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Abstract— The Internet of Things (IoT) devices are able to collect and share data directly with other devices through the cloud
environment, providing a huge amount of information to be gathered, stored and analyzed for data-analytics processes. The scenarios
in which the loT devices may be useful are amazing varying, from automotive, to industrial automation or remote monitoring of
domestic environment. Furthermore, has been proved that healthcare applications represent an important field of interest for loT
devices, due to the capability of improving the access to care, reducing the cost of healthcare and most importantly increasing the
quality of life of the patients. In this paper, we analyze the state-of-art of 10T in medical environment, illustrating an extended range
of loT-driven healthcare applications that, however, still need innovative and high technology-based solutions to be considered ready
to market. In particular, problems regarding characteristics of response-time and precision will be examined. Furthermore, wearable
and energy saving properties will be investigated in this paper and also the IT architectures able to ensure security and privacy
during the all data-transmission process. Finally, considerations about data mining applications, such as risks prediction,
classification and clustering will be provided, that are considered fundamental issues to ensure the accuracy of the care processes.
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We aims to analyze the existing 10T architecture for E-
I. INTRODUCTION Health, the sensor devices employed into the E-Health-IOT

The Internet of Things (IoT) application are today part of universe with particular attention to new trends in wearable
our life and used in almost every human and industry devices, the data collection, and management technologies

activity: from e-health [1] to Cultural Heritage [2], implemented into th_e loT a_rghitecture_s .With p_ar_ticular
[3],[4],[5],[6] not forgetting legal domain [7][8][9], Public attention to Pe_rsona_llzed Medicine, Precision Medlcme and
Administration domain[10][11][12],[13], and Humanitarian security and privacy issues related to E-Health-IOT universe.
Assistance and Disaster Relief[14][15][16], but also home
automation, autonomous and connected vehicles [17], and

161
. . Estimated Healthcare loT Device Installations
wearable technology. 10T promises to change our lives to Global
make them easier, more efficient and "smart".

125
This paper aims to provide an analysis of the E-Health- i
loT universe from different point of view in order to 90
underline the growing importance of this kind of 73
technologies in medical environment.

Devices Shipped (Millions)

46

Starting from his introduction in e-health environment,
loT technologies are continuously growing in term of device .

installations (see Figure 1) this trend shows as IoT has

become a fundamental technology in the medical 2015¢ 2016 2017 2018 2019 20208
environment. i i

Fig. 1 loT device installations trend
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The paper is organized as follow: In Sect. | the TABLE Il
background of 10T the medical environment is analyzed, in DIFFERENT APPLICATIONS FOROT MEDICAL SYSTEM

Sect. Il issues and state of the art relative to wearable sensor o .
- . Application Articles
nodes, data collection and management are discussed and g 2o nafients
finally in Sect. IV conclusions are provided. monitoring [43][23][35][39][45]
Patients information
IIl. MATERIAL AND METHOD management [21] [44][46]
As mentioned above, loT in medical environment has Risk alarms [23][47][35][27]

become a widespread technology. To analyze this Rehabilitation therapies | [30][26]
phenomenon, first of all we consider the different scenarios Medications [25][48][49]

of 10T systems.

Recently, many applications have been realized in
different scenarios from home healthcare to hospital
healthcare not forgetting doctor’s office and smart cities. Inachievements in the area of loT, the diffusion of

Table 1 we show a I|§t _Of papers. classmeq into_four environmental sensors, physiological parameters monitoring
categories of 10T scenarios: Hospitals: IoT medical systems

. : : devices, and home automation devices, are becoming the
implemented into the medical structure, Home healthcare: ’ ' 9

loT medical systems realized for the smart home, Doctor's hardware” of a dedicated 10T eHealth layered architecture

Offices: smart system ideated to support doctors in theirS illustrated in figure 2. In this architecture, it is assumed

activities, and Smart Cities: e-health systems for smart cities.

Has showed in Table 1 many different implementations of
loT medical application has been provided, to realize them
are been implemented different devices as radio frequenc
identification (RFID), wireless sensor network (WSN), smart
mobile technologies and wearable devices.

Thanks to the cost reduction, the user-friendliness of
monitoring and wearable devices and the technological

that the system would create ad hoc web services exposed
through a dedicated cloud infrastructure. The user’'s data
could be then collected and stored, being available for
healthcare service provisioning applications by possibly
ymultiple third parties.

Figure 2 shows a typical 3-Layer architecture, where a set
of heterogeneous devices belonging to the device layer are
connected to the eHealth cloud and security services

TABLE | provided by the network layer.
DIFFERENTAPPLICATION SCENARIOSFOR IOT MEDICAL SYSTEM The data provided by the devices are Collected, stored and
_ i analysed by Bl technologies and data analytics
Scenario Articles S . . )
[18][19] methodolog|e_s in order to obtain reactions (e.g.: alarms) to
Hospitals [20][21][22][23][24][25] be re-transmitted towards the users.
Home healthcare [26][27][28] Device Layer Network Layer ‘ Application Layer
Doctor's Offices [29]
Smart Cities [30][31][32][33] [34] [35] alh S /,{avy—\ coma
E D ﬂ - 4 eé—lealth Clsoud and A [»i? o | @
. . =~ = —  Security Service: E
In Table 2 has shown a list of research work that exploit & § L& Ty ‘ _J =l
different devices to realize the loT in the medical deg K)\/f/ B1 and Data Analyics
environment. 3’4&2 G 1

Fig. 2: loT eHealth Layered Architecture

TABLE I

DIFFERENT DEVICES FOROT MEDICAL SYSTEM
Device Articles I1l. RESULTS ANDDISCUSSION
RFID [36][24][18] In this Section will be provided issues and state of the art
WSN _ [37][18][19][38][37][23][25] relative to wearable sensor nodes, data collection and
Smart Mobile management in the E-health 10T field

technologies [33][35][27][18]
Wearable
devices [39][37][40][41][42][43][44][45]

The actual sensor, it is the element that transforms the
health parameters in an electric signal. In the following a
review about the trends on the most common sensors used in

Each of these devices is able to collect data about patientg\,/ earable healthcare systems

doctors, nurses, caregivers etc., furthermore these device@. Wearable sensors for Healthcare loT

can be able to: send alarms in case of emergency, tutoring In this section will be analyzed Health 10T wearable
patients during therapy (medications, rehabilitation therapiesgensors such sensors play an important role in Health 10T,
etc.), and manage information about medical ServiceSynay acquire medical data from people and transmit such
(doctors’ rounds, nurse’s rounds, patient medical Visits 413 ysing different wireless technologies to other devices
calendar etc.) (Table 3Table ). like smartphones, gateway or directly to the Internet.
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Human health can be monitored observing different Near-infrared spectroscopy (NIRS) is becoming a widely
parameters, and for each parameter different sensors couldsed research instrument to measure tissue oxygen (O2)
be required. Most common solutions proposed in thestatus non-invasively. For this purpose, are usually used
literature are focused on[50]: Diabetes, Heart rate continuous-wave spectrometers. Such devices, provide semi-
monitoring, Oxygen Saturation Pulmonary diseases etc. quantitative changes in oxygenated and deoxygenated

Medical sensors involved in 10T should be small enough haemoglobin in small blood vessels.
in order to be easily wearable and must be characterized by a In the last few years several wearable devices are
reduced power consumption. In facts, wearable devices ar@roposed, in [60] a device has been designed to study the
not directly connected to the power grid and consequently,feasibility of extracting photoplethysmogram (PPG) signals
power consumption should be limited in order to avoid at the neck in reflectance pulse oximetry mode.
frequent battery change. For this reason, there are many The proposed device is very interesting for two main
works in literature focused this issue. [51],[52]. reasons. It offers the possibility to acquire signals from the

In this paragraph, electronic devices involved in Health neck, a position used for the monitoring other parameters of
wireless sensor nodes are analyzed. Analysis is focused othe body such as the breathing and heart rates. The second
sensors, analog to digital converters, and processingnteresting aspect is the reduced power consumptions that
elements. allow batteries to operate for over 36 hours continuously

_ when powered using a coin cell.
B. Diabetes sensors

Today's medical records present that type 1 diabetesE- Pulmonary diseases sensors
mellitus is a major health problem worldwide [53]. For this  Several Pulmonary diseases are correlated with the
reason, literature presents several solutions for diabetepresence of a cough, Coughing is a prominent indicator of
monitoring. The most common way to monitoring diabetes several problems such as Chronic Obstructive Pulmonary
consists of monitoring glucose level in the blood. Glucose Disease COPD. For this reason, literature offers several
sensors can be implanted under local anesthesia irsolutions for the coughing detection and classification. These
abdominal tissue [54]. In order to avoid the implanting, solutions are usually based on the using of audio
innovative non-invasive techniques have been introduced.microphones[61],[62].
Among these, the ones based on the breath acetone Other interesting sensors for pulmonary disease
monitoring and sudomotor dysfunction are the most monitoring are [63] and [64]. In the first authors present a
interesting. pulmonary edema monitoring sensor with integrated Body-

Breath acetone concentration is reported to be elevated ifAirea Network. In the second, it is shown a system that
type 1 diabetes mellitus, and it can be used to diagnose thpermits a better understanding of the impact of increased
onset of diabetes [55]. ozone levels and other pollutants on chronic asthma

) o conditions
C. Diabetes sensors Heart ratgonitoring sensors

The electrocardiographic signal (ECG) is one of the mostF- Analog To Digital Conversion
commonly bio-signals used for the analysis and monitoring Analog to digital conversion represents a crucial aspect of
of health conditions. Today, thanks to the development ofthe wireless sensor node. Data acquired by the sensor must
advanced wearable devices, it is possible to track patienbe digitalized before the wireless transmission. The
conditions outside hospital setting for several days [56]. Ecgdigitalization is necessary for two main reasons:
sensors are usually electrodes that attached to the skin 1) Wireless loT standards are able to manage only digital
surface, convert ion current in the body to electron current indata
the biopotential circuit. In ECG signal, the QRS complex is 2) Data could require digital signal processing before the
the most important waveform and represents the electricatransmission.
activity of the heart during the ventricular contraction. The The ADCs involved in Healthcare loT usually don't
position of its peak (R-peak) is the most evident feature andrequire high sample rates. This is because signals coming
the distance between more consecutive R-peaks (RRperiodirom the human body are usually slow. The main capability
is a relevant parameter in the analysis of heart pathologiesequired for these devices is the low power consumption to
[57]. For this reason, wearable ECG sensor offers thepreserve battery life.

capability to extract the QRS complex [58],[59]. Literature offers several solutions, in [65] A 0.4-to-1 V
) Voltage Scalable ADC with Two-Step Hybrid Integrator in
D. Oxygen Saturation sensors 65 nm CMOS is presented. Such devices present a scalable

Blood oxygen saturation (SpO2) measurement is a clinicalpower consumption and bandwidth with maintaining an
procedure involved in the diagnosis of several health SNDR higher than 60dB. In [66] a very low power ADC has
diseases[60]. been presented. This device is characterized by a very low

SpO2 is measured using arterial blood gas (ABG) testpower consumption (1uW) and consequently a very low
where a sample of blood is drawn from an artery of a person.conversion rate

Although the ABG test provides an accurate
representation of blood oxygen saturation, it is an expensive,
invasive, and time-consuming procedure that cannot be used

for continuous monitoring [61] G p o El
. Processing Element
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Health 10T sensor nodes must be able to process daténformatics for how processing is executed while the
acquired by sensors and provide these data to the wirelesalgorithms and models are similar. The innovation in
transceivers. These two operations are performed by &aHealthcare Big Data systems is to analyze very large data
processing element that usually is a Microcontroller. The sets as healthcare providers start to tap into their large data
choice of Microcontrollers as processing element has threeepositories to gain insight for making better-informed
main reasons: health-related decisions. Big data analytics tools are
« Health parameters are usually low-speed signals andextremely complex and require the application of a variety

consequently, the processing speed of microcontrollersof skills (Figure 3) [80].

is sufficient.

* Microcontrollers are provided with several standard Big Data Big data Big Dain R
interfaces that allow an efficient communication with Sourees S SRR Applicaions
IoT wireless transceivers available on the market. ——— « Hadoop

* Microcontrollers are characterized by ease of use and - : up:id .
flexibility. it | B[ e | TR | amee | PR

Considering all these motivations, Microcontrollers «Muliple = o oo “Jagl 4

vendors introduce on the market several solutions for the loT e I e

integrating low power Microcontrollers and wireless Thamle Data « Cassandra oLAP

transceiver [67][68]. ki W"’“I""""’ ok

As previously discussed the power consumption . = * Mehout .
represents one of the most important aspects of Health 6 Tates * iy Mining

wearable systems [69], [70]. For this reason, it could be

interesting investigate solutions to further reduce the powerFig. 3: An applied conceptual architecture of big data analytics

consumption microcontrollers. An interesting solution could

be the introduction of hardware accelerators [71], [72], The complexity of them begin with the data itself (e.g.,

[73].[74]. electronic health records, clinical decision support systems,
The speedup introduced by the hardware acceleratogovernment and laboratories sources, etc.) often in multiple

allows the reducing of the processing time and consequentlyformats (flat files, .csv, ASCII, etc.) with sources and data

the energy required for the processing types different (web and social media data, human-generated
_ unstructured and semi-structured data such as email, and
H. Data Collection and Management paper documents, and Biometric data such as finger prints,

The adoption of the IoT in medicine is able to allow genetics, handwriting, retinal scans, etc.).
collecting a large quantity of medical data related to Between the key capabilities that leading platforms for

monitored patients [75]. medical 0T (mloT) must enablénformation ingestiorand
This data can be stored and analysed to provide usefulnformative analyticsre that have the greatest improvement
information about the patient’s diseases. for effectively using Big Data.

Moreover, in literature, there are many attempts to create Between the 5 key capabilities that leading platforms for
systems able to provides collaborative management toolsmedical IoT (mloT) must enablénformation ingestiorand
[76][77] and appealing graphical interfaces[78][79] for data Informative analyticsare that have the greatest improvement
that can be adopted in the 10T environment. for effectively using Big Data.

Following we investigate the data collection and

correlation methodologies adopted in the E-Health-loT J. Information Ingestion

Universe. The Information Ingestion focuses on intelligently
) transform and store 10T data and to prepare and retrieve it
. Big Data for Healthcare loT for analysis. APIs bridge the divide between the data and the

There are a number of application areas medicine forcloud, making it easy to pull in the data that's needed. The
which computer-aided decision support systems havevolume of medical data is growing exponentially. For
become designed and implemented. After decades ofinstance, ImageCLEF medical image dataset contained
technological laggard, the field of medicine has begun to around 66,000 images between 2005 and 2007 while just in
acclimatize to today's digital data age. New technologiesthe year of 2013 around 300,000 images were stored
make it possible to capture vast amounts of information everyday [81].
about each individual patient over a large timescale. Today, Data is ingested from diverse data sources and platforms,
a variety of devices monitor every sort of patient behaviour —then the essential values are extracted using rich analytics.
from glucose monitors to fetal monitors to Typically, each health system has its own custom
electrocardiograms to blood pressure. Many of theserelational database schemas and data models which inhibit
measurements require a follow-up visit with a physician. But interoperability of healthcare data for multi-institutional data
smarter monitoring devices communicating with other sharing or research studies.
patient devices could greatly refine this process, possibly Research community has interest in consuming data
lessening the needs for direct physician intervention andcaptured from live monitors for developing continuous
maybe replacing it with a phone call from a nurse. monitoring technologies [80]. There are also products being

The conceptual framework for Big Data analytics in developed in the industry that facilitate device manufacturer
healthcare differs from that of a traditional health agnostic data acquisition from patient monitors across
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healthcare systems. For examplderelsMyData , is a care could improve the accuracy of diagnosis and outcome
database where patients can store their health data angrediction of disease [91]. In addition to the growing volume
determine who can access them and MongoiBBecoming of images, they differ in modality, resolution, dimension,
much more common with the healthcare researchand quality which introduce new challenges such as data
communities. MongoDB is a free cross-platform document- integration and mining specially if multiple datasets are
oriented database which eschews traditional table-basednvolved. When utilizing data at a local/institutional level, an
relational database. important aspect of a research project is on how the
Based on the Hadoop platform, a system has beendeveloped system is evaluated and validated. Having
designed for exchanging, storing, and sharing electronicannotated data or a structured method to annotate new data is
medical records (EMR) among different healthcare systemsa real challenge. In order to benefit the multimodal images
[82]. This system can also help users retrieve medicaland their integration with other medical data, new analytical
images from a database. Medical data has been investigateshethods that deal with some aspects of big data are required.
from an acquisition point of view where patients' vital datais  In facing medical image analysis an application of data
collected through a network of sensors [83]. This systemintegration/mining is in finding dependencies/patterns
delivers data to a cloud for storage, distribution, and among multimodal data and/or the data captured at different
processing. A prototype system has been implemented irtime points, in order to increase the accuracy of diagnosis,
[84] to handle standard store/query/retrieve requests on grediction, and overall performance of the system [18], [92]-
database of Digital Imaging and Communications in [95]. Toro and Muller have compared some organ
Medicine (DICOM) images. segmentation methods when data is considered as big data.
Integration of disparate sources of data, developing They have proposed a method that incorporates both local
consistency within the data, standardization of data from contrast of the image and atlas probabilistic information[96].
similar sources, and improving the confidence in the dataTsymbal et al. have designed a clinical decision support
especially towards utilizing automated analytics are amongsystem that exploits discriminative distance learning with
challenges facing data aggregation in healthcare systemsignificantly lower computational complexity compared to
[85]. classical alternatives and hence this system is more scalable
There are considerable efforts in compiling waveforms to retrieval [97]. A computer-aided decision support system
and other associated electronic medical information into onewas developed by Chen et al. [94] that could assist
cohesive database that are made publicly available forphysicians to provide accurate treatment planning for

researchers worldwide [86]. patients suffering from traumatic brain injury (TBI). In [98],
By illustrating the data with a graph model, a framework molecular imaging technology is designed to aid in early
for analyzing large-scale data has been presented [87]. detection of cancer by integrating molecular and
, i physiological information with anatomical information.
K. Informative Analytics Using this imaging technique for patients with advanced

Informative Analyticgjains insight from huge volumes of ovarian cancer, the accuracy of the predictor of response to a
loT data to make better decisions and optimize operations.special treatment has been increased compared to other
Apply real-time analytics to monitor current conditions and clinical or histopathologic criteria. A hybrid digital-optical
respond accordingly characterizes the second challenge. Theorrelator (HDOC) can be employed to compare images in
purpose is to leverage cognitive analytics with both the absence of coordinate matching or geo-registration. In
structured and unstructured data to understand situationsthis multichannel method, the computation is performed in
reason through options, and learn as conditions change. Fothe storage medium which is a volume holographic memory
example, predictive artificial intelligence (Al) algorithms which could help HDOC [99].
indicate people who may be at highest risk based on an Similar to medical images, medical signals also pose
analysis of available data collected from existing patient volume and velocity obstacles especially during continuous,
records. high-resolution acquisition and storage from a multitude of

Big Data Analytics in Healthcare: evolution of healthcare monitors connected to each pati¢atarm fatigue” for both
practices and research. Some of these major challenges withare givers and patients [100], [101]. Research in signal
a focus on three upcoming and promising areas of medicalprocessing for developing big data based clinical decision
research: image, signal, and genomics based analytics. Mangupport systems (CDSSs) is getting more prevalent [102].
areas in health care such as diagnosis, prognosis, and The cost to sequence the human genome is rapidly
screening can be improved by utilizing computational decreasing with the development of high-throughput
intelligence [88]. Popular areas of research where thesequencing technology [103], [104]. With implications for
concepts of big data analytics are currently being applied arecurrent public health policies and delivery of care analyzing
Image Processing, Signal Processing, and Genomics [89]. genome-scale data for developing actionable

Medical images are an important source of data frequentlyrecommendations in a timely manner is a significant
used for diagnosis, therapy assessment and planning [90]challenge to the field of computational biology[105], [106].
Medical image data can range anywhere from a few ) o
megabytes for a single study to hundreds of megabytes pek- Machine learning in loT
study. The integration of computer analysis with appropriate In literature has been provided many approaches to
manage data with the aims to extract knowledge from data.
Lhttp://www.hereismydata.com/ In this section, we provide a review of machine learning

*hitps://gigaom.com/2013/08/27/10gen-embraces-what-it-created-becomes- approaches in E-Health-lot Universe.
mongodb-inc/
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Initiatives such as meaningful use are accelerating the4. Intrusive identification of behaviour patterns and user
adoption of Electronic Health Records (EHR), and the profiling
volume and detail of patient information is growing rapidly. 5. Limitations on the possibility of remaining anonymous
Being able to combine and analyse a variety of structured  whilst using services
and unstructured data across multiple data sources aids in thé. Security risks{114].
accuracy of diagnosing patient conditions, matching
treatments with outcomes, and predicting patients at risk for In order to addresses these issues two new principles has
disease or readmission. Predictive modelling of data derivedbeen introduced: "Privacy by Design" and "Privacy by
from EHRs is being used for early diagnosis with the default" [115].
intention of reducing mortality rates from problems such as "Privacy by Design" principle affirm that privacy must be
congestive heart failure and sepsis or to preventincorporated in the design and architecture of IoT systems.
complicances as VTE in oncological patients [107][108]. "Privacy by default" principle states that every IT system

A machine learning example from Georgia Tech should ensure that only the personal information necessary
demonstrated that machine learning algorithms could look atfor each specific purpose of the processing are treated, by
many more factors in patients’ charts than doctors, and bydefault, and that the amount of data collected and the
adding additional features, there was a substantial increase iduration of their preservation does not go beyond the
the ability of the model to distinguish people who have CHF minimum necessary for the purposes sought.
from people who don't. In particular, personal data should not be accessible to an

Predictive modelling and machine learning on large indefinite number of people and those involved must be able
sample sizes, with more patient data, can uncover nuanceto control the distribution of their personal data.
and patterns that couldn’t be previously uncovered. Optum In conclusion, we can affirm that the analysis of the data
Labs has collected EHRs of over 30 million patients to flow in a loT architecture should be designed in accordance
create a database for predictive analytics tools that will helpwith the above-mentioned principles of "Privacy by Design"
doctors make big data-informed decisions to improve and "Privacy by default”.
patients’ treatment. , . . .

Machine learning approaches in medicine aim to exploit N- Pérsonalized Medicine and Precision Medicine
significant patterns in data, in order to produce risk The “personalized medicine” [116] research field deal
predictors. These predictors could be integrated into IoT with the definition of a tailored therapy for a patient or a
architecture to realize the risk alarm systems or exploited toclass of patients. To realize this, recently research methods
evaluate data collected from loT architectures. provide solutions for the collection and correlation of big

There are a lot of research works that adopt machinedata related to patients able to determine a precise therapy.
learning techniques to realize the precision medicine and the Many of these solutions are provided by the introduction
personalized medicine, following we provide some of IoT devices in medicine in order to collect a large amount
significant examples. of data related to the patients.

In [109] authors analyse machine learning techniques in The considered data can be exploited to precisely tailoring
the diabetes research with respect to a) Prediction andherapies to subcategories of disease and to divided patients
Diagnosis, b) Diabetic Complications, c¢) Genetic into different classes of similar individuals. Often this
Background and Environment, and e) Health Care andpurpose is achieved by the exploitation of the genomics

Management. techniques.

In [110] authors realize a computerized decision support Another important research field has been introduced
systems (DSSs) on transfusion practice. thanks to the adoption of I0T in medical environment the
In [111] authors apply the neural networks to the “precision medicine”. The “precision medicine” [117]
classification of breast cancer. paradigm has become very popular over recent years,

In [112] authors discuss the state-of-art of clinical data powered by scientific as well as political perspectives.
warehouse and show the possible solutions for this issue. In January 20, 2015, the president of United States Barack
. ) Obama announced:
M. Security and Privacy Issues “Tonight, I'm launching a new Precision Medicine

From the introduction of the loT architecture in the Initiative to bring us closer to curing diseases like cancer and
medical environment we need to facing major challenges:diabetes — and to give all of us access to the personalized
security, data protection and privacy [113]. Many initiatives information we need to keep ourselves and our families
to the regulation of the data collection have been providedhealthier.”
both in the Europe and in the other countries. Article 29 of We intend the precision medicine as the union of
Directive 95/46/EC set up a Working Party (WP), an technologies and methodologies able to harvesting and
independent European advisory body on data protection andnanaging a large set of data related to a patient.
privacy. The WP has identified six significant privacy and  Differently from the “personalized medicine”, the set of

data protection issues related to the Internet of Things: data in “precision medicine” is related to a single patient and
the determinate therapy is only for this particular patient.
1. Lack of control and information asymmetry All of these approaches are related to the necessity to
2. Low-quality consent harvest a lot of heterogeneous data and to manage them.
3. Extrapolation of inferences from data and repurposing
of original processing IV. CONCLUSIONS
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In this paper, we analyze the state-of-art of 0T in medical [15]
environment. Despite the large number of applications of
IoT in medicine many issues are still open and they need[ls]
innovative solutions to be solved. One of the main problems
is the prototyping of sensors able to recognize medical
information in rapidly and precise way. These sensors [17]
should be small enough in order to be easily wearable and
should be characterized by a reduced power consumptionjig]
Sensors will be the cornerstone of the IoT architecture, these
architectures must be able to ensure security and privacy[lg]
during the data transmission. The clinical data collected
from the sensors in the loT architectures need to be
harvested and stored in secure data-warehouse. Finally, dati&0]
mining applications, such as risks prediction, classification
and clustering should provide more accurate results alsopy)
considering the increase of the amount of data due to the

improvement of 10T devices. 22

REFERENCES

[1] F. Guadagni et al.,, “RISK: A Random Optimization Interactive
System Based on Kernel Learning for Predicting Breast Cancer
Disease Progression,” in Bioinformatics and Biomedical Engineering:
5th International Work-Conference, IWBBIO 2017, Granada, Spain, [24]
April 26--28, 2017, Proceedings, Part |, I. Rojas and F. Ortufio, Eds.
Cham: Springer International Publishing, 2017, pp. 189-196.

[2] A.R.D. Accardi and S. Chiarenza, “Musei digitali dell * architettura
immaginata un approccio integrato per la definizione di percorsi di [25]
conoscenza del patrimonio culturale Digital museums of the
imagined architecturean integrated approach,” DISEGNARECON,
vol. 9, 2016. [26]

[3] M. Pennacchiotti and F. M. Zanzotto, “Natural Language Processing
Across Time: An Empirical Investigation on ltalian,” Springer,
Berlin, Heidelberg, 2008, pp. 371-382.

[4] R. Beccaceci, F. Fallucchi, C. F. Giannone, F. Spagnoulo, and F. M.
Zanzotto, “Education with ‘living artworks'in museums,” in CSEDU
2009 - Proceedings of the 1st International Conference on Computer[zs]
Supported Education, 2009, vol. 1.

[5] G. Arcidiacono, E. W. De Luca, F. Fallucchi, and A. Pieroni, “The
use of lean six sigma methodology in digital curation,” in CEUR
Workshop Proceedings, 2016.

[6] A. D'’Ambrogio et al.,, “Use of integrated technologies for fire
monitoring and first alert,” in Application of Information and
Communication Technologies, AICT 2016 - Conference Proceedings,
2017, pp. 1-5. [30

[71 M. T. Pazienza, N. Scarpato, and A. Stellato, “STIA*: Experience of
semantic annotation in Jurisprudence domain,” in Frontiers in
Artificial Intelligence and Applications, 2009, vol. 205, pp. 156-161.

[8] M. Bianchi, M. Draoli, G. Gambosi, M. T. Pazienza, N. Scarpato,
and A. Stellato, “ICT tools for the discovery of semantic relations in
legal documents,” in CEUR Workshop Proceedings, 2009, vol. 582.

[9] G. Boella, L. Di Caro, L. Humphreys, L. Robaldo, P. Rossi, and L.

van der Torre, “Eunomos, a legal document and knowledge [32]

management system for the Web to provide relevant, reliable and up-

to-date information on the law,” Artif. Intell. Law, vol. 24, no. 3, pp.

245-283, Sep. 2016.

V. Morabito, “Big Data and Analytics for Government Innovation,”

Big Data Anal. Strateg. Organ. Impacts, pp. 23—-45, 2015.

A. Zanella et al., Internet of Things for Smart Cities. IEEE Internet of (34]

things. 1, 22-32 (2014).

F. Fallucchi, E. Alfonsi, A. Ligi, and M. Tarquini, Ontology-driven

public administration web hosting monitoring system, vol. 8842.

2014.

M. Bianchi, M. Draoli, F. Fallucchi, and A. Ligi, “Service level

agreement constraints into processes for document classification,” in (36]

ICEIS 2014 - Proceedings of the 16th International Conference on

Enterprise Information Systems, 2014, vol. 1.

D. Zhang, L. Zhou, and J. F. Nunamaker Jr, “A Knowledge [37]

Management Framework for the Support of Decision Making in

Humanitarian Assistance/Disaster Relief,” Knowl. Inf. Syst., vol. 4,

no. 3, pp. 370-385, Jul. 2002. [38]

(23]

[27]

(29]

(31]

(33]
[10]

(11]

[12] (35]

[13]

[14]

2334

F. Fallucchi, M. Tarquini, and E. W. De Luca, Knowledge
management for the support of logistics during Humanitarian
Assistance and Disaster Relief (HADR), vol. 265. 2016.

F. Fallucchi, M. Tarquini, and E. W. De Luca, “Supporting
Humanitarian Logistics with Intelligent Applications for Disaster
Management,” INTELLI 2016, p. 64, 2016.

A. Pieroni, N. Scarpato, and M. Brilli, “Industry 4 . 0 Revolution in
Autonomous and Connected Vehicle A non-conventional approach to
manage Big Data,” J. Theor. Appl. Inf., vol. 96, no. 1, 2018.

L. Catarinucci et al., “An loT-Aware Architecture for Smart
Healthcare Systems,” IEEE Internet Things J., vol. 2, no. 6, pp. 515—
526, Dec. 2015.

S. Distefano, D. Bruneo, F. Longo, G. Merlino, and A. Puliafito,
“Hospitalized Patient Monitoring and Early Treatment Using loT and
Cloud,” Bionanoscience, vol. 7, no. 2, pp. 382-385, Jun. 2017.

M. Seera and C. P. Lim, “A hybrid intelligent system for medical
data classification,” Expert Syst. Appl., vol. 41, no. 5, pp. 2239-2249,
2014.

K. Dhariwal and A. Mehta, “Architecture and Plan of Smart hospital
based on Internet of Things ( IOT ),” Int. Res. J. Eng. Technol., pp.
1976-1980, 2017.

K. Natarajan, B. Prasath, and P. Kokila, “Smart Health Care System
Using Internet of Things,” J. Netw. Commun. Emerg. Technol., vol.
6, no. 3, pp. 37-42, 2016.

H. U. Balaguera et al., “Using a Medical Intranet of Things System
to Prevent Bed Falls in an Acute Care Hospital: A Pilot Study.,” J.
Med. Internet Res., vol. 19, no. 5, p. €150, May 2017.

T. Urbanczyk and L. Peter, “Database Development for the Urgent
Department of Hospital based on Tagged Entity Storage Following
the 10T Concept,” IFAC-PapersOnLine, vol. 49, no. 25, pp. 278-283,
Jan. 2016.

G. Alex, B. Varghese, J. G. Jose, and A. Abraham, “A Modern
Health Care System Using loT and Android .,” Int. J. Comput. Sci.
Eng., vol. 8, no. 4, pp. 117-121, 2016.

K. Avila, P. Sanmartin, D. Jabba, and M. Jimeno, “Applications
Based on Service-Oriented Architecture (SOA) in the Field of Home
Healthcare,” Sensors, vol. 17, no. 8, p. 1703, 2017.

Y. Andreu et al., “Wize Mirror-a smart, multisensory cardio-
metabolic risk monitoring system,” Comput. Vis. Image Underst., vol.
148, pp. 3-22, 2016.

Z. Pang, L. Zheng, J. Tian, S. Kao-Walter, E. Dubrova, and Q. Chen,
“Design of a terminal solution for integration of in-home health care
devices and services towards the Internet-of-Things,” Enterp. Inf.
Syst., vol. 9, no. 1, pp. 86-116, Jan. 2015.

J. Oliveira e S4, J. C. S4, C. C. S4, M. Monteiro, and J. L. Pereira,
“Baby steps in E-health: Internet of things in a doctor’s office,” in
Advances in Intelligent Systems and Computing, 2017, vol. 569, pp.
909-916.

S. R. Moosauvi et al., “SEA: A secure and efficient authentication and
authorization architecture for loT-based healthcare using smart
gateways,” in Procedia Computer Science, 2015, vol. 52, no. 1, pp.
452-459.

M. Paschou, C. Papadimitiriou, N. Nodarakis, K. Korezelidis, E.
Sakkopoulos, and A. Tsakalidis, “Enhanced healthcare personnel
rostering solution using mobile technologies,” J. Syst. Softw., vol.
100, pp. 44-53, 2015.

Z. Fan, R. Haines, and P. Kulkarni, “M2M communications for E-
health and smart grid: An industry and standard perspective,” IEEE
Wirel. Commun., vol. 21, no. 1, pp. 62—69, Feb. 2014.

E. C. Larson, M. Goel, G. Boriello, S. Heltshe, M. Rosenfeld, and S.
N. Patel, “SpiroSmart,” in Proceedings of the 2012 ACM Conference
on Ubiguitous Computing - UbiComp '12, 2012, no. Figure 1, p. 280.
S. M. Roach and S. Downes, “Caring for Australia’'s most remote
communities: obstetric services in the Indian Ocean Territories.,”
Rural Remote Health, vol. 7, no. 2, p. 699, 2007.

M.-Z. Poh and Y. C. Poh, “Validation of a Standalone Smartphone
Application for Measuring Heart Rate Using Imaging
Photoplethysmography,” Telemed. e-Health, p. tmj.2016.0230, 2017.
U. Nanni et al., “RFID as a new ICT tool to monitor specimen life
cycle and quality control in a biobank,” Int. J. Biol. Markers, vol. 26,
no. 2, pp. 129-135, 2011.

P. Gope and T. Hwang, “BSN-Care: A Secure loT-Based Modern
Healthcare System Using Body Sensor Network,” IEEE Sens. J., vol.
16, no. 5, pp. 1368-1376, Mar. 2016.

T. N. Gia, M. Jiang, A. M. Rahmani, T. Westerlund, P. Liljeberg, and
H. Tenhunen, “Fog computing in healthcare Internet of Things: A
case study on ECG feature extraction,” in Proceedings - 15th IEEE



[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

(53]

[54]

[55]

[56]

[57]

(58]

[59]

International Conference on Computer and Information Technology,
CIT 2015, 14th IEEE International Conference on Ubiquitous
Computing and Communications, IUCC 2015, 13th IEEE
International Conference on Dependable, Autonomic and Se, 2015,
pp. 356-363.

D. Germanese, M. Magrini, M. Righi, and M. D. Acunto, “Self-
monitoring the Breath for the Prevention of Cardio-metabolic Risk,”
no. ¢, pp. 96-101, 2017.

O. Gottesman et al., “The Electronic Medical Records and Genomics
(eMERGE) Network: past, present, and future,” Genet. Med., vol. 15, [62]
no. 10, 2013.

W. Gao et al, “Fully integrated wearable sensor arrays for
multiplexed in situ perspiration analysis,” Nature, vol. 529, no. 7587,

pp. 509-514, Jan. 2016.

P. Castillejo, J. F. Martinez, J. Rodriguez-Molina, and A. Cuerva, [63]
“Integration of wearable devices in a wireless sensor network for an
E-health application,” IEEE Wirel. Commun., vol. 20, no. 4, pp. 38—

49, Aug. 2013.

T.-C. Chang, C.-M. Hsu, K.-W. Chen, and C.-L. Yang, “Wearable [64]
sensors based on a high sensitive complementary split-ring resonator
for accurate cardiorespiratory sign measurements,” in 2017 |IEEE
MTT-S International Microwave Symposium (IMS), 2017, pp. 208—
210.

H. Jin, T. P. Huynh, and H. Haick, “Self-Healable Sensors Based
Nanoparticles for Detecting Physiological Markers via Skin and
Breath: Toward Disease Prevention via Wearable Devices,” Nano
Lett., vol. 16, no. 7, pp. 4194-4202, Jul. 2016.

T. Q. Trung and N. E. Lee, “Flexible and Stretchable Physical Sensor
Integrated Platforms for Wearable Human-Activity Monitoringand
Personal Healthcare,” Adv. Mater., vol. 28, no. 22, pp. 4338-4372,
Jun. 2016.

G. Suciu et al., “Big Data, Internet of Things and Cloud Convergence
— An Architecture for Secure E-Health Applications,” J. Med. Syst.,
vol. 39, no. 11, p. 141, Nov. 2015.

S. Hijazi, A. Page, B. Kantarci, and T. Soyata, “Machine Learning in
Cardiac Health Monitoring and Decision Support,” Computer (Long.
Beach. Calif)., vol. 49, no. 11, pp. 38-48, Nov. 2016.

F. Cheng and Z. Zhao, “Machine learning-based prediction of drug-
drug interactions by integrating drug phenotypic, therapeutic,
chemical, and genomic properties,” J. Am. Med. Informatics Assoc., [69]
vol. 21, no. e2, pp. e278—e286, Oct. 2014.

G. J. Kuperman et al., “Medication-related Clinical Decision Support

(60]

(61]

(65]

(66]

(67]

(68]

in Computerized Provider Order Entry Systems: A Review,” J. Am. [70]
Med. Informatics Assoc., vol. 14, no. 1, pp. 29-40, Jan. 2007.
S. M. R. Islam, D. Kwak, H. Kabir, M. Hossain, and K.-S. Kwak, [71]

“The Internet of Things for Health Card Comprehensive Survey,”
Access, IEEE, vol. 3, pp. 678-708, 2015.

M. Hooshmand, D. Zordan, D. Del Testa, E. Grisan, and M. Rossi,
“Boosting the Battery Life of Wearables for Health Monitoring
through the Compression of Biosignals,” IEEE Internet Things J., vol. [72]
4,no. 5, pp. 1-1, Oct. 2017.

B. Martinez, M. Monton, I. Vilajosana, and J. D. Prades, “The Power
of Models: Modeling Power Consumption for loT Devices,” IEEE
Sens. J., vol. 15, no. 10, pp. 5777-5789, Oct. 2015.

W. T. Cefalu, The Challenges of Diabetes Management for Emerging
Young Adults, vol. 35, no. January. 2014.

J. Y. Lucisano, T. L. Routh, J. T. Lin, and D. A. Gough, “Glucose [74]
Monitoring in Individuals with Diabetes Using a Long-Term
Implanted Sensor/Telemetry System and Model,” |EEE Trans.
Biomed. Eng., vol. 64, no. 9, pp. 1982-1993, Sep. 2017.

M. Ye, T. Arakawa, P.-J. Chien, T. Suzuki, K. Toma, and K.
Mitsubayashi, “Acetone Biosensor Based on Fluorometry of
Reduced Nicotinamide Adenine Dinucleotide Consumption in [76]
Reversible Reaction by Secondary Alcohol Dehydrogenase,” IEEE
Sens. J., vol. 17, no. 17, pp. 5419-5425, Sep. 2017.

M. R. Francesca Silvestri, Simone Acciarito, Gian Carlo Cardarilli,
Gaurav Mani Khanal, Luca Di Nunzio, Rocco Fazzolari, “FPGA
Implementation of a Low-power QRS extractor,” Lect. notes Electr.
Eng., vol. IN PRESS, 2018.

E. Braunwald and R. O. Bonow, Braunwald’s heart disease
textbook of cardiovascular medicine. Saunders, 2012.

C. L. Chen and C. Te Chuang, “A QRS detection and R point
recognition method for wearable single-lead ECG devices,” Sensors [79]
(Switzerland), vol. 17, no. 9, p. 1969, Aug. 2017.

M. R. Arefin, K. Tavakolian, and R. Fazel-Rezai, “QRS complex
detection in ECG signal for wearable devices,” in 2015 37th Annual

(73]

[75]

[77]

(78]

(80]

2335

International Conference of the IEEE Engineering in Medicine and
Biology Society (EMBC), 2015, pp. 5940-5943.

M. Peng, S. A. Imtiaz, and E. Rodriguez-Villegas, “Pulse oximetry in
the neck - a proof of concept,” in 2017 39th Annual International
Conference of the IEEE Engineering in Medicine and Biology
Society (EMBC), 2017, pp. 877-880.

A. Pliddemann, M. Thompson, C. Heneghan, and C. Price, “Pulse
oximetry in primary care: primary care diagnostic technology
update.,” Br. J. Gen. Pract., vol. 61, no. 586, pp. 358-9, May 2011.
T. Elfaramawy, C. Latyr Fall, M. Morissette, F. Lellouche, and B.
Gosselin, “Wireless respiratory monitoring and coughing detection
using a wearable patch sensor network,” in 2017 15th IEEE
International New Circuits and Systems Conference (NEWCAS),
2017, pp. 197-200.

S. Salman, Z. Wang, E. Colebeck, A. Kiourti, E. Topsakal, and J. L.
Volakis, “Pulmonary Edema Monitoring Sensor With Integrated
Body-Area Network for Remote Medical Sensing,” IEEE Trans.
Antennas Propag., vol. 62, no. 5, pp. 2787-2794, May 2014.

J. Dieffenderfer et al., “Low-Power Wearable Systems for
Continuous Monitoring of Environment and Health for Chronic
Respiratory Disease,” IEEE J. Biomed. Heal. Informatics, vol. 20, no.
5, pp. 1251-1264, Sep. 2016.

J.-E. Park, Y.-H. Hwang, and D.-K. Jeong, “A 0.4-to-1 V Voltage
Scalable $\Delta \Sigma $ ADC With Two-Step Hybrid Integrator for
IoT Sensor Applications in 65-nm LP CMOS,” IEEE Trans. Circuits
Syst. Il Express Briefs, vol. 64, no. 12, pp. 1417-1421, Dec. 2017.
P. Patra, K. Yadav, J. Naik, and A. Dutta, “A true 1V 1pW
biomedical front end with reconfigurable ADC for self powered
smarter loT healthcare systems,” in TENCON 2015 - 2015 IEEE
Region 10 Conference, 2015, pp. 1-4.

“SimpleLink Solutions | Wireless Microcontrollers | Overview |
Wireless  Connectivity | Tlcom.” [Online]. Available:
http://www.ti.com/wireless-connectivity/simplelink-
solutions/wireless-microcontrollers/overview.html.
Nov-2017].

NXP, “Arm®-Based Processors and MCUs|NXP,” 2017. [Online].
Available: https://www.nxp.com/products/processors-and-
microcontrollers/arm-based-processors-and-mcus:ARM-
ARCHITECTURE. [Accessed: 28-Nov-2017].

G. lazeolla and A. Pieroni, “Energy saving in data processing and
communication systems.,” ScientificWorldJournal., vol. 2014, p.
452863, Jun. 2014.

G. lazeolla and A. Pieroni, “Power Management of Server Farms,”
Appl. Mech. Mater., vol. 492, pp. 453—-459, Jan. 2014.

G. C. Cardarilli, L. Di Nunzio, R. Fazzolari, M. Re, and R. B. Lee,
“Integration of butterfly and inverse butterfly nets in embedded
processors: Effects on power saving,” in Conference Record -
Asilomar Conference on Signals, Systems and Computers, 2012, pp.
1457-1459.

A. Corporation, “White Paper Adding Hardware Accelerators to
Reduce Power in Embedded Systems,” System, no. September, pp.
1-5, 2009.

G. C. Cardarilli, L. Di Nunzio, R. Fazzolari, and M. Re, “Fine-grain
Reconfigurable Functional Unit for embedded processors,” in 2011
Conference Record of the Forty Fifth Asilomar Conference on
Signals, Systems and Computers (ASILOMAR), 2011, pp. 488—492.
G. C. Cardarilli, L. Di Nunzio, R. Fazzolari, and M. Re, “TDES
cryptography algorithm acceleration using a reconfigurable
functional unit,” in 2014 21st |[EEE International Conference on
Electronics, Circuits and Systems (ICECS), 2014, pp. 419-422.

D. V. Dimitrov, “Medical Internet of Things and Big Data in
Healthcare,” Healthc. Inform. Res., vol. 22, no. 3, p. 156, Jul. 2016.
M. T. Pazienza, N. Scarpato, A. Stellato, and A. Turbati, “Din din!
The (Semantic) Turkey is served!,” in CEUR Workshop Proceedings,
2008, vol. 426.

M. T. Pazienza, N. Scarpato, A. Stellato, and A. Turbati, “Semantic
Turkey: A browser-integrated environment for knowledge
acquisition and management,” Semant. Web, vol. 3, no. 3, 2012.

M. T. Pazienza, N. Scarpato, and A. Stellato, “Semi-automatic
generation of GUIs for RDF browsing,” in Proceedings of the
International Conference on Information Visualisation, 2010, pp.
267-272.

N. Scarpato and G. Alessio, “SAGGa Novel Linked Data
Visualization Approach,” J. Theor. Appl. Inf., vol. 95, no. 22, 2017.

W. Raghupathi and V. Raghupathi, “Big data analytics in healthcare:
promise and potential,” Heal. Inf. Sci. Syst., vol. 2, no. 1, p. 3, 2014.

[Accessed: 28-



(81]

(82]

(83]

(84]

(85]

(86]

[87]

(88]

(89]

[90]

[91]

[92]

(93]

[94]

[95]

[96]

[97]

A. Widmer, R. Schaer, D. Markonis, and H. Miller, “Gesture [98] R. Weissleder, “Molecular Imaging in Cancer,” Science (80-. )., vol.

Interaction for Content--based Medical Image Retrieval,” Proc. Int. 312, no. 5777, pp. 1168-1171, 2006.

Conf. Multimed. Retr., p. 503, 2014. [99] T. zZheng, L. Cao, Q. He, and G. Jin, “Full-range in-plane rotation
C. T. Yang, L. T. Chen, W. L. Chou, and K. C. Wang, measurement for image recognition with hybrid digital-optical
“Implementation of a Medical Image File Accessing System on cloud correlator,” Opt. Eng., vol. 53, no. 1, p. 11003, 2013.

computing,” in Proceedings - 2010 13th I|EEE International [100] B. J. Drew et al., “Insights into the Problem of Alarm Fatigue with
Conference on Computational Science and Engineering, CSE 2010, Physiologic Monitor Devices: A Comprehensive Observational
2010, pp. 321-326. Study of Consecutive Intensive Care Unit Patients,” PLoS One, vol.
C. O. Rolim, F. L. Koch, C. B. Westphall, J. Werner, A. Fracalossi, 9, no. 10, p. 110274, Oct. 2014.

and G. S. Salvador, “A cloud computing solution for patient’s data [101] M. Cvach, “Monitor alarm fatigue: An integrative review,”
collection in health care institutions,” in 2nd International Biomedical Instrumentation and Technology, vol. 46, no. 4. pp. 268—
Conference on eHealth, Telemedicine, and Social Medicine, 277, 2012.

eTELEMED 2010, Includes MLMB 2010; BUSMMed 2010, 2010, [102] A. Belle, M. A. Kon, and K. Najarian, “Biomedical informatics for
pp. 95-99. computer-aided decision support systems: A survey,” The Scientific
C. C. Teng et al., “A medical image archive solution in the cloud,” in World Journal, vol. 2013. 2013.

Proceedings 2010 IEEE International Conference on Software [103] I. H. G. S. Consortium, “Initial sequencing and analysis of the human
Engineering and Service Sciences, ICSESS 2010, 2010, pp. 431-434. genome.,” Nature, vol. 409, pp. 860-921, 2001.
M. Santos and F. Portela, “Enabling Ubiquitous Data Mining in [104] R. Drmanac et al., “Human Genome Sequencing Using Unchained

Intensive Care - Features Selection and Data Pre-processing.,” ICEIS Base Reads on Self-Assembling DNA Nanoarrays,” Science (80-. ).,
2011 - Proceedings of the 13th International Conference on vol. 327, no. 5961, pp. 78-81, 2010.

Enterprise Information Systems, vol. 1. pp. 261-266, 2011. [105] T. Caulfield et al., “Reflections on the Cost of ‘Low-Cost’ Whole
O. Uzuner, B. R. South, S. Shen, and S. L. DuVall, “2010 i2b2/VA Genome Sequencing: Framing the Health Policy Debate,” PLoS Biol.,
challenge on concepts, assertions, and relations in clinical text,” J. vol. 11, no. 11, 2013.

Am. Med. Informatics Assoc., vol. 18, no. 5, pp. 552-556, 2011. [106] F. E. Dewey et al.,, “Clinical Interpretation and Implications of
A. Sandryhaila and J. M. F. Moura, “Big data analysis with signal Whole-Genome Sequencing,” JAMA, vol. 311, no. 10, p. 1035, 2014.
processing on graphs: Representation and processing of massive datfl07] P. Ferroni et al., “Risk Assessment for Venous Thromboembolism in
sets with irregular structure,” IEEE Signal Process. Mag., vol. 31, no. Chemotherapy-Treated Ambulatory Cancer Patients,” Med. Decis.
5, pp. 80-90, 2014. Mak., vol. 37, no. 2, 2016.

H. Elshazly, A. T. Azar, A. El-Korany, and A. E. Hassanien, “Hybrid [108] P. Ferroni, F. M. Zanzotto, N. Scarpato, S. Riondino, F. Guadagni,
system for lymphatic diseases diagnosis,” in Proceedings of the 2013 and M. Roselli, “Validation of a machine learning approach for
International Conference on Advances in  Computing, venous thromboembolism risk prediction in oncology,” Dis. Markers,
Communications and Informatics, ICACCI 2013, 2013, pp. 343-347. vol. 2017, 2017.

A. Belle, R. Thiagarajan, S. M. R. Soroushmehr, F. Navidi, D. A. [109] I. Kavakiotis, O. Tsave, A. Salifoglou, N. Maglaveras, |. Vlahavas,
Beard, and K. Najarian, “Big Data Analytics in Healthcare,” Hindawi and I. Chouvarda, “Machine Learning and Data Mining Methods in
Publ. Corp., vol. 2015, pp. 1-16, 2015. Diabetes Research,” Computational and Structural Biotechnology
F. Ritter et al., “Medical image analysis,” IEEE Pulse, vol. 2, no. 6, Journal, vol. 15. pp. 104-116, 2017.

pp. 60-70, 2011. [110] S. A. Fisher, A. B. Docherty, C. Doree, S. P. Hibbs, M. F. Murphy,
G. Dougherty, Digital image processing for medical applications. and L. J. Estcourt, “Computerised decision support systems to
2009. promote appropriate use of blood products,” Cochrane Database Syst.
D. Markonis, R. Schaer, I. Eggel, H. Muller, and A. Depeursinge, Rev., vol. 2017, no. 2, Feb. 2017.

“Using MapReduce for Large-Scale Medical Image Analysis,” in [111] A. M. Abdel-Zaher and A. M. Eldeib, “Breast cancer classification
2012 |EEE Second International Conference on Healthcare using deep belief networks,” Expert Syst. Appl., vol. 46, pp. 139-144,
Informatics, Imaging and Systems Biology, 2012, pp. 1-1. 2016.

H. Yang, J. Liu, J. Sui, G. Pearlson, and V. D. Calhoun, “A Hybrid [112] D. J. Foran et al., “Roadmap to a Comprehensive Clinical Data
Machine Learning Method for Fusing fMRI and Genetic Data: Warehouse for Precision Medicine Applications in Oncology,”
Combining both Improves Classification of Schizophrenia,” Front. Cancer Inform., vol. 16, no. 0, p. 117693511769434, Jan. 2017.
Hum. Neurosci., vol. 4, 2010. [113] F. Guadagni et al., “Personal and Sensitive Data in the e-Health-loT
W. Chen, C. Cockrell, K. R. Ward, and K. van Najarian, “Intracranial Universe,” in Internet of Things. loT Infrastructures: Second
pressure level prediction in traumatic brain injury by extracting International Summit, loT 360{\textdegree} 2015, Rome, Italy,
features from multiple sources and using machine learning methods,” October 27-29, 2015, Revised Selected Papers, Part Il, B. Mandler, J.
in Bioinformatics and Biomedicine (BIBM), 2010 IEEE International Marquez-Barja, M. E. Mitre Campista, D. Caga\vnova, H. Chaouchi,
Conference on, 2010, pp. 510-515. S. Zeadally, M. Badra, S. Giordano, M. Fazio, A. Somov, and R.-L.
N. Koutsouleris, S. Borgwardt, E. M. Meisenzahl, R. Bottlender, H. J. Vieriu, Eds. Cham: Springer International Publishing, 2016, pp. 504—
Moller, and A. Riecher-Rossler, “Disease prediction in the at-risk 514.

mental state for psychosis using neuroanatomical biomarkers: Resultg114] Article 29 Data Protection Working Party WP 223, “Opinion 8 /
from the fepsy study,” Schizophr. Bull., vol. 38, no. 6, pp. 1234— 2014 on the on Recent Developments on the Internet of Things,”
1246, 2012. 2014. [Online]. Available: http://ec.europa.eu/justice/data-
O. A. Jimenez Del Toro and H. Muller, “Multi atlas-based protection/index_en.htm. [Accessed: 20-Nov-2017].

segmentation with data driven refinement,” in 2014 IEEE-EMBS [115] A. Cavoukian and C. Popa, “Embedding Privacy Into What's Next:
International Conference on Biomedical and Health Informatics, BHI Privacy by Design for the Internet of Things,” no. April, pp. 1-10,
2014, 2014, pp. 605-608. 2016.

A. Tsymbal, E. Meissner, M. Kelm, and M. Kramer, “Towards [116] M. A. Hamburg and F. S. Collins, “The Path to Personalized
cloud-based image-integrated similarity search in big data,” in 2014 Medicine,” N. Engl. J. Med., vol. 363, no. 4, pp. 301-304, Jul. 2010.
IEEE-EMBS International Conference on Biomedical and Health [117] B. E. Huang, W. Mulyasasmita, and G. Rajagopal, “The path from
Informatics, BHI 2014, 2014, pp. 593-596. big data to precision medicine,” Expert Rev. Precis. Med. Drug Dev.,

vol. 1, no. 2, pp. 129-143, Mar. 2016.

2336





