data analytics for research and big data analytics for clinical practice.
The challenges that currently require big data analytics focus on research. How results are implemented in clinical
practice varies. If the analysis of NGS data generates a correlation between treatment response and a specific
mutation, results might be relatively easily implemented as guideline adaptations. However, if the NGS analyses
results in a complex disease model incorporating many challenging factors that frequently change, adopting a big
data solution in clinical practice would be challenging.
Big data analytics for conducting NGS analyses will probably not be used at the bedside until policies on the
collection, management and acceptable uses of NGS data have advanced, standardized and harmonized. At
present, for instance a small subset of mutations is checked prior to offering treatment. Such results do not require
clinical decision support systems for big data analytics.
Nonetheless, for developers and experts involved it is relevant to determine at an early stage the clinical problems
that need to be assessed. This can guide developers in which types of NGS data need to be analysed and stored.
With a CEA, an estimation of the impact of the analytics relevant for clinical practice can be made to ensure that
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the analytics for research and results focus on clinically relevant problems. Moreover, results from research will
eventually be translated into clinical practice and therefore their cost-effectiveness should be assessed.

5.3 Cost-effectiveness for electronic health record data
Having electronic health record (EHR) data as the primary source of big data is perhaps the most challenging.
However, efficiency in development can be gained by critically assessing what the data contains and whether it is
feasible to answer the questions asked. We have developed a checklist presented in this best practices document
and we recommend future developers to assess these points prior to continuing with development throughout
development. The data feasibility will likely be a recurring issue and therefore, this should be iteratively assessed
in detail.
When the primary source of big data is EHR data it is important to have access to the clinical data extracted from
the EHR to estimate the ‘base case scenario’. If an estimate is to be made of the potential improvements that
could be gained, having an estimate on what current care consists of is crucial (step 2 Buisman et al.). Sometimes
this can be obtained from the clinical data available and ideally access to this data is granted early on during
development. In other scenarios, extracting information from the literature and expert opinion are the only
option. When this is the case, uncertainty analyses are crucial.

5.4 Cost-effectiveness for monitoring data in the intensive care
The most challenging problem here for the cost-effectiveness analysis is obtaining an estimation of the success of
an intervention. Randomized controlled trials are scarce in the Intensive care (IC) setting and the results obtained
from monitoring data are so novel that sometimes not even an observational study is available. This can greatly
challenge those conducting the CEA and the uncertainty must therefore be assessed critically. Extensive
uncertainty analyses can be performed and the expert opinion of the clinician involved is crucial for conducting the
CEA. The clinical expert must understand the use of early CEAs and providing a detailed explanation is important.
Moreover, the developer must realize that IC clinicians could well be motivated to adopt real-time analytics in
CDSS in clinical practice that may not be cost-effective but that do provide additional information about a patient.
Sometimes the uncertainty in the IC setting can motivate clinicians to appreciate any additional information about
the patient they can get.
To conclude, when conducting early CEAs of big data analytics the following key points should be considered:
-

Available methods for estimating the early cost effectiveness of diagnostic tests can be used.
The APCOI method can be used to narrow done the scope of the analytics
In the early CEAs the input of a clinical expert with thorough knowledge of both the disease and the data
is crucial.
CEAs of implementing NGS data can guide developers in their choices on which analytics to develop for
which types of data.
For efficiency purposes, a critical assessment of the EHR data is needed prior to performing a CEA.
The novelty of IC analytics makes it challenging to determine the efficacy of intervening. Therefore, the
uncertainty surrounding these estimates is very important.

5.5 References
Buisman, L. R., Rutten-van Mölken, M. P., Postmus, D., Luime, J. J., Uyl-de Groot, C. A., & Redekop, W. K. (2016).
The early bird catches the worm: Early cost-effectiveness analysis of new medical tests. International Journal of
Technology Assessment in Health Care, 32(1-2), 46-53.
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6. Tips on how to ensure legal compliance in an EU healthcare
project
Authors: Mahault Piéchaud Boura (time.lex), Jos Dumortier (time.lex)
Throughout the AEGLE project, time.lex was tasked with the preparation of a legal assessment for the processing
of data concerning health for research project. An important note is that rules applying to processing of health and
genetic data are complex. More often than not external legal advices will be required.

6.1 How to process personal data in the frame of an EU healthcare project?
Compliance with the European rules is necessary. The General Data Protection Regulation (GDPR) 2 sets out the
principles according to which personal data should be processed, as well as some more specific obligations. To
ensure compliance with the main principles of data processing (Article 5 GDPR), controllers, entities determining
the means and purpose of the processing, should be able to answer the following questions:

6.2 Is the processing lawful, fair and transparent?
For the processing to be lawful it must be based on an adequate legal ground. The legal ground used is selected
from an exhaustive list, depending on the purpose of the processing. In the case of a health care project, data
concerning health or genetic data might be processed and the legal grounds relied on may vary for different
categories of data (concerning i.e. health or genetic). It can be based on explicit consent of the data subject, or for
purposes of preventive or occupational medicine, or for scientific research (Article 9(2) GDPR). These three options
are only valid if certain requirements are met.
The principle of lawfulness, fairness and transparency of the processing means data subjects must be informed of
the processing (Articles 13 and 14) of their personal data and understand its logic and rationale. This is an
obligation of the controller. In practice it will require the provision of information notices and adequate consent
gathering when relevant. The modalities of such obligations will vary depending on whether it is the initial
processing of data or if the processing is based on the reuse of data.

6.3 Why is the data processed? Is that the only aim?
Personal data may only be processed for a specific, explicit and legitimate purpose, this is linked to the principle of
lawfulness of the processing. The controller must determine in advance why the data is processed. And if the data
was initially collected, and processed, for a different purpose, there must be no incompatibility between the
different purposes. In the case of a healthcare project, it is important to note that if the secondary purposes are
scientific research, compatibility is presumed.

2

Regulation (EU) 2016/679 of the European Parliament and of the Council of 27 April 2016 on the protection of
natural persons with regard to the processing of personal data and on the free movement of such data, and
repealing Directive 95/46/EC (General Data Protection Regulation) (Text with EEA relevance)
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The principle of purpose limitation means the processing must be in line with the announced purpose, processing
would otherwise be unfair or unlawful. Participants to healthcare projects should be really mindful of this principle
when designing the research or treatment protocol.

6.4 Which is the data needed?
The data processed must be adequate, relevant and limited to what is necessary. This means the data processed
must be carefully selected to answer the needs of the processing. This might be a problematic aspect for projects
relying on Big Data analytics.
If the data concerning health or genetic data is processed, national rules may apply additionally to the GDPR. The
principle of data minimisation is particularly relevant in the situation of scientific research and in this situation a
participant to a healthcare project should sure to process only the necessary data (Article 89(1) GDPR).

6.5 Is the data processed accurate?
The data processed must be accurate and up to date. Controllers must ensure this accuracy, having regard to the
purposes of the processing data set may be erased or rectified.
The principle of accuracy is important for practical reasons, but also with regards to the rights of data subjects,
who can ask for the rectification of inaccurate data (Article 16 GDPR)

6.6 How long will the data be stored?
The data may be stored in a form allowing the data subjects’ identification for a definite period of time only. This is
determined based on the purposes and the necessity of the processing, but also taking into account the possible
risks for the rights and freedoms of data subjects. Under certain circumstances, data may be stored for longer
period of time. This is relevant in case of scientific researcher, but this is also subordinated to the compliance with
specific safeguards.

6.7 How is the data safety of the data ensured? What are the measures taken?
During the processing, data must be protected against unlawful or unauthorised processing, accidental loss,
destruction or damage. This is ensured by the use of appropriate technical and organisational measures (Article 32
GDPR), such as the implementation of a pseudonymisation protocol, a backup system or confidentiality
requirements for the personnel processing data.
This principle is implemented through the obligations of the controller (record of processing activities, security
measures, data protection impact assessment etc…). Confidentiality in the case of health care projects is
particularly relevant due to the nature of the data processed and other applying rules.

6.8 The principle of accountability (Article 5(2) GDPR)
Any entity processing personal data must be able to demonstrate the compliance with the principle addressed
above. This means compliance with the other obligation set by the GDPR, and documentation of the action and
measures taken. In particular, controllers must maintain records of their processing activities (Article 30 GDRP) and
organise their relationship with processors through agreements (Article 28 GDPR). Moreover, in certain cases, and
this is particularly relevant for healthcare project, Data Processing Impact Assessments must be conducted (Article
35 GDPR), and Data Protection Officers appointed (Article 37 GDPR).
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A Data Processing Impact Assessment (DPIA) is carried out when the processing would cause high risks for the
rights and freedom of data subject. However it is required for processing on a large scale of special categories of
data such as health data or genetic data, which are likely to be processed in a healthcare project. A Data Protection
Officer (DPO) must also be appointed when the “core activities” of the controller (i.e. a hospital, pharmaceutical
company) or processor ( i.e. a service provider such as a platform provider) entails the processing of health data or
genetic data. This is also particularly relevant for Healthcare projects. If the healthcare project includes scientific
research, specific safeguards must be implemented, and national legislations may set additional requirements
(Article 9(4) and Article 89(2) GDPR).
In addition to the obligation set out by the GDPR, national legislation may also have specific requirements for
processing of health data and genetic data for the provision of health care or for scientific research purposes.
Meeting these additional requirements, on top of the already relatively heavy obligations of the GDPR might
require legal support.

6.9 Other aspect to be mindful of?
Healthcare project should also pay particular attention to patients’ rights, mainly the right to be informed on the
personal health conditions, consent for provision of care, and protection of privacy.
Self-determination and confidentiality are the basis of patients’ rights 3. Patients have the right to choose to
undergo treatment and they are entitled to privacy. Those two basic rights are embedded in national and
international frameworks protecting patients’ rights. They also find an echo in the GDPR addressed above where
consent is one of the possible legal grounds for the processing of personal data. The right to self-determination,
which is choice of the treatment, physicians and medical institution, finds a corollary in the right to be informed.
The informed consent of the patient is conditioned by his or her information. Quality and safety of care is a very
broad concept, very often it is implemented through compliance with guidelines and standards of care. Such
standards of care should also be integrated in healthcare projects.

6.10 Who to ask legal input to?
During a healthcare project, legal input on the processing of personal data may be required. However, before
seeking external help, note that the GDPR can already provide useful insights and answering the questions
addressed may also go a long way towards compliance. When designing a project, the respect of privacy should be
taken into account at every step, and the GDPR can be used as a guideline. Moreover, the DPO, if one has been
appointed, or if one of the partners taking part in the project has appointed one, should be consulted. National
specificities might have a strong impact on the project, in such situations a solution would be to take the advice of
external lawyers or legal consultants.

6.11 References
1.
Regulation (EU) 2016/679 of the European Parliament and of the Council of 27 April 2016 on the
protection of natural persons with regard to the processing of personal data and on the free movement of such
data, and repealing Directive 95/46/EC (General Data Protection Regulation) (Text with EEA relevance)

3

European Commission, Directorate-General for Health and Food Safety; European Observatory on Health
Systems and Policies; KU Leuven; Maastricht University, Patients’ Rights in the European Union, Mapping eXercise,
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7. Ethico-legal issues in Medical Big Data
Authors: John Rumbold (NTU)
Healthcare data are sensitive data, and are provided with special protection under data protection law.
Additionally, healthcare professionals will also be under legal, professional, and moral duties to respect the duty of
confidentiality they owe patients. For these reasons, it is vital that the relevant basis for processing sensitive data
is understood. There needs to be either consent, anonymisation, or authorisation. It should be appreciated that
there may be multiple layers of regulation. The researcher may need permission from hospital management or a
nominated individual e.g. a Caldicott Guardian (UK), and an overseeing national body where a national health
service is involved (the Confidentiality Advisory Group in England). They may also need to apply to the national
data protection supervisor, depending on the country. Both ethical and legal considerations must be taken into
account, given the framework under which research is regulated in the EU.
It can be argued that Big Data projects are often not amenable to either consent or anonymisation (1). This leaves
authorisation as the main means of compliance with the ethical and legal norms. This means that the researcher
must apply for an opinion from a research ethics committee. Biomedical data often needs to be pseudonymised at
most, because of the need for verification or elimination of duplicate records. This means that the data will still be
personal data according to the General Data Protection Regulation (GDPR). Where the data are being employed
for a secondary use, then either consent or authorisation is required.
There are specific challenges with Big Data projects, especially when they cross national boundaries (2).
Anonymisation requirements vary across the EU, despite the directly applicable GDPR coming into force. Where
these are based on specific domains, they risk stripping out valuable data e.g. dates of appointments, which makes
analysing temporal relationships difficult. Satisfying the requirements of many different regulatory bodies is
demanding and time-consuming. These challenges have led to the AEGLE projects developing specific tools. The PR
anonymisation matrix is a tool for guiding decision-making by research ethics and data access committees, which
has been accepted for publication (3).
It is important to start the process of obtaining authorisation to access data as soon as possible in the project. The
gatekeepers will often require general details of the research, anonymisation procedure, and data security
arrangements. Researchers may need to have a contractual duty to respect confidentiality and not to attempt reidentification of data subjects (4). Whilst the researchers may not know some of the details of the dataset prior to
gaining authorisation to view, they need to know the nature of the data. Some healthcare data are more sensitive
than others. The research ethics committee will also need to satisfy that the data used are necessary and
proportionate. Often, demographic details are required to interpret and analyse the biomedical data. They will
want a justification for why obtaining informed consent was not practicable. Where data are required for the
development of a programme or platform, as opposed to specific algorithms, there is no ethical justification for
using real patient data. Synthetic patient data should be used.
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8. How to best perform Dissemination and Communication in
H2020
Authors: Catarina Pereira (LOBA)

8.1 Introduction
Dissemination of a project represents the bridge between research & innovation and the rest of the world.


Dissemination shows how European collaboration has achieved more than would have otherwise been
possible, notably in achieving scientific excellence, contributing to competitiveness and solving societal
challenges
 Dissemination shows how the outcomes achieved are relevant in the everyday lives of European citizens,
by creating jobs, introducing novel technologies, or making life more comfortable in other ways
 Dissemination helps to make better use of the innovative results, by ensuring they are adopted by
decision-makers to influence policy-making and by industry and the scientific community to ensure
follow-up
In the AEGLE Project, due to the high potential impact that the Biolytica platform wanted to have on the health
sector all partners needed to put great effort on projects results exploitation and dissemination.

8.2 Setting the communication goals
Designing AEGLE communication and dissemination plan at the start of the project was of extreme importance to
guarantee that the project was quickly understood by the audience and that the results could create the expected
impact.
Nevertheless, the drafting of the communication plan already started before the project kicked-off, in the project
preparation phase, when the initial dissemination and communication strategy is drafted.
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In this phase, it was important being “SMART”4 by setting up the most important goals and by keeping in mind the
“KISS”5 principle, as most things work best if they are kept simple.
When defining the communication goals we took into consideration the following:
1.
2.
3.
4.
5.

The objectives and expected impact of AEGLE project. (WHAT)
The different and complex stages of the AEGLE project. (WHEN)
The different work packages and how the activities could be communicated. (HOW)
The AEGLE target groups. (TO WHOM)
Transforming research results in useful material to be used by the stakeholders (WHAT FOR) – Actionable
knowledge
With these points defined, we were able to understand the communication goals/objectives of AEGLE: to stimulate
awareness and to create value and interest on its services, technologies and achievements in order to attract
potential users and investors.

8.3 Monitor and adjust
Monitoring dissemination helps to identify, whether the strategy is progressing as planned, and whether any
adjustments to the strategy are needed.
We were not afraid of the changes that needed to be made. If you are not having the impact you expected,
something is not working as it should. Constant improvement is key to a successful communication strategy.
Therefore, LOBA constantly monitored the impact of the AEGLE dissemination and communication through
AEGLE’s social media, website, partners’ participation in events and partners’ publications mentioning the AEGLE
Project.
A few adjustments were made on social media where we increased the amount of publications - especially on
twitter . We also started promoting some of the posts to reach a more targeted audience and made special
campaigns to reach a broader audience. A new strategy for a blog was also implemented where all partners would
write interesting articles about the project activities and results. The website was also updated more regularly
specially regarding news about the project.
All of these monitoring and adjusting activities helped to increase our audience but specially to disseminate the
project to our target groups which takes us to the next section.

8.4 Knowing the target groups
One of the crucial steps that we had to consider in AEGLE’s communication and marketing strategy was to define
its target groups. For this asked ourselves the following questions:
1. Who are our primary targets?
2. What is the desired involvement of our target groups?
3. What factors within our target groups are relevant to the AEGLE project?
4. What media channels does our audience currently uses?
5. How could we best reach our target audience?
6. Who were our stakeholders?
We defined that the target audience of the AEGLE project was composed by: i) healthcare professionals and
initially the experts on Diabetes, CLL and ICU management; ii) researchers and health fora; iii) data scientists; iv)
investors; v) health industries (primarily pharmaceutical companies); (vi) policy makers; (vii) big data consortiums.
4
5

Specific; Measurable; Relevant; Time bound
Keep It Simple (Seriously)
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8.5 Define the story and messages
Once the dissemination objectives and the target audience were defined, it was time to think about the “meat” or
content of the dissemination.
The ‘story’ of our project would underpin our communication strategy. It should concisely convey the motivation
behind the project, along with the key messages and essential points that we were trying to communicate. We
recommend that the story follows this structure:
1.

2.

3.

4.

5.

Why – describe the challenge that the project is addressing
The answer regarding AEGLE Project: There’s an obvious gap in the area of big data analytics for health
bio-data. Data-driven services are still needed to cater for the data versatility within the whole data value
chain of healthcare analytics. A true opportunity exists to produce value out of bigdata in healthcare with
the goal to revolutionize integrated and personalised healthcare services.
For whom – Who will benefit from your research, or be able to use the results?
AEGLE will benefit the overall European community, by improving patient’s quality of life in terms of
treatment outcomes and costs and by reducing European countries health expenses. In this sense it will
benefit in particular data and health scientists and researchers, medical practitioners and the health
industry. Globally, we expected to reach the European market, and more specifically the following
strategic market segments: European medical research facilities, pharmacy enterprises, companies
focused on the deployment of big data analytics.
What – explain the main objectives of the project
The main objectives of the AEGLE project were to generate value from the healthcare data value chain
with the vision to improve translational medicine and facilitate personalized and integrated care services
overall improving healthcare at all levels; to promote data-driven research across Europe; to serve as an
enabler technology platform enabling business growth in the field of big data analytics for healthcare; and
to use advanced big bio data analytical solutions to promote healthcare quality and disease management
tailored for each individual patient.
How – state the main activities of the project
AEGLE project main activities were to setup a new venture (Biolytica); to cater for integrated and
personalised healthcare treatment; to better coordinate all levels of healthcare from the organisational
perspective by eliminating the bottlenecks in the information flow, offering a new paradigm of how crossborder value chain can be implemented and bringing potential cost reduction to EU countries; and to
define a new ecosystem and paradigm that will equally support the interests of all involved stakeholders.
For what – indicate the expected results and impact
AEGLE would provide a framework for Big Data analytics for healthcare that will overall enable and
promote innovation activities that place “health” at the spotlight. Through AEGLE, health becomes a
strategic pillar and a new market ground for business development in the field for big data analytics for
healthcare. AEGLE would incorporate health-specific big data analytics combined with generic and
scalable analytics.

The main message of the project AEGLE was to provide Big Health Data integration (big health data analytics, big
health data services acceleration, advanced visualization techniques) through an innovative, pioneer and
integrated platform system with tools for management, search and sharing of the data, for integrated care
services.
Note that outside the EU-framework community, nobody cares about WPs, DX.Y, Mx, etc, so we tried to avoid
using such terminology.
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8.6 Choosing the right communication channels and tools
The channels and tools that were going to be used for dissemination were an essential part of the outreach
strategy. Although people might be tempted to cover every type of channel there is, an effective strategy should
focus on one. Bear in mind that what is successful for one dissemination strategy or campaign may not be right for
another. Thus, it was very important to consider the context of the project, the relevance of each channel for our
specific communications objectives and which would be better for reaching our target groups.
For the AEGLE Project, the communication tools and channels used were: 1. AEGLE Official Website; 2. Biolytica
Website; 3. Press Releases; 4. Brochures and Fact Sheets; 5. Fairs and Events; 6. Goodies; 7. Social Media (Twitter,
Facebook, LinkedIn, YouTube); 8. Promotional Supports; 9. AEGLE Blog Page; 10. Email Marketing; 11.
Questionnaires and 12. Direct Mails.

8.7 Branding and dissemination materials to differentiate your project
Logos, stationery, dissemination material and more. AEGLE needed to speak to the target groups in a
contemporary and relevant manner. When defining AEGLE and the Biolytica brand it was important to consider
what the target groups would understand and remember.
An example of a powerful way to build brand awareness in the short term, is to find a well-known individual who
can provide a testimonial for the brand and influence their followers to accept this new brand.
The consortium end-users of the platform of the AEGLE Project were also our target users. Therefore, evaluation of
both the AEGLE and Biolytica identities was of an extreme importance.
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9. Key Recommendations
Key recommendations for data quality and development challenges
-

Many challenges faced when developing big data analytics pertain to the dimensions of data quality
(completeness, uniqueness, timeliness, validity, accuracy and consistency). Addressing these challenges
early on during development is crucial.

-

Design your project around the data available, not the other way round. It is important to inspect the data
before deciding which analyses are possible.

-

A simple checklist during development can address many of the challenges faced. The checklist includes
questions to ensure a multidisciplinary approach, relevant clinical problems, data feasibility, technical
applicability and cost-effectiveness.

Key recommendations for network extensions and data sharing
-

Integrating data in AEGLE was not an easy task because of the lack of consistency. The main difficulty was
to be able to agree on a common data “structure” for every single data type. Indeed, not all the datasets
have the same structure and to find and agree on a kind of pivotal representation is a challenge.
Furthermore, it’s difficult to have a competitive collaboration between two people who don’t speak the
same language (technically) and have a different field of expertise. By example, traditionally, medical
researchers work with csv files but IT teams commonly use databases. Thus, it’s difficult to communicate
that querying data and results of these queries are different due to a difference in storage structure.

-

The main recommendation is to validate the input and output format as soon as possible during
development. In AEGLE, the most difficult part was, to find this common data storage structure. In case of
T2D’s use case, a nonstandard way to store original data implied that it wasn’t possible to match
Croydon’s data with Diamond’s data.

Key recommendations on how to move from a Research Platform to a Decision Support Platform
-

When it comes to the decision between a Research Platform or a Decision Support Platform, one may
consider that many features and parts of the core functionality are relevant to both CDSPs and RPs. In this
respect, the two can be developed in unison, foreseeing a possible bidirectional flow of data, knowledge
and experience between them.

-

Critically assessing the scope of use, relevant methods and data control, as well as level of time response
and user interaction, can guide developers on what to focus.

Key recommendations for developing cost-effective solutions
-

Available methods for estimating the early cost-effectiveness of diagnostic tests can be used.

-

The APCOI method can be used to narrow done the scope of the analytics

-

In the early CEAs the input of a clinical expert with thorough knowledge of both the disease and the data
is crucial.
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-

CEAs of implementing NGS data can guide developers in their choices on which analytics to develop for
which types of data.

-

For efficiency purposes, a critical assessment of the EHR data is needed prior to performing a CEA.

-

The novelty of IC analytics makes it challenging to determine the efficacy of intervening. Therefore, the
uncertainty surrounding these estimates is very important.

Key recommendations for legal compliance
-

Determine the data necessary at the inception of the project, prepare a clear and thorough explanation of
purposes, and identify the applicable legal ground for each processing activity, they cannot be changed
throughout the project.

-

Determine measures to protect data, both technical and organizational.

-

In case of data from different origins, i.e. different countries, identify the possible national particularities,
and be prepared to take measures accordingly.

Key recommendations for ethico-legal challenges
-

Negotiate access to data early on. It is important to understand what information decision-makers will
need. Be prepared to robustly justify the retention of important personal data where necessary.

Key recommendations for dissemination and communication in H2020
-

The main thing that we’ve learned through the AEGLE Project, is that a successful communication and
dissemination of a project’s results and activities needs efforts from all partners. Only together as a whole
it is possible the best results
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