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Abstract (Italiano)

L'attivita di ricerca descritta in questa tesi e stata condotth ded mb i t o
dell'informaica medica e ha riguardato in particolargistemi di supporto
alle decisioni cliniche (CDSSs). Il volumela varieta e la ponta
disponibilita di dati relativiai pazienti costituisce oggi, per la pratica
clinica, undmportante opportunitgper utilizzare quest informazioni per
f or niassestenzans@nitaria clseéa personalizzata al livello dsingolo
paziente. Tuttavia lterogeneita e la dimensione lige informazioni
disponibili pongono sfide importanti per quanto riguarda la
rappresentazione dei dati e l'integraziongllal diverse sorgenti da cui
provengono Infatti, di fronte ad urproblema di sceltanedica,un decisore
dovrebbe prendere in consideraziangmerose fonti di informazione. Una
lista non esaustiva delle pio importanti potrebbe comprendere
pubblicazioni contenenti le piu recenti conoscenze scientifiche, database
degli ospedali, dati provenienti da sensori egdti agli smartphoneei
pazient, preferenze personali d@azient, informazioni sul loro stile di
vita e il contesto in cuessivivono. Tutte queste informazioni possono
contribuire alla possibilita di forniran supportanformatizzatoper medici
e pazienti che siapiu personalizzatgossibile e che abbid potenziale
effetto di aumentaré 60 a d 0 z i desepractieetohtenute nelldinee
guida cliniche ai migliorare la complianceal trattamento per i pazienti.
Metodologie di intelligenza artifiale e CDSSsono qui propostcome
alcuni degli strumenti piu promettenti in grado di agevolare l'attuazione
degli obiettiviappena descrittisiain un contesto medicalizzato (come un
ospedale)ksia in un contesto di pazienti non ricoverati che vengonodju
assistiti al di fuori di un ambiente medicalmente protetto (ad esempio a
casa) In particolare le metodologiepr opri e del | 6 @mal i si dec
tradizionalmente utilizzatper rappresentargroblemi decisionale fornire
strumenti di analisi peidentificare meglio lescelte ottimaliin base ai dati
dispaibili. Tuttavia negli ultimi anni e stata proposta una nuova pratica
cui il paziente e ilsuo medico, quando le condizioni lo consentono,
condividono informazioni eresponsabilitaper giungere assieme auna
decisione clinica. Questo procesgoende il nome dishared decision
making e il suo obiettivo principale & quello di considerssia i dati
scientifici e clinici disponibili sia le preferenze del paziente rispetto alle
possibili opzioni e e loro conseguenze. Infatti € bene tenere conto che,
anche in un contesto medico strettamentvidencebased, vi sono
situazioni in cuiil processo decisionale pui@ ultima analisi dipendere
dalle preferenze del paziente. In questi céaicapacita ditrovare una
soluzione ottimale(ovvero identificare quella preferibile a tutte le altre)
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puo dipendere davariabili non strettamente clinichéquali attitudini
personali, abitudini di vita, 8lazione economica del pazierdde diverse
percezioni della qalita della vita associata a diversi stati di salute).
Applicare ove possibildo shared decision makingé, in definitiva, un
importantevalore aggiunto alla pratica clinica modernade conseguenza,
ai CDSSsche la supportano

Per queste ragioni, nel otesto di un progetto di ricerca europeo di 4
anni denominatoMobiGuide, e stato progettato e sviluppato un CD8t&
offrisse funzionalita di personalizzazione per pazienti e meNel sistema
sono state integratdunzionalita avanzatevolte ad implemerare un
framework di shared decision making on | 6obi etti vo di rag:
massimo grado di personalizzazione del supporto fornito dal sistema

Per far fronte alle problematiche dntegrazione dei dateterogeneie
stata svilippata una soluzione basatallo standard Virtual Medical Record
(VWMR) di HL7. In particolare il modello di dati basato SUMR é stato
utilizzato con successo peealizzareun Personal Health Recor®HR)
integrato che raccogkse i dati provenienti dalla cartella clinica
informa t i z z aospedaleliedhtil idseriti nel sistema direttamenteida
pazienti, i dati provenienti da senseonnessi allo smartphone dei pazienti
e infine le raccomandazioni clinich@rodottedal motore inferenzialedi
esecuzionedella linea guida. Il PHR costituisce uno decomponenti
fondamentalidel sistema MobiGide e il suo progetto basato sMR ha
dimostrato di essere una soluzione efficace per il suppdrt@alcune
caratteristichemportanti del sistema finale: flessibilitéerso il supportai
diversi domini clinici, possibilita di integrare facilmente fonti di dati
diverse, il supporto per ontologie terminologiemediche standard, la
possibilita di estendere il modello dati per rappresentare quelle entita
peculiari e uniche del sistema MobiGui@enza stravolgere il paradigma
originale dello standard vMR) e il supporto per un flusso di lavoro e
un'architettura distribuita.

Un secondo punto centrale del progetto MobiGuide riguéodshared
decision making Sono stati sviluppati due alberi decisinali per
rappresentare altrettanti punti decisionalie andrebbero sempeendivisi
col paziente riguardanti la terapia anticoagulante orale e l'ablazione,
all éinterno delle |linee guida per | a cL
modelli decisionali eno stati progettatiin modo da consentire la
personalizzazione delle analisi a livelleldsingolo paziente. |1 Quality
Adjusted Life Years (QALYs) sono stati scelti come il payoff da

considerare nell 6anal i si deci sional e co
l unghezza della vita attesa ma consi der a
stato a questo scopo sviluppato un tool
coefficienti di utilita (valori fra 0 e 1 che rappresentano la bonta percepita

degli stati di salute)lillavor o svolto nella tesi propon

utilita dei singoli pazienti e il loro utilizzo nella quantificazione degli alberi

decisionali come una soluzione efficace per personalizzare modelli

decisionali che altrimenti risulterebbero genericQuesta importante

modi fica rende gl strument i del |l 6anal i s
in studi a livello di popolazione) applicabili anche al singolo paziente, nello
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spirito proprio dello shared decision makiniga tesi comprende infine
ulteriorii cer che sul tema dell 6elicitazione
recommender systeimn grado di predire il valore delle utilitd quando i
tradizionali metodi di elicitazione diretta falliscono. In particolare viene
presentato un prototipo di questo sistepasato sutollaborative filtering.

Il sistema sfrutta le preferenze di altri pazienti simili al paziente in esame
per predire un valore atteso per i coefficienti di utilita ancora sconosciuti.
Al fine di dimostrare la validita generale degli approcci rdetogici
proposti sia lo strumento di elicitazione delle utilita siaegtommender
systensono stati applicati ad un insieme di pazienti con fibrillazione atriale
arruolati nello studio pilota di MobiGuide, mostrando risultati promettenti.
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Abstract(Emglish)

The research activity described in this dissertation has been conducted
within the field of medical informatics and in particular in the area of
clinical decision support systems (CDSSs). The volume, variety and
prompt availability of data regardingatients nowadays constitutes an
important opportunity for clinical practice to use these information to
provide a healthcare that is personalized to a sipgtent level. However,
heterogeneity and size of the available data pose relevant challenges
regarding data representation and integration of heterogeneous sources. In
fact, when facing a medical decision, the set of information the deeision
maker should consider is very broad. These can include, and are not limited
to, latest scientific knowledgeEMRs of the hospitals, data coming from
sensors connected t o t he patientséo sm
preferences, information about their lifestyle and context where they live.
All of these information can contribute to the possibility of delivering
most personalized guidance to physicians and patients with the potential
effect of increasing adherence to clinical practice guidelines and improving
compliance to the treatment for patients.

Artificial intelligence methodologies and in particular CBSisave been
identified as one of the most promising tools able to facilitate the
implementation of the abovementioned objectives both in the clinical
practice and in the outpatient settings. In particular decision analysis
methodologies have been traditadly used to model clinical decision tasks
and provide analytical tools to better identify the optimal decision options
according to the most updated available evidence. However scientific
research has lately been proposing a shift in the clinical decisaking
paradigm where the patient and his care provider (where it is appropriate
and possible) share information and responsibilities and reach a clinical
decision together. This process is known as shared decision making and its
main goal is to take intaccount both the available scientific evidence and
the patientbés perception of the conseque
In fact even in in a strictly evidendsmsed setting, the decision process
may ultimately depend on patient preferences. Inehesses finding a
clearcut optimal solution may depend on nstrictly-clinical variables
such as personal attitudes, lifestyle habits, economic situation of the
patient, and different perceptions of the quality of life associated with
different health sttes. Addressing shared decision making and involving
patients in medical decisions is ultimately a significant added value to
modern clinical practice and to CDSSs supporting it.



For these reasons, in the context of-geér European research project
name& MobiGuide, a personalized CDSSs for patients and their care
providers has been designed and developed. Advanced functionalities that
implement a theoretical shared decision making framework have been
integrated in the system as well as capabilities t&ariacontexisensitive
(and contextresponsive) in an overall effort towards personalization.

To face the challenge of data integration a solution based on the HL7
virtual medical record (VMR) standard has been developed. In particular
the vMRbased datamodel has been successfully used to build an
integrated personal health record (PHR) which collects data coming from
the hospital EMRs, data directly entered into the system by patients, data
coming from patienrbperated sensors and the outputs of the ejund
execution engine in the form of clinical recommendations. The PHR
constitutes one of the fundamental building blocks of the entire MobiGuide
system and its vMPbased design has proven to be an effective solution to
provide support for some importafgatures of the final system: flexibility
to support different clinical domains, possibility to easily integrate different
data sources, support for standard medical ontologies and terminologies,
possibility to extend the standard data model to repreg#iites that are
peculiar only to the MobiGuide system (without impacting the overall
standard paradigm of vMR) and support for a distributed architecture and
workflow.

A second central aspect of the work carried out within MobiGuide
concerns the support tshared decision making. Two decision tree models
have been developed to represent as many shared decision points, regarding
oral anticoagulant therapy and ablation, in the guideline for the
management of Atrial Fibrillation. Such decision models havenbee
designed to allow patierdpecific personalization of the decision analysis.
Quality Adjusted Life Years (QALYs) were chosen as the payoff to
consider when choosing among different treatment options, with the final
goal of maximizing length of expectedd while also considering quality
of life. A specific tool for the computeassisted elicitation of utility
coefficients (B1 values representing thaesirability of health states) was
developed as a bgroduct of the shared decision making implementation
The present work proposes the elicitation of utilities from patients and their
use in decision tree models as an effective way of personalizing the
otherwise generic decision models and to make them a valuable tool to take
better informed decision evem a singlepatient level. The dissertation also
includes further research on the utility elicitation topic: we propose to build
a recommender system to predict the value of utilities when traditional
elicitation fails. Moreover a prototype implementatidntiois system based
on collaborative filtering is presented in the dissertation. The system
capitalizes on the preferences of other similar patients to predict an
expected value for the still unknown utility coefficients of a new patient. In
the effort todemonstrate the validity of the proposed approaches both the
utility elicitation tool and the recommender system for utilities have been
evaluated showing promising results using a set of AF patients enrolled in
the MobiGuide pilot trial.
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Chapter 1

Introduction

1.1. Relevance of Clinical Decision Support

The application of information and communication technolodyT{l to
health care has a long history starting as early as the 1960s. However the
rate of adoption and degree of impact of ICT to clinical practice can still be
considered low if compared to the primary role it has assumed in other
fields like personal comunication or to the radical changes introduced in
our daily lives by consumer electronic devices. One of the most appealing
applications of computers in health care is their potential to help solve
complex problems and make decisions. Health care p@wits have to

deal with a wide range of challenges, often competing among themselves,
on a daily basis: making difficult diagnoses, avoid errors, ensure highest
guality, maximize efficacy and save money all at the same time. These are
the basic reasons whgfinical decision support is one of the most sought
after functionalities for ICT in healthcare (probably second only to the
capability of collecting and storing clinical data in electronic format).
However despite the fact that computers can signifigamlp in achieving

most of the abovementioned goals, a widespread adoption of computerized
clinical decision support is still to be achieved and their use is far from
being accepted as routine in most clinical scenarios. A large number of
computerbased als for decision has been developed over the past 50 years
and their usefulness evaluated in several pilot studies both in academic
setting and in private organizations. However the need for effective support
to decisioamaking is even more urgent todayathin the days of early
adoption of these systems. The advances of biomedical discovery including
genomics (as well as other Aomi cso
improved understanding of diseases, availability of new technologies for
mobile and sétmonitoring devices, the exponential increase in the use and
penetration of the internet are only some of the factors contributing to the
growth of the two main components needed for effective decision making:
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information (i.e. data) and knowledge on httwuse these information. One

of the relevant factors is the increasing adoption of electronic health record
(EHR) systems in health organizations. The availability of data in a
complete and structured form is a major enabler for the effective

implementaibn of decision support. Moreover, in a setting where ICT is

part of the everyday clinical practice, integrating decision aid capabilities
into an existing system would be perceived as an added value rather than an
extra burden for the daily routine (i.extra clicks, use of another, non
integrated system, etc.). Computerized Physician Order Entry (CPOE)
systems are a popular example of this fact being one of the earliest field of
application of decision support and still one of the most widely adopted.

Another important change in the availability and volume of clinically
nf or mat i
officially started. This calls for an improved ability to cope with increasing
amounts of complex data, being gested and changing at a fast rate,

rel evant

on

der i

vV €S

from

usually unstructured and heterogeneous both in terms of sources and

formats. This fact combines with the call
Apersonali zedo

approach

t o medi

ci

for a more and more

ne

care must be tailed specifically to that individual. Since late 2000s these

factors altogether constitute a disruptive trend that could affect health care
delivery organizations and practices. Clinical decision support combined
with other medical informatics methodologiesone of the most promising
candidates to effectively deal with these challenges which will become
even more prominent in the near future.

Where we
are now
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-Research Discoveries
-Technology Developments

, GBS
The Promise | _——
of Personalized
Medicine Barriers
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-Improved Outcomes
-Reduced Costs

"Bench"

[ 17+ years translating research into medical practice[:> "Bedside"

(Traditional Path) |

Figure 1 - Clinical decision support can speed up the realization of the
promise of pesonalized medicingl] while a more tradional path can take
up to 17 years to get to the same level of dissemination and ad@®jtion
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1.2. Dissertation Outline

Starting from the abovementioned scenario this dissertation will explore the
topic of clinical decision support systems and their relationship to the
current problems of heterogeneity of patients data, neethfegration of
these systems in the complex ICT infrastructure of health organizations and
the concurrent force demanding effective use of all these data sources to
provide a personalized supportdgingle patientlevel.

Chapter 2 gives an introducticim the topic of computerized clinical
decision support systems, their definition, scope and a brief history of their
evolution. A dedicated section will focus on evidet@esed, guideline
driven systems which are particularly relevant to the work destiibéhis
dissertation. In the same chapter the concept of personalized medicine is
also introduced. The need for attention toward a stnglévidual-level
care process is an essential part of the present work which proposes novel
techniques to addressethchallenge of providing personalized guidance
which is both compliant to the most updated medical knowledge available
and tailored to the peculiarities of the single patient being treated.

The enabling methodologies used to pursue this goal are desénibed
chapter 3. Firdy the issue of data model standardization is considered.
Currenty available standards suitable for decision support systems are
presented and their strengths and weaknesses analyzed. Secondly we move
to the concepts of shared decisimaking and the connected framework of
methods needed for its implementation. These include decision analysis,
decision models like decision trees and Markov processes, and utility
theory. Finally chapter 3 also describes some artificial intelligence
methalologies that are relevant to the decision support topic when
combined with the other presented techniques in an integrated system.
These are sentiment analysis, which deals with the problem of analyzing
opinions and subjective information contained inunat language text, and
recommender systems, a specific class of predictive models able to
calculate the expected value of target variable for a specific individual
based on data collected on Asimilaro ind

Chapter 4 and 5 apply the methodologiescribed in chapter 3 to the
implementation of an actual clinical decision support system. The EU
funded MobiGuide project lasted 4 years and developed a ubiquitous,
distributed and personalized clinical decision support system. Chapter 4
presents the gemal architecture and functionalities of the project. A
particular focus is given to the design and implementalgor| solutions
adopted for the data model of the personal health record where all the
patientsdé data i s st or echitextnrd ofpheocessed.
components and their distributed nature posed significant challenges to the
implementation of such a system where effective data integration between
components is a crucial step toward a fully functional system. The
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solutions to such clianges are discussed in chapter 4. Chapter 5 on the
other hand focuses on one of the most innovative parts of the project.
MobiGuide users are not only physicians but, unlike most part of
traditional decision support tools, also patients themselves. dndee
guidance about treatment and illness management is provided directly to
patients through dedicated user interfaces running in the smartphones of the
patients. Having patients as active users however demands for an increased
level of personalization of th system where also patient preferences,
lifestyle and personal context have an important role in the decision
support process. Chapter 5 analyzes the work carried out to implement
personalization capabilities in the MobiGuide system along with other tools
needed to pursue the same goal. The shared decision implementation
framework is presented along with the formal decision models developed, a
software tool to perform utility elicitation and a collaborative filtering
algorithm for utility function predicon.

Finally chapter 6 gives some final considerations and concludes the
dissertation with some remarks about open points and possible future
developments of the present work.



Chapter 2

Background

2.1. Clinical Decision Support Systems

2.1.1. A definition

Following Greeneg3] computerbased clinical desion support (CDS) can
be defined as:

The use of information and communication technologies to
bring relevant knowledge to bear on the health care and-well
being of a patient.

It is importantto acknowledge the fact that generic clinical decision
support @an of course be provided without IC3upport by means of
textbooks, reference material like narrative clinical guidelines and other
similar aids. However the scope of this dissertation primarily includes CDS
applicatiors implemented by means of general ICand medical
informatics. Such systems are commonly defined as clinical decision
support systems (CDSSs). Although decision making process is the primary
focus of CDSSgsit is very unlikely that any decision support can be
provided without taking into acemt other aspects such as impact on
business process, workflow management and resources management;
technological infrastructure; target users of the system; knowledge
management and update. A more verbose definition of CDS given by
Osheroff[4] explicitly accounts for more of these aspects:

Clinical decision support is a process for enhancing health
related decisions and actions with pertinent, organized clinical
knowledge and patient information to improve health and

healthcare delivery. Information recipients can include patients,
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clinicians and others involved in patient care delivery;
information delivered can include general clinicekhowledge
and guidance, intelligeht processed patient data, or a mixture
of both; and information delivery formats can be drawn from a
rich palette of options that includes data and order entry
facilitators, filtered data displays, reference information, alerts
and others.

Some facts arevident from the combination of these two definitions.
First of all any CDSS is heavily dependent from two main sources of
information: i) patientso clinical dat
knowledge. Secondly, despite the fact that the implementatian @DSS
seems to be a rather simple task, it does imply addressing several
challenges regarding which information to use/present, to whom, in which
format (e.g. drug order sets, alerts, information snippets from reference
material, etc.), through which chaels (e.g. integrated in an electronic
medical record interface or into a mobile device messaging system) and at
what time in the workflow process. In fact the primary objective of CDS is
to foster optimal problem solving, decision making and action hyraan
user. This can be accomplished simply presenting the user with relevant
data about the specific situation heods
process) or by actively processing data and providing more elaborate
feedback to the user. In both casks primary task of the C&is usually
to performan action that can range from simple filtered representation of a
patientés data to a complex feedback in
what the optimal decision according to current evidence would be.

2.1.2. Swceess factors antdenefits

Several studies have been carried out to demonstrate the positive effects of
the adoption of CDSSs in the medical practice. Among the most pursued
effects of CDS it is common to include increased compliance to best
clinical practce for physicians or to therapy prescriptions for patients,
avoidance of medical errors (e.g. in drug prescriptions, diagnosis etc.) and
improved cost management. However the fact that CDS is not widely
accepted as an essential part of moddimical ICT applications tells us
that every intervention has to be carefully designed to actually positively
impact health care quality measurememtawamoto et a[5] identified a

set of essential success factors for ihglementation of a CDSS in a
review of 70 published studieRResults showed that the 4 most important
featues correlated to CDSShat impraved clinical outcomes where: i)
automatic provision of decision support part of clinician workflow, ii)
provision of recommendations rather than just assessments, iii) provision of
decision support at the time and location of decision making, and
computer based decision suppo@f the systemspossessing all four
features 94% significantly improved clinical practice. Furthermore, direct
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experimentaljustification was found for providing periodic performance
feedback, sharing recommendations with patients, and requesting
documentation of reasons for not following recommediwhs (i.e. reasons
for noncompliance).

Positive impact of CDSSwas proven in several published studi@is8].
For example a recent stud®] on both locally developed CDSSnd
commercially available ones proved that they improved health care process
measures relatedo performing preventive services, ordering clinical
studies, and prescribing therapies. However few studies still measure
potential unintended consequences or adverse effects. Another {@@pw
showed thatpractitioner performancevas improved in 64%of the 97
studies asssed while, the effects on patientitcomes remain largely
understudied and, when studied, inconsisféft 6]. However the growing
interest in precision and personalized medicine (see seztib® demands
renewel attention to including patients themselves as active users and
assessing benefits of C[3Salso on patient outcomes.

2.1.3. Classical applications: expert systems for diagnosis

Several successful historical examples of the application of ICT to clinical

decisian support have been reported in the literature. In the early days of

CDSSs the application of artificial intelligence methodologies to medical

problems gave birth to a number of solutions under the name of clinical
Aexpert systemso. n@dialpolblems that intoitivedyt st udi e
may benefit from the support of ICT is diagnosis. The promise of automatic

diagnosis has long fascinated researchers in the field of medical informatics

and artificial intelligence, and a number of methodologies have been

applied to build systems which performances waréeaston par withthe

best human medical experts.

One significant example of such a system is Mydit]. Developed by a
group of researchers at Stanford University medical center, the objective of
Mycin was to help physicians decide whether antibiotic therapy was needed
or not in case of infections. The system was developed using simple
producton rules (i.e. ifthen statements) and the knowledge base of its final
version included approximately 500 rules. The main advantage of Mycin
was its ability to use incomplete and uncertain information in the reasoning
process. The system underwent a fdrregaluation where 10 cases of
meningitis had to be labelled as viral, mycotic or bacterial. Seven
independeninfectivologiss were asked to choose a treatment for each case
and another 8 medical experts were then asked to evaluate whether the
choice of herapy was correct or not. Surprisingly Mycin outperformed all
the medical experts suggesting an acceptable therapy in 65% of the cases
whil e expertsdéd performance ranged from 3

Another weltknown classical example of how ICT could help solve
medical problems is PIP, Present lliness Progfd@]. Developed by the
Clinical Decision Making working grqu at MIT in collaboration with the
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Tufts University School of Medicinand theNew England Medical Center
Hospitalin Boston, the system used frames and slots (a formalisms that can
be regarded as a simpler version of classes and attributes of the modern
ontologies) to represent knowledge and perform inference. The chosen use
case was to determine the causal agent of a set of renal pathologies. PIP
was used to acquire the clinical history of patients and output a differential
diagnosis list. The most probl@bdiagnosis was then labelled through a
special scoring system based on the 70 frames that constituted the
knowledge base of the system.

One final example of a classical work where computerized decision
support was applied to diagnostic process is CASNEJ]. This system
used yet another formalism to model knowledged perform diagnostic
reasoning. Knowledge in the field of physiopathology was used to develop
a semantic network connecting observations, pathophysiological states and
disease states on three different planes fsgere 2).
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the CASNETknowledge base modelling the glaucoma use case published
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2.1.4. Current state and methodologies

As highlighted in the previous section, the diagnosis process is probably
one of the most representative examples of what clinical decision support
can accomplish. Howevercurrent research trendsn the field have
significantly broadened both the scope of application and the
methodologies used in CDSSs. A dedicated secdth.5 will focus on
guidelinebased DSS, which are of particular interest for this dissertation,
while herewe presentn highlevel nonexhaustive overview of the current
methodologies used iI€DS applicationsand the their open efienges
Giving an detailed description of these is beyond the scope of this
dissertation. Nonetheless a short list of the ones that are relevant to the
present work is given below:

1 Information retrieval: as previously mentioned one of the key
goals of CLBS is to group and present relevant knowledge to the
point where i1itdés most needed during cl
retrieval methodologies provide an answer to this requirement in the
most straightforward way. Various techniques have been applied to
the problem of finding information and answering questions, usually
posed in the form of natural language text: from -exsed
approaches for searching scientific literature, to complex statistical
methods, to taxonomies and ontologies to organize medical
knowledge.

1 Logical conditions and rules: these have been widely used to
implement intelligent systems able to send alerts, detect possible
errors and evaluate logical conditions automatically. Probably the
most popular and widespread example of their apgibn is
computerized physician order entry (CPOE).

1 Probabilistic and datdriven approaches: this family groups
together all the machine learning and probabilistic methodologies
used to build statistical models from clinical data. Classification (e.g.
for diagnosis or any other labelling problem), decision analysis (see
chapter 3) and predictive models are some of the most popular
applications.

1 Heuristic modelling and expert systems: mainly applied to
diagnostic and reasoning systems. See previousogetti.3for some
examples and further details.

1 Workflow management: sed to model and execute clinical and
organizational process flowsFigure 3) workflow management
methodology is pdicularly relevant for guidelindbased systems and
guideline modelling languages. These systems will be discussed in
further detail in the following sectioh.1.5



Background

Medical knowledge model

Organizational workflow model

Generic knowledge formalization

Localized knowledge formalization

= Modelling tools
Guideline Paper
ontology Knowledge concepts [«— —» Workflow modelling |« forms/
& = * documents
C"D Process logic 1 I Temporal constraints \
Pattern / Y |dealized 1 Organizational
templates < S . ontology
EHR data mapping clinical workflow Goal modelling
+ + A
Revision / maintenance
Model verification Model verification
Medical |/ = =
ontology I Process simulation, '
~—— clinical validation

Clinical process model

i

Workflow process definition I

Organizational

Y

Process execution

change
management

Exception handling

Dynamic adaptation [«

1l

User interface

Patient data

Process visualization

Forms
Actual

clinical workflow

Timeline

Reporting and stats

Workflow instance execution

Figure 3 Conceptal model of modern processoriented health
information systemg14]. The combination of medical knowledge model
and workflow model togethewith patient data enables support for the
execution of complex clinical processes.

2.1.5. Guidelinebased decision support

Evidencebased medicine (EBM) is a research trend in which every clinical
action seeks to be annotated with the sources of scientific evidence that
prove its validity. The term has been used since in the early 1990s when a
series of articles from the Eviden8ased Medicine Working Group (based

at McMaster University) introduced the idea. EBM has the main goal of
ensuimg high quality and safety of medica@ractice, reduimg costs and
speedhg up the time needed for the transfer of new research findings into
practice.

One of the most relevant productf EBM are clinical practice
guidelines (CPGs).A CPG is a collectively produced document (usually
authorel by scientific committees of experts) that groups the most updated
available knowledge for the treatment of a disease or condition with the
purpose of disseminating such knowledge and standardize care to ensure
highest quality. In particular the Americdnstitute of Medicine (IOM)
defines CPGs as statements that include recommendations intended to
optimize patient care that are informed by a systematic review of evidence
and an assessment of the benefit and harms of alternative care ¢pEpns
In order for CPGs to be effective, clinical guidelines needetantegrated

10
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with the care flow of the specific healthcare organization involved, and
provide appropriate recommendations when and where needed to
healthcare providers. This lead to the development of a specific family of
CDSSs based on the formal repras¢ion of CPGs as computer
interpretable guidelines (CIG§)6]. CIGs enable the guidelideased DSSs

to perform computebased reasoning and execution of these formalized
models. Such systems match formalized guideline knowledge with patient
clinical data to providepatient specific advice at the point of care,
increasing the chance of impacting clinician behavior compared to using
only the narrative guidelines.

A recent work by Peledl7] highlighted how CIGs are hot research
topic in the area of clinical decision support. A compleanfework of
research topics including knowledge representation and acquisition,
integration with electronic health records and guideline execution engines
is involved in the full CIG lifecyclg(seeFigure 4). Although research in
some of these areas (like knowledge acquisition and formal language to
represent CIGs) have reached a good level of maturity, there is still
important work to be done to reach the sarasultsin other strategic
aspects like execution tooland integration with EHRs and workflow
systems Figure5).

Despte a good amount of research has been carried out on-lzisesi
DSSs some areas are still rather unexplored and their relevance is expected
to increae in the following years. Some of these topics include advanced
functionalities like CIG interactions (i.e. how to combine the execution of
concurrent guidelines on patients with multiple comorbidities) or the use of
machine learning techniques like presemining to provide feedback back
to the guideline definition stage. In this dissertation however we will
specifically focus on of these future trends of €h&sed DSS: i) patient
centric systems (refer to the next section on precision medicine for an
introduction to the relevance of the topic, and to chapters 3 and 5 for a
description of the shared decision methodology and its practical
implementation) and ii) ubiquitous, portable, distributed, adaptable and
contextsensitive system (see chapters 4 andob more details in the
context of the MobiGuide project).

11
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2.2. Personalized Medicine

Abrahams and Silver irsonheéirzef@il8]IMedHLCcsheD
point out how Hippocrates himself had the intuition that constitutes the
basis of what we call Apersonalized medi

l't’s far more important to know
what person the disease has

than what disease the person has.

-- Hippocrates

The termfiper sonal i zed medicineo is often d
right patient with the right drug at th
broadly, personalized medicine may be thought of as the tailoring of
medical treatment to the individual chamtstics, needs and preferences
of a patient during all stages of care, including prevention, diagnosis,
treatment and follovup [19].
However the concept of personalizeceaicine has been applied to a
wide and variegated range of research fields and applications. In this
section we present some of the most current implications of the broad
concept of personalization of the medical treatment, along with its primary
implications in the design of CDSSs.

2.2.1. Current trends: Precision Medicine

During his State of the Union address to Congress on 20 January 2015,

USA president Barack Obama announced a program called the Precision
Medicine Initiative. i 1dpolia and mapped country
the human genome to lead a new era of medieineone t hat del i ver ¢
ri ght tr eat me n[R0].dhe buddeefor 2OlGpmsists df 21he 0

million dollars to be managed primarily by NIH, NCI (National Cancer

Institute) and FDA. The Precision Medicine Initiative (PMI) will revolve

around four key areas of interventifil] on both neaterm and longerm

focus:

1 More and better treatments for cancer: Oncology is the clear
choice for enhancing theearterm impact of precision medicif22].
Cancer dagnosis has been significantly transformed by the
discoveries made by molecular and cellular biology in the latest years
and man targeted therapies have been and are beiegeloped
Several of thosehave been shown to confer significant benefits by
targeting tumors with specific molecular signatures.

1 Creation of a voluntary national research coh@t a longer
term focus NIH, in collaboration with other agencies and
stakeholders, will launch a national, patigawered research cohort
of one million ormore Americans who volunteer to participate in

13
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researchParticipants will be involved in the design of the Initiative
and will have the opportunity to contribute diverse sources of data

including medi cal records; s,profiles

metabolies and microorganisms in and on the body; environmental
and lifestyle data; patiergenerated information; and personal device
and sensor dataThis ambitious project will leverage existing
research and clinical networks and build on innovative research

models that enable patients to be active participants and partners

while providing a broadly accessiblentegrated datasdb qualified
researcherto generate new insighf21].
1 Commitment to protecting privacyVith the need of such a large

scale data sharing initiative proper arrangements must be made to

ensure privacy protgion and address any legal and technical issues
related to the privacy and security of data in the conteXretision
Medicine

1 Regulatory modernization: The Initiative will include reviewing
the current regulatory landscape to determine whether chaarges

needed to support the development of this new research and care

model (e.g. FDA will develop a new approach for evaluating Next
Gereration Sequencing technologies).

1 Publicprivate partnershipsA strong collaboration effort with
academic medical cemte researchers, foundations, privacy experts,
medical ethicists, and medical product innovatemsuld be needed.
In addition to thatpatient participation and empowermeastalso a
key aspect of the whole initiative.

Despite the PMI was announced at tlegilmning of 2015Hhe concept of
precision mediine - prevention and treatmenstrategies that take
individual variability into account- is not new[22]. Until recently, most

medi cal treat ment s have been designed f

consequence of the strong emphasis placed on -kErgie randonzed
clinical trials and evidenecb ased medi ci ne. A ssizea

resul t

fitssal | 06 approach, treatments can be very
not for others. Precision Medicine, on the other hand, is an innovative
approach that takes into aca n t i ndi vidual di fferences

environments, and lifestyld23]. Some early efforts towards the paradigm

shift proposed by the PMI were already made as early as [2@] Wwhile

other initiatives having similar intents were still being labelled with

di fferent names | i ke fAperson[@i].i zed?o, and
Some examples of how molecular biology and other basic research

achievements can positively influence health outcomes and the everyday

clinical practice are already well known, especially in the area of cancer

treatment. Onexample consists afon-small cell lung cancer. In this type
of cancer two studie§26, 27] demonstrated thal0-15% of patients
characterized by the fusion oncogene ELMUK are unresponsive to
conventional EGFR inhibitor treatment in cancer theraplyanks to this

discovery, the drug crizotinib was developed and approved by FDA in

14
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2011. Beause of the specificity of this drug, its effect would have never
been identified if it wereedsted in the general population aieére would

have been the need for a very large cohort to detect a very small effect,
present only in the minority of patienbearing the mutation. But thanks to
the understanding of the fundamental biology, it was possibédfeatively
stratify patientsand the effects bemme much moreevidentin this welt
defined population.

It is thus evident that in an era of data delugeieed to integrate and
overlay the information from many different sources into openly accessible
and organized datasets is emerging. Indeed without better integration of
information both within and between research and medicine, an increasing
wealth ofinformation is left unusefl4]. Our time has been recognized as
the right mo me nt f or wipeVits-anlgl ca waayr & diogmm t
mainly because of two enabling factoi¥:the fast production pace and
increased availability of sheer volumes of data coming from research (e.g.
Human genome proje¢28] and Next Generation Sequencing technologies,
molecular biology repositories for sharing knowled{#9], etc.) and
patients themselves (e.g. from portable devices for-raelfitoring or
smartphones); ii) new and improved teclogies and tools for handling
and analyzing large and heterogeneous dat§3@}s

2.2.2. The push toward personalization and patient
empowerment

Advances iniomics sciences and their application to tailor a medical

treatment to a specific patieror patient group are probably the most
straightforward examples of the potential impact of personalized medicine.

What is perhaps less apparent but equally important is that initiatives like

precision medicine also bring along a revolution in the waytatguatient

relationships and medicine in general work. A certain degree of paternalism

and fHdmwsbest o approach has | ong dominat
since its very beginning (e.g. see how t
fiFor the more than 160 ges, the AMA's Code of Medical Ethics has been

the authoritative ethics guide for practicing physiciamg31]). Today

however this model is changing and shifting to an approach where the

patient is the cater pivot point. Precision Medicine may be the most
fashionable and fihoto topic at t he momer
meant availability of important funding resources for research in this area)

but the implications -cefit er efidpoe rmeochiad ii rzee da
much broader, and equally relevant.
Il n the | atest years we have assisted t

mo me n t o f [32]e The auihor estates that much like the printing
press took learning out of the hands of a priestly class, the mobile internet,
data sharing technologies and enhanced connectivity are doing ted@am
medicine, giving patients an unprecedented control over their own
healthcare. Patients not only have far easier access to their medical data
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than before but they more and more often have the ability to create a good
share of it themselves. Smartphonennected devices and sensors are
increasing in numbers and their cost is rapidly dropping, as it is the one for
smartphone$33, 34] It is realistic to think that soon enough we will be
able to run a pretty complete set of lab tests on our own smart device just as
many peopa take their blood pressure or blood glucose measurement on a
daily basis. Furthermore the power of the connection between patients
(with similar conditions, experiences and needs) provided by social
platforms like PatientsLikeMd35] and the easy access to high quality
medical information (e.g. medical literature databases, weljRE) etc.)

has high impact on how patients gather information about their health and
treatments. A recent study on physician attitudes showed that not every
doctor may be readip embrace such a paradigm shift: patients who have
in-depth knowledge of their condition cause their doctors problems when
their expertise is seen as inappropriate in standard healthcare interactions
[37]. However some common malpractices like defensive medi@8¢

and the consequent willingness to avoid medical errors and improve
adherence to clinical practice guideline are contributing to increase the
attention to the topic of patient empowerment also among the community

of heat hcare providers. As of today dthe s
health <care [3B]svhihe pfiavieenyt ati ent I's an
own chosen field, namel y [40]hlevolengl ves and

patients in decisions about their health management and disease treatments
seems like one of thmost reasonable things to do in this scenario.

These are the main reasons wpgrsonalizedmedicine also means
personal attention to the patients and their individuality. This comprises not
only addressing bench science evidence like genetic and molenabssis
(more properly identified as precision medicine or genetically guided
personalized medicingl]) but also considering more subtle differences in
patientsdé | ifestyle and personal prefer
impact CDSSs[41, 42] that can helpto effectively harnesghe deer
amount of dataneededto take proper medical decisiank turn, CDSSs
need to be able to include the patienttlie decisiormaking process as
well as in the data collection, setfonitoring and analysis of resulté
recent Cochrane review, based on 115 randomized clinical tida@p
showed that, ampar ed t o usual car e, deci si on
knowledge and awareness of personal values for outcomes, create realistic
expectations of outcomes, raise active participation in decision making
with a positive effect on patienfgractitioner communic&n, and reduce
decisional conflict. This type of patientcentered, personalized decision
support that also implies including patients among the active users of
CDSS, is one of the main challenges addressed by this dissertation and the
effects of introdumg patients preferences in a guideloased clinical
decision support system will be further discussed in chapters 3 and 5.
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Chapter 3

Methods

3.1. Clinical Data Standards

Recent work in the area of Medical Informatip$4] suggests that the
development and deployment GDSSs in healthcare organizations has the
potential to reduce medical errors and increase healthcare quality and
efficiency. In particular the use of CDSSs to facilitate evideaged
medicine promises to substantially benefit healthcare services preade

well as clinical outcomes for the treated patigdts]. On the other hand, it

is agreed that the implementation of such systems will not be feasible
without ovecoming traditional barriers for the integration of different
patient data scattered throughout several information systems, like
Electronic Medical Records (EMR), or more dynamically generated from
patientworn mobile sensors connected to Body Area NekswoiBANS).

Apart from the traditional terminology standardization iss[#8], where
different coding specifications can be used to assign an agreed code to a
specific clinical concept, more substantial technical and semantic
challenges require the use of proper techniques forinical data
representation. Different standards for both the representation and
exchange of clinical data between different systems have been developed in
the last two decades. Initially, these standards were designed considering
the technical and computanal issues of clinical data management (e.g.,
the HL7 v2.x message standar@gespite the fact that this has bearfirst

big help to achieve wide adoption of ICT in healthgahese standards are

still not optimal for data representatiand persisteree given their low
degree of interpretability for netechnical usersTherefore, new standards
pursuing a higher abstraction level were developed recently the
following of this chapter we will present some of the most relevant ones
focusing on their sengths and weaknesses when used in combination with
a CDSS.
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3.1.1. HL7 vMR

HL7 is one of the most weknown Standard Development Organization
(SDO) in the healthcare IT market and its standards are commonly used by
hospitals for messaging between differentsérig systems (e.g. HL7 v2.x
messages, used in 95% of US healthcare organizations) and recently also in
European relevant initiatives (e.g., HL7's Clinical Document Architecture
(CDA) is used in the epSOS projeet7]). The healthcare data standard
models of HL7 are based on the Reference Information Model (RIM).

The RIM is the cornerstone of the HL7 v3.x development process. It is
an ANSI (American National Standards Institute) approved stanaliad it
is also adopted by ISO (International Organization of Standardization),
concretely ISO/HL7 21731:2014. The RIM is a crasnain object
oriented model that features entities (e.g., living subject, organization,
place, material) assuming roles (e.gatient, employee) participating in
acts (e.g., observation about the patient, substance administration, patient
encounter). As in all objeatriented models, the classes have attributes and
are related to each other via relationships. The HL7 RIM sga level
model which was not designed as a standard for direct implementation but
as a reference for all the HL7 v3.x family of standards.

The HL7 Virtual Medical Record (VMR[48] is an initiative developed
by theHL7 Clinical Decision Support Working Group. The standard takes
the rich semantic content of the RIM and expresses it in a format that
reduces its complexity making it more readily usable for CDSS
implementations. VMR is indeed a recent standard speai@bygned for
the purpose of integrating patient data with CDSS. The standard originated
from academic researcht9] but has been extended based on a multi
institutional analysis of CDS data neef)] encompassing 20 systems
from 4 nations, which included both large scale home grown CDSSs and a
number of commercial CDS$S1].

The standard consists of a small eéttlasses, simplifying the learning
curve for users and the time needed to represent different data items. The
model is composed of 22 classes and subclasses and is built upon two main
axes represented ifigure 6. The first represents the type of clinical
information involved (eight higlevel classes including Procedure,
Observation, Problem, Substance Administration, AdverseEvent, Goal,
Encounter, Supply), and the second the clinical workflow moment (e.g.,
Propesal, Order, Event), which implicitly represents the source of the
information item (e.g. Proposal is produced by a system while Order is
produced by a person).

Several papers have highlighted the potential role of a VMR as a solution
to the diversity of taminology standards or CIG representations and the
issue of institutiorspecific databasg$2, 53] Health eDecisions initiative
[54], a publiecprivate initiative sponsored by the U.S Office of the National
Coordinator for Health IT to develop scalable standardssharing CDS,
chose the VMR standard as its foundational data model. Finally the latest
version of the VMR is being harmonized with the Quality Data M¢8g]
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to develop a successof the vMR known as the HL7 Quality Improvement
and Clinical Knowlede model (QUICK)56].
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Figure 6 - The two main axes of the vMR model and some example classes.

3.1.2. OpenEHR archetypes

The Archetype model is the cornerstone of the OpenEHR Specification
Project[57]. OpenEHR aims at building a set of specifications for a Health
ComputingPlatform consisting of an Application Development platform, a

Knowledge Management platform and a Health Integration platform. The
project deliverables include requirements, abstract specifications,
implementation technology specifications (ITSs), compleaexpresions

and conformance criteria.

The most distinctive feature of the openEHR standard is the archetype
model. Via archetypefb8], a separation between clinical concerns and the
technical design of the application and dat@age is made possible using
two-l ev el model ing approach. Many of
developed in such a way that the domain concepts which the system is to
process are hardoded directly into its software and database models via
an iterative process of writing use cases, finding classes, and building
models which will eventually become software. While this sidglesl
approach may allow for relatively quick development, it often results in
systems which are expensive to modify and extend, @nsequently have
a limited lifespan[59]. Indeed some of the main drawbacks of the single
level development process are:
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1 The model enodes only the requirements found during the
initial analysis phase. This can be a major issue in the medical
domain where domain knowledge is updated on a regular basis
and at a fast pace.

1 Introduction of new concepts requires software and database
changs, and typically rebuilding, testing and redeployment.

1 Interoperability is difficult to achieve, since each
communicating site must continually either make its models and
software compatible with the others, or else continually upgrade
software convertersor bridges. Heterogeneous computing
environments where the software has been created using-single
level methodologies typically do not interoperate well, because
of the complexity of models underlying each system.

{1 Standardization is difficult to achieve. iWW large domain
models, it is logistically and technically (and often politically)
difficult for different vendors and users to agree on a common
model.

The alternative approach proposed is to separate the semantics of
information and knowledge into twevels of modelling. While the first
level model takes care of the technical concerns and deals with the
information structure and data types using an underlying Reference Model
(RM), the second level handles the concerns of the clinical domains, which
are about how to represent and communicate the semantics of the clinical
content. The RM must be small in size, in order to be comprehensible, and
contain only norvolatile concepts in order to be maintainable. The second
level representing knowledge, requirgs own formalism and structure,
and is where the numerous, volatile concepts of most domains are
expressed.Figure 7 (adapted from[59]) shows the main differences
between Health Information Systems developed with the single and two
level methodologies.

The concept of Afarchetypeo is introduc
some domain concept, exgased using constraints on instance structures of
an underlying RM59]. Archetypes indeed act as a bridge to constrain the
general techical RM to the specific domain knowledge model at runtime
(seeFigure 8). Archetypes can be designed from scratch, or adapted from
preexisting ones which are publicly accessible from openEHR Clinical
Knowledge Mawager repository60]. Furthermore, different archetypes can
be aggregated into one by means of archetypes templates, which also
support semautomatic derivation of user interfaces. Another important
consequence of using archetypes is that, while teehnicodels are
developed by software engineers, knowledge concept definitions are
developed directly by domain experts. Specialists are thus empowered to
directly produce artifacts which will control how their information systems
function.
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ISO/CEN 13606[61] is a multi-part standard for Healthcare IT systems
that includes terminology, ecurity and interface considéi@ns for the
standardized exchange of Electroniedlth Recordsand also deals with
healthinformation modeling.tl proposs to use a dual modeling approach
without spedying the format (either the gmEHR model or thélL7 CDA
combined with templates are expected tgbssibilities in this sengdé2]).
Indeed ISO/CEN 13606 primary object is to create a standard for the
communication of EHR extracts between components, dgjia detailed

and flexible authorizatiomechanism, usable in almost any legal situation
worldwide. The reason behind this choice is t&EN acknowledges the
fact that standards like openEHR &lL7 RIM can provide the seantic
level for representing patient data, so their effort has been directed to align
the 13606 standard with both initiatives, instead of trying to develop
another independentdata standard. CENsigned a Memorandum of
Undestanding (MoU) with HL7 for aligning the CEN information model
and the RIM, another MoU with openEHR to adopt the archetype concept
[63].However ISO/CEN 13606norm is still an important standard to
comply with especially following its two main considerationsthe use of

a two-level modeling approach and) iguaranteeing adequate security
through authentication and authorization mechanisms which are not
natively included in the HL7 or OpenEHR standartisat, being more
abstractievel models, delegate it to the implementation and deployment
phases).

3.2. Shared Decision Making

Different patients have different behaviors when facing an unequivocal

clinical decision that must be taken about their health: sdntigeon opt for

a passive approach, and let caregivers fully decide for them. On the very

opposite side, there are patients who tend to gather all of the possible

information about their disease, and seek for medical advice only after

forming a personal opion about their treatment options. An

Ai ntermedi atedo attitude is that of the p
doctor on the details and the rationale behind the available options, in an

attempt of obtaining Hdepth understanding and possibly papating in

the decision[64]. The process during which the patient and his care

provider reach a clinical decision together is known as shared decisio

making [65] and its main goal is to tak&to account both the available
scientific evidence and the patientds p
different options[66]. In fact even in in a evidendmsed setting, the

decision process may ultent el v depend on patientads pr
cases finding a cleaqut optimal solution may depend on nstmictly-

clinical variables (such as personal attitudes, lifestyle habits, economic

situation of the patient, and different perceptions of the ialf life

associated with different health states). Data long-term survivalis

arguably the most important outcome information used by clinicians when
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selecting a treatment option. In a classical sty@y] however, an
interesting tradeff between longevity and quality of life was highlighted
for patients being treated for laryngeal cancer. In the case of surgery
involving removal of the larynx patients had a 60%ear survival rate
while irradiation had a 30% to 40 3-year survival rate. Nonetheless 20%

of the subjects interviewed in the study would have preferred irradiation,
with a decreased-gear survival rate, but with the benefit of retaining
ability to speak. Pros and cons of involving patients in medicaisobec
have been studied by a number of autH®&] highlighting with a good
agreement that possibérors(especially in risk evaluation) do not affect
shared decision systematically. On the other hand in mostscavell
informed patients can positively affect the decision process and increase
mutual trust between all the involved actors and, finally, increase their
satisfaction32]. Addressing shared decision making and involving patients
in medical decisions is ultimately a significant added value to modern
clinical practice and to CDSSs supportind3g, 41, 69] In the following
sections the theoretical foundations (namely decision analysis and utility
theory) of medical decision making are presented while chapter 5 will
address a case study implementation of the shared decision framework in
the context of the MobiGuide pregt.

3.2.1. Decision analysis and decision models

Decision analysis is a discipline that deals with decision problems
involving uncertainty using a systematic, quantitative, rational approach.
Decision analysis was first proposed in the field of econofif$ but its
application to the medical field is nowadays very popylét]. Indeed
healthcare decisiemaking can be complexoften requiring decision
makers to weigh serious tragef f s |, consi der patientséo
incorporate evidence in the face of uncertaiig]. Medical decisions are
made implicitly by clinicians and other decistomakers on a daily basis

but the common practice is to base them largely on personal experience.
This obviously introduces some biases and limitations like the actual
experience othe involved decisiommakers and familiarity with the latest
scientific evidence available. Decision analysis and -effgictiveness
analysis on the other hand are systematic approaches used to support
decisionmaking under conditions of uncertainty thisvolve important
tradeoffs. Some of the main characteristics of decision analysis are: i) it
forces the decisiomaker to explicitly reason upon and represent the
structure of the decision problem in a model; ii) it is quantitative since it
involves unceainties in the form of probabilities, quantifies outcomes with
numerical values and thus enables mathematical methods to be used to find
the best solution; iii) it is prescriptive and not merely descriptive since the
output of decision analysis is ultinredy an actual choice of one decision
option that is fAoptimal o (i . e. the one
outcome) given the available evidence and knowledge.
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The basic workflow in clinical decision analysis has been described by
several author$71, 72] and can be described as a list of the following
actions:

1 define the decision problem (including specifying the decision
maker and theltimate goal or objective of the decision);

1 identify all the decision alternatives;

1 list all the possible outcomes of each decision alternative;

1 define the relevant time horizon;

1 map out the sequence of events leading from the irdgalsion
to the elevant outcomes including chance events and secondary
decisions;

1 quantify uncertainty: determine the probability of each chance
outcome;

1 quantify valuesassign a value to each outcome;
1 calculate the expected value of each decisibernative

Decisim analysis thus requires the use of formal models to represent the
decision task and calculate the optimal strategy. Some of the most popular
models for such purpose are Decision Trees (DTgB]. A graphical
representation of a simple DT is given kgure 9. One of the basic
components of a DT is the decision node. Decision nodes (represented as
squares inFigure 9) are nodes where different alternative options can be
chosen by the decision maker. There can be multiple decision nodes in the
same DT and each branch outgoing a decision node represents a decision
option. Chance nodes (represenbsdcircles inFigure9) on the other hand
are points where chance, not the decision maker, determines which event
will follow. Each branch after a chance node represents a possible
alternative and is assigned aopability of occurrence. The sum of all the
probabilities of the branches emanating a chance node must equal 1, as one
of the modelled events must occur. Finally payoff nodes (represented by
rectangles inFigure 9) representthe value of the final outcome of each
possible path in the tree. Each leaf of the tree must be represented by a
payoff node and each of these nodes can have multiple, often competing
(e.g. survival and cost), payoffs.
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Figure 9 - Example DT modelling the decision about whether or not to
immediately amputate an infected foot.

Figure 4 models a DT from an simplified example clinical scenario.
Patient x is 58 years old and has been suffering of a peripheral vascular
diseag for some years. After a severe traumatic injury to the left foot he
develops an infection in the foot with significant risk of gangrene. One
option would be to immediately amputate part of the leg (below the knee)
to prevent the infection from spreadinymore conservative strategy could
be to wait and see if the foot would be able to heal without requiring
surgery but, in case this does not happen, a more serious surgical
intervention (amputation above the knee) would be needed. Finally both the
types d interventions, albeit relatively safe, carry a risk of intraoperative
death which must be taken into account when deciding for a strategy.

The DT inFigure 4models the decision problem and has been quantified
with probabilities for each of the chancedeobranches. The final payoff
nodes have been assigned with the values of the life years that the patient is
expected to live (0 in case of death during surgery, another 20 years if the
patient heals from the infection) in each of the possible sequereeeafs
the DT represents. The value of each alternative is calculated starting from
the payoff nodes and traversing the tree from the leaves to the root in a
procedure known as fAroll backo or #Afol din
each payoff is multipliedy its probability and these partial results are then
added at the previous chance node. The process is repeated iteratively until
the root decision node is reached. At the end of the rollback the expected
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value of each strategy is compared to the othermdtives and the optimal
set of decisions is identified accordingly. For our exampl€igure 4

PP U P\

Thus the decision to immediately treat the patient with surgery is the
preferable one since it gives (on average) an higher expected life. However
the previous example is based on life expectancy as a single payoff. The
DT indeed does not consider at all other important factors such as the
various levels of disability that different surgeries would cause to the
patient, or costs related to each of theents in the model. The following
section0 will focus on methodologies to incorporate the concept of Quality
of Life (QolL) into the decision analysis framework and DTs while in the
last part of the current section a brief oxiew on how to incorporate costs
in the analysis will be presented.

Decision analysis can be used to assess the expected costs of decision
alternatives. Often public healthcare allocation decisions have the goal of
attaining maximal health benefit for avgn budget, and this requires
information about program effects on health and associated costs. In fact in
a regime of scarce resources, there is frequently a-oHdsetween health
outcomes and costs. Cesffectiveness analysis addresses these kind of
problems using the standard techniques of decision analysis but introducing
costs as a competing payoff for the different decision alternatives. The
objective is to maximize the balance between options where improved
health outcomes often come at higharstc It is important to say that,
despite the fact that a good share of ef$ctiveness studies are
conducted by public health policy makers, other perspectives can be used
to conduct the same type of analysis. These perspective include healthcare
organzations, insurance companies or even the single patient perspective.
The costs to be considered in the model heavily depend on the perspective
chosen. The societal perspective for example requires the broadest
approach to characterizing costs and healtitcames of treatment,
regardless of who experiences them. On the other hand for a single patient
the best choice is to include only his/her out of pocket costs in the model
and use values for the outcomes that are closer to his specific situation (e.qg.
values calculated on a sample population matching his age, general health
status etc.) while other costs like the ones covered by health insurance or
public health services might not affect
chargeo for thhe patient perspecti

The primary outcome measure of ces$tectiveness analysis is the
incremental coseffectiveness ratio (ICER). The numerator of the ICER is
the costs, in monetary units (e.g. euros) while the denominator is the health
improvement related to the strajegypically measured in expected life
years, survival at a certain timeframe or other similar measure. In case a
decision option is more effective and less expensive it is labelled as
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Adomi nant o and it is clearly chbbsen as o
a treatment is more effective but also more expensive, or conversely
somewhat less effective but cheaper, the ICER quantifies the-afade
between the added cost and the health improvement gained. The value of
each intervention is then compared wittetvalue of commonly accepted
treatment alternatives (or to thresholds defined by organizations like the
World Health Organization) to finally assess if they are -&ffctive or

not. An even more advanced version of eeifectiveness studies is cest
utility analysis where, in addition to costs, also measures of QoL are taken
into account in the selection of the optimal decision. The following section
will give more detail on the theoretical background of this methodology
and its relevance to decision #yss.

3.2.2. Utility theory and utility elicitation

Costutility analysis is a modified version of cesffectiveness analysis
where the effectiveness of a decision is measured in QuisdifystedLife-
Years (QALYs). Although they have been criticized by a numbé
authors and some alternative proposals have arisen in the litefadire
76], QALYs are still one of the most widely adopted measures in studies
that compare the outcomes of different healthcare programs. They
incorporate madality and morbidity in a single score, by combining a
patientds expected | ife years with the
precisel vy, the number of years spent in
by a utility coefficient (UC), which values thauglity of life in that health
state. UCs range from 0 (death) to 1 (perfect health), and they are, in
principle, very subjective values, since
a health state. QALYs are often used in population studies and in particul
in costutility analyses, which result is summarized into the incremental
cost/utility ratio (ICUR). Assuming that the program under evaluation is
more costly and more effective than the actual practice, the ICUR is the
cost for each additional QALY awved by adopting that program.
Similarly to ICER, the ICUR is then used to compare alternative
interventions or directly compared to standard thresholds (e.g. the World
Health Organization, for most of EU countries, suggests a threshold of
30,439% for QALY gained)for economic appraisal.
Using UCs to quantify QoL in a health state has its theoretical basis in
utility theory first proposed in the field of economics by the physididtn
von Neuman and his colleague Oskar Morgenst§rf]. The basic idea
was that a rational decisiemaker, facing a decision problem involving
uncertain outcome, wodlchoose the option which maximizes its expected
utility. Utility theory is based on 4 basic axioms:

1 Completeness: For any couple of states S1 and S1

"o OEE Y EETY ¢
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1 Transitivity: Given three states S1, S2, S3
QWP XYOEWY "YOUMEY Y

1 Independence (dReduction of compound lotterigsGiven three
states S1, S2, ePIimieer e S1>S2 and

13p p 4130 3¢ p 130

1 Continuity (or Archimedean proper)y Given three states S1,
S2, S3 where $8[041]Mer D& exists domé)
pr ob a bei[0,1] such that

13p p 130 3¢

Preferences of each individual are defined as UCs and assigned to the
corresponding possible outcomes by utility functions. In the healthcare
setting UCs are defined for each health state and ttedues are used to
quantify decision models like DTs in cestility analysis. Analysts have
three choices in determining the utility values for use in a study: they can
estimate the values using judgment, they can look for suitable published
values in he literature, or they can directly measure U[3]. The
judgmental approach can be a quick and inexpensive way to obtain utility
values (e.g. estimates can be provided by the analyst himself or by a few
expert physicians) but it is obviously affected by stréingtations and its
use should be limited to decision problems where sensitivity analysis
shows that the problem is subject to very little change even when
performed on a wide range of possible utility values. In most of the cases
however UCs should be tdned by more reliable sources like previously
published literature. A growing number of scientific journals (e.g. Medical
Decision Making, Pharmacoeconomics, Health policy, International journal
of health planning management) publish eoslity studieson a regular
basis and UCs are available for a good number of health conditions.
However differences in the characteristics of the population where UCs
were measured and the sample of the current study might be present.
Disregarding the fact that thesdfdrences might exist can lead to incorrect
analysis results, especially after recent studies have acknowledged that
environmental data play an important role in QoL assessmeRit
Generally the most accurate way to obtain utility values for a study is to
measure them directly. This involves precise identification of health states
for which utilities are required, preparation of health stagscdptions,
selection of subjects, and the use of a utility measurement instry@vgnt

The process of measuring UC values is always referred to as utility
coefficients elicitation. Elicitation techniques can be divided into direct and
indirect methods. Indact methods usually involve the administration of a
guestionnaire to assess QoL experienced by the patient. Some popular
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guestionnaires like EuroQol78, 79] and SF36 [80] are domain
independent while others are specifically built to be disease specific.
Gereric tools like questionnaires however rely on the use of a mathematical
formula to convert the questionnaire score to a proper UC. These are
usually obtained by regression models where the target variable is a UC
elicited with one of the other methodadthe predictors are the answers of
the questionnair¢81]. Direct methods on the other hand directly elicit a
UC from a patient during aencounter and some specific questions. Many
elicitation methods have beetescribedin the literature. Here we will
focus on three of the most wédhown and representative onesamely
Rating Scale (RS), Standard Gamble (SG) and Time T&At€TTO).

In RS an analogue scale is presented to the patient, ranging from O,
associated to the worst imaginable health state (usually death), to 100,
corresponding to perfect health. The patient is asked to place a marker on
the scale according to the degree of ddsiity of the health state being
evaluated. RS is usually quickly understood by patients and it is often used
to rank health states from the less to the most desirable, as multiple states
can be placed along the scale in one go. However, the value prodyced
RS is not a true UC (which must always be based on formal utility theory
and derived from a choice between alternatij84) but rather what it is
called a fAvalueo, c a Ihe madrkartpasition ansthex / 1 0 0
scale.

In the SG method[83] the patient is asked to choose, within a
hypothetical scenario, between living the rest of his/her life in the health
state that is being evaluated or accepting a gamble whose outcomes are
complkete healing or sudden, painless death with probability p Fspere
10a). The more a patient is experiencing poor QoL, the higher risk he
would accept to have a chance of healing. The probability p is varied until
the patient is indifferent between the two choices. UC is then calculated as
arv p).

Finally in TTO [84], the patient is asked to choose between living his
entire remaining life (t1) in the specific health state being evaluated or to
live shorter (t2 < t1) but in a perfect health state (Begire 10b). If the
patient is experiencing poor QoL, he will be willing to trade some of his
remaining expected life (i.e. to live shorter) for a better QoL. Similarly to p
in SG, the amount of time a patient is posed to give up to heal
completely is varied until the patient is indifferent between the two choices.
The UC is then calculated as t2/t1.

3.2.3. Markov Models

A Markov Model (MM) is a particular type of time and staliscrete
stochastic process that is of paular use in medical decision makif8p]

to follow a cohort ofindividuals over time and to determine how the
intervention affects costs and benefits. MMs are often used to model
processes, like the evolution of a chronic disease, where the patient goes
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through a series of states (e.g. with different degrees ofiggvever time

in a nondeterministic fashion. The model represents a series of states and
the probability of all the possible transitions between them in the form of a
transition probability matrix. The states must be mutually exclusive and the
transitiors from one state to another are referred to a particular time range,
called the Markov cycle. The basic property of a Markov process is the
markovian assumption: i.e. the probability of transitioning at a certain state
at time i+1 is only dependent of tleirrent state at time i. MMs are often
used in combination with DTs to drive decision analysis or conduct micro
simulations. In the graphical representation of a standard MM, each state is
denoted by a circle. Transitions are represented by directed edgesige

that returns to the same state from which it originates indicates that it is
possible to stay in the same state for more than one cycle. The numbers
above each edge identify the probability to move from one state to another;
and the probabilitieputgoing from each node must sum up tAlsimple
example of the graphical representation of a MM is giverFigure 11

along with the corresponding transition matrix.

Healthy b)

Health
calthy Alternative 2

State i
Alternative 1

Dead

State i

t2 tl

Figure 10 - graphical representation of (a) Standard Gaméaral (b) Time
TradeOff utility elicitation methods
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Figure 11 - Graphical representation of a Markov Model and the
corresponding transition matrix.

3.3. Sentiment analysis

3.3.1. Relevance to medidaledsion making

When facing a decision problem one of the most natural behaviors that
peopl e pur sue i s t o find out wh at
objective data coming from scientific research and other traditional sources
also subjective opinionplay a very important role in decision processes.
The medical decision making context we presented in the previous sections
is also subject to this kind of effect, especially if we consider the intention
of shared decision to systematically consider patipreferences and
opinions in the decision process. The increasing amount and popularity of
opinion rich resources like online review sites, communities, social
networks and personal blogs enable more and more people to use
information technologies to skeout information and understand the
experiences and opinions of others before taking their own decig86ns

87]. This is true also in the medical domain where the success of
communities like PatientsLikeME5, 88] Treato[89], WebMD [36] and
countless health related discussion boards (e.g. Dadg§th [90]) are
common examples. The relevance of this phenomenon recently attracted
the interest of an increasing number of research groups trying to exploit the
potential of such information sourcfxli 94]. The main challenge consists

in the fact thamost of this information is in unstructured form (i.e. natural
language text) and includes mostly subjective information which traditional
techniques are unable to effectively process. These are the reasons that
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gave rise to a specific research area mamefi s ent i mewhichigsnal ysi s o

particularly relevant to some of the work presented in section 5.2.2 of this
dissertation.

3.3.2. Definition and common applications

Sentiment analysis is a subarea of text mining that deals with the
computational treatment of opan, sentiment, and subjectivity in tef@5].

The term has been used somehow interchangeably with other definitions
like opinion mining or subjectivity analysiespecially in the early days of
this new research area when a consensus on terminology was still to be
achieved. Sentiment analysis is a rather young field that, apart from very
few pioneer projects, dates back to the early 2000s when a number of
works in the area of finance and marketing fields started to be published
[96198]. Since then marketing, market surveillance and customer
relationship management have steadilyetbesome of the fields where
sentiment analysis has been successfully applied to use customers opinions
(e.g. in product reviews) as a feedback to improve product development
and marketing strategies. In addition to these, applications to areas like

politcs where peopl eds 0 p assathmavescquaede an

increasing interest over the yed®9, 100] Lately several applications to
the medicaldomain have also started to appear. Among those some of the
most significant include epidemiological stud{@91, 102] postmarketing

drug surveillancg103] and analysis of risky heahltelated behavior (e.g.
smoking or drugs consumption) in the general populafid¥, 105]

3.3.3. Mining subjective information in texts

Common tasks of sentiment analysis

Sentimentanalysisdeals witha number of differenproblems that share a
common requirement: the need to automatically process ad interpret
subjective information contained in textMany sentiment analysis
applications can indeed be reduced to a combination of a relatively small
set of basic problems. 8w of the most relevant are:

1 Subjectivity detection and extraction: The objective of this kind
of tasks is to determine what portions of a text contain
subjective information and to distinguish them from purely-fact
based information;

1 Polarity classificabn: Deals with the assignment of a polarity
class (positive, negative or neutral) to a document or specific
portion of text;

1 Degree of positivity/negativity assessment: Similar to polarity
classification but with the addi
value for positive and negative sentiments;
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1 Opinion summarization: Automatically generate a summary of
the opinionoriented portions of a text. This can be done in
either purely textual form or with a numerical scoring system
(e.g. G5 stars scales of mgpopular review websites);

1 Detection of fake or deceptive opinions: Aims at detecting
anomalies in the sentiment of a corpus of texts in the effort of
identifying fake opinions or fraudulent behaviors. Examples
include filtering of opinion spammindgl106] (e.g. automatic
posting by bots) and detecti@f counterfeit content to discredit
competitors (e.g. fake news or product reviews).

Supervised and unsupervised approaches

The aforementioned tasks share a significant amount of characteristics with
traditional text mining problems. In fact many of thehriques used in
sentiment analysis are a combination of traditional Natural Language
Processing (NLP), information retrieval and other text mining
methodologies. However sentiment information is more subject than facts
to a number of effects like negatmnirony, reported speech and spelling
variations. These, together with other factors, make sentiment analysis a
rather challenging task which needs dedicated methodol¢f¥y. Two

main approaches have been proposed to face hhkenges of sentiment
analysis: i) supervised learning and ii) ridased approaches. In the
following we will rely on the polarity classification problem to highlight
the main features of the two methodologies and their strengths and
weaknesses.

Assignirg a positive or negative polarity to a document is basically a
binary classification problem. Many traditional text classification problems
consist in assigning a document to a class corresponding to its topic and
supervised machine learning is a populppr@ach to these classification
problems. In such classifications, topilated words are usually the key
features on which statistical models (e.g. decision trees/forests, naive
Bayes, support vector machines) are trained. Intuitively in sentiment
classfication, sentiment or opinion words that indicate positive or negative
opinions are more important. In a classical paper by Pang, Lee and
Vaithyanathar{108] a bagof-words approach using unigrams was applied
to classify movie reviews asopitive or negative. Much alike other
supervised machine learning applications, the key for effective sentiment
classification is the engineering of a set of wadlsigned features. Term
frequency and their variations (e.g. frequency ajrams, TFIDF), part of
speech tags (e.g. focusing on adjectives or adverbs that imply mood and
sentiment) and syntactic dependencies (e.g. parsing or dependency trees)
have all been used in numerous works regarding polarity classification.
One of the most evident barriets the adoption of supervised approaches
to sentiment analysis is the availability of good quality annotated data to
train the classification models. Although this kind of data can be readily
available for some applications (e.g. in movie reviews the téxthe
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review is usually available together with a sbased rating score. In this
case feature vectors are calculated from the text while the star score acts as
the target variable. -@ stars are assumed to be negative whige &re
labelled as positiviethis is not necessarily true for all domains. Interactions
between specific topics and sentiment play an important role in assessing
the polarity of text documents. Some expressions that have negative
polarity in one domain might have a negative connomain a different
one. AUnpredictabl ed might be a positivVve
but something highly undesirable for a surgical intervention outcome. This
is one reason why available annotated dataset poorly translate from one
domain to the otér.

Unsupervised approaches on the other hand do not rely on available
training data to classify document polarity. Instead the core idea is to
develop a sentiment lexicon, add ridased knowledge to handle sentiment
modifiers (e.g. negations, intensifseretc.) and finally define a scoring
function whose output classifies the sentiment as positive or negative. The
generation of the lexicon, a collection of words and expressions together
with their polarity, is obviously a strategic step. A good number of
complete resources developed in previous research work are publicly
available [1091 112]. However, especially in the medical domain, the
performance of lexicotbased approaches are often dependent from the
specificity to the particular task (e.g. drug adverse effects monitoring vs.
disease outbreaks surveillance) of the dictionary resources used. For this
reason a good share of the researchkwiarthis area focuses on novel
approaches to build such sentiment lexicons. Several approaches have been
proposed, some of which rely on machine learning algorithms and demain
specific corpora[113], while others use semantic information from
structured knowledge sources to build the lexi¢@f3]. Lexicon based
approaches usually outperform supervised learning in some specific
settings. For example, ruleased approaches tend to perform better on
shorter t&ts (e.g. single sentences) where the presence of just a few words
make the construction of a rich feature vector problematic. However the
two approaches are not mutually exclusive. In fact, in recently published
works, combined methodologies using thepuitof rulebased methods as
features for machine learning models, have been shown to achieve better
performances than each of the two approaches used sepftaiely 15]

3.4. Recommender systems

In this section we introduce a family of techniques known under the name
of recommender systems (RSs). The relevance of this topic for the present
dissertation follows fronwhat has been anticipated in the previous section
3.3.1 In particular, in the shared decision setting, patient preferences play
an essential role in decision processes. Despite the fact that utility theory
provides a sound fraework for preferences elicitation, there might be
some cases where data on patient preferences might be unavailable or very

34



Methods

difficult to obtain. We aim to explore RSs as an alternative solution to
obtain patient preferences in this setting.

Recommender sgems are a popular and widespread approach used to
predict user preferences in several industry settings toblag following
sections provide an overview of the different approaches for the design and
implementation ofRSsin general.Then, the following chager 5, section
5.2.2, will proposean application of this methodology to the medical
domain to facilitatgpersonalization of thdecisionprocess

3.4.1. Industry applications

In their most classical definition recommender systems (RSs) are software
tools am techniques providing suggestions for items to be of use to a user
[116]. Usually the suggestions relate to various decisi@king proceses,

such as what items to buy, what music to listen to, or what online news to
read.The growthin volume andvariety d the information available on

the web and theintroduction of new éusiness servicege.g. e
commerce or product comparisons websitemje led tohe availability

of countless alternativehoicesfor potential customers. This variety
however,instead of producing a benefig often overwhelming for the
user who then seeks for guidance to select only those items that are best
fitted to him. Many prominent players of thebmisiness sector (e.g.
Netflix or Amazon) are currently investing a lot of resources in the
design and implementation of RSs with a double objectiveguide
users in apersonalized way to interesting or useful objeictsa large
space of possible optiongmproving user experience and ii) maximize
their profits, conversion ratand crossselling by offering a catalogue

of products that is personalized to each uB&s account for a significant
part of ebusinesses r@nues. Recent data suggest that 2/3 of the movies
watched on Netflix are those being recommended, 35% of the sales on
Amazon.com are from recommended products and, also in the news sector,
recommendations generate 38% more clickthrough on Google Nawk

3.4.2. Problem formulation

The problem of recommending items can ultimately be reduced to the task

of inferring user preferences from available data. In fact, personalized
recommendations are often offeresl ranked lists of items and, to perform

such ranking, RSs try to predict what the most suitable products or services

ar e, based on the wuserds preferences anc
such task, RSs collect from users their preferences, which itrer e

explicitly expressed (e.gas ratings for producks or are inferred by

interpreting user actions (e.g. visiting a particular product page can be

1 conversion rate = number of sale transactions / number of visits
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interpreted as an implicit sign of preference for the items shown on that
page).

In the following of ths section we will rely on the popular example of
movie ratings to provide a formal representation of the RS problem. One of
the essential building blocks of every RS is the utility matrix.

Given:
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We define a utility matrix ot ¢ elements representing the ratings5(0

stars) given to the different movies by all the usérable 1 gives an
example representation of this matrix.

Table 1 - example utility matrix for the movie ratings use case

Movie Alice Bob Carol Dave
Love plus love 5 5 0 0
Romance drever 5 ? ? 0
The bride ? 4 0 ?
Car crash 0 0 5 4
Guns vs karate 0 0 5 ?

The utility matrix can be though& s an extensive Adat abas
ratings/preferences and is the basis of all RSs methodologies. The basic

task of a RS is to fill in the gaps of the utility matrix, predicting the missing

values using the available information about users, preferennds a
characteristics of the items considered. Several different approaches have

been proposed for the implementation of RSs. In the following we will

present the details of two of the most popular families of systems, namely
contentbased recommendations acallaborative filtering.

3.4.3. Contentbased approach

Contentbased RSs try to recommend items to the users based on the
properties of the different items. In this kind of approach the system learns
to recommend items that have similar properties to the itemsea has
liked in the past. In our example the content of each mioieepresented
through a vector  of features x..x, and used together with the utility
matrix (Table2) as an input to the RS.

Table 2 - in addition to the utility matrix conteriiased approach rely on a
vector of features x. X, that describethe content of each item. In our
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example two features representing the amount of romance and the amount
of action are defied for each movie.

Movie Alice Bob Carol  Dave X1 X2
(romance) (action)
Love plus love 5 5 0 0 0.9 0
Romance érever 5 ? ? 0 1 0.01
The bride ? 4 0 ? 0.99 0
Car crash 0 0 5 4 0.1 1
Guns vs karate 0 0 5 ? 0 0.9

Every user is also characterized by feiént preferences that are
formalized in the form of a user profile. Profile of the ugas usually
represented by a vectaf’. Profiles are then used together with content of
each movie to recommend items that have the highest chance of being fit
for the user profileAn high-level architecture for a general contdratsed
RS is represented fRigurel12.

Feedback
<
Profile Learner

User profile |I

v v

Filtering ’IE‘” .
component :> Recommendation .

L
[

Content ||
: Item

Figure 12- High-level architecture of contefitased RSs. The three main
components are: the content analyzer, the profile learner and the filtering
component.

Different approaches are available to build eatiprofiles. New users
can explicitly provide their preferences associated to each feat(eegx |
love action movies and totally hate romantic ones). As an alternative user
profiles q¥ can be learned directly from the previous ratings the same user
gave to other movies.

37



Methods

RSs can be divided in two main categories: menrtmyed (where all the
raw data in the utility matrix is used each time a new recommendation is
requested) and modehsed (where a proper model is built from the
available data during a training phase and then used to recommend new
items). Both these approaches can be used to build a cdraead RS. A
simple memory based system would just look at item features tondate
what i1items the user hasnoét rated yet are
Those items, identified by using a similarity measure based on item feature
vectors X' (e.g. Pearson correlation or cosine similarity are popular
choices), would be thenes recommended to the user. On the other hand
also a model based approach can be chosen. For example the movie rating
problem in our example can be thought as regression problem where:
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And the predicted rating for the usiof the moviei giveni "8Q p
can be calculated using a linear regression model:
OEQ A ®

In this setting the parameter vectors of the regression are represented by
the user profilea . Those parameters can be learned from the available
data minimizing a typical mean squared error cost function:
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The main advantages aontentbased RS are their relatively simple
implementation and the possibility to easily justify the rationale behind
each recommendation. However these approaches also have some
limitations. First of all they assume it is possible to know, for each new
item in the catalogue, its content (i.e. feature vect8thave to be known
for each item). Secondly, since they rely on the preferences of only one
user at a time, each user has to rate at least some items before any
recommendation can be generatedHor m. This is also known
starto problem for RSs. Finally I nf or m
preferences between users with similar profiles are not exploited at all by
contentbased recommender algorithms. On the other hand-usssr
interacton is the core idea behind the second family of RSs that is
presented in the next section.

3.4.4. Collaborative filtering

The term Acoll aborative filteringo (CF)
first time by the creators of one of the first %48], Tapestry. #ice then
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CF has been used to denote a family of systems where all the different
users collectively collaborate to enable the system to provide effective
recommendations for everyone. Indeed, instead of using features of items
to determine their similaritythe CF approach focuses on the similarity
between different users. The recommendation process then consists in
identifying users that are similar to the curreattive user 4 and
recommending items they liked, assuming that there is a good chance they
will also be liked by u

CF systems use the user rating data (.&IQcontained in the utility
matrix) to calculate the similarity between usarsd do not rely on item
content analysis at allhis allows toovercome some of the limitations of
contentbasedapproaches allowing,of instance, items for which the
content is not available or difficult to obtaito still be recommended
through the feedback of other user&uithermore, collaborative
recommendations are based on the quality of items as evaluated by
peers, instead of relying on content that may be a adcator of
guality [116] (e.g. length of a movie may not be a good predictor of its
quality).

As for contentbased systems also CF canitmplemented following
either a memonpbased or a moddiased approach. Memebased CF
systems are better known as neighborhbaded. One of the most
common techniques they use is indeeshéaresineighbors (or another
clustering algorithm) to find the bget of most similar users according
to their rating patterns on the common item catalogue. On the other hand
several models like Bayesian networks, neural networks or their variants
like Boltzmann machines, and dimensionality reduction techniques like
singular value decomposition have been successfully applied to build
modelbased CF systeml19]. Despite the fact that state of the art
modetbased systems have proven to be very accurate in predicting
ratingg81], neighborhooebased still enjoy popatity due to their
efficiency (i.e. no costly model training and periodic update has to be
performed), simplicity and stabilityy120]. Moreover neighborhoed
based systems tend to perform particularly well on specific task like
recommending items that are relevant to the user and that he might not
have discovered otherwise (this is also knownsaendipity. Model
based approaches on the other hand characterize preferences of a user
using a less extensive set of latent factors, which makes it harder for
them to perform well on serendipity. Findings from the popular Netflix
prize competition on RSEL21] also confirmthat neighborhooebased
and modetbased methods can explore very different levels of data
patterns. Thus a combination ofetiwo approaches is often used to
achieve optimal performance in the most advanced implementations.
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3.4.5. Hybrid approaches

We reported in the previous section how the combination of rAoalstd

and memonybased CF can be a good compromise to take advantdugeof
approaches when complexity of the final implementation is not an issue.
This is also true for the duality of contelmdsed and collaborative filtering
systems. In fact the two approaches are not mutually exclusive and a
combined hybrid system can b@mplemented exploiting both item content
analysis and similarity among users.

Furtherly elaborating on the previous example of movie ratings, a hybrid
collaborative filtering algorithm can be implemented with a slight
modification of the linear regression otel presented in the previous
sections3.4.2 and 3.4.3 In particular in the conteriiased approach we
learned the parameter vectars representing the user profiles minimizing
the followingmean squared error cost function:
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Adding a collaborative filtering step to this algorithm allows us to do a
similar learning process on thratings data to improve the feature vectors
@ as well.In fact, following the basic idea of CF, using the ratings given
by other users we are able to improve the value® ofvhich represents
the content of movié. In turn these values of are used to recommend
the item to potential new users, that thus benefit from the feedbacks of their
peer s, enacting the Acol |l aborativebo nat
implementation édrmulating the problem as a regression enables us to learn
® , given the utility matrix of "@Qand user profileg . This can be
accomplished minimizing the same cost function with respegt to
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Having defined these two concurrent optimization objectives an iterative
algorithm can then be implemented to alternatively dexivefrom initial
values ofw and vice versa. This would constitute a basic example of an
hybrid algorithm exploiting both item contents and collaboration between
the different users.
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To conclude this overview of RSs it is worth miening that some
interesting alternatives to the wabtablished conteriiased and CF
approaches are being explored in recent research works. These systems are
also traditionally included in the family of hybrid RS since they usually
combine CF with othetechniqueg117]. Some examples are contexware
RSs where recommendations are selected considering user context like
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geographical location or demographics, knowletdgeed systems where
a-priori knowledge about items and preferences is added to the
recommendation logic, and trusased RSs where items to recommend are
selected among those that are popular in the social proximity of the user
(e.g. items that the friends of a user liked). Albeit thkisel of RSs have
reached a good level of popularity in some settings (e.g.-bastd
recommendations are a natural fit for a soca@lworking environment) a
detailed description of these kind of systems is beyond the scope of the
present dissertation.
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Chapter 4

Integrating data and components of a
distributed CDSS

4.1. The MobiGuide Personal Guidance System

The topics presented in chapter 2 and the methodologies of chapter 3 have
been applied, over the past 4 years, to the development of a personal
guidarce system named Mobiguide. Chapter 4 will describe the Mobiguide
project in general, its main goals and the solutions adopted to achieve
technical and functional integration between the system components
through a shared data model. Chapter 5 will be ni@cased on the results

of Mobiguide, and other satellite projects, regarding personalization of the
DSS and patiententric personalized guidance.

4.1.1. The project

MobiGuide is a Collaborative Lge-scale integrated projectsupported
under the European Commigs Seventh Framework ProgramnteP() for
years 20072013. The project is carried out by an international consortium
of 13 partners including academia, industry, research hospitals and
pati ent s orRgarel34oathe geagmphitas distribution of
the institutions).

Academia;

University of Haifa (HU), Project Coordinator
Ben-Gurion University of the Negev (BGU)
Universita Degli Studi di Pavia (UNIPV)
Universidad Politecnica de Madrid (UPM)
UniversiteitTwente (UT)

= =4 -8 4 -9
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1 Technische Universitaet Wien (TUV)

Industry:

1 Beacon Tech Ltd (BTL), Administrative Management
1 MobiHealth BV (MHBYV), Technical Management

1 ATOS Spain SA (ATOS)

1 ZorgGemak BV (ZORG)

Clinical partners:

1 Fondazione Salvatore Maugeri (FSM), DeploymBlanagement
1 Corporacio Sanitaria Parc Tauli de Sabadell (CSPT)

Patients6é organizations:

1 Associacio de abetics de Catalunya (ADC)

S MONNVOIIN
¢ University of Haifa
-
-

i £ beacontech

Figure 13 - Geographical distribution of the MobiGuideonsortium
partners.

The main objective oMobiGuide research is to create a solution for
designing, deploying, and maintaining neobile Patient Guidance System
(PGS that could be scalable, secure, ubiquitously accessible, and user
friendly. Basically, the system supports physicians by deligeriimem
evidencebased recommendati ons acboodimgto a
clinical practice guidelines and personal health recdada Once the
physician haslefineda treatmenplan for the patientthis is translated into
a series of instructianfor the patientshemselves (hencthe PGS).By
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delivering personalized evidendeased clinical recommendations,
MobiGuide aims at increasingatients' satisfaction and compliance to
evidencebased clinical guidelinesyhile alsoredudng risk to patiens and
healthcare costsin particular the CDSSs intended forpatients with
chronic illnessesThe system accompanies the patients wherever they go
and helps them and their care providers in managing their illness, whether
they are at home, at work, outchabout or travelling abroad on holiday or
for business[122]. It is important to stress the fact that the users of
MobiGuide, unlike many other CDSSs, consist of both physicians, who can
benefit from it thanks to an increased compliance to evidéased
clinical practice guidelines, and patients themselves who can improve their
compliance to therapy, have the possibility of being closely monitored from
remote through a set of sensors for increased safety and generally benefit
from better support for an si&r management of their chronic condition. In
fact by involving patients in their healthcare they become more motivated
and, in turn, motivated patients try to comply with healthcare
recommendations more fully, resulting in better health outcomes. What is
more, MobiGuide provides personalized decissupport by exploiting
patientsdé personal preferences and
holiday, family members are temporarily unavailable to help with daily
care). Thus, the MobiGuide system delsveecommendations that are more
appropriate to each patient, and customizes the treatment to him/her and
further facilitates adherence to[23]. A more focused descriptioof the
adaptive and personalized nature of the MobiGuide system will be given in
chapter 5. In the following the general architecture of the CDSS and its
domains of application will be presented.

4.1.2. Clinical domains of application

MobiGuide has been desighdo be general enough to support multiple
clinical domains and their relative clinical practice guidelines. However in
the scope of the-gear project the developed PGS has been validated in
three important clinical domains: atrial fibrillation and two spible
complications of pregnancy (which may-oocur): gestational diabetes,
and hypertensive disorders of pregnancy. These domains represent two
different monitoring scenarios: chronic patients with possible -re
acutizations, that require monitoring aifellong, represented by the
cardiac (atrial fibrillation) domain and monitoring of biosignals and
patient's lifestyle of patientdor a limited amount of timerepresented by

the gestational diabetes domain. Gestational diabetes was especially
selectedto account for the complex set of patient's context during
pregnancy, including the mother and the fetus, with {targh impacts on

the born child[124]. Moreover, during pregnancy, other complications,
such & hypertension may occur. Hence, we could use these domains to
demonstrate the generalization potential of MobiGumenultiple types of
patients.
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The three clinical domains chosen are important due to their prevalence
and burden on healthcare systemsridtfibrillation (AF) is the most
common sustained cardiac arrhythmia, occurring i2% of the general
population and is estimated to double in the next 50 years as the population
ages[125]. Likewise, 25% of pregnancies involve women with diabetes,
and 87.5% of those pregnancies are estimated to be due to gedtation
diabetes(GDM). Moreover, it has been well established that the fetuses
submitted to hyperglycemic media have an increased risk of developing
diabetes in the long term. Thus gestational diabetes is a relevant topic
associated with an enormous burden. peiyensive disorders during
pregnancy carry risks for the woman and baby. -@ma&l of severe
maternal morbidity is due to hypertensive conditions. The -lengm
consequences of hypertension during pregnancy include chronic
hypertension and an increaselifietime cardiovascular risk. Hypertensive
disordersalso carry a risk for the baby as, for example approximeiéty
of stillbirths in infants without congenital abnormality occurred in women
with hypertension during pregnancy.

4.1.3. Architecture and components

MobiGuide PGS intends to securely interact with the patient and his/her
care provides, deliver healtielated recommendations and enable access to
the patient's health data, whenever a need arises, from any place, and in a
userfriendly way using web and rmartphone interfaces. The
recommendations delivered will be based on eviddrased clinical
practice guidelines (CPGs) that are formally represented in a knowledge
base and are executed according to the patient's clinical data. The clinical
data will be emantically integrated into a Personal Health Record (PHR)
that will persistentlystore:

1 the patient's lifdong data from hospital and care centers
electronic medical records (EMRS);

1 physiological data that will be acquired using beslgarable and
portabe  monitoring devices at neclinically controlled
environments;

1 additional personal information that will be acquired through a
dedicated Smartphone;

1 events (i.e. symptoms or IH&tyle related information)

1 temporal abstractions of patient data calculdtgdhe PGS.

The high level architecture of the system just described is represented in
Figurel4.

The functionalities of MobiGuide PGS are not carried out by a
monolithic system but by a complex ecosystem of rodenected
components arranged in a service oriented, distributed architecture (SOA)
represented in detail iRigure 15. One of the basic blocks of the system is
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the knowledge base. Narrative CPGs are formalized kbpwledge

engineers together with clinical domain expefi6], represented as
Computerinterpretable Guidelines (CIGs) in hyb+&sbru languaggl127]

and finally stored in the DEGEL digital library byeans of its knowledge

acquisition tool named Gesh§r28, 129] The concepts and abstractions

defined in the knowledge store need to be mappetdtoe pati ent sd act
clinical data of in order to execute the guideline and provide relevant
recommendations. For this purpose two dedicated components complement

the knowledge module of the system. These are the Med[a&0],

responsible for the constant rdali me moni toring of patient
and computing all the temporal dtaction, and KDOM131] a Knowledge

to Data Mapper based on ontologies. All the clinical data needed for the

MobiGuide system execution is stored in a centralized PHR which accessed

by a dedicated Data Integrator (Ddpmponent. The DI constitutes the

centralized point of access for the PHR and enables all the read and write
operations on the patientsd data through
by other MobiGuide components. Also data coming from the EMRs of the

hospitals is merged into the PHR by the DI through appropriate periodic

and evendriven import procedures. Given the importance of the DI

component in the MobiGuide ecosystem and its central role in the
implementation of the data integration strategy o thhole project the

following section4.2.3will discuss these aspects in more detalil.

Patient Guidance System (PGS)

mobileDSS
o |+

.
Recommendations N <

Of uter
. 3 nterpretal Tt ——
Manual 9 Knowledge
inputs b Engineer
> Nz, ?
nowledge-Data
apper

Physiologic l-

PATIENT 3'signals -
"eco)
Datalntegrator . <
F atient da a.
Authentication V/
Auditlogs -

; ey === PHYSICIAN
W@ [+ [

Figure 14 - High-level architecture of the MobiGuide PG$32].

Formali zed domai n knowl edge and pati el
constitute the inputs needed to apply the guideline and provide case
specific recommendations. The distributed DSS component consists of two
main blocks: i) the backnd DSS (BEDSS), a guideline execution engine
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based on Picard framewofWd5] and ii) the mobile DSS (mDSS), which

runs directly on each patientds smartpho
data broker (QoD brokei133] for constant monitoring of the quality of
evidence provided by patientsd devices.
distributed nature of the MobiGuide DSS will be presented in seclion

Part of the Mobi Guide system runs direct
Mobile components are orchestrated by a BAN frontend system which

dispatches messages among them or interacts with theelnaicgarts of the

system when needed. Otherobile components include the mDSS and

QoD broker already mentioned, the set of sensors that are specific to the

domain of application (e.g. Activity Intensity Detector and glucometer for

GDM or ECG monitor for AF) an@thet he pati e
interfaces are offered to the various users of the system: i) abassdd

caregiver interface and an integrated advanced data visualization module

for physicians, ii) a user interface for system administrators and iii) a

knowledge acquisition tool life aforementioned Gesher) and a GUI for the

configuration of the KDOM mapping component for the knowledge

engineers. Finally the last important set of components for the MobiGuide
architecture is the one comprising security and privacy. All the accesses to

the MobiGuide PGS are managed by a single-sigrsystem implemented

in the Identity Provider (IdP) using the openAM framewdd34]. A

specific adhoc component encrypts and secures data in the $taadge of

the mobile device and grants authentication and authorization to access the

data to the mobile components. Patient data confidentiality and
anonymization is granted by the Personal Identification Information (PII)

hub that securely stores aléd internal identification codes for the patient

(e.g. EMRids, BAN-ids) and maps them to a unique, anonymous

MobiGuide ID which is the only patient identifying information used

across the system.
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Figure 15 - Detailed architectwr of the MobiGuide system highlighting
servicebased interactions between components. The responsible partner for
each component is shown in brackets.

4.2. Data model implementation results

Recent work in the area of medical informatics and clinical data stdsda
point out that integrated PHR models have true transformative potential to
strengthen consumers' ability to manage their own health[t&86. The
authors state that integrated PHRs improve the quality, completeness,
depth, and accessibility dfealth information provided by patients; enable
easier communication between patients and providers; provide access to
health knowledge for patients; ensure portability of medical records and
other personal health information; and incorporate qajpulaton of
content.

In the context of the MobiGuide project two componermisting as a
single entity play a central role for data storage and components semantic
integration across the entire PGS: the DI and the PHR. The following
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section describes them al@ with the implemented solution for the
MobiGuidedata modebased on HL7 vMR model.

4.2.1. Data Modelling with HL7 vMR

Being a PGS where both patients and physicians are active, ukers
sources of data that the MobiGuide system has to deal with are highly
heterogeneous.the amount and variability of the data that must be
integrated for such purposes, already daunting even for a single CIG and
implementing organization, becomes immense when thesystem is scaled to
several organizations and several CPG® PHRhas to includeBAN data,
clinical data coming from hospital EMRs, recommendations delivered to
the patients by the DSS, abstractions or patterns found in the data by the
temporal reasoning components and responses provided to DSS
recommendations by userngatients and physicians). By integrating patient
data into a PHR, MobiGuide aims to have access to more dynamic
information than the hospitalsdéd EMRs wusu
provide patierdcentric decision support. This patient data can tegted to
several aspects of the evaluation of the patient condition, considering both
inputs and outputs of the MobiGuide system: the clinical history of the
patient his/her sociedemographic aspects (e.g., environment, habits or
family support), the infonation coming from different medical sensors in
order to monitor and evaluate the actual patient condition (e.g., blood
glucose, physical activity monitoring), specific knowledge abstractions
derived from inference processes made by the reasoning conippoen
guidelinebased recommendations and instructions provided as output by
the systen{136]. What is more the continuous need to assess the patient's
current condition from BAN signal data, supplemented by dht is
proactively reported by patients (e.g., patient with GDM reporting eating
extra carbohydraty radically changes the traditional workflow where
interaction with the patients is usually limited to periodic face to face
encounters with the doctor. The system may also require users to take
actions and provide feedback during the automatic guidanceeps and
reacts accordingly. This is true both for patients (e.g. confirmation for
drugs intake) and for physicians when confirmation from a human expert is
required before taking an action (e.g. suggestions to change diet or therapy
dosage should alwayse confirmed by the doctor). Furthermore given the
distributed architecture of MobiGuide presented in the previous section the
potenti al o f having patients?©o i nformat.i
information systems or devices calls for the use of a RHiRh not only
stores clinical data but also provides an effective mechanism for semantic
integration between the several components of the system and for their
communication. The type of PHR developed is known as integrated or
interconnected PHR135], since the data imported may be generated in
different hospitals, medical devices, etc., and where the patient, the
physicians and possibly other roles likes nurses or patient relatives
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supporting the care process are allowed to enter informationsigiected
areas of the record. The data stored in the PHR should later be viewed,
searched, and analyzed (e.g., for compliance check, for finding temporal
patterns for data analy3idy clinical staffand researchers. Therefore, the
data should be providein a way that is easily understandable for all these
stakeholders. In such scenario, not only the representation of data is
relevant but also the interfaces provided for external systems to access and
exchange data.

Given these requirements the data niofte the PHR was designed
following two basic needgL36]:

1 integrate and represent patient information from different
sources

1 facilitate the integration opatient datawith a guidelinebased
CDSS consideringhe different stakeholders involved in the process
of designing and setting up the system.

Following the recommendations of recent work published in the
literature [137] these high level integration goals can be translated to
implementatiorlevel requirements for both the baekd solution for data
storage and the frorégnd interfaces managing the communication between
the different componentBoth the HL7 vMR and OpenEHR archetypes
standards presented in chapter 2 were considered as possible solutions in a
preliminary study [136] that assessed the possibility to express
representative subset of data needed/produced by the CDSS including:
guantitative EMR data. (average heart rate result of 62bmp, meshsmn
10/07/1015), qualitative EMR data (e.gamily history of nyocardial
infarction), BAN data (e.g. leart rate results recorded every second for 5
minutes starting at 8 a.m. d/07/2015), abtractiors. (e.g. achycardia
i.e. heart rate > 115 bpmudng the interval of 8:068:30 on10/07/2015)
and ccisionsupport outputs (e.g. a recommendation to increase the
frequency of blood pressure measurements from twice a week to once a
day).

The results of the preliminary assessment suggested that boWtRe
and OpenEHR standards had a good semantic coverage for the test set of
data types considered. However the VMR standard is the one that provides
the best support. This derives from the fact that it has been natively
designed for clinical decision suppomlnd its conceptual model is very
similar to what physicians are used to (e.g. observations, problems,
procedures, or clinical assessments and recommendations for care plans).
Another important factor to consider is that knowledge engineers and
daabase administrators can undgand the VMR model quite
straightforwardly, since it encompasses small set of classes with
atiributes clearly defined in HL7 documentation (see chapter 3 for a
description of the classes included in the standard), and wherngall bf
patient data are instances of these classes; thidnesedliness should also
ease the pmess of connecting the hospitaiformation systems with
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MobiGuide. Note that this differs from using archetypes created from
scratch for a specific purposér which there is no predefined structure,
hence each data item could be defined differently in each specific
implementation project or, even in the same project, in different
implementation sites.Another advantage of vMR over OpenEHR,
regarding the itegration of MobiGuide with the prexisting EMR systems

of the hospitals, is that the HL7 working group in charge of the standard is
developing implementation guidelines for transforming HL7 v2.x messages
to and from the vMR model. This is very relevasitjce it is a known fact
that most hospitals are already able to export messages in the HL7 v.2
format. This would simplify tremendously the process of exporting patient
data from new hospitals that want to use MobiGuide to the VMR service
model.

Despite H7 vMR has been selected for the frartd implementation of
the data model, some requirements about the -badksolution for data
modeling and storage still had to be properly addressed. The best solution
found consists in using openEHR archetypes in th@ckend for
representing the vMR classes of the frend model. On one side
archetypes provide a high flexibility for possible adaptations of the VMR
that might be needed (e.g., complex data like ECG biosignals are difficult
to represent with the vMR gstdard alone) and, on the other side, the
conceptual linking between the guideline concepts and a-bisised PHR
is possible and more comprehensible for all the stakeholders than using
either HL7 CDA or concepspecific archetypes as the ones found
traditionally in the openEHR Clinical Knowledge Manager. Furthermore,
using an archetypbased representation of the vMR standard also helps to
keep compliance with the ISO/CEN 13606 norm, regarding theléwel
modeling approach that is one of the foundationstlé OpenEHR
archetypebased approach. Adopting a two level modeling approach also
allows to choose the storage implementafiewel solution to be selected
independently of the higlevel archetypes representation. One of the
industrial project partners (£g) provides an openEHRased middleware
that also has the advantage, when combined with the MobiGuide security
components like the IPD and PII hub, to be fully compliant to the security
guidelines suggested by the ISO/CEN 13606 norm. Those include full
access log tracing, possibility to provide an awareness service to system
users that want to check how their data was used and by who, complete role
based access control and authorization mechanisms for use of specific
portions of the PHR and functionalit®f the system. Regarding scalability
of the data storage solution adequate performance is guaranteed by the use
of a NoSQL database as ldevel data infrastructure (more details about
the DI component and the technical solution adopted for its implertient
are given in the following sectioh.2.3.

Based on the previous discussion, augmented by further feasibility
assessmen{d4.32, 136, 137karried out during the formalization of the two
CIGs considered in the MobiGuide pilot implementation (GDM and AF
guidelines) the final sotion consistdn two main decisions. First, the HL7
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VMR structure is ideal to address the different frend implementation
needs. Second, using openEHR archetypes designed following the structure
of the HL7 vMR is ideal for addressing the basmkd needsnd the back
end/frontend communicationwhile also being portable to different
domains. Figure 16 represents an overview of the overall implemented
solution. Looking at the frondend side, the conceptual mappingtween

the CIGs Knowledge Base used by the DSS and the PHRIs made possible
by developing openEHR archetypes, designed to comply with the structure
of the HL7 vMR classes, specially designed for the goal of supporting
CDSS. On the baecknd side archetypesan be easily connected to any
medical vocabulary needed. Furthermore, an openEHR infrastructure can
provide a powerful dedicated query language (AQL), where data values can
be retrieved to feed and support DSS in a more efficient way than using
XML -based gery languages, making it easier to build more complex
gueries.

Finally it is worth mentioning that the alignment of different norms like
HL7, openEHR, and EN13606 is an interesting objective of data integration
research in general. In this scenario thepmsal of using openEHR on the
backend, (using an ISO/CEN 13606 compliant component), and the HL7
vMR on t he si de of t he E Mddtnpamenti nt er f ac
communications, could be a first step towards demonstrating how all three
initiatives could Ik integrated to pursue a common direction for
interoperability for CDSSs
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Figure 16 - High level view of the data integration solution.

4.2.2. Supporting CDSS distributed workflow

The reasons behind the choice of HL7 vMR as the standital model for
MobiGuide PHR have beeanalyzedin the previous sectiod.2.1 This
section will present a more detailed example (adapted fd@8]) of how

the VMR classes were used in the context of the GDM guideline and how,
with proper adaptations and extensions, the model can support complex
asynchronous communication among the different components of the
distributed guidance system. The example use case showigune 17
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consists in a subsection of the GDM guideline where an interaction with
multiple dakeholders is needed to correct a wrong behavior of the patient
regarding diet. The corresponding interactions and communications
between components needed to support this workflow are represented in
Figure 18 in the form of a UML sequence diagram. For the sake of clarity
the full complexity of the system has been reduced by merging some of the
basic components in highégvel macro components of the sequence
diagram. Thus the Patie@UIl also incorporates the mDsand other
mobile components like QoD Broker; the Extended DSS includes the
guideline execution engine, the temporal abstractions mediator, KDOM
datamapper and the knowledge base; while the PHR stands for both the
PHR itself and the data integrator.

Does physician agree
to provide feedback
to patient?

Provide feedback
to patient

Diet non-compliance
increased carbs)?

Figure 17 - Example workflow taken from a subsection of the GDM
guideline regarding diet compliance.
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Figure 18 - Sequence diagram of the interactions between components
[138].

At the time of the enrollment in the system the Extended DSS starts the
guideline application and subscribes through DI to the set of relevant
patientédés data items that wi | | need to
(Figure 18, steps 1 to 4). The condition that our example considers is a
pattern of two diet non compliances inpariod of one week. At each
insertion of a new diet neoompliance event (step 5, 6) by the patient the
DI notifies the extended DSS which, in turn, calculates whether the
avail abl e data meet t he condi t-i ons t o
compliancetwie i n t he | as9). The mgriucbonsfarmabzpds 7
in the CIG are then executed and a new recommendation for the caregiver
asking d{ftampliancento the prescribed diet have been detected in
one week. Do you want to send the patient a rea&imrent message about
the i mportance of following diet prescri
the DSS subscribes to wait for and answer (steps 10, 11). When the doctor
logsin to the caregiver interface he reads the received recommendation and
has the pasibility of accepting/denying the proposed action (step43)3
Upon acceptance a new data item is stored to the PHR and the DSS will
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perform the actual generation of the fin
i mportant to foll ow \sinutaneodslyeséndiptoescr i pti
the patient GUI and store it to the PHR (step21Y.
The interactions between the different components just presented are
made possible by the vMR model via the Propd3aderEventpattern and
using the PHR as a centralizedyachronous communication enabler.
Different classes like ProcedureProposal, ProcedureOrder and
ProcedureEvent are generated and saved along the execution of the
workflow to keep track of its status of executidrable 3 summarizes the
VMR objects used in the example usese and relates them to the specific
moment of the sequence igure 18 in which they are generatedhe
same ProposaDrderEvent pattern can be applietb support workflows
regarding substance administrations, encounters, or observations. Other
simpler patters like Propos&esult can be used in case no confirmation
from a physician is required: for example, when the DSS recommends that
the patient shouldneasure her fasting blood glucose level at a certain time
the DSS issues an observationProposal waits for an observationResult from
the patient containing the actual measurement without requiring an "order"
step[138].

Table 3 - Use of vMR classes in the GDM example scenario

Seq Use Case Use of VMR in the Scenario
#

The extended DSS
3 monitors for patient non
compliance to diet

ObservationResult
focus: Increased carbohydrates

(123995008)
5 Non-compliance to diet | value:+/++
stored in PHR GL_ID (extension):201
ProcedureProposal

procedureCode: Notification (C0422202
target: Physician (C0031831)
original Text:fAThe
compliancyrecently.Considersending
him/herthefollowing recommendabn
message: Remember thatstvery
important that you comply to diet
recommendations and blood glucose
measurements sched
DSS_ID (extension): 111

GL_ID (extension):201

The extended DSS stores
recommendation to the
10 | physdcian to provide
feedback message to his
patient
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The extended DSS ProcedureOrder
11 | monitors for physician's | procedureCode: Notification (C0422202
acceptance target: Patient (C0030705)
original Text: A Rem

o ' important that you comply to diet
Physician stores inthe | recommendations and blood glucose

PHR his agreement to measurements sched
16 . .
pro_wde feedback to the | DSS ID (extension):111
patient GL_ID (extension):201
ProcedureEvent

procedureCode: Notification (C0422202
target: Patient (Q@B0705)

Extended DSS storesthel or i gi nal Text : iReme
message that has just be¢ important that you comply to diet
delivered to the patient or] recommendations

his Smartphone and blood glucose
measurements sched
DSS_ID (extension):112

GL_ID (extension):201

20

However, despite the fact that vMR provides a goodaftthe-box fit
for most of the data items needed by most CDSSs, some adaptations were
needed to be able to represent the whole set of information considered by
the MobiGuide PGS. One first example coming from the GDM example
workflow discussed above is the inmpance of maintaining a link between
the original recommendation generated by the DSS, its acceptance and the
following generated data items. One of the main advantages of this is that it
allows the data notification system of the DI to be triggered as asahe
caregiverds acceptance enters the PHR.
similar previous recommendation records that could exist in the PHR,
improving performance too. This linkage is not part of the vMR model but
the standard (since its releaseirZcludes a native way to be extended with
attributes of any possible HL7 data type. Hence, the linkage is stored by
tagging the recommendation with proprietary IDs that the extended DSS
internally uses to identify recommendations and the guidelines Whbioh
they originated (see the DSS_IDs and GL_IDTiable 3). The DSS_ID is
then used by the interacting components when saving their reaction in the
PHR. For example, in the use case shown above, the caregivesx@titts
the DSS_ID from the ProcedureProposal and uses it in the subsequent
ProcedureOrder instance that is saved upon acceptance of the doctor (step
16 in Table3 and Figure 18). The extension mechanism of vMR was also

57



Integrating data and components of a distributed CDSS

used to cope with a set of other requirements which are summarized in
Table4 [132].

Table 4 - Extensions to the vMR model.

VMR Class Description Reason
Affected
None Added Added to make the XML more
codedName compact, thus providing
ValuePair to VMR | extension mechanism to
datatypes ClinicalStatement and

EntityBase classes, and to
ensure future compatibility with
the latest HL7 VMR release,
which already spports an
Aattributeodo ex

mechanism.

EntityBase Used extension | Enables inclusion of MobiGuidt
mechanism with | specific attributes like
references to enrollmentDate, and
previously defined qualityOfData attributes.
CodedName
ValuePair

ClinicalStatemat | Added the Converts our vMRbased
TransactionTime | storage solution into a tempora
attribute database, thereby improving

simplicity and performance

ClinicalStatement | Used extension Enables inclusion of PGS
mechanism with | additional attributes like

references to GuidelinelD and
previously defined GuidelideSteplD.
CodedName
ValuePair

ObservationOrder | Added the Enables representation of
observationSig patient preferences, also store
attribute in the PHR. Added directly to

the schema instead of using
RelaedClinicalStatement or
RelatedEntity extensions for
simplicity.

In some cases were adaptations of the standards were needed, a less
strict application of the definitions of vMR classes and their attributes was
performed. For example ProcedureEvent wvimsally thought to be the
class wused only for clinical procedur es
MobiGuide it is also used to represent new scenarios like the event of
sending a recommendation message to the patient mobile, which is
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clinically meanimful in the ubiquitous environment of MobiGuide but was

not considered in other CDSSs and thus not included in the original vMR

standard with a dedicated class. In some other cases data items generated in
the context of MobiGuide needed more expressiitgnt provided by the

standard attributes of the vMR classes used (e.g., blood glucose measured
after lunch and entered automatically by a specific glucometer that the
patient used). In these cases existing VMR attributes were used for

capturing parts of theadded semantics. For example, in

observationResult class the method of data input (manual vs. automatic)
was captured by the "method" attribute while the glucometer type was
Afdat asource_typeo

represented the detailed type of blood glucose (BG after lunch) using the

captured by the

the

postcoordination of SNOMED codefl39]. In other cases, we used an

alternative extension mechanisms provided by the relatedClinicalStatemen
and relatedEntity classes of the standard. For example, to record the fact
that a reminder to measure blood glucose was issued by the DSS and

delivered directly to the

ObservationProposal
express the target of the recommendation (the patient) we included a

patient, we used an instance

relatedEntity representing the patient.

After all the requirements for data modeling were addressed with the

of

necessary adaptations of the vMR schema the entire set of eais Wwas

mapped to the vMR standard and the complete PHR data model was built

accordingly. Table 5 sunmarizs the number of instances of each VMR

class that was needed to support the two pilot GDM and AF guideline

implementations.

Table 5 - Instances of VMR classes

implementations.

VMR Class Instances in GDM Instances in AF
ObservationResult 34 61
ObservationProposal 13 19
ObservationOrder - 4
ProcedureProposal 10 5
ProcedureOrder 9 7
ProcedureEvent 16 37
UndeliveredProcedure 5 5
Problem 5 3
EncounterBase 3 1
SubstanceAdministrationOrdg¢ - 1
AdverseEvent - 1
ScheduledAppointment - 1
Total number 95 145

59

in the two pilot guideline

attri

t

whose SdoatwalBiolue cedype



Integrating data and components of a distributed CDSS

4.2.3. The Data Integrator

An important component thates as a wrapper around the PHR is the Data
Integrator (DI). The DI can be used as gateway between data sources and
PGS components, easing their interoperability. The DI encapsulates the
data storage, hiding its complexity from the rest of the componesise

at the same time providing an application programming interface (API)
suitable for the implementation needs of the components that add new data
and data consumers. Specifically, the DI publishes seiented
interfaces through Web Services. Catizing all communication through

the DI has two main advantag@s32]: i) the API provided by the DI can be
reused later to integrate new incoming components and ii) improved
privacy and security measurements can be easily implemented so patients
can know who is accessig t heir data and why. To gu
privacy and security, demographic data is stored separately from clinical
data at all levels (physical storage, web service calls, etc.) and the data is
merged back at the final endpoint of the interaction joistore being
presented to the user. The VMR schema enables strict separation of
demographic and clinical data in separate branches in its XML
implementation, which is the one adopted by the DI. The DI also manages
the imports from the EMRs of the hospgalo the PHR of MobiGuide
while also providing adapters and converters from the proprietary data
format of the EMRs to the vMR data model. For the current release of the
DI , data from t he Jfodys maintyaledssecntyst em i s
policies of he participating healthcare institutions. However, in principle, a
two-way connection (readingnd insertion) to feed back into the hospitals
EMRs the data generated from the MobiGuide system sensors would be
feasible in a future release. This would sotwe issues that currently exist
about i) consistency of the two repositories (PHR and EMR) and ii)
consequent double data entry.
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Figure 19 - Detailed architecture of the Mobiguide Data Integrator.

4.3. Distribution of Decision Support

One of the main features of the MobiGuide system is its distributed nature.
Section4.1.3gave an overview of the several different components of the
system and how they interact in a SOA to provide the monitoring and
guidancefunctionalities to the users. This section gives a deeper insight
into the distribution of the proper decision support components. In fact the
MobiGuide DSS is distributed through a baskd decisiorsupport system
(BE-DSS) and the mobile decisigupportsystem (mDSS). The BESS
provides full decisiorsupport based on all patient data available at the
PHR and on the full CIG representation, formalized and available in the
knowledge base. On the other hand the mDSS has access to a limited set of
relevantCIG knowledge and to a limited set of data: biosignals arriving
from the BANs ensor s, the patientds preference.
meal times, reminder times), and data entered by the patient him/herself.
The distribution of chunks of knowledge frothe fullfledged BEDSS to

the lightweight mDSS happens through the proprietary methodology of
knowledge projections Each portion of the guideline which can be
identified as a seltontained executable knowledge package to be
potentially projected andpplied in the mDSS, is called a projection unit.
Each of these is tagged as a projection point at guideline acquisition time
by the knowledge engineer (using a special flag of the extended hybrid
asbru language which is used to formalize MobiGuide CIGr)y Qarts of
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the guideline that are applicable to the current state of the patient are
projected. Hence, the projected knowledge includes implicitly also
knowledge about the current state of the patient. The main challenge in
designing the projection prose during the guideline specification time is
to choose at which level (nDSS or BESS) the plans and decisions should
be executed, and which patterns should trigger callbacks to the central
server. In fact when analyzing requirements for the projegtmnts in the
guideline, consideration should be given not only to technical analysis
methodologies, but also to clinical properties, such as whether the decision
could be taken by the patient alone, supported by the mobile device or
whether it should be t&n by the physician using the patient's full
historical record and the complete guideline knowle[dg®].

A list of principles has been defined to guide the decision about whether
or not to project a specific subsection of the guideline to the mDSS:

actor of the decision (patient or physician)

temporal horizorand impacbf futuredecisions

data and knowledge resources needed for the decision

need for PHR access

need fora potentialpersonalization of the guideline knowledge

= =4 =4 4 -

As an example of the application of these principles consider a process
of monitoring -reqoehcyEC@E sensersignadsby meang h
of patientworn biosensors. In the MobiGuide system such a sensor is
linked via bluetooth to the mobile device, and the detection of a pattern of
Atrial Fibrillation (AF) from the biosignal is delegated to the mDSS.
Afterwards thisabst racti on pattern ofcenttelAF epi sod
PHR to support further guidelinebased reasoning and generation of
recommendationto the patient and/or physician by the BIESS. The
advantages of such a distribution of labor, in which the Afeaein for
each patient is done by the mDSS is rather evident, and prevents an
overburdening of the central BBSS server. Furthermorthe local mDSS
is also essential forcontinuity of care whenfor somereasonthereis no
internetconnectionto the cental DSS. In this case MobiGuide wousdill
be able to providehe patient with alerts relevantto latest projections
received by the mDSS. Howevaerot all decisionscanbe takenlocally by
the mobile components alone. Apart from computational powerdanal
storage limits (which are less and less relevant due to the latest
advancements of Smartphones technologies) some decisions still require
access to the full historical (longitudinal) patieséta, which are only
stored in the centralized PHR astouldnot reside on thenobile device
[140]. In someothercases thelecisionto be made isa partof along-term
planin the completeclinical guideline knowledgeSuch knowledgeresides
only on the central knowledgdaseserver. Inthesecasesthe mDSSsends
a callback message to the BESS, asking for further instructions, resulting
in a BEDSS recommendation, and in most cases in new projections of
updated guideline knowledge.
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It is also important to stress the fact that the willingness to distribute
subsections of the guideline to the mobile components also affects the way
the guideline elitation process is performefil41l]. MobiGuide PGS
requirements helped to improve existing guideline formalization
methodologies considering also some additional steps like: i) identifying
guideline recommendations that will require patients to take actions (e.g.,
take measurement, take drug), thospia ct i ng p dife bebaviors 6 dai | vy
i) eliciting from the medical experts the corresponding set of personalized
operationalized advices that are not explicitly written in the glige
(patienttailored workflow patterns) and iii) delivering this ades to
patients. The MobiGuide improved knowledge elicitation process is
described irFigure20.

Knowledge
Engineer+

Clinical Expert m

Extractionand
formalization of the
relevantrecommendations

Tacitknowledge

SagEn Patient Profile
elicitation

Computerized Patient-tailored @
CPG workflow patterns

juaned

Advices for Care Advices for
Professionals Patients

Care Professional

Figure 20 - Methodology followed for guideline elicitation and patient
tailored workflowpatterns identification.

The first phases (box 1 in the figure) are the traditional CPG to CIG
transformation steps which require the knowledge engineer (KE) to work
with clinical experts on the analysis of the guideline and extraction of
relevant recommalations. The following steps (boxes 2 and 3) require an
even closer interaction with clinical experts to elicit tacit knowledge and to
create a patient profile template. The elicitation process splits into two
parallel workflows: the first (2) is a moreaditional workflow directed at
the care professional while the second is a parallel part of the process that
focuses on the patientsd behavior and th
system. For example, a traditional guideline regarding GDM may define a
pl an for monitoring the patientés compl.
to a nurse to check whether the patient reported in her diary of eating too
many carbohydrates more than twice during the past two weeks (nhon
compliance). In the MobiGuide patal workflow methodology this
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recommendation is translated to an aut o
noncompliance condition every two weeks, by retrieving data from the
patientds digital |l og book, and deliveri

Smatphone in case of necompliance. This part of the parallel workflow
whose customer (i.e. the user receiving recommendations) is the patient
himself is managed by the mDSS, hence the relevant CIG plans are
indicated in the CIG as projection points and allat guideline application
time the passing of control to the mDSS, which receives the relevant
knowledge in the projection format.
In the case of the CPGs considered in MobiGuide the AF guideline
elicitation provided the most significant exammé extration of parallel
workflow patterns involving the delivery of reminders and
recommendationsto the patient In particular 4 different types of
workflows to cope with different situations: i) theraplated advisors, to
help the patient comply with his/hepharmacological treatment; ii)
measurements advisors, to remind the patient to take measurements such as
heart rate, weight or blood pressure; iii) suggestions for dealing with
personal situations that may necessitate modulating the patient's therapy;
iv) personalized packages for specific close monitoring and fellpvof
patients. I n the first type of par al | el
t herapy calendar o from the therapy presc
for each patientEvery time the physian prescribes a new therapy, the
DSS wupdates t he patientds cal endar usi |
profile (stored in the PHR) and drugs (stored in the knowledge base) and
projects the needed knowledge and data to the mDSS that is then able to
executethis set of instructions independently from the bacdkl. The
therapyrelated instructions include also a rRoompliance monitoring
feature to control the datp-day adherence of the patient to therapy. To
this end, the patient can indicate whether hefsh® taken the medication
or not, and will be asked to provide a motivation in the case he does not
comply with the prescription. In case the drug code reported in the therapy
calendar identifies a medication that does not toleratecoompliance the
BE-DSSwill generate a special alert if a patient declares he has not taken
the pill, e. g. AThe anticoagul ation ther
have specific motivati onmppance gaasses c al | y C
are then classified according to mattion (drug side effects, drug
unavailable, etc.) for rating the severity of the raompliance itsel{141].
The second type of patient workflow regards the periodical evaluation of
some measurements. As the MobiGuide project provides the patient with a
set of devices able to take those measurgéspneghe management of this
procedure is a responsibility of the patient himself. As in the case of drugs,
a measurements calendar is be filled in by thel&S and when the time
comes to take a specific measurement, the patient will receive an alert
generded by the mDSS on his smartphone. Furthermore alerts are also sent
back b users (to the patient to solicit the measuremermase of a single
non-complianceto the nurse/physician when a number of consecutive non
compliances ocay when a parameter egeds some personalized
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thresholds reported in the PHR and defined by the physician during a visit.
Another important set of recommendations that require the activation of a
patienttailored workflow pattern is the one related to the events that might
necesi tate modul ating the patientos thera
oral anticoagulant therapy (OAT). One of the most severe consequences of
AF is the risk of stroke and, for this reason, the majority of AF patients
undergo OAT. On the other hand thesignts are also exposed to higher
risk of bleeding as an adverse effect of the therapy and some procedures
thus require particular caution (e.g. temporary suspension of the OAT).
mobiGuide deals with these situations through a personal calendar where
the patient to records his events (e.g. an appointment to the dentist) which
the DSS is able to recognize among a set of codified events carrying risk of
bleeding. In the presence of one of these events, the mDSS will be
responsible for sending out a reminderthe patient to talk with his doctor

to define the OAT administration regime during the days around that
particular event. The last type of patidgatlored workflows that were
identified are personalized packages. Care providers can activate these kind
of monitoring plans whenever they need to monitor some pasigetific
parameters more closely for a limited period (e.g., activating 48h holter
ECG anytime the patient undergoes a therapy change). Examples of such
situations are new therapy activationstberapy suspension, the onset of
new symptoms or the need to follawp on specific patient's variables.
Personalized packages, after being projected, can be executed by the mDSS
and help physicians receive more relevant alerts on specific parameters that
need close monitoring and immediate attention.
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Chapter 5

Applications of CDSS personalization

5.1. Personalization of decision support

In the previous chapter 4 the MobiGuide project and its primary output,
namely the MobiGuide patient guidance system,ehbgen introduced. In

the current chapter we will focus more on its features regarding
personalization of the decision support functionality and the solutions
adopted for its realization. As stated before, among the challenging
objectives of the project, bbiGuide seeks to provide personalized
decisionsupport to patients with the purpose of delivering
recommendations that are more appropriate to each of them, and customize
the treatment to further facilitate adherence to it. For these reasons two
main acton points will be described in the following sections: i) special
arrangements aimed at taking into account personal preferences and
contexts in the guidelinrdriven scenario and ii) design and implementation

of a shareedecision framework integrated ingiMobiGuide DSS.

5.1.1. Context aware guideline support

Guidelinebased DSS generate diagnostic and therapeutic recommendations
on the basis of a computerized representation of evideased established
clinical practice gui del ecord. CPGsrar@ o f
written on the basis of scientific evidence and by definition cannot include
personal context and preferences for which evidence does not exist.
However a major goal of the MobiGuide project is to empower and engage
patients by supportinghe personalization of their treatment. Personal
context variables that may affect care recommendations include among
others the patient's ability to comply with treatment, the ability to maintain
routine diet (which may change during travel), daily acigt time
required to reach the medical center, support level (from family members
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or live-in help), and exercise level. A speciaképs process for knowledge
acquisition and guideline execution has been designed to cope with these
requirements regardingersonalization. The 4 phases are described in the
following.

Formalization i> Customization :> Personalization :> Execution

: | Preferred
=-{G] BP Monitoring meal times AP\ Maria: In weddings | dance alot, and z
=6 BP Managment ( 4| ) on birthday parties | eata o, at the Maria:
26| quar BP ‘.~ children's bedtime | am not available. 17:00 Time foryour exercise
[R> Reference: BP nomal montoring —
{R> Reference: Chvonic BP (age < 20 weeks AND <(2 BAD BP fron Maria’s DIRCs Context: regular day
'@* Reference: Geststional BP (age > 20 weeks AND (2 BAD BP fn S Hioh phvsical actwit
=& Chronic Hypertension - =
[® Ref chronic BP managment [(BDay party | High carbohydrates
{R> Reference: Geststional BP (age > 20 weeks AND (2 BAD BP fn Kids bedtime Unavailable
=115 Gestational Hypertension
High-physical-activity context />, John: In weddings | try all kind of
High ofivdrat ( [ ) different foods, on vacations | do a lot John:
igh-carbohydrate context \0/ / Z‘fv;ﬁgré‘seand during meetings | am not 22:00 Please measure your blood
Unavailability context i
ity Johm's DIRCs glucose 1h after d.mner
Context: wedding
vacations | High physical activity

wedding 1P High carbohydrates
Unavailable

Figure 21 - Customization and personalization of CIGs through tsteps
process.

1 Formalization: This is a process involving knowledge engineers
ad clinical expertsin which the freetext source clinical practice
guideline is represented as a formal CIG, using the Asbru language
and the GESHER knowledgmpecification module, without any
additions. The output of this phase is a formal, executable CIG that
should genera exactly the same recommendations of the original
textual guideline without further customization.

1 Customiation: This is a process performed per Cl&gainby a
knowledge engineer together witha clinical expert. The
customiation process expands the&lo include all the different
contexts that could affect the CIG that were not taken into
consideration in the source versioA. first example of guideline
customization can be derived from the specific hospital where the
guideline is to be implemented.oF example a guideline might
suggest an MRI scan as the best option for a diagnostic phase.
However if the specific hospital implementing the guideline does not
own a MRI machine it might use a CT scanner instead. Thus
technological or economical resourcesthe hospital might ask for
customization of the, otherwise generic, guideline. In the MobiGuide
project however customization is more focused on the effects on the

68



Applications of CDSS personalization

guideline of the contexts of the patiefthese include how the CIG

should change wheie patient lives alone, or when the patient is in a
high-exerciselevel or a technological context, such as having no

Internet access or experiencing a low motluéyice battey. We call

these contexts Cl@ustomized Contexts. Each ClGcustomizd

context €. g. , -adlpoanteide)ntdef i nes how the CI G ¢
patient that enters into this contexAt this pant, the CIG is

customizd for different universally occurring contexts, but is not

personakzed to any particular patienT.he output of this phasie a
contextsensitive, customized, but generic (universal) CIG.

1 Personalization: This is a process that usually takes place during

one of the first encounters of a patient with his or her care provider

(no knowledge engineer is involved at this stagepgéther, the

patient and the care provider define which events or concepts

(specific for the patient) might induce any gtefined CIG

customi zed context and t he patients?o

treat ment . According t o-pravileeangp at i ent 6s
patient specify events (e.g., patient actions) or concepts (derived from
measurabl e patient dat a, such as oOhigh

specific to the patient, and which lead to one or more of the

predefined ClGcustomized contexts. The p@ing between events or

concepts and their induced contexts, P
Rel ati on o f a Contextéo (DI RC) . DI RCs
temporal interpretation contexts theof¥42] and allow to define

temporal relationships and constraints between the inducer event and

the induced contextigure22 shows a graphical example of a DIRC

where a wedding event (that might be a specific case of a more

gener al event feating a | ot o) i nduces
context for a specific patient.

Wedding event

F o=y = R R R oo l
wmmmes 120 minutes

High-Carbohydrate Intake context

AR
ANANNRNNY

Figure 22 - Example of a dynamic induction relation of a context between a
wedding event an a CKeustomized high carbohydrate intake context.

A second part of the personalization step consists in acquiring
personal preferences of the patient tospaalize the system behavior
at specific action points. For example in the GDM scenario a
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gestational diabetes patient might usually have breakfast around 7:00
a.m. on a regular week day while at 9:00 am on the weekend. The
alert to measure blood glucobefore eating should occur 30 minutes

before that time, which is context dependent. Meal times preferred by
patients should then be acquired and stored to the PHR (through the

caregiversod interface) for each of

later u® in the guideline application phase.

1 Application: This is the process through which, during the -CIG
application time, the MobiGuide system loads a series of data that
include the customized CIG (which is generic for all patients) from

the MobiGuide knowldge base, and the patiesptecific DIRCs (used

to induce t heastomsddicentext)dfrom tlel pérsonal
health record. In addition, the specific patient preferences are also
loaded. The system applies a personalized treatment for each specific
patent, within any of the predefined CiQustomized contexts, while
considering the patientodos personal

5.1.2. Shared decision implementation

One of the challenges faced in MobiGuide is to empower patients by
involving them in reasoning about the theyapost appropriate for them,
together with their caregivers, within a rational framework like shared
decision making. The chosen approach consists in combining a
probabilistic approach based on decision analysis with the more
comprehensive guidance of tigaidelinebased system. The intent was to
make decision analysis accessible, if not to all, at least to that portion of
patients who want to make a more informed choice, that considers their
personal preferencg443]. As we pointed out in chap 3 where the shared
decision general methodmy is introduced, the rationale behind this
choice is that whescientific evidenceis not strong enough to recommend

one option ver sus anot her one, t he

preferable choice to an arbitrary decision by the care provider.

The MobiGuide DSS must be flexible, providing eviderzased
recommendations when possible, and offering patients several options
whenever more than one is reasonable, eliciting their preferences, and
proceeding to provide detailed support to the option iriditaby the
patient's preferences. This is done explicitly marking, at knowledge
acquisition time, the CIG model for the specific points where a shared
decision is desirableThen the tasknetwork model execution is halted by
the Picard engine and the caritpasses to the shargecision module, to
resume after the chosen option has been identifiedprovide the needed
support the shared decision module should contain 2 main components
(Figure 23): i) decision modls to represent the decision task and ii) a
preferences elicitation tool to gather the information needed to tailor the
decision problem to the specific patient. These two components and their
actual implementation in the context of the atrial fibrillatiguideline will
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be described in the following sections of this chapfefl.@.2on decision
models and.2.10n the utility coefficient elicitation tool).

r
m
Q
o
wn

it? D to
— ‘2
_ N @ Developing decision
Age>80 ’ Age<=80 | Evidence-based decision: ) /\ 3 theoretic models to
ED either Aor B is selected — = represent the
B according to deterministic rules —r“r— decision task

Preference-based decision:
either C or D is selected

¢

Collecting patients’

through a shared decision references to run
_c] (o) ' P :
between patient and doctors personalized
models

Figure 23 - Even in an ideal evidencebased and guidelinedriven
decisionalenvironmenttheremight exist situationsin which it is desirable
to involve the patientandhis/herpreferencesn the decision.

5.1.2.1.Framework ontology

The general framework for shared decision liempented in MobiGuide
takes into account several aspects, starting from the implementation of
decision theoretic models relying on CPG recommendations and providing
di fferent facilities for eliciting
including them m the models. The ontology depictad Figure 24
representshow all the involved concepts and methods are combined to
enact the SDM scenario [4].

In general, a guideline presents one or more decision points, \ahgch
the clinical problems in which a shared decision is suggested or needed
(class DecisionProblem). Every shared decision problem has multiple
possible solutions (class DecisionOption), which are the options from
which the patient and the care professiowill select the final decision.

The selected decision (class FinalSharedDecision) is an Option and it is
chosen from all the available decision options. A decision problem can be
represented by a decision model (class DecisionModel). A decision model
considers several decision options and includes a set of variables. These are
probabilistic variables (class ProbabilisticVariables), which can be either
health states (class HealthStateVariable), the results of diagnostic tests
(class TestResults) or someelevant patient behaviors (class
PatientBehavior). Since, in a decision model, events are generally
represented following their temporal sequence, we have included the arc
precedesto take this into account. An important concept in decision
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analysis is quatification. It represents the step in the modeling that allows
the variables that are part of the model to be assigned values. Health states
can be associated with specific values (class HealthStateValue), which rep
resent t he pat i eealth domditipne These patuesaan be f a h
either utility coefficients (class UtilityCoefficient) or some ranking values
(class RankingValue). The class ProbabilityValue is used to represent the
guantification of the probabilistic values of the model variables.
Demographic data, such as age and gender, can be useful in selecting the
correct probability value and have been included in the ontology using the
class Demographic. Another quantification component, although not
exploited in all the shared decision prefis, is the cost (class CostValue).

In general, costs can be divided into those with an impact on the national
healthcare service (class NHSCost), costs that impact on society (class
SocietyCosts) and costs that directly impact on the patient (class
OutOfPocketCost). This latter class is the most interesting one for our
framewor k, as it can be quantified throu
The decision model output consists of a set of results (class Result),
obtained on the basis of the quantifioat settings and related to the
decision options. Results can be of a varied nature: they can be the
expected values for some quantities (class ExpectedValues), they can be
indices (class Indices) or they can be the results of additional analyses,
such asMonte Carlo simulations (class MonteCarloSimulationResults) or
sensitivity analysis (class SensitivityAnalysisResults). The expected values
that are calculated by our decision models are: life years (class LifeYears),
Quality Adjusted Life Years (QALYS class QALYs) and costs (class
CostValue, which, in this case, can be either a quantification step or a
result when it represents the expected value of a decision option). Among
the indices, we have selected ICUR (Incremental Cost/Utility Ratio) and
ICER (Incremental Cost/Effectiveness Ratio). These two indices are
computed starting from the analysis results, as the change in costs divided
by the change in benefits. In particular, ICUR is calculated using QALYs
and costs and ICER is calculated using costslded/ears (see chapter 2

on decision analysis for further details). The individuals taking part in the
shared decision process are represented by the class Agent in the ontology.
The patient (class Patient) and the care professional (class
CareProfessial) work together to take the shared decision. In this
representation the care professionals have been divided into physicians
(class Physician) and psychologists (class Psychologist), to allow for the
presence of a specialist supporting the physiciaménprocess. These two
professional figures are considered the most suitable to present the
proposed framework to the patients. Although other professionals might be
added, the psychologist is the most skilled for supporting the utility
elicitation task.

As a matter of fact, it is important to point out that this ontology
includes mainly the features that have been identified during the definition
of our system. It thus represents only a first step toward the definition of a
comprehensive ontology of sharddcision making.
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5.1.2.2.Decision models for the atrial fibrillation guideline

One of the core features tife MobiGuide approachto shareddecisionsis
to usedecisiontrees(DTs) with embeddedVarkov modelsas a suitable
probabilistic, graphical decisiontheoretic formalism for representingand
communicatingthe critical parameterdor decisions.In order to support
caregivers and patients in shared decisitaking as part of a DSS, the
knowledge base should contain not only the CIG, formalized as in the
hybrid-Asbru language in the case of MobiGuide, but also include a set of
decison-theoretic model that support reasoning with patient preferences.
Such customized decision models have been developed as decision trees
(DTs) starting from the recommendations of the CPG and the related
medical literature relevant to the disease statssilting from alternative
treatment options. A significant effort was spent in the literature review for
the thorough design of the models, since we must consider that each DT
embeds variables and states regarding both the current condition of the
patient and all the cemorbidities and complications that he could
experience in the future.

For the implementation of the models the TreeAty#4] software suite
was chosen. TreeAge is commercialtool that embeds a module
completely dediciad to health care (TreeAge Pro Healthcare). This module
provides some very useful analysis tools, such as Markov processing,
comparative effectiveness and cestectiveness analysisMloreover the
availability of the TreeAge Pro Interactive module allotescreate web
interfaces to make the models available to remote users

Among the two pilot implementation domains of MobiGuide two
decision points where shared decision was desirable have been identified
for AF (while none were found for GDM). In particuja2 different
sections of recommendations included in the latest AF management clinical
guidelines[145, 146]gave origin to 2 different decision models that will be
presented in the following.

Oral anticoagulant therapy decisiomodel

The first model is related to the selection of treatment for preventing
thromboembolism in lowisk AF patients. The 2011 version of the AF
management guidelind45], on which the project started being developed,
stated that:

For primary prevention bthromboembolism in patientith
nonvalvular AF who have just 1 of tifellowing validated risk
factors, antithrombotic therapwith either aspirin or a vitamin

K antagonist isreasonable, based upon an assessment of the
risk of bleeding complicationsability to safely sustain adjusted
chronic anticoagulation, and patient preferencesgye greater
than or equal to 75 y (especially idemale patients),
hypertension, HF, impaired LV functiooy diabetes mellitus.
(Level of Evidence: A)
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Thus the individubpreferences of patients, at least for those at low risk
of thromboembolic events, should be considered in the choice between
antithrombotic therapy (with either aspirin or a vitamin K antagonist) and
no treatment. This lead to the development of a fiession of a DTio be
used in a shared decision scenario

However significant updates have been published on the topic of
thromboembolism prevention in recariease®f the guideline documents
[146, 147] Thesecaused some revisions of the DT moashich final
version isshown in Figure 25. The first major improvements that the
model has ben modified according to new evidence related to the use of
novel oral anticoagulant (NOAC) drugs recently introduced on the market.
In particular, the model has been enhanced to add a new decision option,
according to the following recommendatifi8]:

Dabigatran is useful as an alternative to warfarin for the
prevention of stroke and systemic thromboembolism in patients
with paroxysmal to permanent AF and risk factors for stroke or
systemic embolization who do not have a prosthetic heart valve
or hemodynameally significant valve disease, severe renal
failure (creatinine clearance 15 mL/ min) or advanced liver
disease (impaired baseline clotting function) (Class I, Level of
Evidence B1l).

The second relevant update of the 2014 release of the AF guidelines
aims at identifying lowrisk patients with more precision. This is done with
a new stroke risk stratification index (the CHFS,-VASc) that labels very
low-risk patients with a score of 1. These patients are subject to a new
recommendation that gives moreportance to the work carried out so far:

In patients with AF, antithrombotic therapy should be
individualized based on shared decisimakingafter discussion

of the absolute and RRs of stroke and bleeding, and the
pat i entdndprefeeehcaggevelof Evidence: C)

The developed DTHigure 25) models 4 different decision options to
compare the clinical pathways of an AF patient who may unddifferent
treatment strategies for stroke prevention, namely wiarfadabigatran,
aspirin or no antithrombotic therapy at all. A Markov process, also
represented ifrigure 25, starts at the end of each branch and represents the
possible health states the patient can go through:

1 AF only (i.e. relatively healthy apart from AF);

1 ischemic stroke (IS), that can be temporary, mild, moderate
severe, fatal;

1 intracranial hemorrage (ICH), that also can be temporary, mild,
moderatesevere, fatal);

1 myocardial infarction;
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1 extracranial bleedigs (minor and major);

1 death.

No OAC @

Low risk Aspirin @

NVAF patient
Warfarin .
@ Ischemic stroke
Dabigatran @ -
I temporary

Moderate ’
- severe

Miocardial
Infarction

temporary

e

Extracranial
bleeding e hemorrhages

If on OAC switch to ASA
—> Higher probability with no treatment
——> Higher probability with Warfarin/ASA

Figure 25 - Decision tree and embedded Markov model for the selection of
anticoagulant therapy for low risk AF patients.

During the Markov process, individuals move among health states
according totansition probabilities that are defined for each statel that
can vary over timeRunning the model over a number of cycles, the
expected values of outcomes (i.e. QALYs, costs,)eté the process
associated with the different strategies can be egtignln the model, a 3
months Markov cycle length and a lifetime horizon were cho8eroption
has also been introduced to discoiatg. at 3.5% annually) QALY #
required.

Warfarin, dabigatrarandaspirintherapies decrease the probability of IS
occurence but increase the probability of ICH and extracranial bleedings
On the other hand, no therapy increases the probability of experiencing an
IS but decreases the occurrence of ICH and extracranial bleedings.
Temporary IS or ICH are events that causey@temporary disability and
let the patient recover and go back to the-@#y state. A patient
experiencing a more severe event, as mild/modeavere IS or
mild/moderatesevere ICH, acquires a certain level of permanent
impairment that results in qusj of life worsening. If a patient in the AF
only state is on anticoagulant therapy, and he experiences a mild/mederate
severe ICH or a major extracranial bleeding, it is supposed that he/she
interrupts OAT/NOAC therapy that is replaced by aspirin, torezse the
probability of bleedings. An AF patient that has been affected by IS or ICH
has 2.6 fold her risk of experiencing new events in comparison with
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Aheal t hyo AF patients. I n case of MI
happening within 3 months fronié event, otherwise the patient recovers

back to AFonly state. Events like temporary IS, temporary ICH and
extracranial bleedings lead to temporary decrements in quality of life
(disutilities), that have been estimated from the literature, while theyutili
coefficients of the states related to the permanent disabilities are elicited

from the specific patient (see sectidn2.1 for further detail on the

elicitation tool).

Ablation decision model

The second DT model relies onnaodel presented in the literatuf49]

and which was further refined on the basis of domain knowledge, with the
help of the FSM cardiologists. This DT attempio model the specific
section of the AF management guideline where patients eligible for an
ablation procedure need to choose either to undergo such a procedure or
stick with pharmacological treatment only. Ablation of the AV node is a
surgical procedureable to keep the patient in normal sinus rhythm that,
despite good success rateand relatively low risk,often needs to be
reiterated after some AF episodes recurrentiee latest AF guidelines
[148]r e p o r t hen thearate cAnmot be controlled with phacological
agents or tachycardimediated cardiomyopathy is suspected, catheter
directed ablation of the AV nodmay be considereth patients with AF to
control the heart raté(Level of Evidence: C)A further update dated 2011
states that atheter aldtion is useful in maintaining sinus rhythm in
selected patients with significantly symptomatic, paroxysmal wfren
performedin experienced centerslowever a footnote further comments

on t he Aexperienced Cc e nbased dechnscalat i ng
guidelines including operatortraining and experience necessary to
maximize rates of successfalat het er abl ati oM8l.are not
Ablation is thus a fairly controversial topic for both patients and physicians
which, ultimately, may benefit from the dpgation of our shared decision
framework.

Death
r Dead
Ablation g o
| Complication
o Ablation Markov Process
No complication
‘ Drug Rx

Drug Markov Process
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Figure 26 1 Simplified view of the decision tree model for the choice
between ablation and pharmacological therapy
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Figure 27 1 The Markov model of the procedsllowing the ablation
procedure.

For the design and implementation of the model a DT, represented in
Figure 26, was combined with two Markov models, one for patients
completing an ablation, and another for patsetndergoing an Antiarrhythmic
Drug (AAD) therapy. The DT starts with a decision node, which distinguishes
the strategies in comparison (i.e., Ablation and AAD). After the initial
decision, continuing on the ablation branch, patients may die as a rétudt o
procedure, have nefatal complications, or have a normal course without
complications. All patients who survive ablation enter the Markov process for
the ablation shown ifigure?27.

Such a process assumdsatt patients will progress stepwise from one
therapy to the next, based on whether or not they experience symptomatic AF
recurrences on their current treatment. Since there is consensus that
recurrences of AF after ablation procedures can be best codtnolte re
ablation procedures, those patients showing a recurrence after a first ablation
may repeat ablation up to two times. Following guideline recommendations
(catheter ablation of the AV node should not be attempted without a prior
trial of medicationto control the ventricular rate), the process includes the
treatment with the previously ineffective guidelirscommended firsline
AAD drug, either sotalol or flecainide, for the first two months after
ablation. Patients with recurrent AF despite thed ablation proceed to
treatment by the Amiodarone AAD drug. Reynolds et[&49] assume that
patients undergoing ablation will not be subject to drug ttmeat with
Amiodarone. After consultation with our clinical partners, and taking into
account what is indicated in the guidelines, we decided instead to consider
Amiodarone at this stage. Moreover, we considered the possibility of
encountering death due tbe ablation procedure and its complications also
after both the second and the third ablation. It was assumed that only patients
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who have undergone ablation without any complications could repeat the
procedure. On the other hand, patients who have expmd norfatal
procedural complications incur costs and disutilities in the short term, and in
the case of AF recurrence, proceed to treatment with Amiodarone.

Patients failing secontine drug treatment cease further efforts at rhythm
control and are tieged with pharmacologic rate contrdlhe AAD Markov
process is shown iRigure28.

Recur / Recur /
toxicity toxicity

Figure 28 - Anti-arrhythmic drug therapy Markov model.

Patients initially receive a firdtne drug (st¢alol or flecainide), entering the

n We | | lstdrugo state. Il n the event of tox
treatment witha mi odar one (Awel | ami o0 state), and
failure, are treated with at e contr ol ( A Ruas éh@senas Ami odar

the secondine agent for all patients n t he drug fAar mo based on
over other drugs at maintaining sinus rhythmowever it is associated with
more severe side effectbor all patients should be taken into account the
mortality rate related to age and seg, each state can lead to death. Except for
the very small risk of death associatedatdation and the fatal toxicity of the
drug, the Reynolds model assumes that the riskeaith is the same for all
health states, excepoif stroke after ablation. We, however, dot consider
stroke different from other complications as in the study by Reynolds et al.,
assuming that the incidence of stroke is the same for both therapies and we do
not consider explicitly the stroke as an oome. As reported in previous
studies, after theuccess of ablation, we consider a three months therapy with
anticoagulants andantiarrhythmic drugs.The risk of toxicity related to
antiarrhythmic drugs are obtained from the literature and are appliédtdot
patients who undergo ablation and to those who follow pharmacological
therapy only.

5123/ 2t t SOUAY3 LI GASYyGaQ LINBFSNBYyOS:

The decision trees presented above are models developed from the original
decision task directly taken from thelideline specification and available

published literature. For this reason however they represent general models
that still need to be personalized to each patient. This step is accomplished
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through quantification of some of the model variables with paseecific
values. In our framework these values are of 2 different types: health
related utilities and costs.

Quality-adjusted life years (QALYs) were chosen as the primary payoff
for our models in the effort to combine in a single value the life expegta
and the subjective perception of the health states considering physical,
mental and social aspects. Different patients may indeed have a very
different perception of the quality of life related to health stfi&f]. To
define QALYs, we thus need to characterize eaehlth state included in
the DT model by a utility coefficient (UC), ranging from O (usually
associated to death) to 1 (perfect health). Despite scientific literature and
the web provide UCs for several health states a dedicated utility elicitation
tool hasbeen developed in the effort to achieve the maximum degree of
personalization through the use of UCs directly elicited from the single
patient. The detailed description of the utility elicitation interface UceWeb
developed for this purpose is delegatedht® following sectiorb.2.1

Another important aspect of the model quantification is the evaluation of
costs associated to the different decision options. The patient is asked to
provide the information needddr quantifying the monetary costs related
to the clinical paths that are generated as a consequence of the different
decision options. A dedicated questionnaire for cost assessment has been
designed for the patients (a portion of which is representdedguare 29).

of particul ar I nterest for t h-ef- shared
pocketodo cost s, whi ch are the <costs

causing an economic impact on his/her activities. A geneyal model,
considering four categories of costs has been designed: i) costs related to
the appointments the patient has to undergo during his/her treatment; ii)
costs related to domiciliary care the patient may be in need of; iii) home
adaptation costs ands) costs related to the drugs the patient has to
purchase. For the first and last category it is important to consider the
context of the national healthcare service. In some countries, such as lItaly,
some patients might have these costs entirely coyemddle, in some

ot her s, cost s mi ght whol |y i mpact
inclusion of costs related to domiciliary care (ii) takes into account the
possibility of domiciliary assistance required after severe events (e.g. a
stroke in our AF scario). In cases where the assistant is a professional
employed by the patient, the cost is quantified by the salary given to the
assistant . [ on the other hand,
family, this cost is quantified in terms of prodivity loss. Finally it is
worth stressing that since several cost components are related to the

t

di

d
r

upon

h e

specific patientbdés context, the quantifi

remains the same. When the physician perceives the context of the patient
might hawe changed, a reassessment of the costs should be considered.
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INR Control Visit: Costs Assessment Questionnaire

Productivity loss Getting to the Medical Center

Employment? Thinking of the suggested INR center:

[7] Retired [] self-employed [ Other How would you travel to the visit location?
Do you need any assistance to reach the visit (Please check all the boxes that apply)
location? [] Car/Motorbike
[ No How many kilometers would you have to
[T] Yes, afamily member/friend cover by car/motorbike? .....
[T] Yes, acaregiver Car/motorbike features:

Brand and model: ........

Power:

O petrol
Withdrawing INR Results o) ;:fel

O LPG/Natural Gas

[Z] INRresults via fax/email O Hybrid-electric
[T] INRresults at the medical center Would it be necessary to cover some
[7] INRresults elsewhere (e.g. GP) distances over highway?

O Yes

In case of “INR results at the medical center”:

Usually, the INR examination results are available after a few

hours (early in the afternoon).

In this case, | prefer to: o NO' """""""""

[T] wait for the results at the medical centre [ Train/Coach
If you have lunch there, how much do you think it will
cost, approximately? .......

[7] go home and return later

Please indicate a rough estimate of
the toll amount, if available

How many kilometers would you cover by
train/coach? ........... Km
Bus

Figure 29 - A portion of the questionnaire administered to AF patients to
guantify the costs included in the decision model. NOTE: INR is specific
laboratory test requeéd to monitor patients undergoing anticoagulant
therapy with vitamin K antagonists (like warfarin).

5.1.2.4.Communicating DTs results

Apart from their obvious usefulness in decision analysis DTs are also an
effective communication tool able to clearly and simplghlight the key
outcomes of a decision problem for the patiefdd]. To effectively
participate in shared decision making patients should be @madee of the
possible options, of the main scientific results already obtained about them,
the risk levels of the major complications, and additional -ma&dical
consequences of possible interest (e.g., costs). At the same time, they
should not be burdenedavith too much information that may result
overwhelming and confusing. To this extent DTs and Markov models,
especially in their simplified graphical representation, are very effective
tools that improve patiefgthysician communication, ease information
sharing and ultimately benefit shared decision scenarios. The same
requirements for effective and eayunderstand communication also
apply to the presentation of results to patients. Decision analysis results are
traditionally reported as expected values the outcomes of interest,
usually tabular, purely numerical format. However, patients (and providers
as well) may also be interested in knowing, for each decision option, the
associated distribution of uncertain disease courses and outcomes over time
[151]. On the other handrpsenting such comprehensive information may
beproblematic, due its complexity

81



Applications of CDSS personalization

For these reasons wieveloped a new functionality nam&dr-Health
related Life Paths (D-HelLP) [152] dedicated to the graphical
representation of decision analysis results. A health path israsegation
of the expectedemporal sequerc of different health events that could
arise from each alternativaecision, over a lifelong time horizoMost of
the available decision analysis tools offer graphical facilities to show
results of sensitivity analysis and probability distribution of coumtes.
However, they do not allow the users to capture the temporal distribution of
the health states and events that lead to those probabilities and expected
values. Classic Markov models use the Markovian assumption, which
makes state transitions membays.Our interesin tracking patientistory,
forcesmemory (i.e. what has occurred before enteringch state and the
amount of time a patient remains the statg¢ to be consideredn the
model. In our setting Monte Carlo microsimulations (MCMS) are a
valuable tool tocapture the inherent variability of real world contexts as
well as to efficiently track prior historyJnlike traditional cohort analysis,
MCMS retainsmemory of previous events from one cycle to tfext one,
recording information about thi v i dhistary ter@ugh the Markov model
as values otrackervariables. In MCMS, individuals traverse tieodel
one by one; at each transition, random numbequences, generated
according to given probabilitglistributions, are used to select a singéh
throughthe model. To capture the experienced health evérgg, duration,
and the Markov cycle in which thegccur, we used a combination of
trackersand global matrices, another advanced TreeAge Pro featha¢
allows the dynamic storage of infoation. After the simulation is
complete, the entire content of thmtrix can be saved for visualization

CNFOTAY3I LI GASYGHaQ KA&aG2NER

As a first step, we defined the set of events to be recorded. In particular, for
the purpose of our work, we included a@alHe Markov health states but
grouping I S and I CH i n a single event
rationale for this grouping is that the quality of life of the affected patients
does not depend on the type of events (IS/ICH) but on its consequences,
that in principle are the same. As a matter of fact, even if with different
probabilities, both stroke types can cause mild/moderate/severe physical
and mental disability. Eventually, we identified the following health states:
NVAF-only, temporary stroke, mildtoke, moderatesevere stroke, minor
ECB, major ECB and MI. We defined a tracker variable associated to each
of these states.
Tracking a patientdés history within a
the health events he experiences, their duration as wtlkedglarkov cycle
in which they occur. Hence, in addition to each tracker variable, we used a
global matrix to store all the information. Global matrices are an advanced
TreeAge Pro function that allows saving values globally and then using
them for calculdon or reporting purpose. The expresslobalN (n; row;
col; value) sets the cel(row, col) in the matrixn equal to the specific
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value All the information we need can be simply retrieved by defining the
tracker variable ashown inFigure 30.

NVAF-only (Aspirin)

major extracranial bleeding --> Aspirin p_NVAF only <
--- Tracker Modifications death
(T dtrac o=
.1. T_.l-:anox{ ﬁx_tlnunllusi,_blleeilil; --- Tracker Modifications
‘1“3]:1“:;\1 '\;‘*j“'"“{TL“ e T r— {T} T_DEATH=_stage+1
GlobalN(2:_tnnal'T_major_extracramal _bleeding+1. (T} T vascular_death=_stage+1

_stage+1)

Figure 30-Tr acker variable definition at the fAm
event node of decision treemplemented using TreeAge Pro software

Please note that the variabledrial and _stag are some builin
TreeAge Pro variables which count the MS iterations and the Markov
process cycle, respectively. When running MS, if a simulation trial
encounters a node with the tracker modification above, the current value of
the tracker for that paint 6 s tr i al I's i ncr #gahented by
tracker, i.e. the event number) of the corresponding Global matrix is set to
a value equal to the corresponding Markov cycle. To illustrate how our
framework works, an example is shown kigure 31. Our hypothetical
pati ent begins t-bel pooséaseinlthesinBAEpp
patient suffers a temporary IS at stage two and so he moves to the state
At empor ar yent &aycle 2 the ttatkeraviables that count the
event®nhpAé& and dAtemporary | So wildl be t
units, respectively and the associated global matrices will be set. At the
start of each individual trial, all trackers are reset to 0. After the simulation
is canplete, the entire contents of the matrix can be dynamically saved to a
text file or excel sheet for further elaborations.

Cycle O Cycle 1 Cycle 2
‘ &
[ AF-only 1 [ AF-only J IS-temporary J
Na
T_AF-only = T_AF-only+1 T_AF-only=T_AF-only+1 | T—S"Oke—tfmp = I—Stmke_
% sl " 2ot o emp+
ilo:FalN(ll,_;r.lal, ; 1C_i!(}))‘l:::aIN(Il,_lt.rlal, 3 GlobalN(2;_trial;
AFonhel;_stagerl) _AF-only#1;; stages1) | T_stroke-temp+1; _stage+1)

T_AF-only =1 i T_AF-only =2 : T_stroke_temp =1
Matrix1=[1] Matrix1=[1 2] Matrix2 =[3]

Figure 31 - Using tracker variableso keep trace of every event in a
patientdés | ife path.
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In the following, we present some examples of the proposed
visualizationsthatrefer to the DT related tanticoagulant therapy selection
in AF. For the sake of clarity only two of the four decision options, hamely
Dabigatran and ntreatment, are compareigure32depi ct s pati ent s
lifetime paths using a stacked bar chart. Each one of the 100 bars displays
the expectedife of a single patient. Each bar of the graph is divided into
sections representing the different healthtegaa patient goes through.
Their position along the bar corresponds to the onset of the health state
they represent. The length of each rectangle proportionally depicts the part
of the patient's life spent in the corresponding state. Small triangles
represent temporary events, such as temporaghemic stroke I5),
intracranial hemorrhag€élCH) and extracranial bleedingsThe color of
both triangles and bars relates to the severity of the condition (darker color
indicating more severe condition). This ghacal form provides a valuable
tool for integrating several information. In particular, for each decision
option, it allows conveying information about the survival trends as well as
the course of disease in terms of succession of different health ®atss.
can be sorted according to different critebat sorting according to the
expected QALYs makes the survival trend more explicit, with some hints
on the quality of life.
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Dabigatran ..o et  NO AT therapy
Step 1: life expectancy
100 100
80 s
E] L ———
'g he) = —
S 60 A
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S
=
20 20
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=
" 0
0 5 10 15 20 25 30 35 o 5 10 Iile:e Ve:g 25 30 35

life years
Step 2: health states

100 -
e
- 2]
S S
2 Z e
2 =
40
20
=
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35
life years life years
Step 3: temporary events
100
80
n %)
T =
B 3
s % S
E E

0 10 15 20 25 30 35 0 5 10 15 20 25 30 35
life years life years
m NVAF only IS/ICH mild therapy switch to Aspirin
© IS/ICH temporary M |S/ICH moderate-severe therapy switch to Aspirin
= IS/ICH mild ®ISand ICH
¥ |S/ICH moderate-severe A Minor extracranial bleedings
I NVAF-only therapy switch to Aspirin A Major extracranial bleedings

= IS/ICH temporary therapy switch to Aspirin A IS/ICH temporary

Figure 327 Simulated healtipaths of100 patients teated with Dabigatran
versus no antithromboticdherapy Starting with life expectancy, the
physician may gradually complicate the outgimt steps)by adding further
information about the related health states and then about temporary. events
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5.2. Computerizedapproaches to healtkrelated
utility elicitation

In the context of the overall shared decisimaking frameworkpresented

in the previous sections one of the most challenging objective was patient
preferences elicitation. In the MobiGuide system partefpatientspecific
values that define the personal contexts (e.g. +tieeds and preferences
about receiving reminders or not) are acquired using the caregiver interface
and stored in the PHR. A more subtle category of user preferences are
those connectetb healthrelated quality of life. Assigning a value to health
states in terms of utility coefficients is an essential step for their use in the
guantification of the DT models. Healtlklated utility elicitation requires a
carefully designed process amdry specific techniques. For this purpose
two different approaches, which will be discussed in the following sections
5.2.1and 5.2.2 were investigated: i) a wdbased tool for direct utility
elicitation and ii) a predictive model able to estimate utilities from other
patientsé preferences. This |l ead to
(not necessarily confined to CDSS, and closer to quality of life studies,
healtheconomics, and medical dsion analysis) and ultimately a spaif
system able to work also in staatbne mode.

5.2.1. Utility coefficients elicitation with UceWeb

Utility Coefficients Elicitation Web interface (UceWeb) has been
developed to be a standard interactive tool to performpcoerassisted
utility elicitation during shared decision encounters between patient and
physician. Capitalizing on utility theory presented in chapter 3 the system
has been designed to implement three main direct elicitation methods:
standard gamble, timeadeoff and rating scale. UceWeb however also has
the secondary objective dfystematically store elicited UC® build a
public repositoryto be further exploited in studies on specific target
populationg(e.g. cost/utility analyses)

A number of otheefforts for the development of utility elicitation tools
have been reported in the literatyfie3i 156] but they all lacked some of
the essential features of UceWeb. In particular, in respect to the existing
systems, UceWeb is more general (it does not address a specific disease or
class of patients), collaborativedifferent users including patents,
physicians and researchemllectively participate in the growth of the QoL
data repositorythrough webbased collection of data on voluntary basis),
and scalable (additional elicitation methods can be implemented without
changing the system arcédture). In other words, it is intended to use the
UCs, elicited during facéo face clinical encounters, not only for the actual
decisions, but also to build a UC repository, from which a researcher
should be able to retrieve datavery performed elicition can indeed be
immediately used in the quantification of DTs, but also contribute to the
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growth of the UCs repository. The UceWeb platform, even when used in
standalone mode, can thus become a unique source of data allowing
researchex both to perfornrmore reliable comparisons among healthcare
interventions andbuild statistical modelso gain deeper insight intguality

of life data. As that repository grows, researchers will be more and more
able to retrieve data close to their target populations Will solve the
problem of several health economics studies that, in lack of such data,
make use of UCs elicited from populations different from their target one.

5.2.1.1.Architecture

The functional architecture of Ucedid is representedn Figure 33. The

web interface allows direct elicitation of UCEhis is mainlydoneduring

face to face encounters between a patient and a doctor, but also could be
done by the patient alone when his doctor feels that, after extensive
training, he may continue with sedficitation. In the cases when UCs
cannot be elicited directly from the patients (e.g., the patient is a child, or
he is not able to answer do to the severity of his condition), an informal
caregiver may replace the patiemtd answer to the questions on his behallf.
However this eventuality should be avoided as much as possible since the
elicitation process is formally supposed to be carried out by the patient
himself. UCs are a formal representation of a patient very owfepnces

and quality of life perception which might be difficult to mediate through

an interposed person (to face this issue a novel approach to estimate
utilities based on the preferences of s
will be presented in &ion 5.2.2). The result of each elicitatioperformed

with UceWebis stored inthe system dedicated databaskhis acts as a
collaborative repositorythat builds up in size and relevancas more
elicitations areperformed. Sue a UCs repository provides a valuable
source of data for the quantification of decision models, as well as for
further research about UCE methods themselves.

In the effort of developing an integrated framework for shared decision a
repository of decisiormodelsmaking will also be available to the users,
with the possibility of personalizinghem according tothe specific
pat i e n.tCarsently Gy the two models presented in secban2.2
are fully integrated with UceWelf-igure 34 shows the architecture of the
integrated components of MobiGuide shared decifiamework

Figure 35 shows the technical components of UceWeb. The tool has
been developed as a welpglicationmainly relying on Java technology and
Model-View-Controller (MVC) architectural pattern. The java application
core is linked to the jspased presentation layer using Struts 1.3 while the
persistence layer is managed withbernate 3.2.Finally, the javascript
library JQuery Ulis used in the user accessible pageguarantee richer
userinteractioncapabilities
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Feedback for interface improvement

Q <:> UCs elicitation Feedback for interface improvement
( \
Rty

interface

Interface users
(doctors+patients
+caregivers) Y

{ y

Research on elicitation
methods

r 7 |

Qol data repository

Decision models

Figure 33 i Functional architecture of the UceWeb utility elicitation
interface.

Caregiver GUI
3
NoSQL Decision Tree Explanation Tomcat
PHR i
database — -—‘ Utility Coefficients Elicitation Interface Graks
I Run Decision Tree .l
. I
External Link Externlal Link
Tomcat f 1S
- e Interface for Running
JSP Utility Elicitation Interface DeclsionTrees TreeAge PRO
JAVA ASP

DT
Supporting
DB

Figure 34 7 Logical schema of the integrated framework of the shared
decision making framework adopted in MobiGuide. Main supporting
technologies are reported next to each component.
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jauery JSP

Presentation layer

Jakarta
' 4
Struts = D
Java

Control logic layer

#,HIBER

st

Data layer

Figure 35 - Implemenation technologies used in UceWeb. Separation of
presentation, control and data layers comply to the MVC architectural
pattern.

5.2.1.2.Data model

Figure 36 describes the logical data model of UceWeb in the Entity
Relatiorship diagram formalism. In the following we describe each entity
in the effort to give more detail about the information collected and stored
by the tool.

The Patiententity represents the subject to whom the UCs are referred.
Although fully anonymized dwu to privacy restrictions,t is deeply
characterized by a set of attributes that define a sort of patient pritide.
information collected in the patient profile arage,gender,race(essential
to present a realistic estimate of life expectancy whisking theTTO
guestion), education, marital status, job, computer literacy and
geographical region. All thisinformation can be usefulfor further
statisticalstratification. Names, surnames and otldentifying information
(social security number, phormeumbers, email addresppstal addresses
etc.) are never requested or storetb be able to meet the strict
requirements for fully dedentified medical data (e.g. the American
HIPAA [157,158) all the ages over 89 are
country of residence is the only geographical information collected. The
Life expectancyentity reports mortality tablesln the case of Italian
population data coming from national statistics institute ISTAT
(www.istat.i) have been used\ nontltalian user may upload, in the same
entity, a different table with different survival statistics. Thkility
coefficiententity dores he UCs gathered with UceWebn lddition to
storing the elicitation date and the person who actually answered the
elicitation questions (patient/relative/caregiver) it is relatedHealth state

89
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and Doctor. The former represents the focus of thecigdition, and itis
linked toa number of multimedia contents used to describe it to the patient.
The latter administers the elicitation questions and it is possibly
characterized by his/her medical specialtylicitation method entity
containsSG, TTO ad RS.Weighted average values of SG and TTO may
also be stored, as further detailed in the following.

Elicitation method

(0, )

(L,1)

(1,1) (0, N)
IUtility coefficient I+ Health State
(1, 1)
<<>? (0,1)

(0, N)

(1, M) (0, 1)
0,N 1,1 .

Life expectancy { ) \/> { ) Patient Caregiver Mﬂ 1,1 (1,1)

(0, N) (1,1)

I Weighted utility value |—

Figure 36 - ER diagram of the data model underlying UceWeb.

5.2.1.3.A typical elicitation session

A typical elicitation session startwith a Rating Scale (RS)elicitation
(Figure 37) that providesUCgs values Since the output of RS is not a
proper UC, as highlighted in the methods chapter, this first step is not
mandatory but provides a usefubding point to the other methods and
helps avoiding bias and anchoring effects.

After RS has been used, a Time Trad& (TTO) elicitation follows.In
the TTO method Figure 38) the first question is dynamicallgenerated
starting fromthe patient profile to calculate life expectancy LE, and from
UCrs, If available, to assess the proposed time to give up, calculated as
LE* UCgrs When UCgs is not available, LE*0.5 is used.he patient can
operate a sliderchangng the amount of time to trade off in order to heal
completely. Note that the question &skedin both positive version
(amount of time to be lived) and negative version (amaf time to give
up) to avoidbias effects.
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Please place the slider representing your health state along the graduated scale where 0 denotes the worst imaginable health state
and 100 denotes the best imaginable health state.

worst imaginable ... ! ! ! ! ] ! ! ' b best imaginable
healthstate o 10 20 30 40 50 e 70 8 90 100 nhealthstate

85 ‘ ‘ 1
suBMIT \/\ il’l

Figure 3771 User interface for RS elicitatiolhe use case is a patient with
Spinal Cord Injury (SCI)The slider is operated by the patient and placed in

on proper position on the numerical scale. A graphical visual aid (which can

be shown or not, depending @onfiguration options) helps the patient in
the process.

You are 35 years. Your life expectancy calculated according to the statistics of the
Italian population is about 45 years

Would you rather live your whole life with SCI

T=33 45
or live 33 |vearsand : |6 | months in a perfect state of health? (Corresponding to
giveup 11 |years and 6§ |months)

If accepting " " bout
iving up years if no if unsure about doin:
- dScreF;sye 17 increase T stop, UC= T/45 ’ suBmIT

Figure 38 - User interface for TTO elicitation. Expected life years used in

the method are calculated using statistical data for the Italian population.
Life expectancy dat for different countries can be uploaded and used by
the tool engine.

Finally Standard Gamble (S@Jicitation starts with one basic question

t o

check

t he

p a(FigueB7. th caseofineghktiveaagwer s i o0 n

(i.e. the patient does not accept any risk), the elicitation stops and the
utility coefficient of the health statis setto 1. In the other case, the patient

is presented with a first risk value, calculated ag SG - UCgsor SG =

0.5 if UCgs is not available. The proposed risk for the gamble is selected
with an iterative process driven by a bisection algorithm until the
indifference point S, is reached.
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if unsure about doing
stop, UC=1-risk

if no
| increase the risk | | decrease therisk | |

SHOW RISK GRAPHICALLY (RANDOM)

SHOW RISK GRAPHICALLY

If the surgical risk was 16
If yes

would you accept it ?

surgical intervention
able to cure your

Imagine there was a
disability.
Unfortunately, this
intervention has a

risk of death
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visualize the current risk of death (16% in the reported example). Red icons
92

represent patients that die during the hypothetical procedure while yellow
ones stand for those who live and heal completely. The random placement
of red and yebw icons in the grid helps conveying the concept of chance.
An alternative visualization with all the red icons displayed first is also

Figure 39 - Interface for SG elicitation. A grid of icons halphe patient to
available.

In this section we provide a list of the main challenges faagihgd the
design of UceWeb along with the measures adopted to overcome the major

5.2.1.4.Facing the challenges of utility elicitation
limitations of computeiassisted elicitation:
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1 Difficulty in understanding questions and elicitation methods

Utility elicitation methods can be difficult to understand for ipats.
This is one of the reasons why elicitation is usually assisted by a trained
professional. However, some expedients can be adopted also in the design
of the computerized elicitation tool to facilitate patients. For example,
during RS elicitation, ifa patient needs support beyond the numerical
representation of values, a visual aid in the form of diffeseniies can be
enabled Figure 37). Another example is the graphical help for giving
patients a betterioti t i on of the #Ari sko concept t he
with. Numerical representations alone can be difficult to interpret,
particularly when dealing with agelated impairment or stres¥/hen
presenting risk of death in SG elicitation, UceWeb can shogrid of
smiles where the number of red icons reflects the portion of patients that
would die according to theurrently setisk of death Figure39). Icons can
be alternativelyplaced all in a row sincereviousliterature suggests that
the estimated risk tends to be more accurate with this arranggh®it or
randomly positioned on the grid thus giving a better representation of the
chance surrounding the risk concept.

1 Dealing with hypothetical scenarios

UCs can be elicited for health states the patient is not experiencing at
the moment of the elicitation or he has never experienced in his life. As
stated in the previous sections, in a shatedision making framework
there is often the need to represent possible future health states in decision
models[72]. The architectural design of the UceWeb tool allows to provide
an effective explanation of the health state to the care professional with
rich multimedia informativematerial including photos, videos and text
documents. This contents can also be tailored to the specific patient,
according to his attitude to look at stronger (e.g. very sick people, real
patients movies) or softer (e.g. cartoons, text) material.

1 Bias am anchoring

The value used in the initial question of SG ("...would you take a 5%
risk of death?...") and TTO methods plays a major role in the elicitation
process. Indeed it may lead responses to cluster around that value
(anchoring), and it could be inflenced by the physicianods
the actual surgical risk of an intervention (bias). In practice, the choice of
t his initial val ue has traditionally b e
expertise. To deal with these issues, UceWeb exploits the valigied
with the RS method. Starting the patient's interview from the RS allows to
use the elicited values as starting points for TTO and SG, because they
shoul d be reasonably cl ose t o t he actu
approach is in line with theuggestion of Torrance et dB2] who,
recognizing the limits of RS, suggests not to deprecate its use, but applying
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it together with additional, sounder, methods. Finally, to avoid framing bias
effects,questions like "...would you take a 5% risk of death?" are also be
presented by the application wunder t he
95% chance of |iving be acceptable to yo

1 Patient fatigue

Multiple iterationson SG and TTOquestionscan leadto fatigue and
boredom that couldonsiderably alter the elicitation results. The choice of
the next question is usually left to the doctor/psycholodist. the other
handUceWebimplements a bisection algorithm that automatically cheose
the next question toptimize the tradeoff betwedghe number of questions
and the accuracy of the elicited UTo illustrate the algorithm, we rely on
an example applied to the SG elicitation method. In the first step of the
iterative process first risk valueSGyis presergdto the patientThe initial
possible boundaries for the acceptable risk Baundaryigh = 1 and
Boundary,,, = 0. If the patientdeclares that Sg&is an acceptable risk, the
lower boundary gets updated Boundary,, = S&, and a new riskSG, =
S& + (Boundaryign - Boundary,) / 2 is proposed to himOn the other
hand if he declares the risk $Go beunacceptablethe upper boundary is
updated toBoundaryigh= SG and the next risk proposed to the patient is
SG, = SG - (Boundaryigh - Boundary,) / 2. The dialog continues in an
iterative fashiorthat, at each stepshrinks the rangevherethe utility value
is known to be contained (i.e. $mierence IS CONtained in the interval
[Boundaryow , Boundaryigr]) until the indifference point is reacheth
UceWeb the UCs are elicited with a 2 decimal digits granularity, resulting
in 101 possible different values of UCs (ranging from 0 to 1, with 0.01
increment steps). The bisection algorithm described can be considered an
implementation of a binary sedr tree over a sorted array of 101 elements.
In general, with an array of N elements, taeerage successful search
would takelogy(N) T thials, with a worst case complexity bfg,(N) [160].

With N=101, this leads to approximately 5.66 questions to be asked. If
increased precision is needed for UC (i.e. a third decimal place), the size of
the searchable array is N = 1001, with approximately 8,97 questions
needed. In practice, however, the iterat®cess can end earlier, if the
patient declares to have reached his indifference point before restricting the
interval[Boundaryow , Boundaryigr] to a single value.

5.2.1.5.Pilot experiments in the atrial fibrillation scenario

As a first application of the deloped tool, UceWeb was used to assess
guality of life related to atrial fibrillation health state that was of particular
interest for the MobiGuide project. This assessment involved 20 patients
and had the secondary purpose of investigating the corneldgbween
UCs elicited with our tool and UCs derived from two validated
instruments: namely the EuroQdD [78] and AFEQT [161]
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guestionnairesEuroQol-5D is a standardized measure of health status
developed by the EuroQol Group to provide a simple and generic measure
of health for clinical and economi@assessmentt consists of 5 questions
addressing mobility, selfare, usual activity, pain and dmnfort, and
anxiety/depression. Each question has 3 possible answers, namely: no
problems, some problems, extreme problems. A mapping between the
answers and a utility coefficient is availablehe AFEQT questionnaire is

an AFspecific questionnaire desigd to assess the impact of AF on
pat i qualitysoblife. AFEQT consists of20 questions, divided into 4
sections, namely Symptoms, Daily Activities, Treatment Concerns, and
Treatment Satisfactiofsee Appendix A) The responses to each AFEQT
guestion g scored on a 1 to 7 Likert scale. Question22Q%tre related to
patientsdé satisfaction with treat ment
score of AFEQT, which is instead computed on the rest of the questions.
The raw scores are transformed to a O t@ %Bale, where a score of 0
indicates the most severe symptoms or disability and a score of 100
indicates no limitation or disability.

Twenty volunteer subjects were recruited among the admitted patients
of the division of cardiac rehabilitation (n=18) eeen at the outpatient
clinic (n=2) at Fondazione Salvatore Maugeri (FSM) hospital in Pavia
betweenApril and July 2013. The patient set included 10 males and 10
females, of ages between 34 and 79 years (average 66.2 years) with various
diagnosis of atrilafibrillation (4 paroxysmal AF, 10 persistent AF, and 5
permanent AF). Each patient carried out one complete elicitation session
including all the three methods while assisted by his/her dodtlle 6
reports asummary of the UCs for the three UceWeb methods and the
scores of the two questionnaires.

Table 6 - Mean and standard deviatigmeanz+ SD) of the scores obtained
on the 20 AF patients.

AFEQT

EUrOQOl Utto Usg Ugs

Overall Daily | Treatmen{ Treatment
Sympoms . .
score activ. | concern | satisf.

67.71 76.09 | 66.67| 63.58 67.13 0.586 | 0.979 | 0.977 | 0.669
+19.02 | +20.31 |£25.17| +22.44 | %20.10 | +£0.369 | +0.058 |£0.219|+0.196

Since the questionnaires usaa validated tools to assegsality of life,
the correlations among their scores and the UCs elicited with theethr
implemented direct methods were investigatddhe correlation matrix
summarizing tke results of thisnalysis iprovided inTable7.
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Table 7 - Correlation coefficients (wvalues) between the quality of life
values elicited with different methods(ns) indicates nosignificant

correlation.
AFEQT EuroQOL SG TTO RS
EuroQOL 0.32ns)
Overall:0.32(ns)
SG Symptoms0.490.04) 0.58(0.02)
Daily activity: 0.430.07)
TTO 0.56(0.015) -0.18(ns) | 0.26(ns)
RS 0.24(ns) 0.35(ns) | -0.04(ns)| -0.07(ns)
AV Overall: 0.56(0.02)
o gSG) Symptoms: 0.6{0.002) | -0.1(ns) . , -0.14(ns)
' Daily activity: 0.630.005)

Significant correlabns were obtained between the overall AFEQT score
and the TTO method and between the AFEQT symptoms subsection score
and the SG method. However, the most interesting finding regards the
relationship between some AFEQT scores and the mean of SG and TTO
utility coefficients. For the symptoms subscome found a correlation
coefficient of 0.67 (p<0.002(seeFigure40 for a graphical representation),
whereas for the daily activities we found a correlation coefficen®.63
(p=0.005). These results suggest that SG and TTO probably capture
different aspects of quality of life, and must be jointly considered when
used in a shared decisionaking scenario to have a better picture of the
patientds perspective.
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Figure 40 - Correlation of the AFEQT symptoms score with the average
between TTO and SG values
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5.2.1.6.Application to spinal cord injury patients

After the first experience with AF patients, UceWeb has also been
successfully used to assess qualif life related to Spinal Cordnjury
(SCI). SClis a damage to the spinal cord that results in a loss of function
such as mobility or sensation. The most common causes of SCI are trauma,
such as traffic accidents, gunshot injuries, knife injuries, falld sports
injuries or disease (e.g. poiryelitis andspina bifida). The outcomes of
SCI depend on the type and level of the injury. Patients usually have
permanent and often devastating neurologic deficits and disability, showing
not only damage to ingendence and physical function, but also many
visceral complications such as bladder and bowel dysfunction. Work
disability and productivity loss also bring psychosocial and economic
burden Understanding the factors that can predict higher QoL is importan
to build an individual rehabilitation plan fgratients with SCI where the
ultimate goal of rehabilitation imdeedto enhance QoL.

Fifty patients were recruited consecutively from October to December
2014 from the FSM clinic. SCI were classified as pbdste or incomplete
using the American Spinal Injury Association (ASIA) classificatj@62].

The ASIA scale grades patients based on their functional impairment as a

result of the injury, fromA (worst state) to E (best statefhe sample

included 28 male and 22 female patients with a mean age of H%565(

years, ASIA classes between A and C (18A, 12B, 20C) and various causes

of injury (17 traumatic, 8 vascular, 10 comgsen, 3 neoplasm, 8 myelitis,

2 cauda and 2 spina bifida). UceWeb bagn used to administer RS, TTO

and SG to the patients who also answered the SF36 questiof®@jre

from whichaddi ti onal UCs were <cal c[8l] ated wusi
for comparison

Theresults (sed-igure41) pointedout that mtients seem to understand
RS and TTO methods slightly better than SG, for which twoepédi were
not able to answer. Whal showing high variability, UCs elicited with all
the different methodsvere significantly correlatedMoreover acording to
past literature, RS values are significantly lower (p<0.01) than TTO and SG
ones, that incorporatthe concept of risk in their definition. Since TTO and
SG results are in geral similar but not identical (and according to the
findings of the previous experiment on ARNe decided to use tire
average value foffurther analysis. A first observation egardsgender
differences.SG method gives significantly different resuisowing lower
UCs for males Kigure 42). Given the type of question that characterizes
the method, this highlights a higher riakersionin females(notethat the
majority of road accidents occur to maleRegardingdifferences among
ASIA categories, ASIA C patients have higher UCs than A and B, but only
when considering chronic phase. This could be explained by the fact that
during acute phase patientseathospitalized, thus living in a safe
environment(Figure 43). Finally, asubset of patients of particular interest
for the study of QoL are those where the SCI caused an abrupt change in
daily life (e.g. traumatic or neoplasti@eses). In this supopulation, a
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trend implying that chronic phase yields lower UCs than acute is visible
(Figure 44), probably for burden of reintegration in daily life. In the same
group, patients with low education had sigodgintly higher (p<0.038) UCs
than those who had higher educatigigure 44). This could be explained

by higher adaptation capabilities of patients with deducation.
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SG: 0.90 (0.70-1.00)
TTO: 0.82 (0.61-1.00)
= SF36: 0.61 (0.54-0.71)
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Figure 41 - Utility coefficients for SPI elicited with the 3 UceWeb methods
and the SF36 questionnaire.
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Figure 421 UCs elicited with the SG method show significantly lower
values for male patients.
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Figure 43 - UCs for patients in chronighase with different ASIA classes.
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Figure 44 - UCs elicited for patients who suffered from a sudden injury. In
this subpopulation differences between acute/chronic phase and low/high
education are observable.
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5.2.2. Recommender systim for utilities

In the previous sectioB.2.1we presented a tool specifically developed to
assist computerized utility elicitation from patients. However direct utility
elicitation methods like SG and TTO are still charaatedi by a number of
unresolved challenges that leave space for further research. In this section
we explore an alternative approach to heaéttated preferences elicitation
able to predict UCs capitalizing on the preferences of similar individuals.

5.2.2.1.Motivation

While describing UceWelpl63] we stressed the significant effort devoted

to carefully design the tool and achieve the double goal of interface
usability and accuracy/reliability of the resulting UCs. However some
limitations of the current direct elicitation approaches are still hard to
overcome. Utility elicitation methods like SG or TTO, albeit theoretically
sound, are often difficult to understand for patis. SG asks the patient to
evaluate a hypothetical risk of death, which some patients with severe
conditions might not be willing to reason upon. SimilarlfTO asks
patients to evaluate the possibility of giving up part of their life but living
better.Since this could not be sensible for patients with mild impairment,
many different variants of TTO have been developed to try to overcome
these limitations[84]. Moreover ability to correctly understand the
guestions is essential to guarantee the quality of the elicitation results. This
is one @& the reasons why elicitation is usually assisted by a trained
professional (physician or a psychologist). However the presence of a
human interviewer can add some significant bias and anchoring effects. For
example the value chosen for the initial queast{t...would you take a 5%

risk of death?...") in the SG method can indeed lead responses to cluster
around that valwue (anchoring), and
knowledge of the actual surgical risk of a rearld intervention the
patient could undergo (bias). Another factor that can impact the
effectiveness of direct elicitation is the need for the patients to evaluate
unfamiliar health states. As a matter of fact, in a shared decision
framework, decision models often represent possibteré health states
that can occur as consequences of the different treatment options. Patients
can have a hard time answering the elicitation questions for health states
they are not experiencing at the moment or have never experienced in their
lives. Firally, all the issues that affect direct elicitation can be even more
evident in particular groups of patierts64, 165]like the elderly or those
having cognitive impairment. In extreme albeit not so rare cases, direct
elicitation might also result impossible to perform.

In these cases a traditional approach consmstioctors taking over the
whole responsibility of the clinical decision, even if some involvement of
the patient would still have been appropriatenother often applied
possibility is (e.g. in cost/utility analysis studies) to use UCs available in
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the literature to quantify decisionadels, disregarding that they could have
been derived from a different population. However, it is nowadays
acknowledged that environmental data play an important role in quality of
life assessmerj72, 166}

Applying one of these generic approaches inevitably results in the loss
of personalization of the decision process (dé] for a case study in AF
anticoagulant therapy selection) which, ore tbther hand, is one of the
focal points of the shared decision theory and of this dissertation. In order
to address these challenges we developed a system based on collaborative
filtering that aims at predicting the values of UCs for a patient, based on
the preferences of similar individuals.

5.2.2.2.Highlevel architecture

Health-related,
patient generated
data

.

=
HealthBoards

IEALTH MESSAGE BOARDS

NLP &
sentiment
analysis

Qol studies
Conventional Ucs Direct elicitaion
data sources tools

_l

Patient features i
’ (profile) Collaborative |
[z o =4 filtering model
New patient l Predicted UCs ' t’ ‘1
‘ N
Decision models [f= SSSSSNgg, )

" Shared
decisions

Figure 45 - Logical architecture of the UCs recommender system and its
integration in the shared decision framework.

The basic idea consists in building a recommergystem able to give an
estimate of the preferences (in the form of UCs) of a patient regarding a set
of health states of interest. Such a system, taking advantage of data
regarding preferences of other patients, could be able to still ensure better
persaalization of the decision task than using gen@uapose non
personalized decision models.
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The core of the system is represented by a collaborative filtéGirg
model Figure4b) that collects UCs from a varkebf sources including: i)

QoL studies published in the literatureofe that,apart from the average
populationlevel UCs, several studies also report the complete dataset of
the elicited UCs); ii) UCs elicited using direct elicitation tools (e.g.
UceWeb) iii) UCs elicited by the use of questionnaires like EuroQo8]

or SF36 [80]. In addition to these conventional UCs data sources we also
explored the possibility of including unstructured, patigaherated data in

our recommender system approach. In fact availabditg relevance of
raw dat a about patients?o p rredateé r enc e s,
information is growing. More and more often patients report their status,
share their experiences and discuss their health in discussion boards and
other social platformg168]. As we reported in chapter, 3vhen we
introduced recommender systerttss kind of useigenerated data has been
widely used in the industry to gain valuable knowledge about people
preferencesMore detailsaboutthe data sources usedttain the CF model

will be given in the next sectioh.2.2.3 with a particular focus on the NLP
module in sectiorb.2.2.4

Once properly populated, theFGnodel would then be able to estimate
the value of a UC (or a set of UCs) for a new patient given a set of features
that define his profile.

The output of the collaborative filtering component can finally be used
to quantify the parameters of formal decrs models (such as one of the
decision previously presented in sectibri.2.2 thus contributing to the
personalization of the decision process and ultimately facilitating shared
decision making. In the following of this chip we will focus on the
application of the architecture we just presented to the implementation of a
prototype of a recommender system dedicate to the prediction of UCs for
the AF health state.

5.2.2.3.Data sources

One of the most important preliminary steps tbe implementation of a
recommender system is to populate the utility matrix, i.e. the database
collecting the preferences of a set of individuals (see chapter 3 for further
details). After that, the recommender system will be able to predict missing
values in the utility matrix based on the preferences of similar individuals.
In our case, UCs will be predicted for health states for which the currently
active patient wasnot able to provide pe
The first data source that was used as an inpbuild such a database is
the Euro Hearth Survey (EHS). EHS is a muknter prospective
observational study among cardiology practices in ESC (European Society
of Cardiology) member countries aimed at describing current AF
management practices and venifgi them against guidelingdd69]. The
EHS included data on 5333 inpatients or outpatients, aged more than 18
years, who were referred to 18aiversity, nonuniversity, and specialized
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hospitals among 35 member countries of the ESC, with an ECG or-holter
proven diagnosis of atrial fibrillation during the qualifying admission visit
or in the preceding year. Among enrolled patients, 978 onlyaaahgle
detected episode of AF (i.e. a more precise diagnosis was yet to be
provided), 1517 had a diagnosis of paroxysmal AF, 1167 persistent AF, and
1547 permanent AF. Data from the EHS have proven to be useful to
investigate the QoL related to the camwh of AF [170] and to evaluate the
tradeoff between risk of stroke and risk of bleeding in the selection of oral
anticoagulant treatment in AF patienf$71]. Both of these objectives
combine in one of the shared decision implementations we developed in
MobiGuide (see sectiorb.1.2.9 and thus make EHS data particularly
relevant to our preferences estimation task.

A secondsource of data comes from the MobiGuide pilot trial on AF
patients. During the 3 months of duration of the study enrolled patients
were asked to provide data about their QoL periodically answering the
EuroQoL (at the enrollment and unenrollment, as welloace a month
during the main phase of the trial) and AFEQT (only at enrollment and end
of study) questionnaires. EuroQoL scores can be transformed to proper
UCs through validated procedures, and thus provide a good source of
additional data about AFelaed patient preferences. A subset of the
patients enrolled in the MobiGuide study also participated in the pilot
experiments we reported in sectidn2.1.5 for the validation of the
UceWeb tool. The elicited UCs were also coted to populate the
recommender system database.

Finally we also explored the possibility of taking into account less
structured data sources in the form of ftegt patientgenerated content
reporting personal experiences and opinions. Several diffdegatsources
can potentially provide data about patient experiences and QoL (e.g.
Twitter and other social networks, patient communities implementing a
forum) and many of those have been used in published W8ik93, 94,

114]. The following section is dedicated to the use of this kind of
unstructired data for the purposes of the UCs recommender system
dedicated to AF.

5.2.2.4.From text to UCs

We already pointed out in chapter 3 how health information seeking on
online review sites, communities, social networks and discussion boards is
nowadays a common bavior for people facing medical decisions. The
availability and relevance of this kind of patieggnerated information
provides a unique opportunity also for QoL and shared decision making
research to gain further insights on patient preferences andibehaFor

these reasons a NLP and sentiment analysexiule Eigure 46) was
developed to take advantage of these data sources in the task of building a
recommender system for healtélated utilities.
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Figure 461 Details of the logical building blocks of the NLP and sentiment
analysis module. This module is responsible for convertingtEgereports
written by patients to proper UCs that can be exploited by the collaborative
filtering module (adapted frorfil72]).

Figure 46 shows the functional processing steps we designed to extract
UCs staring from patientexperiences in the form of natural language gext
Even thoughseveral different data sources can potentially be mined to
colect dat a ab o uencespaad quadity of §fé (Q@&_kepeeme i
limit our scope todiseasespeific discusion boards The first step of the
pipeline is dedicated to building a corpusieh consists in a collection of
AF-related discussion threads. In the chosenaas® regarding AFhe
Medpie framewor173] was usedo collect a de-identified corpus of 3757
AF-related threads for a total adpproximately30000 nessages. Each
thread then undergoes two processing steps:

1 QoL dimension identificationintended to identify those threads
where at least one of the 5 QoL dimensiotensiderd in the
EuroQol questionnaire is preserin fact EuroQoL evaluates the
impact on the QoL experienced by the patient of five relevant
dimensions (mobility, sel€are, usual activities, pain/discomfort and
anxiety/depression) and, given a negayivscore of 15 to each of
them, is able to output a UC with a validated form7l@]. A custom
Python information extraction module based anitk (Natural
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Language Toolkit)has been developed to mine the corpus and
identify threads rated tothe differentQoL dimensions A mixed
approach based on text classification algorithms and regular
expression has been used to cope with the very low sigpnaioise
ratio present in the corpus.

1 Degree of negativity assessmewtose purpose it assess, by
the means ofentiment analysis techniquethe degree of negativity
associated to each of the identified QoL dimensioRsr the
sentiment analysis of messages we rely on Sentistr¢b@dh 175] a
popular lexicorbased sentiment analysis tool developed in Java.
Sentistrength has thability to assess positivity andegativity on a 1

to 5 intensity scaléwhich is a natural match for the EuroQoL scores)
and to effectively cope with thearticular lexicon used in webased
conversation. The tool also featuraset of optimizatiorprocedurs
[176] that make it easilgustomizablao thespecificmedical domain

we are considering

The two information gathered from the steps described above, when
combined, allow to Vvirtually score the correspondingzuroQol
guestionnaire and finally perform the conversion to a proper UC using the
standard EuroQol index value calculation algorithm. It is obviously
unlikely that the system would be able to score all the 5 dimensions of the
EuroQol questionnaire for elacsingle patient only looking at what he
reported on social medid68]. However, scoring the questionnaire even
partially will allow us to derive at least the boundaries of the interval where
the atual UC is contained. These observations, although less precise than
UCs directly elicited from a patient, will still be a valuable resource to
enrich the database of preferences that the recommender system uses.

5.2.2.5.Collaborative filtering model

In chapter3 we presented a number of different approaches that are
nowadays used for the implementation of recommender systems. This
section presents the application of one of them, namely neighborhood
based collaborative filtering, to our use case of building @amesender
system able to predict healtklated utilities. Some approaches to the task
of estimating utilities using predictive models have been described in
previously published literaturfd77]. However, to our best knowledge, this

is the first attempt to build a recommender system for utilities based on a
collaborative filtering methodology.

The first prerequisite for designing such a system is to repurpose the
utility matrix, usually featuring items and users, to include patients and
health statesTable 8 shows thesolution to this first task: users (on
columns) can be, quite straightforwardly, transformed to patients while
items (on rows) are substituted by health states. This second substitution in
particular, although less intuitive than the upatient one, is ra essential
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step of the proposed methodology. In fact, having now patients and health
states defining the structure of the utility matrix, we can assign each value
i "@iQof the matrix to be equal to the UC that ugerssociates to health
statei. Note that, with this approach, we are still respecting the basic
assumptions behind the utility matrix concept, i.e. it should store the user
item (in our case patierstate) preferences.

Table 8 - Adaptation of the utility matrix to auUCs prediction problem.
Each column represents a single patient while rows represent different
health states. Values contained in the matrix are previously known UCs for
each patienstate pair.

Health state Patient 1 Patient 2 Patient 3

AF 0.8 0.9 ?
Sroke mild 0.6 ? 0.6
Stroke severe 0.4 0.1 ?

Having the utility matrix in place allows us to nhow move on to the
problem of selecting a suitable approach for building the actual
recommendation algorithm. Considered the difficulties of defining a proper
set of features that could appropriately represent each of the health states in
terms of content, following a contebtased approach would have been very
challenging. On the other hand a CF approach, where we could disregard
the need of defining the contenf each health state as a firiength
feature vector, has been selected as a better fit for our use case. In
particular a neighborhoedased approach where the prediction is
calculated using the preferences of a set of the K most similar patients was
chosen.

One of the most important steps for the identification of thendst
similar patients is the definition of a proper similarity measure. In most
traditional approaches to CF (see chapter 3) two similar users are defined
as users that have similpreferences, i.e. two users that have rated a set of
corresponding items with similar scores. This is the preferred approach
when the only available data about each user is the content of the utility
matrix itself. However in the case of medical applicasiove can assume
that, apart from data regarding UCs, a wider range of clinically relevant
variables are also collected for each patient. Availability of this data to the
CF model allows to define a richer similarity function that also takes into
account he clinical context of each patient. In particular a recent study
[170] conducted on patients with AF investigated the influence of a wide
set of clinical variables on perceived QoL. For each pajier thus define
a profile vector that includes a set of demographic and clinical variables
(referto Table9 for the full list) that have been demonstrated to be relevant
to QoL. Finally, the similarity between two patients has been defiisety
the cosine distance calculated between the profile vectors:
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Table 9 - Features of the profile vecterused to characterize patients and
compute their similarityCorrelation coefficients between each variable and
UCs for AF can be found in Berg et[al70].

Feature Description
Age Age of the patient at the time of QoL assessment (in years)
Gender Male/female

Geographical region| Western Europe/Mediterraneami@ral Europe

Never exercise, occasionally exercise, exercise regularly
Regular exercise |times/week, exercise regularly-53 times/week, exercise >
times/week

BMI Body Mass Inéx

Number of cardiac cemorbidities (niocardial infarction, angina
Underlying heart |pectoris, valvular heart disease,congestive heart failure

diseass cardiomyopathy, congenital heart diseaseick sinus syndromg
sustained ventricular tachicardiggnticular fibrillation)

Number of relevant conorbidities (COPD, Malignacy, Periphe

Co-morbidities vascular disease, Chronic renal failure, Hypo/Hyperthyroidism)

Diabetes Diagnosis of Diabetes Mellitus

Stroke Previous stroke episodes (hemorragic onasnic)

Palpitations, chest pain, shortness of breath,cega, dizziness

Current symptoms fatigue, other

AF type Paroxysmal, Persistent, Permanent or considered cured

Divided by drug class: OAT, antiplatelet drugs, heparin, re
Medical treatment [angotensn-aldosteron system blockers,laSs | antiarrhythmics
Class Il antiarrhythmics, rate control drugs)

Number of interventions (including ablations, ICD implantat
Interventions CABG, PCI, Pacemaker implantationalve replacement and oth
cardia interventions)

It is worth mentioning that the just described approach for the definition
of a similarity measure assumes that a wide range of clinical and
demographic variables can be collected. However this is not always the
case for the data cominigom the unstructured sources processed by the
NLP module described in secti@n2.2.4 Data gathered from various social
platforms like medical discussion boards are far less complete than those
coming from clinical trials oEHRs. For example, user profiles collecting
demographic and general information are completed by patients themselves
when registering to the platform, which often results in blank or incomplete
data. Moreover, when collecting a corpus from these data es®uiar
research purposes, strict privacy regulations have to be agph&d and
de-identification of the data often prevents the effective mining of patient
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profiles. However a number of specific tedadumes based on network
analysis have been developed to address the problem of calculating
similarity among the users of healtblated online communitigd 78, 179]
Integration of these alternative similarity calculation methodologies into
our prototype of the system could be an interesting future development of
the current approach.

After having defined the similarity measuresthnal step is to create the
actual recommendation algorithm. As we previously mentioned we chose a
neighborhood based CF approach where the prediction is based on the
preferences of the set of the K most similar patients. In particular, for our
target péientp and health stath, we define the predicted value ™6 as
the weighted mean (where the weight is the similarity between patient
and patienf, as defined in equatiofl) ) of the UCs given td by his K
most smilar patients:

" B | QahQ"vYor
Of =
h B i 'QghQ

5.2.2.6.Evaluation on AF patients

This section reports some results from a probEoncept implementation

of the recommender system described in the previous sectiona. Dat
regarding QoL gathered during the MobiGuide pilot trial (using EuroQolL)
is used as the gold standard against which we validate our approach. This
validation effort, albeit limited in terms of number of patients, aims at
demonstrating the feasibility ofuo UC recommender system in a real
world application involving patients with AF. We used the EHS data to
populate the utility matrix and used the previously described similarity
measure to determine the 50 most similar patients to each of the available
MobiGuide patients. Eight out of the 10 patients enrolled in MobiGuide
had the correct inclusion criteria to be used in this validation (of the 2
excluded one never measured QoL during the study and the other did not
actually have AF but was instead diagnosedth supraventricular
tachycardia during the pilot trial). For each of them the CF algorithm
described in sectiorb.2.2.5was applied to predict the UC this patient
would assign to the AF health state. Finally, in the efforevaluate the
accuracy of the estimate, we compared the predicted value with the actual
UC elicited from the patients using EuroQoLable 10 sunmarises the
results of this analysis.

One first commenttotheevalut i on results is that
be capable of capturing the high variability of a UC rapidly evolving over
time. Some cases highlight how UCs for the same health state and for the
same patient can vary significantly over a relatively shortgoe(e.g.
patient 1a3f had a UC of 0,768 at the enrollment while 0,423 at the end of
the study) In fact the task of predicting a UC using CF can only leverage

108

t

h e



Applications of CDSS personalization

on the historical data collected in the utility matrix and does not have
access to detailed databout the specific moment the patient is
experiencing (e.g. a high level of anxiety, even if temporary, can cause the
UC measured with EuroQoL to drop significantly). Thus the fact that the
model would be able to effectively follow these kind of variatiamsan
incorrect assumption. Instead, the predicted UC has to be regarded as a
value that would be close to the average UC assigned by the patient to that
health state, with several elicitations over time. For these reasons the UCs
predicted by the CF motéave been compared to the average of the UCs
elicited by each patient (UC avg). The captafTable 10 reports that the
mediarf of these errors is smaller than the intgrartile range calculated on

the UCs eligded using EuroQoL. The sample size on which this evaluation
was performed is rather small including only 8 patients and further
evaluation efforts are needed to assess the accuracy of the prediction.
However these preliminary results confirm that CF migbkt a feasible
approach to elicit UCs when traditional elicitation methods fail.

Table 107 Results of the evaluation of the CF algorithm predicting UC for
AF. The MGID column reports (part of) the id of the patient in the
MobiGuide system. Median of the errors @s128while interquartile range

of the average UCs 13,241

MobiGuide
MGID UC baseline | UC endof-study | UC avg | Predicted UC (avg-ls:gz{ricte d)
8c85 1 1 1 0,902 0,098
4751 0,2 0,391 0,2955 0,796 0,501
7815 1 0,9 0,95 0,778 0,172
d177 0,837 1 0,9185 0,856 0,063
dd74 0,627 0,803 0,715 0,857 0,142
012e 0,837 0,757 0,797 0,913 0,116
la3f 0,768 0,423 0,5955 0,798 0,202
562e 0,837 n.a. 0,837 0,825 0,012

2 The median was preferred to the mean as an overall evaluation metric to avoid the
effect of the outliers (e.g. patient 4751), given the low number of patients in the
validation sample.
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Chapter 6

Conclusions and future work

The aim ofthe work described in this dissertation was to investigate
possible solutions for the management and effective use of the great
amount and variety of data about patients available nowadays with the final
goal of providing a personalized guidance to pdieand patienspecific
decision support for their physicians. Clinical decision support systems
(CDSSs) have been identified as some of the most promising tools able to
facilitate the implementation of these objectives both in the clinical
practice and irthe home settings of the patients. The main challenges to be
addressed in pursuing such goals are the heterogeneity of the data sources
to be considered by the CDSS and the important requirement of a
Apersonal i zedo deci si o mpreferenpep,difestyle,t hat pr o
personal and clinical characteristics of each patient.

To face the first challenge different datdegration methodologies for
clinical data were considered and a personal health record data model based
on the HL7 virtual medicalecord standard was developed. On the other
hand, regarding the challenge of providing personalized decision support, a
shared decision making framework was designed along with techniques
that enable the customization of CDSSs to a specific patient coameixt
preferences.

The abovementioned methodologies have been applied to the
development of a ubiquitous, guideldbased, patient guidance system in
the context of a 4ear European project named MobiGuide. In particular
the vMRbased data model has beencessfully used to build an
integrated personal health record (PHR) which collects data coming from
the hospital EMRs, patient inputs, data coming from patient operated
sensors and the outputs of the guideline execution engine in the form of
clinical reconmendations. The PHR constitutes one of the fundamental
building blocks of the entire MobiGuide system and its wii&sed design
has proven to be an effective solution to provide support for some
important characteristics of the final system: flexibilitytbé data model to
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support different clinical domains, possibility to easily integrate different
data sources, support for standard medical ontologies, possibility to extend
the standard model to represent entities that are peculiar to the MobiGuide
system (without impacting the overall standard paradigm of vMR) and
support for a distributed architecture and workflow.

The shared decision making framework was also integrated in the atrial
fibrillation (AF) domain of the MobiGuide system, choosing decision
andysis as a methodological framework for the implementation. Two
shared decision points regarding oral anticoagulant therapy and ablation
were identified in the AF clinical guideline and the corresponding decision
tree models were developed. The decisiordel® were also developed in a
way such that patiergpecific personalization of the decision analysis was
possible. In particular QALYs were chosen as the outcome to consider,
with the final goal to maximize survival while also considering quality of
life, when choosing among different treatment options.

To this end a specific tool for the computesisted elicitation of utility
coefficients from patients was developed as aptpduct of the shared
decision making implementation. Elicitation of utilitiesom patients and
their use in the decision tree models proved to be an effective way of
personalizing the otherwise generic decision models and to make them a
valuable tool to take better informed decision even in sipglgentlevel
scenarios (since dexion trees are most popular in populatiemel studies)
where shared decision making is desirable.

Finally further research was conducted to face the still unresolved
challenges that arise when direct utility elicitation fails to perform well. For
these prpose a recommender system able to predict the value of utilities
given a specific patient profile was designed. A prototype implementation
of this system based on collaborative filtering has been presented in the
dissertation. In particular the systenpttalizes on the preferences of other
similar patients to predict an expected value for the still unknown utility
coefficients of a new patient. Both the utility elicitation tool and the
recommender system for utilities have been evaluated using a sef of A
patients enrolled in the MobiGuide pilot trial, in the effort to demonstrate
the validity of the proposed approaches.

Future directions of the research described in this dissertation include
continuing to develop the UceWeb tool, increasing the sizeotlected
data, to build a collaborative repository of utility coefficients to be used in
guality of life research and castility studies. Moreover it would be useful
to incorporate a more extensive catalogue of decision models that represent
specific clnical decision problems in addition to the two decision trees
developed in this work. On the recommender system side, a more
comprehensive validation of the performance of the single components
would be desirable since the evaluation performed so farm@e of a
proof-of-concept validation of the overall approach than a proper
performance assessment. Finally, it would be interesting to investigate
proper ways to integrate one or more knowledge representation formalisms
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into the PHR. This would allow tot@re in a single centralized repository
not only the clinical data of the patients but also the formalization of the
clinical knowledge (e.g. guidelines) needed by the CDSS, limiting {abor
intensive knowledg¢o-data mapping processes and ultimately featiling
integration and extensibility of the system. One of the most promising
approaches to this challenge consists in the openEHR family of standards
and, in particular, its guideline definition language (GDL) whose
specification is currently in trial sta[180].
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Appendix A

Section 1.

Atrial Fibrillation Effect on QualiTy-of-life (AFEQT) Questionnaire

Occurrence of atrial fibrillation
Are you currently in atrial fibrillation? [J ves

[J No

Name or ID:

If No, when was the last time you were aware of having had an episode of atrial fibrillation? (Please check ohe
answer which best describes your situation)
__earlier today
__within the past week
__within the past month

Section 2.

_ 1 month to 1 year ago
__morethan 1 year ago
__ | was never aware of having atrial fibrillation

The following questions refer to how atrial fibrillation affects your quality of life.

On a scale of 1 to 7, over the past 4 weeks, as a result of your atrial fibrillation, how much were you bothered by:
(Please circle one number which best describes your situation)

Palpitations: Heart fluttering,
skipping or racing

Not at all
bothered Hardly

Or | did not have bothered

this symptom

A little Moderately Quite a bit Very Extremely
bothered bothered bothered bothered bothered

2. Irregular heart beat 1 2 3 4 3 & 7
3. A pause in heart activity 1 2 3 4 3 & 7
4. Lightheadedness or dizziness 1 2 3 4 3 & 7
On a scale of 1 1o 7, over the past 4 weeks, have you been limited by your atrial fibrillation in your:
(Please circle ohe number which best describes your situation)
Not at all Hardly A little Moderately Quite a bit Very Extremely
limited limited limited limited limited limited limited
5. Ability to have recreational
pastimes, sports, and hobbies 1 2 3 4 5 6 7
6. Ability to have a relationship and
do things with friends and family 1 2 3 4 5 6 7

On a scale of 1 10 7, over the past 4 weeks, as a result of your atrial fibrillation, how much difficulty have you had in:
(Please circle one number which best describes your situation)

No difficulty Hardly any A little Moderate Quite a bit of A lot of Extreme
at all difficulty difficulty difficulty difficulty difficulty difficulty
7. Doing any activity because you felt
tired, fatigued, or low on energy 1 2 3 4 5 6 7
8. Doing physical activity because of
shortness of breath 1 2 3 4 5 6 7
9. Exercising 1 2 3 4 3 6 7
10. Walking briskly 1 2 3 4 3 6 7
11. Walking briskly uphill or carrying
groceries or other items, up a flight | 1 2 3 4 5 6 7
of stairs without stopping
12. Doing vigorous activities such as
lifting or moving heavy furniture, 1 2 3 4 5 6 7
runining, or participating in
strenuous sports like tennis or
racquetball
1
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Atrial Fibrillation Effect on QualiTy-of-life (AFEQT) Questionnaire

On a scale of 1 10 7, over the past 4 weeks as a result of your atrial fibrillation, how much did the feelings below
bother you? (Please circle one number which best describes your situation)

Not at all Hardly A little Moderately Quite a bit Very Extremely

Bothered bothered bothered bothered bothered bothered bothered

13. Feeling worried or anxious that
your atrial fibrillation can start 1 2 3 4 5 §) 7
anytime

14. Feeling worried that atrial
fibrillation may worsen other 1 2 3 4 5 6 7
medical conditions in the long
run

On a scale of 1 1o 7, over the past 4 weeks, as a result of your atrial fibrillation treatment, how much were you
bothered by: (Please circle one number which best describes your situation)

Not at all Hardly A little Moderately Quite a bit Very Extremely
bothered bothered bothered bothered bothered bothered bothered
15. Worrying about the treatment side
effects from medications 1 2 3 4 5 6 7

16. Worrying about complications or
side effects from procedures like 1 2 3 4 5 6 7
catheter ablation, surgery, or
pacemakers therapy

17. Worrying about side effects of
blood thinners such as
nosebleeds, bleeding gums when 1 2 3 4 5 6 7
brushing teeth, heavy bleeding
from cuts, or bruising.

18. Worrying or feeling anxious that
your treatment interferes with your | 1 2 3 4 5 §) 7
daily activities

On a scale o1 1 10 7, overall, how satisfied are you at the present time with:
(Please circle one number which best describes your situation)

Extremely Very Somewhat Mixed with Somewhat Very Extremely

satisfied satisfed satisfied satisfied and  dissatisfied  dissatisfied dissatisfied
dissatisfied

19. How well your current treatment
controls your atrial fibrillation? 1 2 3 4 5 S 7

20. The extent to which treatment
has relieved your symptoms of 1 2 3 4 5 6 7
atrial fibrillation?

Name or ID:

2
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