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Context and Bottlenecks
“Big Data” and “Green” may sound as two of the top buzzwords at the moment like “Cloud”
or “Fog”. These words do not pop up from nowhere and are in fact related to the same
phenomenon: the incredible increase of the Digital Universe. To the best of our knowledge, the
term Digital Universe was first used, in 2007, by the International Data Corporation (IDC) in
their first White Paper on forecasting both the amount of digital bits created, captured and
replicated in the “Universe”, and the possibilities provided by such an amount of information.
Their forecasting estimation is an extension of the seminal work conducted in 2003 by Lyman
and Varian, professors at the University of California at Berkeley (USA), in their study “How
much information?” [1]. According to the IDC annual white papers, the Digital Universe was
about 281 Exabytes (i.e. 281 Billions of Gigabytes) in 2007 [2] ; since then, it increased by
about 6 times, cracking the Zettabyte barrier in 2010 (i.e. more than 1000 Exabytes) to pass
1.8 Zettabyte in 2011 (see [3] and [4]). Healthcare is one of the obvious examples of new
segments of big data growth.
However, as pointed out by the IDC in [3] and [4], the vast majority of data in the Digital
Universe is unstructured that means that most of the time, we know little about the data, unless
it is somehow characterized or tagged. Building, extracting, collecting, and exploiting metadata
is one of the fastest-growing sub-segments of the digital universe (though metadata itself is a
small part of the digital universe overall). IDC experts believe that by 2020, a third of the data
in the digital universe (more than 13,000 exabytes) will have Big Data value, but only if it is
tagged and analyzed. Hence, designing methods to extract data characterization and content
semantic description from unstructured content that can lead to information representations
directly compatible with structured data and all powerful indexing techniques already emerging
is one of the main Big Data challenges.
The last decade has seen the rise of machine learning methods for decision support and
information retrieval in large data volumes. Successively, Boosting, Support Vector Machines,
Random Forest, have built the success stories. More recently, the consistent efforts in artificial
intelligence of the giants of the IT industry, such as Google, Microsoft, Yahoo, IBM, Facebook,
have leaded to bring out models of artificial neural networks called "deep architectures". These
deep learning techniques provide solution to high-stake applications such as information
retrieval in huge volumes of multimedia content [5], as speech recognition [6, 7, 8], extraction
of social communities from social networks [9], or knowledge extraction from text data [10].
However, one of the main drawbacks of deep architectures lies in the size of the training
sets and the computation time required to train these networks. Although several open-source
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implementations operating performances from GPU programming, the resources required to
learn the right parameters of these architectures are considerable. As examples, the approach
by Convolutional Neural Network (CNN) of Collobert et al. [10] using 852 million words and
four weeks on one GPU computing to achieve the best performance of the state of the art in
automatic language processing tasks and a similar architecture based on CNN proposed by
Krizhevsky et al. [11] for classification of images in the largest image dataset available today,
ImageNet, required the calculation of 60 million parameters with training process on two GPUs
during a week. The most recent work on the basis ImageNet [12] leads to a CNN of 19 layers,
for 144 million of parameters to be determined during the training phase. The training of such
a network has required two to three weeks of calculations on a system with 4 GPU Titan Black
NVidia (i.e. latest generation). Other more sophisticated methods still rely on parallel
processing both for training the neural network and for distributing data by differentiating
processing of the various layers of the network [13].
Even though very effective, such algorithms require always more expensive systems
and always more energy which is not affordable in all contexts. This has led to the recent
emergence of research efforts in the design of embedded low-power massive parallel processing
machines [14].
Common understanding of “Well-Aging” research is often monitoring elder people with
sensors so that their health status is permanently controlled (control of blood pressure, cardiac
rhythm, or even alert and accident detection from home “videosurveillance”) so that they can
both remain in their personal environment and be efficiently rescued in case of emergency.
However, a less visible aspect of “Well-aging” research while being probably the biggest
medical effort lies in the analysis of all data gathered from the appearance of a disease, until a
possible hospitalization, including doctor visit and drug prescription reporting [15, 16, 17]: One
very common example of this Well-aging research is the yearly intense observation process to
detect influenza appearance every winter and the launch of adequate vaccination campaigns for
the weakest ones (young and elder persons).
Current studies in this field are facing several obstacles: if privacy respect seems legally
well-defines, practices managed by the medical services can’t achieve full standardization of
the anonymization process, resulting most of the time in an impossible interoperability of the
data collected by different public or private hospitals. Currently in order to get this level of
analysis of the health situation in a given area, most of the effort is invested into back office
ontology (i.e. ontology definition, alignment…) while the statistical analysis is mainly
extracting correlations and co-occurrences.
The project in this thesis is to bridge the gap between very powerful software platform research,
machine learning latest research and well-aging/well-being research.
Scientific objectives
Our main scientific objectives are:
1. Design new machine learning algorithms for embedded low power massive parallel
processing machines
2. Design new distributed architectures based on these low power platform to improve
learning results and make such “nano-supercomputer” architectures affordable and
manageable for medical departments.
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3. Design new learning algorithms for pushing well-aging and well-being studies a step
further by providing big data oriented software solutions.

The health community is particularly interested in low-consuming solutions with analysis
capabilities to help with diagnoses.
Complementary of teams involved in the project
The I3S SPARKS team has recognized expertise in the field of machine learning and in the
software architecture with broad scales and the research team at University Hospital of Nice
(Nice CHU) is a specialist for medical information systems and public health surveillance.
This project brings together 3 scientific communities represented each by one supervisor of this
PD thesis:
- F. Precioso is Professor at Nice University and co-leads the Knowledge, Learning and
Extraction activity in SPARKS Team of I3S Laboratory. He works on Machine
Learning (ML) for computer vision problems, focusing on large-scale multi-class image
database classification and interactive retrieval, on new low complexity machine
learning methods for embedded systems and on methods learning jointly from
unstructured (signal, images and videos) and structured data (metadata) for medical and
biological domains.
- M. Riveill, is Professor at Nice University and co-leader of the Scalable Software
Systems activity in SPARKS. His interests are design and analysis of software
architecture for scalability problems.
- P. Staccini, is both Professor at Nice University and Public Health Practitioner in
biostatistics, medical informatics and information technologies at the Faculty of
Medicine of University of Nice-Sophia Antipolis. He is the head of the Department of
Medical Informatics and Information of the Nice University Hospital, in charge of the
the DRG-based accounting information system and medical activity assessment.
To validate our proposal we will use especially the health databases built for inpatients and
outpatients care reports by Prof. P. Staccini and his group from University Hospital of Nice
(Nice CHU). These databases, evolving annually, concern all institutions and health
professionals. At a regional level, thanks to the resources from the CHU team in Nice, we will
have access to the database of public and private hospital visits in PACA which represents more
than a million of rows per year. At a national level, the data collected is about 20 billion rows
of 30 months and we can access the last 10 years of collections of the University Hospital of
Nice. Accessing to these data should enable us to compare approaches and validate the choices
that must be made.
Moreover contacts have been made with NVidia France and teams of reference centers to
benefit from the latest possibilities in terms of platforms.
These combined skills ensure access to medical data to enable validation of proposed
approaches both in the design of learning algorithms and in the analysis of software
requirements to enable proper management of the complexity and the size of data to be
processed.
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Relevance with the Labex axes and priorities
This project is relevant for the axes:
- Energy Efficiency: “To increase network energy efficiency, both for societal and
personal reasons”
- Big Scientific Data
- eHealth (even though it is not “homecare services for persons with reduced autonomy”
per se)
If the link with the first three themes seems obvious in view of the project, the link with the
theme health deserves to be further explained.
The "health" databases we will mainly use in this thesis are those formed in the DRG-based
medical reporting of both inpatients and outpatients.
One of the desired outcomes of the work that we will perform is to complete the studies that
have begun on health medico-administrative data. These studies are limited for two reasons:
1. the understanding of encoded data into different databases from different hospitals,
2. Health data, even though anonymized, cannot be easily exploited “en masse” owing to
a current lack of standardization of the anonymization process.
By designing new distributed architectures based on embedded low-power massive parallel
processing machines, we will be able to deploy them locally on each site and thus avoid a heavy
process of aligning the metadata between the resources. Furthermore, the efficiency of our
solutions will allow us to address learning jointly from records of patient examinations and
metadata.
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