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GLOSSARY

ACC: Accuracy

AUC: AreaUnder the Curve

BAR: Balance Accurate Rate

CDSS: Computer Decision Support System
CIG: ComputerInterpretable Guideline
DCIS: Ductal Carcinomain Situ

HER: ElectronicHealth Record

IDC: Invasive Ductal Carcinoma

QALY: Quality-Adjusted Life Year

RCT: Randomized Controlled Trial

SEN: Sensitivity

SNB: Sentinel Node Biopsy

SPE: Specificity

XMI: XML Metadata Interchange standard

XML: eXtensible Markup Language



1 INDEX

ACKNOWI B AZEIMENTS ...ttt e e e e e e e e e ettt ee e e eeeeeeeattaaeeeeeesesssranseeaaeeesees 2
LG Lo 1YY oYU 3
L ADSTIACE e 6
B [ 41 o o 1¥ Lot i o o OO PP P P PO PP PP PP PPPPPRRTRTRRRN 7
2.1 (0] o] 1Tt V7= P 8
2.2 (6o 70N {41 oYU i'e] o SO P PP PPPUPPPPPPPPRRRRN 8

3 StAtE Of the @t e e 10
3.1 (O oY Tor: | I ={0 o [ 11 TN 10
3.2 DAt MEAIATON ... 11
33 DECiSION SOFtWAIE ... eetieiieiee ettt e e e e e s e e e e e e s e 12

4 Methods —The decision frameWOrk .............uuueeiiiiiii e 14
4.1 Bayesian methodolOgy........ccoouuiiiiiiiiie e 14
4.1.1 Bayesian decision background..............uceeiiiiiiiiiiiiie e 14
41.2 Bayesian sequential analysis ......coouuiiiiiiiiii i 15
41.3 Including observed facts obtained during the decision steps........cccceeeeeeinnnnnne. 16

4.2 Criterion model and data floOW.........coiiiiiiiiiiiiiiiiiiiiiiiiieeee s 16
4.3 Bayesian DeCiSion LIDrary. ... 17
43.1 Bayesian library development.........cooooiiiiiiiiiiii e 18

4.4  The mediator library (Input/output data acCess).......cccuvrreerrrreeeeriiiireeeerireee e e 18
441 CDS-DATOR MEEhOUS. ...cciiiiiiiiiiiieiee ettt ettt et 19
4.4.2 Data [0@AETS. .. 23
4.4.3 MapPPING Aata SOUICES c.ovuniiiiiieeeeeie e et et e e ettt e e e et e e e et e e e et e eeessaaaeaens 26
4.4.4 Procedure to use the CDS-DATORin a CDSS implementation .............cccuuen..... 26

4.5 FiNe Yo (=T 11 o] =1 V2 26
4.6 Probabilistic MOTEIS. ... ... s 27
4.7 Diagram Data MOMEl.........coouuiiiiiiee et e e e e et e e e e eaaes 27
4.8 Graphical User INTerface ......uueiiiii et e e e 29
4381 SITIUS -eettteeee et e e e ettt e e e e e e e e sttt e e e e e e s e sttt e e eeeee e e e e anrrneeeeaeeeeanntnernraeeeeens 29
4.8.2 o o [=Tot = q o o Y U 30
4.8.3 Graph EQitOr VIEWET ...ttt e e e 30
4.8.4 Graph Properties VIEWET ........coouii et aa s 31
4.8.5 Utilities Table VIEWET c.cceeeeeeeeeeeeeeeeeee 33
4.8.6 Tree MOEI VIBWET . ... e 33

D RESUIES ettt et et et bbb bbb bbbbbnbnbaanne 35



5.1 CDS-DATOR ettt et et e e et et e e e e e ea e eans 35
5.1.1 PROFOIMa €ase StUAY......cccuuiuuniiieieieeeeiiie e e e e e e e e e e e 35
5.1.2 CUriaM BT CASE STUAY..euuuuuieeeeeeieeiiiiiie e e e ettt e e e e e e e eat e e e e e e s saananeeeeaaeennns 40

5.2 NaiVe Bayes ClassSifier........iii i 42
521 MEENOAS . . 42
5.2.2 INCIUSION 1N CHLEIION. cceiei e 44

5.3 Criterion Case study: Ductal Carcinoma [N SitU ......cccevvviiiiiiiiiieiicceeee e, 46
531 Problem definition ..o 46
5.3.2 Identify the decision spaces and its actions...........cccceeviiiiiii, 46
5.3.3 Identify the uncertain events of NAtUre...........ooevvviiiiiieiiiiiicee e, 46
534 Create the decision flOW .......coiiiiiiiiiiiiiiiiiiiiiiii e 47
5.35 Metric to measure benefit and the utility functions..............c.ccc, 47
5.3.6 Estimate the probabilities.......ccoceviiiiiiiii 48
5.3.7 Solve the decision problem for each step.......cccuueviiiiiiiiiiiiiii e, 48

6 Discussion and CONCUSIONS. ......ceiiititittiitteietttettttieeteteterereeeeeeeeeereeerereerrerereaeaeeererarerarnne 51

6.1 CDS-DATOR ... ettt ettt et ettt ettt e e e et s e e et e e retb e e rasa s eresaaserenanserennns 51

6.2 NaiVe Bayes MOEIS.......ccuuiieieiiieeeece e e e e e e 52

6.3 (O g1 =T (o] o T PR 52

6.4 ObjJectives aChi@VEd..........uuiiie i e e e et e e e e e e e eaaaaaans 53

6.5 FUITNEE WOTK .. e 53

7 BIblIOBrapNY c.ceeeeieiei ittt bbbt e 54
I Y o1 o< o Ve 1 PP 59

8.1 Input/Output schemas of the Bayesian decision library........ccccceeeeeeieeeieeiiiieneennnnnn. 59
8.1.1 1o o TUN a1 o o - [P 59
8.1.2 OULPUL SCNEMA ...ttt e e e e e e e e et e e e e e e eeaabbaaaeeaeasenens 62

8.2 Naive Bayes Web INterface........cooi i 63

8.3 DAt MEAIATON ... 64
8.3.1 (o 2(0] (o) g g = ot 1Y IR (U [o YA 64
8.3.2 CUMiamM CaSE SEUAY coeeviieiiiii e e e e e e e e e e eaaa s 66

8.4 DCIS CASE STUAY evvviruieieeeeieeiiiicie e e e e e et eese e e e e e e ettt ar e e e eeseataaaeeeeeeeeesssnnnaaeaaenenes 67
8.4.1 DI T=4 - o o TP PPRTPT 67
8.4.2 Naive Bayes model mapping file......ccoooviiiiiiiiiiiiice e 68



1 ABSTRACT

The complexity in the decision-making process is usually caused by the large amount of
knowledge of all the possible outcomes. This lack of knowledge, or uncertainty, is what can
change drastically the benefits of taking one path of decision instead of another. Inthe medical
environment, clinical guidelines can help in the decision-making process. However most of the
systemsthat currently execute computer-interpretable guidelines model the guidelines leaving
the uncertainty outside the decision process.

This work presents a decision support system (Criterion) that permits to develop guidelines in
which the decisionmakingis donein an environment of uncertainty. The proposedsystemgives
the user the capability to manage the decision sequence, the utility of the consequences and
the uncertainty of the uncertain events, providing a solution forthe optimumdecisionsequence
that maximizes the utility or minimizes the cost. The resolution algorithm is based in the
Bayesian decision theory and the utility theory. Moreover, Criterion permits to model the
uncertainty of the decisions as probabilistic models, which in combination with the utilities
creates an optimal and personalized decision process.

During the development of Criterion, we realized that the technologies for storing clinical data
as well as the systems making use of it are wide and heterogeneous, which may complicate the
exchange and reuse of such data. Current Clinical Decision Support Systems (CDSSs) include
modulesthat deal with this problem by acting as mediators between the data sources and the
CDSS. The main problem that appears in these implementations is that the mediators are usually
hard-coded within the systems and support one ortwo of the most usual types of data sources
(e.g. XML documents, relational databases, orweb services).

Therefore, in combination with Criterion, we propose alightweight and modular data mediator
to facilitate the data access to different data source technologies. The automatic mediation
betweenthe dataentities used by the CDSS and the data entities of the sourcesis defined by a
mapping scheme and dataloaders. Dataloaders are provided for different technologies such as
web-services, relational-DBs, and XML documents (e.g., standardized clinical documents),
leaving the possibility to extend them to other sources. The system is conceived as a non-
invasive data wrapper that helps CDSS developers to include data access functionality with
minimal effort.

A case study was analyzed to test the complete software functionality, the treatment given to
the patients with ductal carcinoma in situ (DCIS, a type of breast cancer). Moreover, the
mediator system was evaluatedindependently, by mapping data sources to two different CDSS:
the PROforma computer-interpretable guideline (CIG) engine, and the CDSS for brain tumor
diagnosis Curiam BT.



2 INTRODUCTION

Taking informed decisions usually implies a complicated analysis of the situation and needs an
exhaustive design process. This process can be much more complex when the decisions are
takenin the medical environment (e.g. whatisthe best treatment for this particular patient:a
lumpectomy ora mastectomy? Should we give the patient radiotherapy?). To ease the process
of taking decisions based on clinical evidence, the medical community created the clinical
practice guidelines (CPGs).

Clinical practice guidelines! are a powerful method of standardization and improvement of the

clinical care. They are usually defined as a set of plans, sorted in schematic layers that manage
patients that have a specificclinical condition.

Nowadays, itis recognized that clinical guidelines based on medical evidence help in the quality
and consistency of the medical care [13, 19]. Moreover, it has been proved that clinical
guidelines canreduce the costs of such care in specificsituations [29]. Onthe otherhand, it has
also been proved the problems that the physicians have accessing and using such clinical
guidelines [36].To better understand the clinical guidelines and why they can be soimportant in
the medical practice, we have to know first what the main goalsof the clinical guidelines are. All
the clinical guidelines try to fulfillthe following features:

e Describe the appropriate medical treatments based on medical evidence and group
consensus

e Reduce the unjustified variations that can appearin the medical practice

e Provide arational reference based onthe bestclinical practices

e Provide afocusfora continuous education

e Promote the efficient use of resources

e Be afocusforthe quality controls, eventhe audits

e Show the possible deficiencies that can exist in the literature and suggest the
correspondent future research

Computer-interpretable guidelines (CIGs) code the recommendations based on clinical trials and
are able to offer new recommendations dynamically adjusted to the patients. This type of
guidelinesoffer several advantages when comparedto static paper guidelines. CIGs usually offer
direct links to the references cited, providing the clinicians with the needed background and
allow visualizing the clinical guideline in real time. CIGs can help to reveal errors or
inconsistencies in the guideline content or codification through the use of an automatic
validation process. Moreover, CIGs can help describingin a more precise way the possible states
of a patientand can automatically propose an adequate solution foreach case.

Although more and more clinical guidelines are being translated to CIGs, most of the guidelines
that currently existare only writtenin paperand are inaccessible to the clinicians that needed
them the most [22]. Moreover, even when the guidelines exist in electronic format and are
available throughthe web, the clinicians usually do not have the time and resources to use them
due to the information overload that they face every day [20].

1 From [12]: Clinical practiceguidelines area “systematically developed statements to assistpractitioners
and patient decisions aboutappropriate health carefor specific circumstances”



To help with the needs of these professionals and guarantee the quality of their medical care,
sophisticated software tools are needed. Due to limitationsin our technology, nowadays s not
feasible the analysis of textual guidelines without a predefined structure, sothere is an urgent
necessity toincrease the diffusion and utilization of computerinterpretable guidelines that can
be read and executed automatically.

Criterionis presented as a software that facilitates the process of creating and executing CIGs,
allowingto defineclinical guidelines as paths of decisions.

The probabilities of the uncertainevents specifiedin uncertain events and outcomes of the CPGs
are usually calculated for average groups of people (e.g. the diabetes guideline have different
valuesforthe thresholds depending onthe country ithas been developed) which could lead to
potential problems when treating patients that are out of the average range. To solve this, the
system presented here also allows to personalize the decisions through the use of patient
specificprobabilisticmodels.

Thanks to the mediator module, we can communicate the clinical guidelines with probabilistic
models or even complete CDSSs that can provide extra information (e.g. personalized
probabilities based on the patient’s electronic health record) to the decision process. This
transforms the decision process from something staticto something flexibleand opento change
without having to manually modify the guideline.

In the following sections we are going to explain the creation and use of the Criterion decision
software. Section 3 describes the state of the art for the current systems analyzed. Section 4
describesthe methodology and frameworksused to create the system. In Section 5several case

studies are presented to proof all our methodologies. Discussion and conclusions are presented
inSection 6.

2.1 OBIJECTIVES
The main objectives of thiswork are:

1. Provide atransparentsoftware mediatorto access data independently of the source of
such data and that is also easy to adapt to the system that wants to useit.

2. Provide a methodology to change the data sources without having to change the
guideline definition or structure

3. Provide amethodologytoallow the definition of clinical practice guidelinesas Bayesian
decisiontrees

4. Provide amethodologyto manage probability and uncertainty inside the decision trees

5. Integrate probabilistic models in the decision-making process of the Bayesian decision
tree

6. Design a software that implements the previous objectives and try a “real world”
problem

2.2 CONTRIBUTIONS
The main contributions of the methodologies and the system presented in this work are:

o The mediator methodology has been presented inthe 2014 - Arctic Conference on Dual-
Model based Clinical Decision Support and Knowledge Management [40]



The Naive Bayes probabilisticmodels were used in combination with a decision support
system in the HEDECAMA project (reference IPT-2011-1126-900000) and were
presented in the international congress of the European Society for Radiotherapy and
Oncology (ESTRO33) [42] and the Annual Meeting Scientific Program Committee of the
American Society for Radiation Oncology (ASTRO) [31]

The Criterion software has been registered at the UPV atit has been started using in real
clinical environments



3 STATEOFTHEART

3.1 CLINICAL GUIDELINES

Several methodologies to create and execute computer interpretable guidelines have been
developed by the medical informatics community in the last decades. A classification of these
methodologies can be made if we analyze how the store and manage the clinical knowledge.
There are four main categories: rule-based models, task-network models, decision tree models
and document oriented models. The main problem with these methodologies is that they
usually lack of uncertainty management, losing all the extraknowledge and notaddingitto the
decision process.

Regarding rule based models, there is standard defined by the HL7 team (Health Level 7)%to
model the medical knowledge as set of rules known as Arden Syntax [1]. Arden models the
medical knowledge as independent knowledge modules known as medical logic modules
(MLMs). One of the main characteristics that defines this syntaxisthatitallows to separate the
medical logic that defines the guide (codified with the Arden syntax) from the components
dependent of the organizations that define such guideline. Still, the rule based implementations
presentseveral disadvantages such as:

e Notincludingan explicit capability to represent the generic medical logic of the guideline

¢ Notmakingsemanticdifferencesamongthe different types of knowledge presented

e lacking the capability of representing and reusing in an easy way the guidelines and
theircomponents

e Not being compatible with guidelinesthat develop over extended periods of time, like
the ones defined forchronicpatients

Task-network models have been used during the last two decades to create complex medical
care systems that can be executed along extended periods of time. Examples of such systems
and guideline languages are: EON[57] and their continuationin SAGE[56], Asbru[35] inside the
Asgaard[50] project, PROforma[15], GLIF3[7], HELEN[52], GLARE[55] and Prodigy[24]. All these
models presentthe common characteristic of representing the decision process as if-then else
decisions which usually prevents or makes more difficult to represent and manage the
uncertainty.

The decision tree methodology models the medical knowledge as hierarchical decisiontrees that
containthe decisionin node form. Some of these systems like ONCODOC [49] or EsPer[10] also
fail torepresent the uncertainty thatalwaysaccompanies the decision process. However among
these models exist one algorithm called ALCHEMIST [48] that is able to manage the uncertainty
by defining in the decision tree model uncertain event nodes and utility measures. This tree
model can be executed by the algorithm that will look for the absent data needed for the
complete execution of the tree. When finished, the model presents a sensitivity analysis for the
variables used in the tree and allows the user to change the tree information to adapt it to
specificpatients.

Moreover, other approaches exist regarding the uncertainty management such as the Markov
Decision Process (MDP) [3] or the Partially Observable Markov Decision Process (POMDP) [21].
These models can also be used in the decision making process, being the main difference

2 http://www.hl7.org/
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presented againstthe decision trees the capability of representing infinite loops. Thus allowing
the Markov processes to represent reoccurring events like in the ones happening in a chronic
treatment. Although this is an advantage in comparison to decision trees, having an infinite
horizonis not a reasonable assumption to model clinical guidelines.

Finally, from the document point of view, it also exists a standard approved by the American
Society for Testing and Materials3 known as Guideline Elements Modeling (GEM) [14]. This
modelingallows to structure the text documentthat contains the guideline asadocument that
contains well-structured Extensible Markup Language (XML). However, GEM doesn’t provide an
easy support to the tools that can interpret the result because it does not include a formal
language that provides a clear computational model nor the capability to represent the
uncertainty associated with the decisions.

3.2 DATAMEDIATOR

When connecting decision systems, we usually face an integration problem due to the wide
range of data sources available at the moment. This data integration problem can be solved
using a mediatorsystemthatallows the datato be parsed from the sourcestothe systems that
need such data. To date, several mediators withdifferent architecturesthat provide data access
to specificCDSSs existin the literature. Following, we analyze how these systems deal with the
data integration problem from the data source point of view. Six solutions, which to our
knowledge are the most relevant and up-to-date, were considered: MEIDA [18], KDOM [39],
SAPHIRE [30], Kazemzadeh etal. [25], Komulainen etal. [27], and Shakeret al. [51].

The MEIDA system [18] receives a query from the user regarding clinical parameters, it sends
the query to a Data Access Module (DAM). This module queries the local database through a
querythatis properly formattedwith allthe constraints needed and returns the responseto the
CDSS. It is assumed that the DAM is always part of some other mediator to the local clinical
database, so a data wrapper for the DAM needs to be developed. In their case of study, the
mediator IDAN [6] is used. IDAN is a mediator of temporal-abstraction queries to clinical
databases. The goal of the IDAN mediatoris to answer complex temporal queriesregarding both
raw data and its abstractions.

The KDOM [39] architecture deals with the datasources through a SQL generator. This module
generates queries that are used to retrieve the data from the target electronic medical record
and passes the data back tothe system.

SAPHIRE [30] is capable of executing clinical guidelines defined in the GLIF language [8]. Inside
the guideline definition, the author define the datasources so GLIF can access them duringthe
guideline execution. These sources can be web services, IHE XSD schemas, or HL7 CDA
documents and are used to gather all of the patient's data.

In the framework presented in Kazemzadeh etal. [25] the patient data and a mined knowledge
previously preprocessed are encoded into HL7 CDA and PMML standards, respectively.
Afterwards, the HL7 CDA is accessed through XPath* expressions, and the knowledge accessed
from the PMML documents is applied to this data. The result of this process is encoded as an
HL7 CDA that will be used by the CDSS.

3 http://www.astm.org/
4 http://www.w3.org/TR/xpath/
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The system in Komulainen et al. [27] is defined as a client-server architecture. The client side
utilizes web services that use SOAP messages® over http to send a query for the data needed.
The serverside iscomposed of adecision support service. This service receives the client query,
combinesaseries of scripts that process the information requested, createsanotherquerytoa
database, and returns the output back to the clientside sothatit can be shownto the user.

Data access in the Shakeret al. system [51] is obtained through an API. The systemisinternally
defined as a bi-directional data mapping that is defined in a two-tier model. First, a URL
containing supported query parameters is passed to a meta-wrapper. The meta-wrapper
analyzesthe URL and decidesthe datasource to be targeted. Afterwards, the datarequested is
passedto a source-specificwrapperthat produces a valid XML document containing the query
results. This resulting document is processed by the meta-wrapper, which returns the data in
the mediated schemaformat.

In summary, all of these systems access their data through one or more combinations of the
following methods: SQL queries (created with different types of constrains), XPath routes (to
query documents such as HL7 CDA or PMML) and web services. In section 4.4 we will see how
the proposed mediator can provide access to all of these sources and how we can integrate the
mediatorto different CDSSs.

3.3 DECISION SOFTWARE

Up to ourknowledge, thereare at least four developed software packages forthe resolution of
decision problems: OpenDecisionMaker, TreeAge, SMLTree and the PROforma composer.

e OpenDecisionMaker is an open source project with GNU General Public License v3.0
that isavailable at Sourceforge®. It enables you to find the best alternative fora defined
goal with the Analytic Hierarchy Process method. It offers a sensitivity analysis by
simulation and provides a way to report the results in a pdf document. This software
however is not based on Bayesian decision theory and thus it is sensitive to possible
inconsistent solutions. Moreover, compared to our approach, this software does not
take into account uncertainty management.

e TreeAge is a software developed by TreeAge Software, Inc.”. This software allows the
user to build graphical decision tree models to analyze any type of decision problem,
and analyze the model to evaluate each strategy and choose the best one. The
advantage with respect to our software is that it offers the possibility to build Markov
models, patient-level simulation models and time-to-event (DES) models. Finally, they
can apply cost-effectiveness analysis, sensitivityanalysis, and Monte Carlo simulation as
well as reporting tools. The main disadvantage of this software is that it requires the
user to have a deep understanding of decision theory, Markov modelling, and utility
theory. Indeed, it has a graphical user interface that is very similarto an integrated
development environment like Eclipse or NetBeans, and its manual has more than 600
pagesforthe usertoread. Thus, this software ismore focused on decision-theory expert
usersthan on final users like physicians, financials, or businessmen, which are the target
users of our software.

5 http://www.w3.0org/TR/soap/
6 opendecisionmak.sourceforge.net
7 www.treeage.com
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SMLTree is a software used for drawing, calculating, and analyzing decision trees for
general purpose decision problems, particularly for medical decision problems. It is
focused for final users and presumably two hours of training should be enough for the
userto work withit. It helpsthe userto frame a problemina decision-analysis format,
providing the ability to draw, graph, and perform sensitivity analysis of the decision
problem. However, this software was developed as a scientific prototype and it is not
easyto obtainityet.

The PROforma composer is a software developed for the creation and execution of
PROformaguidelines. It permitsdefining PROforma guidelines as a set of data and tasks.
The different type of tasks that the user can create are: plans, the main blocks of the
guide. They can contain other tasks inside them; decisions, represent the step in the
guideline where a choice is made; actions, represent the procedure to follow; enquiries,
the nodes where the data bindings are defined. As previouslycommented, the problem
with this systemisthe same problem that occurs with itslanguage definition, it doesn’t
allow to define uncertainty. Hence, the user cannot introduce probabilities into the
decisions because they are modelled as if-then-else nodes. This limits the software
capability to modelthe complete medical knowledge that the guidelinesshould contain.

13



4 METHODS— THE DECISION FRAMEWORK

4.1 BAYESIAN METHODOLOGY

4,11 Bayesian decision background

To formalize a decision problem, the first step consists in the creation of the alternatives set.
Thisisthe called decision space andisdenoted by D.Thisset must be exhaustive, meaning that
it should contain all the reasonable possibilities that could occur in the context of the problem.
Furthermore, the alternatives modeledinside D must be mutually exclusive, so if one action
from D ischosen, the rest must be discarded.

If we have all the informationavailable regarding a decision, makeadecisionis a straightforward
process. The main problem comes with the lack of information. Deciding which decision take
when we facing an uncertain environmentis a complex process. How can it be determined the
bestdecisionif we do not have all the information relevantto our problem? We introduce this
uncertaintyinthe decision process modeled as uncertain events, so for each one of the possible
decisions inside the decision space D we have to consider a set of uncertain events that
determine the possible consequences of taking such decision.

Considering that the problem that we want to model has a finite number of alternatives and
uncertain events, it can be modelled as a decision

tree (Figure 1) as follows: 011 Ci1
e D ={d1,d2, ., di} is the decision 01 -
space. Decisions are represented as '
squares, and the alternatives for such dy 9'1k C.lk

decisions are represented as the output
links of the square.

d 01 Cit
e 0, ={6;1,...,6;x} is the set of the k i
uncertain events which occurrence affects Qiz Co
to the result of taking the decision d;. . _
Uncertain events are represented as ik Cix
circles.

Figure 1: Bayesian decision tree
*  When we take the decision d;and 68

happens, the consequence c; is obtained.

The measure to know how good orbadisadecisionis calculated throughthe utilityfunction (u).
The utility function quantifies the consequences c;, by giving a numeric value to the
preferences of the decision-maker between all the possible consequences of his decision.

* The expected utility is the mean utility of the decision d; and is calculated by the
Equation 1

* Thedecisionselected will be the one that maximizes the expected utility
w(d) = ) uleu )p(Ocld)

k
Equation 1: Expected Utility

14



4.1.2 Bayesian sequential analysis
Being D = {dl,dz, . dT} an unordered set of possible decisions in a complex decision

process discretizedin stepsfrom 1to T. Each decisionin D may appearthroughoutthe process.
Each time t of the decision process, adecision d; from D must be solved. In every decision d;, it
is possible to choose froma set of alternative actions a;j, where j € {1,..., d;}.

Let a;_q be the ordered vector of alternative actions selected in decision steps from 1 to t-1.
Afteran action has been takena set of possible uncertain events may occur. We define 6;j, to
be each of the uncertain events associated to each alternative action a;;.

Whenthe decisionisattime step t+1, the previous events have been observed so they become
facts. Hence, o is the fact observed at moment t. For instance, at the moment of deciding an
adjuvant therapy for breast cancer we may already know the results of a sentinel node biopsy,
which at the moment of surgery it was not known and thus it was an uncertain event. Hence,
we see that an uncertain eventcan turn into an observed fact as the decision process goeson.
Finally, O;isthe set of facts observed from 1 to t.

Given the Bayesian decision theory, the optimal decision is to choose the alternative action
a; that maximizes the expected utility at time t conditioned to the previously observed facts
0;_1 and the already selected actions a;_, in previous decisions, as expressed in equation

a¢|0¢q,ar-1 = arg m]aX u(aj|0¢-1,a-1)

Where the utility of the decision given the previous history of facts and decisionis defined as

u(a: 10¢_1,ar-1) = m}ax u(atjlet—lrat—l)

And where the utility of the intermediate, non-final alternative actions must be recursively
estimated from the conditional distributions of the states of nature and the expected utility of
posteriordecisions.

E[u(atj|®t—1'at—1)] = Zp(etjklet—l) u(a:+1|@t—1r9tjk:at—1»atj)
k

And where the utility of the final alternative actions is directly estimated from the conditional
distributions of the states of nature and the utility of the outcomes

E[u(aTj|®T—1'aT—1)] = Zp(gTjkleT—l) u(aijaT—l |9tjkr®t—1)
k
Where u(aTj,aT_1 |9tjk,®t_1) is the utility of the actions until the moment t given the states
of nature.

In this moment, we constraint the utility of sequential actions given a set of states of nature to
the sum of the utilities of each action conditioned to its associated state of nature. This
constraint makes feasible recursive computational solution efficient keeping the model more
flexible than Markov decision processes.

u(atj»at—l |9tjk' @t—l) = u( atjlgtjkr@t—1) + Z u(a'l®¢-1)

areag—1
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413 Including observed facts obtained during the decision steps

As a result of an action carried out during any decision step d; of a clinical guideline, new
observations o; from the patient may be available. These observations would modify the
knowledge of the uncertain states of nature associated to the next decision steps. It is easy to
incorporate these new observations to the vector of observed facts of our model. Hence, we
define ©, = [0;,0,] which conditions the posterior uncertain states of nature, p( 6;|0;_;) =
p(6:10,_1,0:_1) and the utilities of posterior actions u(dt]-| O jikc» Or_1,0¢-1)-

4.2 CRITERION MODEL AND DATA FLOW

The Criterion system has been created following a meta-modeling approach using the latest
opensource frameworks available in the state of the art. Among othertechnologies, it uses the
Eclipse framework?®. Eclipse is an integrated development environment (IDE) for the Java
language. The different modules that compose Criterion have been developed asindependent
software components (also known as plug-ins) of the Eclipse IDE, allowing us to take advantage
of the Eclipse environment.

The core of the Criterion is definedin the Bayesian decision library (section 4.3). To provide more
functionalityto Criterion, amediator library (section 4.4) is used to allow the software access to
different data sources. The connection between the core and the GUI is done through the
adapterlibrary definedin section 4.5. The decision trees created can be automatically adapted
to the data of the patient through the inclusion of probabilistic models, which is defined in
section 4.6. Finally, the graphical user interface (GUI) which is integrated in the Eclipse IDE, is
defined by the model, edit and editor plug-ins (see sections 4.7 and 4.8). The communication
betweenthesemodulescanbe seenin Figure 2.

8 http://www.eclipse.org
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Figure 2: Data flow between the modules of Criterion. The user interacts with the GUI and creates a decision tree.
This tree is internally stored as a diagram model. When the user decides to calculate the optimun decision path the
tree model is transformed by the adapter library into a tree structure recognized by the decision library. The data
needed for the tree execution as well as the probabilistic models defined are loaded by the data mediator and
passed along to the decision library in combination with the tree structure. When the decision library solves the
decision tree returns a solution that is passed back to the user.

4.3 BAYESIAN DECISION LIBRARY

The purpose behind the Criterion development was to provide the clinical users with a tool that
allowed them to transform a clinical practice guideline into a decision problem. Also, to
differentiate the system proposed from the rest and to aid in the decision making process, we

introduced uncertainty and utilities management. This last step is not straightforward due to
the difficultto definethe utility functions in clinical domains.

The decision library included in Criterion and presented in this section makes use of the
Sequential Bayesian Decision [5]. The proposed methodology allows us to obtain the best
sequence of decisions (in each step of the decision process or in general) and to quantify the
expected utility, providing also a way to personalizethe probabilities for each patient.
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43.1 Bayesian library development

The Bayesian decision library has been created based on the Bayesian decisiontheory presented
earlier. Itis composed by a recursive algorithm based on a cyclingsequences of [decision step,
alternative action, state of nature] to simulate a Depth-first search (DFS) of the decision tree.
This library provides a computational framework over which we can construct a procedural
methodology to calculate optimal decisions in clinical guidelines depending on the specific
patients' conditions, and constitutes the decision engine of the Criterion software.

Figure 3 presents asimplification of the schemausedinthe implementation of this library. The
decision and uncertain event model the nodesthat are representedinthe tree. The alternative
store the utilityfunction used whencalculating the optimum path and the uncertain events store
the probabilities of going through such path.

Decision 1 * Alternative ! « Uncertain
Event
1 1
L 1
FS;!L%n _Probability

Discrete Continuous
Probability | Probability

Figure 3: Simplified schema of the Bayesian decision library.
The main functionalities presented by thislibrary are:

e Modelling the decision trees in a computer interpretable form: the library loads the
input tree and calculates the solution automatically, based in the algorithm presented
previously.

e Structure of the tree based in a XML schema: the library allows the input tree to be
definedin XMLformat. This functionality improves the library functionality because the
trees can be validated through the XML schema and also eases the library usability
because any XML definingtools can be used to create trees.

e Solution presented as the path followed to take the decision: the library can print out
the nodes that compose the optimum solution path and its utilities.

4.3.1.1 Library input/output

To testthe library more efficiently and to facilitate its reuse and connectivity in other projects,
XML schemas definingthe acceptedinputs and the created outputs were created. In appendix
8.1 the complete definition of the schemas can be revised.

4.4 THE MEDIATOR LIBRARY (INPUT/OUTPUT DATA ACCESS)

Traditionally, the data integration into CDSSs has been solved by people entering data to the
CDSS manually, having to re-code it from the sources to the system. In a scenario like that, an
automatic mediator that parses data from the sources to the existing systems could be useful.
Such mediators exist, but they are usuallyincluded in the implementation of the CDSS and are
focused on a specific type of data source (e.g., XML documents, relational databases, or web
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services). Although this solution solves the data integration problem, it raises two important
questions: Whatdo we have to do if we need to connect other data sources? What dowe have
to do to connect other CDSSs to the data sources that we currently have? The first question
could be solved with an intermediate system that allows the linking of new data sources, thus
providing standardization and facilitating the process of creating new mappings. The second
question could be solved with an intermediate system that is independent of a system that
serves and does not require the modification of the CDSS to be connected. The solution
presented here includes these features and has emerged to fulfill the need for lightweight and
extensible methods to allow CDSSs such as clinical guidelines, gathering patient data.

The scope of this library is to facilitate data access functionality to CDSS developers and systems.
We propose a solution in the form of a data wrapper/mediator architecture [41]. This type of
architecture facilitates data access to different data sources exploiting the knowledge encoded
inthem and createsinformation forthe higherlayer of systems [58]. Additionally, this wrapper
can be usedto bridge the gap between CDSSs and semantic mediators, and between these two
types of systems and their data sources.

We agree on the separation between acanonical data model and the access to it from a CDSS.
The Clinical Decision Support Data Mediator (CDS-DATOR) presented hereis based on mappings
between the entities used by the CDSS (e.g. anode ina guideline)and the dataentities thatare
presentinthe data sources (e.g., a value inan XML document). These sources can be based on
databases, web service messaging standards, and electronic health records, but they can also
be extendedto any othersource if needed. Proofs of concept forthe PROformatechnology [16]
(language and engine) and Curiam BT CDSS [45] are presentedinsection 5.1.2. Moreover, afull
integration of this mediator with the Criterion systemis presentedin section 4.7.

44.1 CDS-DATOR Methods

A generic mediator system should not be restricted to one kind of execution engine or data
source. The method presented hereis conceived to allowthe integration of different CDSSs with
different kinds of data sources. To facilitate the design, the mediatorfocuses on the CDSS data
access layer. Hence, in order to have a non-invasive tool or module that provides CDSSs with
data access capabilities, the architectureis conceived as awrapper of the CDSS data layer. Thus,
whenthe CDSS requires adata item or a set of data, our mediatorwill transparently provide it.
Consequently, the CDSS will have separate definitions forthe knowledge base (e.g.,aClGor the
formula of a predictive model) and forits dataaccess. This access is definedby the XML schema
of our method, which maps the CDSS data requirements to specific data loaders as we will
describe below.

Figure 4 showsthree use cases in which the mediatorcan be usedin combination with a CDSS
and, if needed,asemanticintegrator. Regardless of the path chosen, CDS-DATOR reads the data
mapping from a mappingfile and storesthe information retrieved from the data sources inan
internal cache from where the data can be read afterwards. Path ‘a’) presents the simplest use
case. In path ‘a’) a CDSS connects with the CDS-DATOR asking for data; the mediatorlooksin the
mappingfile and retrieves the datafrom the specified sources. In path ‘b’), asemantic mediator
is used between the mediator and the data sources. The CDSS makes the data request to the
mediator. CDS-DATOR transparently calls asemanticmediatorand returns the datato the CDSS.
The data provided tothe CDSSis not raw dataasin path ‘a’); it has been processed by a semantic
mediator and can present a structure and meaning. Path ‘c’) presents the most complex use
case. The functionality is the same as path ‘b’), butitalso allows the semantic mediator to access
multiple datasources through the CDS-DATOR.
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Figure 4: CDS-DATOR can be used as a data mediator between the data sources and the systems that make use of
them (path ‘a’ or ‘b’) and between the CDSS and its semantic mediator (path ‘c’. CDS-DATOR will deal with the semantic
mediator as another data source of the CDSS.

The requirements of the system were modeled in UML. The set of classes and interfaces that
make up the core of the system to configure and execute a data mediating scenario are
described below. This domain architecture ® is defined in XML schema. The XML schema
elements have a direct Java class representation with the logic required to perform the data
gathering (which isautomaticallyparsed using JAXB!?). Therefore, instancesof this XMLschema

9 In this context, the term architecture corresponds to the definition of software architecture of Paul
Clemens et al.[17]. "It is the set of structures needed to reason about the system, which comprise software
elements, relations among them and properties of both”.

10 http://jaxb.java.net/
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define the data mappings of a specific CIG or predictive model that has patient data at a specified
stage in its execution workflow.

To facilitate the system modularity, especially with regard to the interchangeability and
incorporation of new data sources, the architecture is separated into two modules: one related
to the CDSS execution engine and the other to the data source features. The engine module
conforms the generic elements of the mediation (used as-is), and the data source module can
take many forms (following the provided interfaces and adapted to specific data source
technologies). Figure 5shows the definition of the architecture of the first module.

CDS-DATOR
<<attribute>> contextDataLoaderURI: string[0..1]
4 -
/// T stage
Stage
preLoad
0.1 - - -
<<attribute>> id: string
/ g ' ...
/ preLoad—" reLoad Tdata
/ - 0u* 0.* 1 Eg
Preload Reload Data
<<attribute>> id: string <<attribute>> preloadld: string <<attribute>> id: string
Hm"data Loader dataloader™
Bl g LA
DatalLoader

Figure 5: XML schema of the generic elements, which is represented in UML.

The elements that compose the enginemodule, asshown in Figure 5, are:

o CDS-DATOR: the main container of the mediator. It may comprise several stages since
different CDSSs can have different ways of accessing working memory, there should be
a way to define which structure/class should be used to load the data. The attribute
contextDataloaderUri specifies the URI of that class and allows the CDS-DATOR to
access the internal data of the CDSS.

e Stage: a specific step in the CDSS inference or decision assistance. The mapping
definitions of the datarequiredinastage are includedin each stage.

e Data: it models a dataitem in the CDSS (input data) and binds it to a data source. This
element contains the Dataloaderthatretrieves thevaluefrom the specified data source
whenthe CDSS enters the corresponding stage.

e Dataloader: the component in charge of loading the data from a specific data source
into the associated dataelement.Itis provided as agenericinterface with agenericload
method. Therefore, dependinginthe corresponding technology any implementing class
can define the required parameters and functionalities to load data on.
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e Preload: permits loading specific data into the mediator cache that can be accessed
later on. It can be used at the beginning of the CDSS workflow or at any stage (e.g., to
load a patient EHR at the beginningof a CIG and consequently accessit locally). As the
Data element, it contains a Dataloaderto accomplish this task.

e Reload:permitsapreviouslypre-loaded dataitemto be reloaded whenitis out of date
(e.g., whenthe aforementioned EHR may have been externally updated).

The datasource module is composed by specificinterfacescalled Dataloaders. DatalLoaders can
be defined according to two methods (generic or specific), as described in section 4.4.2.
However, both methods can make use of a set of value types fortheir parameters. To allow the
data loaders to use any type of parameter, a generic value type called ValueOption is defined.
All the data types will inherit it. This permits the separation of the data loaders from the data
typesand allows new datatypesto be easily added orremoved.

Figure 6 shows the functionality of the different sub-types of ValueOption. The SimpleValue
permits the value to be specified directly in the XML instance with the tag value. A URL value
indicatesthatthe data needsto be searchedina URL address, such as a web service or a file. A
ContextValue corresponds to data that already exists in the engine cache. Finally, in a
PreloadValue, the value of the parameter will be taken from the corresponding data that is
storedinthe cache of the mediator whose ID corresponds to the one specified.

= N
L Data request P,

i
» = e
SimpleValue <:\ ValueOption > PreloadValue
URL \ty pe/,/ ContextValue
v
‘ Simple Value ‘ URL ‘ Context Value ‘ Preload value ‘
' I : I
Read data from Read data from Read data from Read data from
value attribute URL address engine cache mediator cache
Return data
_Asita~_
<__nested value? > Yes
No
/‘J_*\
{ End )

Figure 6: Workflow of the value retrieval

Furthermore, the ValueOption values can be nested. This means, for example, thatin the path
that defines a SimpleValue could appear a ContextValue (e.g. an XPath that specifies the route
to some data can contain the patient's ID that is in the memory in the execution engine). In
section 4.4.2 examplesof this willbe presented in combinationwith other ways of dataloading.

Thereis a distinction between the mediator's cache and the working memory of the execution
engine. The mediator's cache can maintain temporal data used by the method(such as data pre-
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loaded by the PreLoad). On the other hand, the working memorybelongs to the implementation
of the execution engine (e.g., the set of variables in the context of a CIG). Hence, a task that
needs to be done when building a new wrapper fora CDSS is building this memory bridge to
allow the mediator towrite and read in the working memory of the execution engine.

442 Dataloaders

As mentioned above, the mechanism for loading data from data sources is defined in the
Dataloader class. Provided as an interface,implementationsare requiredfor each different type
of data source or technology. We propose two methods for developing specific loaders: 1) to
follow the provided "generic data loader' XML Schema configuration; or 2) to define new
configurations forspecificdataloaders. These approaches are described below.

4.4.2,1 Generic Loader
The GenericLoader is composed of a set of elements that can be used to easily define a new
Dataloader. Figure 7showsthe schemafor this method.

Dataloader

GenericDataloader

LoaderURI: anonymous

’

parameter
1“*

ParameterOption

<<attribute>> id: string

//x/ \Z\.\\
/’/ \
el i
SimpleParameter MultiParameter
w d
parameterValue parameterValue
1.1 ) 1.
ValueOption

Figure 7: Generic data loader. UML representation of a XSD schema.

When a generic Dataloader is developed, a loaderURI that points to the loader class must be
specified. This URI is called when the specified data is needed, and the class receives the
parameters specifiedinthe XML instance. Any number of parameters (ParameterOption class)
can be specified and each parameter can have one (SimpleParameter) or several
(MultiParameter) values. These parameters look up the data using the ValueOption interface
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that we defined above. Additionally, a ContextValue value is definedinside the SimpleValue
XPathroute. This allows the userto dynamically defineroutes based on datathat are knownin

execution time.A briefexample of an XMLinstance using the GenericLoader can be seenin Code
1

<datalLoader xsi:type="GenericDataLoader">
<loaderURI>es.upv.ibime.bmg.cdsdc.xpathloader .XPathDataLoader</loaderURI>
<parameter xsi:type="SimpleParameter" id="url">
<parameterValue xsi:type="URL">C:/patientData.xml</>

</parameter>
<parameter xsi:type="SimpleParameter" id="xpath">
<parameterValue

xsi:type="SimpleValue">//x:observation/x:code[@code="<query
xsi:type="ContextValue">patientID</query>"']/../x:value/@value</>
</parameter>
<parameter xsi:type="SimpleParameter" id="namespaces">
<parameterValue xsi:type="SimpleValue">x=urn:hl7-org:v3</>
</parameter>
</dataLoader>

Code 1: Example of the Generic loader instance. The mediator looks for a file named patientData.xml in the url
provided. Afterwards, it searches for the value of the data using the XPath route and the Namespace. Before
resolving the XPath route, the value defined inside the ‘ContextValue’ is retrieved and used in the route definition.

The genericloaderis useful for developing new dataloaders; however, in orderto facilitate the
definition of XMLinstances of the most common sources, specificdataloaders can also be used.
The following subsections describe three specific data loaders that we have included in the
mediatorto deal with XML, Web Services, and relational databases.

4.4.2.2 XPathLoader

The XPathDatalLoader permits dataretrieval froman XML file in an easy and compactway. The
definition of its schemaisshownin Figure 8.

DatalLoader XPathLoader

T Read XML from
source
XPathLoader v
Retrieve data
from XML using
Lt| X;zth namegpaces XPATH
<|»1 1‘,.1 1.|.1 *
4 ..
ValueOption (_ Finish )

Figure 8: (Left) XPath data loader UML of an XSD schema, (Right) workflow of the XPath data loader

The XPathLoader uses three parameters to definethe datasource inthe XMLinstance: url, xpath
and namespace. The url contains the route where the document is located. The xpath
corresponds to the XPath query where the data is defined, and finally the namespace
corresponds to the namespace used in the XPath query to avoid ambiguities in the data
definitions.
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The Code 2 example has the same functionality as Code 1. However, the creation of the XML
instance is simplified because only the mandatory elements are required.

<dataloader xsi:type="xpath:XPathLoader">

<xpath:url xsi:type="URL">file:/C:/patientData.xml</>

<xpath:xpath xsi:type="SimpleValue">//x:observation/x:code[@code="'<query
xsi:type="ContextValue">patientID</query>"']/../x:value/@value</>

<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-org:v3"'</>
</dataLoader>

Code 2: Example of the Xpath loader. CDS-DATOR will look for a file named patientData.xml in the provided url.
Afterwards, it will search for the value of the data using the xpath route and the namespace.

4.4.2.3 WebServiceLoader

The WebServiceLoader permits data to be retrieved from web services based on SOAP or REST
specifications. To use a REST service, we need to definethe web service URL, the expected data
type of the return value, and the parameteror parameters sentto the web service. Inthe case
of a SOAP web service, we need to define the web service URL, the name of the method to call,
and the parameteror parameters that will be passedto this method. Asinthe previous loaders,
we can use any of the parametertypes provided withthe mediatoras parameters (such asaset
of variablesinthe context of a CIG). The schema of the WebServiceLoader as well as its workflow
isshownin Figure 9. A usage example of thisloaderis presented insection 5.1.1.3.
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Figure 9: (Left) WebService data loader UML of XSD schema, (Right) workflow of the WebService data loader

44.2.4 SQlloader

The SQLLoader permits the definition of SQL queries to relational databases. Figure 10 shows
the schema and workflow of this loader. The loader requires two parameters: the connection
URL and the SQL query. The parameter connection contains a URL that specifies the database
connection parameters such as the address, user, and password. The parametersq/will contain
the SQL query neededtoretrieve the datarequired forthe database. Also, as shownin section
4.4.2.1, the output of one loader can be the input of another loader, providing the SQL loader
with the capability of dynamic query definitions allowing both the connection and the query to
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be obtained from different sources. A usage example of this loader is presented in section

5.1.2.2.

443
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ValueOption ( Eiish )

Figure 10: (Left) SQL data loader UML of XSD schema, (Right) workflow of the SQL data loader

Mapping data sources

Defininganew mapping betweenan execution engine and the datasources is a straightforward
procedure. The stepsto define anew mediation are the following:

444

Identify the datarequired to be mapped. From the datarequired by the CDSS, we need
to identify the dataitemsand, if applicable, the stage of the CDSS inference inwhich it
isrequired.

Identify the datasourcesto be used. We need to identify the data source for each of the
data itemsfrom step 1. Depending onthe source, we will define the corresponding data
loaderassociated to the corresponding technology as well as its parameters.

Define the mapping between the sources and the data required by the CDSS. Finally,
once the involved data and sources are identified, the final step is to write the XML CDS-

DATOR mappings. At each stage in which a data item is needed, we will define its
corresponding mapping.

Procedure to use the CDS-DATOR in a CDSS implementation

Defining a connection between a CDSS and the CDS-DATOR implies building a bridge class to

connectthe memory of the mediator with the memory of the CDSS. The stepsto define a new
connection are as follows:

The data retrieval manager/module of the CDSS has to be found
A wrapper of this data manager hasto be developed, allowing the CDSS to connect with
the CDS-DATOR

Everytime anew dataitemisrequired by the CDSS, the previouslydefined wrapper will
be called, startingthe entire process of dataretrieval described above

4.5 ADAPTER LIBRARY

As stated earlier, the Bayesian library was designed originally to test the Bayesian uncertain
theory developed for introduce uncertainty in decision trees. Afterwards, a graphical user
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interface was developed, but the original Bayesian library was too complex to representall the
knowledgein the interface so asimplification to present the datato the userneeded to be done.
The model schemas for the Bayesian library and the GUI can be seen in Figure 3 (section 4.3)
and Figure 12 (section 4.7) respectively. Although similar, these schemas presented some
expected differences due to technical requirements, so an adapter library was created (see
Figure 11).

This library does not only manage the data interchange between the Bayesian library and the
GUI, it also provides an accessing point to create and adapt more data managers, like the
probabilisticmodels of section 4.6and the data mediatordefinedin section4.4.

Thanks to this decoupled design, the user interface and the Bayesian library are independent
from each other, allowing us to makes changes independently. The adapter library takes care of
all the code transformations needed so if one library changes, the other does not need to be
notified of such change.

2 1

Adapter .::' Ciagram Data

I:::I Model
R:“ —)

Figure 11: Adapter functionality schema. The diagram data models passes the data contained in it (1) and the
adapter transforms it to the decision library data model (2). When a solution is calculated for the Bayesian library,
the data is returned to the diagram through the adapter (3, 4).

Bayesian
Library

4.6 PROBABILISTIC MODELS

The power of the decision process presented Criterion relies on the probabilistic management
of the uncertain events and the utilities of the decisions taken. The utilities are setinthe diagram
and usually are fixed unless new medical evidence is discovered. On the other hand, the
probabilities of the uncertain events don't need to necessarily be static neitherequal to all the
patients. A fixed set of probabilities based on the medical evidence can be established, but a
dynamic set of probabilities adapted to the patient’s need would provide a better and more
informed decision.

That is why Criterion can make use of probabilisticmodels that will set the probabilities of the
uncertain events. These models can be trained with the medical evidence avail able, creating

models that adapt to the data of the patient and could produce different paths for different
patients.

4.7 DIAGRAM DATA MODEL

The diagram data model used relies on the eclipse modeling framework (EMF) tools (i.e., the
Ecore Tools and the extended editing framework), that provides to the developers an
architecture to define widgets and data binding.
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The core of the diagram data model is specified following the XML Metadata Interchange
standard!! (XMI). The XMl is a standard for exchanging metadata information via XML. The main
usage of the XMl format is the informationinterchange of UML models. This provides the core
of the application with the interoperability needed to use other EMF-based tools, and allows us
to serialize and deserialize the information following the XMl interchange standard.

Modelsinside the XMl file can be specifiedusing annotated languagessuch as Java, UML or XML
and other specific tools. For the development of Criterion we used the EMF modeling tools.
These tools simplify the creation of the XMl file providinga series of editors that create an Ecore
file inside of which are defined the classes and the relations that are going to be used by the

system. The Ecore file isinternally specified following the XMl standard. Figure 12 presents the
simplified diagram thatis modeledinside the Ecore file:

H Tree
= name : EString

LK

O INode u UtHity
= label : Estring = label : EString
=anamcHESTngR] - 5 name : EString
7 7 = walue | EDouble
A A
O 1Dacision
H UeContairer
A A
H DecisionLeaf H Decision H alternative H UncertainEvent
= branchUtility : EDouble = expectedUtility : EDouble  —— & ufflame : EString = probability | EDouble
= suggested : EBoolean

Figure 12: Simplified UML schema representing the classes and relations of Criterion

Based in this model specification, the generator model tool provided by the EMF allows to
generate Java code at runtime. This generated code is comprised by a set of classes that define

the specified model and aset of adapter classes that enable viewing and editing the datainside
the model.

Ascan be seeninFigure 12, the schema definition created forthe userinterface is similarto the
schema of the Bayesian library presentin section 4.3. This was done intentionallyto simplify the
information interchange between the userinterface and the mathematical library. However, the
complexitybehind the Bayesian library did not allowa one-to-one match and an adapterlibrary
had to be created, as itcan be seeninsection 4.4.

11 http://www.omg.org/spec/XMl/
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4.8 GRAPHICAL USER INTERFACE

The graphical user interface creation follows a meta-model methodology. The manually
programmed code has been reduced to the minimum possible, relying all the code generation
on the generation schemas. This programming styleis capable of generate thousands of lines of
code automatically, reducing greatly the development time and easing the maintenance of the
software. The next subsections present the data editors created to allow the user define and
execute Bayesian decision trees.

481 Sirius

The userinterface has been developed used the Sirius framework?, a projectinside the Edipse
framework thatallows the users to create, edit and visualize EMF models. The Sirius library eases
the process of binding the datamodel with the graphical interfacethrough aseries plugins that
save lots of codingtime.

From the Sirius wiki3: “Sirius enables the specification of a modeling workbench in terms of
graphical, table or tree editors with validation rules and actions using declarative descriptions.
All shape characteristics and behaviors can be easily configured with a minimum technical
knowledge. This description is dynamically interpreted to materialize the workbench within the
Eclipse IDE”.

This dynamic evaluation of the schema created, allows to define the diagram structure to be
built and test at the same time. Figure 13 shows how the diagram model is created. After the
creation and validation of the model, the userwill only see the editor showed in the right.
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Figure 13: Sirius editing interface. Left, the diagram model definition tools. Right, the test diagram used to see the
changes in real time. In this example a special dashed style has been created to show that an edge don’t have a
utility assigned. The style can be seen at the same time in the editor at the right.

Furthermore, Sirius does not only provideagraphical diagram editor, italso permitsconnecting
the diagram model with Java code, allowing to make calls from the diagram to predefined
methods or classes. Besides the model editor, Sirius provides different viewers to present the
data to the user. Figure 13 (right) shows the diagram viewer. The diagram viewer has
functionalities such as sorting the diagram elements (automatically or following a layout),
present the datain layers (allowing to show/hide different layers of information), filtering the

12 http://www.eclipse.org/sirius/overview.html
13 http://wiki.eclipse.org/Sirius
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elements(afilter can be defined to show/hide onlyspecificelements) and exporting the diagram
as an image. These features and more are explainedin section 4.8.3.

48.2 Project Explorer

The project explorer view allows the userto create or delete projects inside of which the diagram
models are defined. Figure 14 shows the project explorerview forasimpletutorial created. The
diagram information and data bindings are storedin the file *.aird and the file storing the model
informationisthe *.decision. Inside the airdfile different views to edit the data can be created.

Figure 14 shows the three vies that the user can create to show the data available in the data
model.

[£ Package Explorer [ Project Explorer 5%
2 [ Tutorial
=i, Project Dependencies
a [ representations.aird
a4 +F tree_editor
. & Treediagram
. R utilitiesTable
. &= treeModel
a %’ testDiagram.decision
4 = Tree
& new Tree diagram
< Decision
4 Ue Container
4 Alternative
4 Leaf
<= Uncertain Event
< Utility
Figure 14: Criterion project explorer
view

Furthermore, Criterion makes use of all the Eclipse functionalities so if the user wants, the

projects created can be shared, stored or even managed through aversion control system such
as Subversion# or Git*°,

483 Graph Editor Viewer

The graphical editor is the main editing window used when creating the decision tree and it
displays almost all the diagram information. It is composed by two different parts, the graph
viewerand the edition palette. Figure 15 presents part of the graph createdinsection 5.1.

14 https://subversion.apache.org/
15 http://git-scm.com/
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Figure 15: Graph editor. Almost all the view is occupied by the graph viewer which allows to move, select, edit and
connect nodes. The left part of this editor presents the palette, where the user selects the node or connection that
wants to create.

The graph editoralso allows to show/hide diagram information, so the usercan focus in editing
only selected parts of the graph. At the top of the editorthereis a tool bar that offers the user
some special features. This toolbar changes if the user selects a graph node or not, presenting
specifictoolbars fordiagram editing or node editing. Figure 16 shows the diagram toolbar which
isactive by default. This toolbar presents features like: arrange all nodes(1), select all nodes (2),
refresh the diagram information (3), show/hide diagram layers (4), create/apply filters to the
graph (5), show/hide specific diagram elements (6), zooming (7), and export the complete
diagramas an image (8).

= | B & o 10% - | =,

D%v:g.}l:v Qﬁ-@| - 5

1 "2 3 4 5

Figure 16: Diagram toolbar showed when the user does not have a node selected.

Figure 17 shows the node toolbar. This toolbar appears when selectinganode oraset of nodes.
It offers functionalities such as: arrange (1), align (2), pin/unpin(3), copy layout (4), show/hide
node (5), show/hide node label (6), delete node (7), several font styles (8), several node color
and connectorstyles(9), and auto size (10).

s
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Figure 17: Node toolbar showed when the user selects a graph node.

484 Graph Properties Viewer

Although the graph editor shows enough informationto create the diagram, sometimes the user
needto introduce more specificinformation in a node. Havingall thisinformationinthe graph
editorwould complicate excessivelythe diagram edition show a properties viewwas created to
deal with such task. In the propertiesview, the properties of the node currently selected in the
diagram editorare showed.
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Figure 18: View presenting the properties of a decision node.

The properties editor presentedin Criterionis showedin Figure 18. This editor presentsall the
node informationto the userin a friendly and easy to use way. We achieved this by using the
Extended Editing Frameworkwhich providesthe functionalitiesto define data model editors and
bind them with the diagram editor.

4.8.4.1 Extended Editing Framework.

Figure 19 shows how the data is presented to the user when using the standard editor provided
by Eclipse to display data. Internal properties that the user should not edit such as the Name
(theinternal id of the node) are presented. Also the medical evidence datawhichis composed

by a list of medical resourcesis not displayed entirely, and itis difficult to edit not displaying any
edit buttons and only answeringfordouble clicks.

Base Property alue
4 Liility ul1l
Alternative 4 Alternative Si
Evidence < Swedish Study { httpsf Ao ne
Label 1= 0lll
Mare 1= _ck2UoPDpEeOgBSHERNZQ
Uncertain Event <+ Uncertain Bwent Si
Walue 4.1 -2.3701

Figure 19: Utility node properties presented using the standard eclipse
editor.

To solve this issue we created the node data editors using the extended editing framework.
Based in two mapping files, one for define the data bindings of the model properties with the
components showedinthe interface, and the other to define the code generation process, we
are able to presentthe userthe data inputinterface showedin Figure 20. The main differences

Base ~ Properties
Label: ulll
Walue: -2.3701
Alternative: Alternative Si D
Uncertain Event: Uncertain Bvent Si D
Evidence A | | %

< Swiedish Study ( http:/fasamnchinlm.nibh.gov/pubmed/18250350 )
< Uk and CDIS  hitp:/ s ncbinlmonihogow/pubrmed/21145284 )

Figure 20: Utility node properties presented using the extended
editing framework.
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between Figure 19 and Figure 20 are a cleaner presentation of the data and the possibility to
edit all the data with only the left click of the mouse (an important feature when dealing with
inexperienced users). Furthermore, new functionalities have been included, among others,
allowingthe userto navigate to the URL introduced in the medical evidence field.

The inclusion of this editing framework does not only improves the data presentation. Defining
the data properties bindings in independent files provides our project modularity and
reusability, allowing other developers to introduce new properties or changes in the editors
without having to modify any other part of the project.

485 Utilities Table viewer

Inside the utilities nodes, we have tointroduce the value that we want to use in the calculations
of the bestdecision path. We dealing with small trees, we can editthese propertiesdirectlyin
the graph editororinthe nodes properties. However, when we have to manage the utilitiesof
a bigtree (like the one presentedinsection 5.1) the task of defining or updatingall the utilities
can be tedious. The utilities table viewer (Figure 21) has been created to solve this issue, it
presents all the utilities defined in the graph in one place and allows the user to edit them
without having to navigate the diagram or the tree definition.
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<4 Utility ul2d 23661

<4 Utility ul22 28385

4= Utility ul123 -2.1594

< Utility u211 19129

4 Utility u214 21928

<= Utility w212 2.3965

< Utility u213 11362

Figure 21: Utilities table viewer. Presents al
the utilities of the graph in a table.

486 TreeModel Viewer

The tree model viewer has been created to give the user a compact view of the tree diagram
that is defined. The nodes of these tree view are the nodes defined in the diagram and the
father/child relationships are defined though the connections created in the graph editor.

Moreover, when the userclicksin the nodes, the properties view reacts showing the properties
of the node selected asif the node has been selected inthe diagram editor.
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The collapsible tree model viewer has been proved a good ally when dealing with big trees,

allowingthe usertokeeptrackonthe nodes anditsrelations although they are not show in the
main diagram editor.
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Figure 22: Tree model view. The tree nodes and

relations are presented in a compact and
collapsible form.
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5 RESULTS

In the next sections we are going to analyze the case studies carried out to test the
methodologies proposed.

5.1 CDS-DATOR

In this section, we present the results of two case studies that describe the steps followed to
develop the wrapper, asimple test case, and finally, the results of the integration. The first one
integrates CDS-DATOR with the PROforma ClGengine. The second one allows the Curiam CDSS
engine toquery a database and retrieve datato classify a case.

5.1.1 PROformacase study

For the purpose of evaluating the effectiveness of the system in CIGs, we have developeda
wrapper for the PROForma [16] CIG engine. Such execution engine is the responsible for
executingthe PROforma guidelines. Since it manages the inputs and outputs of the guideline, it
will be the component wrapped by the mediator.

The PROformalanguage models the clinical knowledge containedinaguidelineas a set of tasks
and dataitems. The task abstractioncan be subdivided into four different types: plans, decisions,
enquiries, and actions. A plan is a container task; it can contain any type and number of tasks,
even other plans. A decision task implies a selection between options presented during the
execution of the guideline. An enquiry is a request for information at a specific point of the
guideline and anactionis a procedure which has to be carried out.

The PROforma execution engine enacts the CIG written in the PROforma language. A parser
instancesthe required classes and the structuresthatare defined inthe CIG before itis started.
The execution of the guideline can be automatic or step by step, (with the term step meaning
the progress between tasksinside the guideline). When the guideline needs external data, the
engine has to make a request through an enquiry. Assuming that a guideline needs a large
amount of data (e.g., the EHR of the patient when the guideline starts), the time spent manually
entering this data may be substantial. CDS-DATOR can overcome this issue by providing the
guideline with direct access to the required data onthe EHR system.

5.1.1.1 Integration with PROforma

PROforma could be extended to allow similar data access capabilities by means of extending its
own language; however, this would require changing the original language definition, sinceitis
tiedto updates and changes inthe language. Oursolution does notrequire any modificationin
the original PROforma language or code. Hence, the system developed over the PROforma
version 1.6 maintains compatibility with the current 1.7 version.

Basically, the CDS-DATOR PROforma wrapper consists in adding event listeners to the nodes
where external datais required, i.e., those specified in the CDS-DATOR XML definition (whose
name must be equivalent to the node name in the PROforma guideline definition). Thus, the
wrappermainly consists in an extension of the PROforma execution engine entry class (PFEngine
class), extending the PROforma task listener (TaskAdapter) and assigning the corresponding
eventstothe corresponding nodes at startup (Figure 23). Thus, when a data itemisrequiredin
the enquiry nodes, our event calls the CDS-DATOR procedures to retrieve data from the
corresponding data source using the corresponding parameters. When this execution finishes,
the execution line will continue in the task listener, which will add the retrieved data to the
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PROforma engine. In our case study, the wrapper required two classes and less than 200 lines

of code in total. This demonstrates the minor effortthat may be required tointegrate the CDS-
DATOR to provide dataaccessto a CDSS.

n 1
PFEngine Task adapter
PFEngine n 1| CDS-DATOR
Wrapper listener

Figure 23: The PFEngine and TaskAdapter classes belong to the PROforma engine. Extending them in this way allows
the software to register new listeners in the engine without having to modify the code inside the engine.

5.1.1.2 Description of the case study guideline

We tested the integration of CDS-DATOR with PROforma using a clinical guideline for the
diagnosis plan of patients with chronic obstructive lung disease (COPD); the guideline was
written in the PROforma language. The evaluated guideline (Figure 24) was a subset of the
complete guideline for the care of patients with COPD and chronic heart failure published in
[32]. The tested guideline classified the COPD stage of the patient accordingto the clinical data
and the results of a spirometry test. Inorderto fully explore the capabilities of CDS-DATOR, we
introduced a minor modificationinthe guideline to retrieve two of the required values from an
external CDSS as we describe furtheron.

The evaluated guidelineincluded: three enquiry nodes, where the datais requested (rhombus);
two decision nodes, where a choice between nodes has to be taken (circles); and five action
nodes, where the clinical procedures are specified (squares).

The first enquiry node required the following patient data: age, gender, chronic cough,
chronic_respiratory_failure, chronic_sputum_production, dyspnea and risk_factors. We
considered these datato come from the medical history of the patient. Afterwards, the decision
node compatible_clinic_decision analyzed the dataand recommended one of its options, which
may or may not be infavour of continuing the clinical tests.

In our case study, if the node spirometry_enquiry is reached, the guideline requested the current
measurements of the patient: FEV1, FVC}, the ratio of these (FEV1/FVC) identified as
FEV1 FVC postbronchodilator, and the current patient weight}. FVC corresponds to the forced
vital capacity, which is defined as the maximum air volume that can be exhaled by the patient
from a maximally forced expiratory effort. FEV1 corresponds to the air volume exhaled during
the first second of a forced expiratory effort, which is carried out before a maximally forced
inspiration. The value of the ratio of these measurements must be compared with a reference
value on a healthy person with similar characteristicsin orderto diagnose COPD. To accomplish
this task, the enquiry spirometry_results_enquiry makes a request to an external CDSS which
takes the data of the patient and internally retrieves the reference value, providing the data
FEV1 prediction as a result. This resultis required for furtherdiagnosis. This calculusis carried
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out according to the norms of the Spanish Society of Pneumology and ThoracicSurgery (SEPAR)

[38]. Finally, based on decision rules over the collected data, the decision node
spirometry_results _decision will determinethe COPD stage.

unlikely_COPD

compatible_clinic compatible_clinic
_enquiry _decision

spirometry_results COPD_stage_|

_enquiry
spirometry spirometry_results COPD_stage_lI
_enquiry _decision

PD_stage_lll

COPD_stage_IV

Figure 24: Graphical representation of the PROforma guideline for COPD diagnosis used to test the CDS-DATOR.

5.1.1.3 Proofofconcept

Inour case study the guidelinedescribedabove was executed in the wrapped PROforma engine
usingthe CDS-DATORto retrieve the datarequired throughoutthe process of the CIG. In order
to testthe accessto different datasource technologieswe definedaccesses to the following: (1)
an HL7-CDA document that contained the patient's EHR, which was retrieved from a HIS web
service; and (2) a web service that publishes a secondary CDSS, which obtained the
FEV1 prediction. Figure 25 describes the data requests carried out by the guideline using the
mediator. The firstenquiry node was related to (1) and requests datafrom the patient's history,
which is located in the patient's EHR. The second enquiry requests data from new tests or
physician observations of the patient. In this case study, we also obtained this data from the
retrieved EHR; however, a new data loader could be developed to ask the userfor this data by
means of a specificgraphical userinterface, orjust by querying a database whichhas just stored
the measurements from the corresponding devices. Finally, the third enquiry node (which is
related to (2)) requested its datafrom the CDSS web service by sending the corresponding input
variables. These mappings were defined in the CDS-DATOR XML mappingfile (see section 8.3.1)
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Figure 25: Just after the start of the CIG execution, the mapping file is loaded from the wrapped PFengine (1). This file
(1') tells the CDS-DATOR what data is needed during the guideline execution and where to find it. According to the
mapping file, a Preload of the patient's data is made (2) sending a petition to a web service (2') and storing the results
in the CDS-DATOR cache. The enquiry nodes ask the mediator for data. The petitions marked as (3) are made to the
patient's file stored in cache (3') and the petition (4) is made to a CDSS web service (4'). Finally, once the necessary
data is obtained, the guideline makes a decision and suggests a diagnosis.

In this proof of concept, we decided to use an initial PreLoad to store the patient's EHR in the
CDS-DATOR cache (Figure 25 (2)). This permits further queries over it, eliminating having to
consecutively access the original external datasource.The health record retrievedfrom the web
(Figure 25 (2')) was an HL7-CDA document based on the template defined by Saez et al [43].
Code 3 shows an extract fromthe HL7-CDA document containing avariable of the patient.

<entry>

<observation classCode="0BS">

<code xsi:type="CE" displayName="chronic_cough" codeSystemName="Codification
System SNOMED-CT" codeSystem="2.16.840.1.113883.6.96" code="68154008"
xmlns:xsi="http://www.w3.0org/2001/XMLSchema-instance"/>

<statusCode code="completed"/>

<effectiveTime value="198901010000"/>

<value xsi:type="BL" value="true" xmlns:xsi="http://www.w3.0rg/2001/XMLSchema -
instance"/>

</observation>

</entry>

Code 3: Example of a data XML file. The value in this example tells the CDSS that the patient has a chronic cough.

In orderto facilitate understanding of the behavior of the proof of concept, we describe a subset
of the mapping file. Code 4 shows the lines of the XML mapping instance that were used to
retrieve the patient's EHR at the beginning of the execution of the engine (Figure 25(1)). ASOAP
web service was called. A data identification ( patientEHR) is given to the data retrieved so that
the resultant document could be stored in the system's cache to be accessible during the
guideline execution. When we wanted to access the data of the document, we had to use this
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data IDfroma PrelLoad. Also, the ContextValue parameter provideda dynamic way of specifying
the patient's ID enabling the reuse of this mapping with other patientsin the HIS.

<preload id="patientEHR">
<datalLoader xsi:type="web:WebServiceLoader">
<web:soapService>
<web :wsdlURL
xsi:type="URL">http://localhost:9901/PatientHistory?wsdl</>
<web:operationName xsi:type="SimpleValue">getRecord</>
<web:parameters xsi:type="ContextValue">patientID</>
</web:soapService>
</dataLoader>
</preload>

Code 4: This code is used to retrieve the patient's EHR at the beginning of the guideline execution. The
‘ContextValue’ parameter looks for the patient id in the CIG working memory. The mediator uses SOAP messages to
send the petition to the web service and to retrieve the data of the patient.

The followinglinesin Code 5 show how a dataitem usedin the guidelinewas retrieved ( Figure
25 (3)). In this particular case, the data item was retrieved from the document that was
previouslystoredin cache (Figure 25(3')). Therefore, the type of the source was a PreLoadValue
whose identificationis the ID that we previously gave to the document (inthis case, patientEHR).
Afterthat, it was only necessary to define the Xpath route where the data item was located, as
explained in section 4.4.2.2. In this case, we want to know if the patient had a chronic cough
using the corresponding SNOMED-CT code (as indicated in Code 3, thisvalue istrue). When the
value was retrieved, it was passed to the node compatible_clinic enquiry and the next required
data item was checked.

<stage id="compatible_clinic_enquiry">
<data id="chronic_cough">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue">patientEHR</>
<xpath:xpath
xsi:type="SimpleValue">//x:observation/x:code[@code='68154008"]/../x:value/@value)</>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-org:v3</>
</dataLoader>
</data>
</stage>

Code 5: This code is used to retrieve information about the patient's chronic cough. The xpath route was applied to
the XML file stored in cache and the value of the chronic cough variable was retrieved.

The lastexample, Code 6shows how a petition was made to the CDSS, which was aninstance of
the Curiam CDSS classification engine [46] (Figure 25 (4')). In this case, the CDSS input/output
was a REST web service. We communicated the parameters needed to do the calculations and
retrieved the datarequestedin the guidelinenode.
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<stage id="spirometry_results_enquiry">
<data id="FEV1_prediction"”>
<dataloader xsi:type="web:WebServiceLoader">
<web:restService>
<web:restURL
xsi:type="URL">http://localhost:7080/es.upv.ibime/rest/feviPred</>
<web:datatype xsi:type="SimpleValue">text/plain</>
<web:parameters xsi:type="ContextValue">FEV1</>
<web:parameters xsi:type="ContextValue">FVC</>
<web:parameters xsi:type="ContextValue">Age</>
<web:parameters xsi:type="ContextValue">Gender</>
</web:restService>
</dataLoader>
</data>
</stage>

Code 6: This code shows how the data is retrieved from a CDSS that is using a web service to communicate. A REST
petition with the parameters ‘FEV1’, ‘FVC’, and ‘Age’ is made and the result is the data ‘FEV1_prediction’, which is
required from the node ‘spirometry_results_enquiry’.

The complete XML mapping instance of the test where all the data mappings are defined is
presentedinsection 8.3.1.

5.1.2 Curiam BT case study

The second case study shows how to provide data access to the Curiam BT CDSS [45, 47] using
CDS-DATOR. Curiam BTis a CDSS for brain tumor diagnosis based on the analysis of 1.5and 3.0T
Single Voxel (SV) Proton Magnetic Resonance Spectroscopy (1H MRS) data and it relies on the
genericCuriam CDSS [44].

The Curiam CDSS framework provides the tools to build specific CDSS through a generic user
interface and logical software components. The Curiam eases the inclusion of new predictive
models using a generic classification framework [46]. Additionally, Curiam provides a generic
relational database model which permits simultaneously including data for different domains.

Hence, the purpose forthis case study is to provide Curiam BT access to MRS spectra storedin
such database.

5.1.2.1 Integration with Curiam BT

The Curiam framework which supports Curiam BT was designed following a three layer
architecture. These layers separate the components dedicated to the data and configuration,
application logic and graphical user interface. The Curiam data layer is divided in two main
components, the data access component (or data framework) and the configuration
component. For this case study we will wrap the Curiam data framework with our mediator.
Figure 26 shows how the mediatoris adapted to the Curiam data source manager.

40




1 1 Data 1 J
Framework

1 e

CDS-DATOR

XML Parser W
rapper

Figure 26: Extension of the data source manager used in Curiam. A wrapper extending the data source provides
Curiam with the mediator functionality.

5.1.2.2 Proofofconcept
The data expected by Curiam BT is a raw MRS short time echo (STE) signal alone or in

combination with araw longtime echo (LTE) signal, according to the predictive modelto use as
describedin [47].

Data signals are stored as 512 points arrays in the generic database that is composed by two
tables, the patients table and the variables table. The patients table has two fields: the patient
id as the principal key, and the variable name. The variables table is composed by an id and a
datafields. The id of the variables table is the composition of the id/variable fields of the patient
table, so each patienthas a unique set of variables.
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Figure 27: Data request (1) and result (4) of the connection of Curiam BT with the CDS-DATOR.

In Figure 27 we can see the route that follows the data in our case study. When a patient is
selectedin Curiam BT, their data are requested by the data manager. Two queriesthatinclude
the patientID, are passed to the mediator (1). Accordingto the mappingfile, the mediator will
retrieve the data from the database using the SQL Loader (2, 3). CDS-DATOR returns the data
requestedto Curiam BT (4) and Curiam BT uses the data retrieved by the mediatorto create an
XML and access it from the logic layer. Afterwards, the CDSS presents an output based in the
data retrieved and the classification models used. The complete XML mapping instance of the
case study where all the datamappings are definedis presented in Appendix 8.3.2.

In this case study a database containing the MRS cases is used. Although it is not generalized,
some MR scanners manufacturers permit including the MRS in the DICOM medical image
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standard'®, which may also be accessed by the mediator. The mediator allows defining web
service petitions in SOAP with an unspecified number of parameters, hence a SOAP request
message with the search criteriadefined asan XML could be created and passed to the DICOM
service. The DICOM service that receives the petition generates the results as a soap response
in XML, which are received by the mediator.

5.2 NAIVE BAYES CLASSIFIER

In this case study we explain how to include the Naive Bayes classifier in the Criterion
framework. The purpose of the classifier is to estimate the probabilities of breast cancer relapse
afterthe patienthas beentreated. Developing a descriptive model of the relations betweenthe
independent variables and the relapse or determining the independent variables with more
influence on the outcome is considered out of the scope of this development. The models are
developed usinga machine learningapproach, which allows usto use the simple but powerful
Naive Bayes (NB) learning algorithm. NB is considered as a benchmark algorithm [28] and has
been successfully applied to many medical domains [26].

521 Methods

The data usedinthe modelsis adataset (N=84) of independent clinical variables such as patient
age, histology of the tumour (in situ or invasive), type of breast tumour (ductal or lobular),
positive estrogen receptors (yes/no), positive progesterone receptors (yes/no), positive HER2
(yes/no), affected axillary lymph (yes/no), orstage (I, 1A, 1B, llIA, 111B, llIC, or IV); and treatment
variables including surgery conducted to the patient (yes/no), radiotherapy (yes/no),
chemotherapy (yes/no), or hormonal treatment (yes/no); the dependent variables were the
loco-regional relapse (yes/no) and the local relapse (yes/no) of breast cancer after the patient
has beentreated.

As previously stated, we faced the model classification problem from a machine learning
approach. The machine learning methodology is composed by two main steps, the trainingand
the evaluation of the models.

5.2.1.1 Modeltraining

The small set of cases and the missing values difficult the use of more sensitive predictive models
such as logistic regression or artificial neural networks. The Naive Bayes approach presents a
robust solution when facing missingand noise data, itis simpletoimplementand requires little
data for training [2], makingita clear election for this classification problem.

The NB algorithm is used as a classification model that assumesindependenceamongthe input
variables. NB estimates the posterior probability of the output class giventhe input data based
on the Bayes’ rule:

p(x|C)P(C)

POk ="

Equation 2: Bayes rule

16 http://medical.nema.org/standard.html
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In Equation 2, Cis the class to be classified (i.e. “relapse” or “no relapse”), xis the input vector,
p(x]|C)isthe class-conditional probability, P(C) is the prior probability of the class estimated as
the observed prevalence, and p(x)is the marginal probability usedas a normalizationfactor. The
major assumption of this model is that the class-conditional probability can be factorized into
an independent probability foreach inputvariable, as shownin Equation 3:

p(x|C) = Hp )

Equation 3: Independent class conditional probability.

This assumption permits us to model each variable conditioned to each class, and to assume
that each one follows an appropriate distribution. Thus, the patient’s age is modelled as a
continuous Gaussian distribution, the categorical variables are modelled as a multinomial
distribution, and the binary variables are modelledas a Bernoullidistribution. The training of the
models is focused on adjusting the distributions’ parameters for each variable as well as the
prevalence of the classes. Unfortunately there are up to nine times more cases of “no relapse”
than cases of “relapse”, that is considered a high imbalance on the classified classes. To
overcome thisissue we created and tested two different models. The first one uses the original
prior probabilities of each class while the second one assumes that each class is equally likely,
settinga uniform prior probability for the classes.

5.2.1.2 Model evaluation and results
Due to the small set of cases available (only 84), a 6-fold cross validation was used. The models

were trained and then evaluated with anindependent test set, and this process was repeated 6
times. Also, the performance of the model was averaged to obtain an evaluation estimate.

The metrics used in the performance evaluation of the models were the accuracy with a 95%
confidence interval (ACC), the sensitivity (SEN) and specificity (SPE), the balanced accuracy rate
(BAR), and the areaunderthe ROC curve (AUC). This evaluation is based inthe work of Brodersen
etal.[9].

The results of the classification models are shown in Table 1. Considering the relapse as the
positive class, these results show that the uniform prior assumption has higher sensitivity and
BAR. The empirical priors show a betteraccuracy, but the null sensitivity tellsusthatthereis a
high imbalance between the classified classes. The models classified using a uniform prior
present an improvement in sensitivity and specificity thus, showing a higher balance accurate
rate.

Relapse Prior ACC(95%Cl) SEN SPE BAR AUC
Loco-regional | Empirical | 0.90(0.82,0.95) | 0.00 | 1.00 | 0.50 (0.49, 0.66) 0.68
Local Empirical | 0.94 (0.86,0.98) | 0.00 | 1.00 | 0.50(0.49,0.75) | 0.87
Loco-regional | Uniform 0.76 (0.66, 0.84) | 0.62 | 0.78 | 0.70(0.53, 0.82) 0.71
Local Uniform 0.81(0.71,0.89) | 1.00 | 0.80 | 0.90 (0.63, 0.92) 0.93

Table 1: Results of the Naive Bayes models for risk of relapse prediction.
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Figure 28 also shows that the behaviour of these NB models is significantly better (¢ = 0.05)
than random guessinterms of BAR.

Figure 28: Posterior BAR of the NB model for loco-regional relapse (top) and local relapse
(bottom). X-axis is the BAR. Y-axis is the value of the BAR posterior probability density
function. The confidence interval at 95% (shaded grey) shows that the BAR is over the limit
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Inclusion in Criterion

After define, train and evaluate the models we have to add them to the decision software. In
Criterion a model can be added trough the diagram editor. The user needs to specify the
uncertain node where to add the model as seenin Figure 29.
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After selecting the node, the user needs to specify the data required for the models so the
mediator knows where to store the data retrieved from the datasources. That is done through

the model definition window (see Figure 30). The possible outputs of the model are definedin
the same way.
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Figure 30: Adding the data needed for the probabilistic model. The model outputs (defined below) are added in the
same way.

In Figure 31 can be seenthe last step of the model definition which consists on linking the model
outputs with the possible outcomes of the uncertain events. If the user doesn’t specify that, the
system do not know where to map the different outputs of the model.

n il

2 ProbabilisticModel =] =
AR T -
ProbabilisticModel
Editing of the properties of an object ProbabilisticModel Yes0.) 00
! Yest0g

Properties Yes :'EEE;'L T epar

Name:  NaiveBayes 0.0
(o)/=lalen |

2 ModelOuput E] e o
4 Model Data age
4 Model Data histology ModelOuput
4 Model Data type Editing of the properties of an object ModelOuput
4 Model Data estrogen_receptors
Properties
Neme: relapse
Output (2 |
4 Model Ouput relapse
4 Model Ouput notRelapse ProbabilisticModel :  Probabilistic Model NaiveBayes [
" ER| Uncertain Event: Uncertsin Event Yes D
@ [
ner Relapse ~
~ Properties

Label: Relapse

Probabilistic Model

‘ <4 Probabilistic Model NaiveBayes

Figure 31: Linking the relapse output of the Naive Bayes model created with the uncertain event of relapse.

Once everything is linked, the probabilistic model is going to be used transparently user,
adaptingto the patientdepending on the datainputsthat receives from the mediator.
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5.3 CRITERION CASE STUDY: DuCTAL CARCINOMA IN SITU

The DCISis considered an early form of non-invasive breastcancer (stage 0) and implies that the
abnormal cell are still inside the milk ducts of the breast. In the last decades, the development
of several mammographicprogramsto narrow down the treatments of breast cancerincreased
considerably the diagnostic of DCIS. In United States the cases grown from a 1.87 per 100.000
in 1973 to 32.5 in 2004 [23, 54]. Nowadays, the DCIS treatment considers several different
treatments that can vary from conservative surgery with or without radiotherapy, hormonal
treatment, sentinel node biopsy or the mastectomy with or without sentinel node biopsy. To
create this case study a simplification of the NCCN 20147 guideline including only the DCIS was
used.

5.3.1 Problem definition

The first steps consist on transforming the clinical practice guidelinein acomputerinterpretable
guideline that follows the methodology defined by the Bayesian library (section 4.3). To start,
we have to address several issues usually presented in CPGs like ignoring the uncertain states
and their possible outcomes, and not defining explicitly the utility of the actions. To overcome
these issueswe have to follow amethodological procedureto specify clinical guidelines:

Identifyinthe CPGthe decision space foreach step and its possible alternatives
Identify the uncertain events of nature where patients/environment can be

Create the decision flow that will define the clinical guideline

Define the metricto measure the benefit of the decision process and use itin the utility
function forthe consequences of each action

Estimate the likelihood of the states of nature given the observations

Solve the decision problem of each step tselecting the alternative action that maximize
the expected utility function

Bl o

o v

5.3.2 Identifythe decision spaces and its actions

Table 2 presentsthe set of decisions and actions found when treating a DCIS cancer. The data
presented onthe tableis based on a simplification of the NCCN 2014 breast cancer guideline.

Decisions Actions
Surgery Lumpectomy, Mastectomy
Tamoxifen prescription Yes, No
Radiotherapy Yes, No

Table 2: Set of decisions and its possible actions for a simplifications of the DCIS treatment.

5.3.3 Identify the uncertain events of nature

Afterdefining each possible decision step and its actions, we haveto determine the possible set
of uncertain events that can occur when an action is taken. Based in the NCCN 2014 guideline
we identify two possible uncertain events. After the surgery decision the patient can have
positive or negative estrogen receptors, also after the Tamoxifen decision step and before the
decisiontree nodes, we considerthe probabilities of a patient’srelapse. Asummarized result is
presentedin Table 3.

Events Uncertain events

Estrogenreceptors Yes,No
Relapse Yes, No

17 www.nccn.org
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Table 3: Set of possible uncertain events for teh DCIS treatment.

5.3.4 Create the decision flow

Using the software presented in this work, we define the structure of the decision tree. The
complete tree definition can be seenin Appendix 8.4. Figure 32 shows a partial definition of the
DCIS tree, the decision of prescriptthe Tamoxifen adjuvant therapy or not. The probabilities of

the uncertain events and the function utilities have not beensetyetin this design phase. Dashed
linesresentthatthe decision path created does not have a utility function assigned.
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Figure 32: Creation of the decision flow used in the DCIS modeling. The values of the probabilities and the utilities
have not been set yet.

5.3.5 Metric to measure benefit and the utility functions

It is of extreme importance using a correct estimator to measure the utility when solving the
decision trees because the utility function quantifies the consequences of the decision made
and dependingonthe estimatorselected our decision path can change drastically. We have to
take into account that we are working in a clinical environment, so only using a cost-based
function would not be appropriate to measure the utility of the guideline defined. A common

measure used in these environments is the disease-free survival rates or the quality adjusted
life years (QALY).

Moreover, to measure the effectiveness of the treatments, the clinicians resort to the clinical
evidence. There exist differentlevels to rank clinical evidence, the most reliable evidence is the
evidence gathered atleast from one properly designed randomized controlled trial (RCT), while
the least reliable one is the evidence gathered from opinions of respected authorities, clinical
experience orreports from expert committees.

The evidences used in the case study are based on Kaplan-Meier curves. The Kaplan-Meier
estimator is a non-parametric estimator of the survival function. It measures the patient’s
survival for more than an estimated time t. We selected this estimator because it is very
common to find RCTs that use them to measure the treatments proposed in the trial. Thus,
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based on the studies of Allred et al. [4], and Donker et al [11] and combining the information

extracted fromtheirrespective Kaplan-Meier curves and applying the utility theory we manage
to extractthe utilities as presented in Table 4.

Surgery ER Tamoxifen | Radiotherapy Relapse Utility
Lumpectomy ER+ Yes Yes Yes 0.2348
Lumpectomy ER+ Yes Yes No 5.765
Lumpectomy ER+ Yes No Yes 0.4455
Lumpectomy ER+ Yes No No 5.582
Lumpectomy ER+ No Yes Yes 0.5066
Lumpectomy ER+ No Yes No 5.4934
Lumpectomy ER+ No No Yes 0.455
Lumpectomy ER+ No No No 5.1319
Lumpectomy ER- Yes Yes Yes 0.8653
Lumpectomy ER- Yes Yes No 5.1319
Lumpectomy ER- Yes No Yes 1.642
Lumpectomy ER- Yes No No 4,971
Lumpectomy ER- No Yes Yes 0.6256
Lumpectomy ER- No Yes No 5.3744
Lumpectomy ER- No No Yes 1.187
Lumpectomy ER- No No No 5.2037

Table 4: Utility values for each leaf of the decision tree created. Utilities based on Kaplan-Meier curves presented in
randomized control trials.

5.3.6 Estimate the probabilities

In section 4.6 we presented the probabilisticmodels that are going to be used in this case study
andinsection 5.2we trained the models and saw howto use itin combination with the software.
In this case, the naive Bayes models will calculate the probabilities of the patient’s relapseand
introduce it in the tree algorithm when calculating the optimal decision. For calculate such
probabilities, the models need data. This data is going to be extracted by the mediator from a
simulated electronichealth record (EHR). This documentisin structure the same as an EHR but
the data containedinitbelongsto simulated patients.

After defining the data needed by the probabilistic model, a mapping file has to be created to
tell the mediator what dataretrieve and in which node. The complete mapping file defining the
source of the data paths for the probabilisticmodels can be seenin Appendix 8.4.2.

For the probabilities regarding the estrogen receptors it has been used the populations’
prevalence, assigninga 75% for positive ERand a 25% for negative ER.

5.3.7 Solvethe decision problem for each step

Figure 33 presents the decision’s tree solution proposed by Criterion for this case study. A small
screen presenting the alternative recommended and the utility value calculated for that
alternative isshowed tothe user. Moreover, the path representingthe optimum alternativeis

marked, so the user can decide to continue the tree execution following the recommendations
or not.
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Figure 33: Solution presented to the user when solving the decision tree in Criterion.

The Bayesiantheoryusedintheresolution ofthe tree algorithmdoesnot force the userto follow
the path of maximum utility. The system is always goingto calculate the path of maximum utility
for the current selected decision in the diagram, so if the user decides to take a different path
fromthe recommended one, the systemis goingto use the datafrom previous decisions as facts
that will affect the decision process and the utility estimation.

Following this step by step execution of the tree we can also see what the recommended
alternatives would be when facing situations that are not presented in the randomized
controlled trials (RCT), either because the trial was not conducted or because a non-ethic
situationis presented (i.e. performing a mastectomy versus conservative surgery).

Particularly, in the case of a patient with negative estrogen receptors, the Tamoxifen adjuvant
therapyis notrecommended. Butif the physician decides to give the patient the Tamoxifen, the
nextdecision node do not recommends the radiotherapy, asshownin Figure 34. This situation
is nottreatedin any RCT that we know of, and could stablish the basesto analyze clinical cases
that don’teven needto exist.
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and has been treated with Tamoxifen. The previous suggested paths are also highlighted. Note that the decision tree
advices to not give Tamoxifen to the patient, but the software allows to calculate the utility for the decision anyway.
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6 DiscussioONAND CONCLUSIONS

6.1 CDS-DATOR

InSection 3.2we analyzed how several systems were connected to their respective data sources.
We described how all of these systemsaccessed the datathrough one or more combinations of
the more common technologies/architectures (SQL, XMLand WebServices). In section 4.4.1, we
also saw that CDS-DATOR provides a methodology in which data sources can be directly
accessed based on technology-specific loaders in order to facilitate the canonical model
construction. In this section we are going to discuss how some of these systems could benefit
fromthe integration of CDS-DATOR with their respective data source managers.

We already saw that the Shapire technologyreliesin the sources managedby the GLIF language.
Although their methodology has been proved to work [37], the fact that it is tied to a specific
guideline definition language (GLIF3) raises the same problem as the faced in the PROforma case
study: what do we have to do if we wantto define anew data source? Should we try to adapt
the language to the new sources? In section 5.1.1 it was demonstrated that creating a source
mediator independent of the language implementation can be done. This shows that not only
the Shaphire technology, butallthe systems that use GLIF, like the system presented in the work
of Kazemzadeh et al. [25], could be benefit by the mediator being implemented for the GLIF
language.

On the other hand, it is widely acknowledged that the utilization of standards is a prerequisite
to be able to achieve semanticinteroperability in any domain. Furthermore, CDSSs very often
require abstract termsthat are not supported directly by raw data sources. This involves some
type of abstraction processing, such as transforming patient data from a low-level quantitative
formto a high-level qualitative description (e.g., abstracting an episode of hyperkalemiafroma
set of time-stamped observations of the level of potassium in blood), concept abstractions by
means of classification hierarchies (e.g., antibiotics instead of amoxicillin) or the definition of
abstract terms for a set of basic concepts (e.g., metastaticsolid tumor). Correctly managing the
abstractions is a complex task that may benefit from being treated alone, so a separation
between raw and semantictreatment of data could be of use. Currently, there are several tools
that perform different types of abstractions (such as KDOM [39], IDAN [6]) or that provide
standardization and basicabstraction (such as LinkEHR [34, 33]).

As previously exposed, datais not managed ata semanticlevelby the CDS-DATOR architecture.
The mainfocus of CDS-DATOR s to facilitate functional interoperability, i.e., to ease the access
to source data regardless of the data model (relational, XML, etc.) and the access method (web
services, JDBC, etc.). Inorderto offera complete and smooth integration between clinical data
sourcesand CDSSs, we need to complement ourtool with other modules that provide semantic
interoperability services. Theseservices are necessarywhen thereis aneed to useand aggregate
data across heterogeneous data sources that may employ different schemas structures,
terminologies, or level of detailto represent similar data [53].

CDS-DATOR has been successfully used in a prototype for the determination of patient eligibility
based on clinical data stored in a real-life EHR system [34]. The work presented in that artice
describes a comprehensive approach for dealing with the interoperability of CDSSs and EHR
based on EHR standards and archetypes. Specifically, it makes use of LinkEHR to provide a
standard-based virtual health record over the EHR whose contents need to be integrated and
used in the CDSS. The prototype included a CDSS for patient eligibility determination in the
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PROformalanguage. CDS-DATOR provided a data access layerto allow the smooth access of the
Proformaexecution engineto the standard-compliant XMLdocuments generated by LinkEHR.

The methodology used integrating LinkEHR with the CDS-DATOR and the PROformaengine can
also be used in other systems that implement semantic/temporal mediators, like the IDAN
mediator in the MEIDA system. Although IDAN is a complete and proved mediator [6], it may
also take advantage of the CDS-DATOR. IDAN communicates with MEIDA through the data
access module (DAM). Integrating the CDS-DATOR with the DAM would allow MEIDA simplify
the queries for static and immediate data, and would provide IDAN with more sources to pass
the request for complex data.

Other benefitforall the systems that would integrate the mediatoris the mapping reusability.
CDS-DATOR provides a methodology in which data sources can be directly accessed based on
technology-specificloadersin orderto facilitate the canonical model construction. In addition,
CDS-DATORssimplifies the model access, providing all of them a standard way to access it. This
means that the systems using the mediator could access other canonical models from other
systems thus favoring data exchange. Moreover, the CDSSs that use the same canonical model,
the data mediator (i.e., CDS-DATOR) can access the data sources in the same way. A data
mapping could be shared and reused from multiple CDSSs and all CDSSs couldaccess all the data
sources without having to be restricted to any particular one. In systems of Kazemzadeh et al.
and Curiam the patient's data is accessed and afterwards an XML document is generated to
create queriesoverit. Itisreasonableto think thatif the two systems implement the same data
mediator, the data mappings between this two different CDSSs could be shared, reducing the
time to codify the mappings and allowing data mapping reusability.

6.2 NAIVE BAYES MODELS
We can conclude that given the limitations (low number of cases and imbalanced classes), the
Naive Bayes models show a good performance when assuming uniform priors. However, these

drawbacks should be considered when analyzing the results and more datashould be gathered
to reinforce the usefulness of the models.

Finally, although the predictive models can be embedded in a decision support system for
improving breast cancer treatment, these NB models can also be used independently to help
clinicianstoimprovethe postoperative treatment and patientfollow-up. A simple web interface,
as part of the HEDECAMA project (reference IPT-2011-1126-900000), was created to allow the
physicians testthe results and validate the models (see Appendix 8.2).

6.3 CRITERION

The meta-model programming of the system significantly reduces the development time and
simplifies the maintenance of the software. On the other hand, the development framework
used (i.e. the eclipse modeling tools) presents a steep learning curve and you need deep
understanding of the provided librariesto generate things outside the pre -established pattems.

The software is designed as a set of plug-ins of the eclipse environment, providing the
developers and the userswith allthe functionalities that Eclipse has by default. Although forcing
the software to be integrated in eclipse limits its accessibility. The next steps on the
development of Criterion are goingto be focused on providingaweb access to the software, so
no installation onthe user'scomputeris needed.

52



Obtainingthe utilities for medical evidence is not always an easy task, most of the times datais
incomplete orinsufficient. Othertimes, it would be immoral or against the ethicsto do a study
onlyto getenough datato confirma result. These led us to create a decision theory tofill these
gaps inthe medical knowledge. With the decision tree complete, the probabilities adaptedand
the utilities set, we were able to compute the optimum decision path and the expected utility
forthe alternativesuggested, proving that the software worksand thatis a viable alternative to
develop and execute Bayesian decision trees.

6.4 OBJECTIVES ACHIEVED
The main contributions of this work can be summarizedin the following points:

1. Mappings for common data sources and easy extension to new ones. In addition to
designing the mediator to manage any type of data source, we also designed and
architecture to facilitate the most usual mapping definitions. The mediator also allows
codersto define new specificloaders for new data sources.

2. Data mediation or wrapping with any CDSS with minimal integration effort. Only a
wrapping of the CDSS data layerisrequired tointeract with the CDS-DATOR.

3. Separation between the CDSS encoding process and the mapping definition. The CDSS
data access is defined in an external mapping that is not integrated in the CDSS. This
allows the CDSS knowledge base files (e.g., a CIG file or a classification model) to be
treated separately from the data access definitions.

4. Methodology that helps transforming a clinical practice guideline in a computer
interpretable guideline, in particular, transforms a CPG into a Bayesian decision tree.

5. Capability of computing the expected utility for each sequence of decisions, obtaining
the optimum path, which is the one that maximizes the expected utility or minimizes
the expected cost.

6. Integration of predictive modelsinthe decision processinatransparent way to the user,
which permits achieving personalized decisions based on the data of the patient.

7. Capability to calculate the tree’s solution at any moment of the tree temporal line. So
the user can take a decision not suggested by the software and still calculate the next
bestdecision based on the dataavailable.

6.5 FURTHER WORK

Several aspects can be considered as future lines of work. Regarding the mediator, a schema
extension to permittype conversion priorto sendingthe data to the CDSS. Right now, thistask
is left to the system implementing the mediator, so providing a unit conversion module would
improve the functionality of the system and would reduce the processing time in the CDSS that
implements it. Training more probabilistic models with more data would be also required to
provide the user with more decision-making power. Having different models would allow us to
combine them, giving the decision tree even more adaptability.

Also, a simplification of the Criterion interface could be necessary forthe systemto be used by
physicians. The system has been tested by a physician, but always under the supervision of a
computerexpert. This situationis notalways possible and to avoid it we should ease the usage
of the program. To finish, the tendency of software developmentisto present the software as
a service instead of a standalone application to be installed in the client, so a web version of
Criterion could be also a greatimprovement to facilitate the usage of the application.
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8 APPENDIX

8.1 INPUT/OUTPUT SCHEMAS OF THE BAYESIAN DECISION LIBRARY

8.1.1 Inputschema
Followingis presented the input schema created forthe Bayesian decision library. This schema

stablishesthestructureforthe XMLinstancesthat can be defined and accepted as correct inputs
by the library.

<?xml version="1.0" encoding="UTF-8" standalone="no"?>
<l--
== Created by Alfonso Pérez <alpegon3@upvnet.upv.es>
== and Salvador Tortajada <vesaltor@upvnet.upv.es>
== Grupo de Informdtica Biomédica,
== Universidad Politécnica de Valencia, Spain
== 02/2013
-->
<xsd:schema targetNamespace="urn:decisionTree.bmg.ibime.upv.es"
xmlns="urn:decisionTree.bmg.ibime.upv.es"
xmlns:xsd="http://www.w3.org/2001/XMLSchema"
attributeFormDefault="unqualified" elementFormDefault="qualified">

Kl-- ================================================== --)
<l-- Element Declarations -->
Kl-- ================================================== --)

<xsd:element name="DecisionTree">
<xsd:complexType>
<xsd:sequence>
<xsd:element name="decisions">
<xsd:complexType>
<xsd:sequence>
<xsd:element maxOccurs="unbounded" name="decision"
type="Decision"/>
</xsd:sequence>
</xsd:complexType>
</xsd:element>
<xsd:element name="alternatives">
<xsd:complexType>
<xsd:sequence>
<xsd:element maxOccurs="unbounded" name="alternative"
type="AlternativeElem" />
</xsd:sequence>
</xsd:complexType>
</xsd:element>
<xsd:element name="uncertainEvents">
<xsd:complexType>
<xsd:sequence>
<xsd:element maxOccurs="unbounded" name="uncertainEvent"
type="UncertainEventElem" />
</xsd:sequence>
</xsd:complexType>
</xsd:element>
<xsd:element name="probabilities">
<xsd:complexType>
<xsd:sequence>
<xsd:element maxOccurs="unbounded" name="probability"
type="ProbabilityElem"
/>
</xsd:sequence>
</xsd:complexType>
</xsd:element>
<xsd:element name="utilities">
<xsd:complexType>
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<xsd:sequence>

<xsd:element maxOccurs="unbounded” name="utilityFunction"

type="UtilityFunctionElem"/>
</xsd:sequence>
</xsd:complexType>
</xsd:element>
</xsd:sequence>

<xsd:attribute name="rootDecisionId" type="xsd:string" use="required"/>

</xsd:complexType>
</xsd:element>

<l-- =========================================z=z======== --)
<l-- ===== Complex Type Definitions -->

<l-- =====================o=oc-oooo-ooo=ss=s=ss======== --)
<l-- ~amn - N
<!-- Node -->

<!-- -->

<xsd:complexType abstract="true" name="Node">
<xsd:attribute name="id" type="xsd:string" use="required"/>

<xsd:attribute name="name" type="xsd:string" use="required"/>

</xsd:complexType>

<!-- -->
<!-- Decision -->
<!-- -->

<xsd:complexType abstract="true" name="Decision">
<xsd:complexContent>
<xsd:extension base="Node"/>
</xsd:complexContent>
</xsd:complexType>
<l-- ~ ~ N N O AT D
<!-- DecisionLeaf -->
<!-- -->
<xsd:complexType name="DecisionlLeaf">
<xsd:complexContent>
<xsd:extension base="Decision"/>
</xsd:complexContent>
</xsd:complexType>
<!-- -->
<!-- DecisionNode -->
<l-- ~ N T DS
<xsd:complexType name="DecisionElem" >
<xsd:complexContent>
<xsd:extension base="Decision">
<xsd:sequence>
<xsd:element name="alternativeList">
<xsd:complexType>
<xsd:sequence>
<xsd:element maxOccurs="unbounded"
name="alternativeId" type="xsd:string"/>
</xsd:sequence>
</xsd:complexType>
</xsd:element>
</xsd:sequence>
</xsd:extension>
</xsd:complexContent>
</xsd:complexType>
<l-- -->
<!-- Alternative -->
<l-- ~ ~ ~e NS ==
<xsd:complexType name="AlternativeElem">
<xsd:complexContent>
<xsd:extension base="Node">
<xsd:sequence>
<xsd:element name="uncertainEventsList">
<xsd:complexType>
<xsd:sequence>
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<xsd:element maxOccurs="unbounded"
name="uncertainEventId" type="xsd:string"/>
</xsd:sequence>
</xsd:complexType>
</xsd:element>
</xsd:sequence>
<xsd:attribute name="utilityFunctionID" type="xsd:string"
use="required"/>
</xsd:extension>
</xsd:complexContent>
</xsd:complexType>

<!-- UncertainEvent -->
N EERERS ~e e = >
<xsd:complexType name="UncertainEventElem">
<xsd:complexContent>
<xsd:extension base="Node">
<xsd:attribute name="utilityVarID" type="xsd:string" use="required"/>
<xsd:attribute name="probabilityID" type="xsd:string"
use="required"/>
<xsd:attribute name="nextDecisionID" type="xsd:string"
use="required"/>
</xsd:extension>
</xsd:complexContent>
</xsd:complexType>

<!-- -->
<!-- UtilityFunction -->
<!-- -->

<xsd:complexType name="UtilityFunctionElem">
<xsd:sequence>
<xsd:element name="utilityEntry" minOccurs="0" maxOccurs="unbounded" >
<xsd:complexType>
<xsd:sequence>
<xsd:element name="key" minOccurs="@" maxOccurs="unbounded"
type="xsd:string" />
<xsd:element name="value" minOccurs="0" type="xsd:double"/>
</xsd:sequence>
</xsd:complexType>
</xsd:element>
</xsd:sequence>
<xsd:attribute name="utilityVarID" type="xsd:string" use="required"/>
<xsd:attribute name="utilityFunctionID" type="xsd:string" use="required"/>
</xsd:complexType>
<l-- ~ ~e NS ==
<!-- Probability -->
<!-- -->
<xsd:complexType abstract="true" name="ProbabilityElem"/>
N EEREERS ~e e == >
<!-- DiscreteProbability -->
<!-- -->
<xsd:complexType name="DiscreteProbabilityElem">
<xsd:complexContent>
<xsd:extension base="ProbabilityElem">
<xsd:sequence>
<xsd:element name="probabilityEntry" minOccurs="0"
max0ccurs="unbounded">

<xsd:complexType>
<xsd:sequence>
<xsd:element name="key" minOccurs="0"
maxOccurs="unbounded"
type="xsd:string"/>
<xsd:element name="value" minOccurs="0">
<xsd:complexType mixed="true">
<xsd:sequence>
<xsd:element name="data" minOccurs="0"
maxOccurs="unbounded">
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<xsd:complexType>
<xsd:attribute name="value"
type="xsd:anySimpleType" use="required"/>
</xsd:complexType>
</xsd:element>
</xsd:sequence>
</xsd:complexType>
</xsd:element>
</xsd:sequence>
</xsd:complexType>
</xsd:element>
</xsd:sequence>
<xsd:attribute name="probabilityID" type="xsd:string"
use="required" />
</xsd:extension>
</xsd:complexContent>
</xsd:complexType>
</xsd:schema>

8.1.2 Outputschema

The following schema structures the output of the decision library. By using this schema to
define the output structure other systems know whatto expectasresultand the library can be
easily adapted.

<?xml version="1.0" encoding="UTF-8"7?2>

<!l--
== Created by Alfonso Pérez <alpegon3@upvnet.upv.es>
== and Salvador Tortajada <vesaltor@upvnet.upv.es>
== Grupo de Informatica Biomédica,
== Universidad Politécnica de Valencia, Spain
== 02/2013

<xs:schema
targetNamespace="urn:hedecama.ibime.upv.es"
xmlns="urn:hedecama.ibime.upv.es"
xmlns:xs="http://www.w3.0rg/2001/XMLSchema"
attributeFormDefault="unqualified"
elementFormDefault="qualified">

<l —— =============================—=—=—===—=—==—============= ——>
<!-- ===== Element Declarations -->
<l —— ========================—=—=—==—=—=—=—==—=—=—=—=—============= ——>

<xs:element name="BayesianDecisionTreeOutput">
<xs:complexType>
<xs:sequence>
<xs:element minOccurs="1" maxOccurs="unbounded"
name="decision" type="Decision"/>
</xs:sequence>
</xs:complexType>
</xs:element>

<l—— ================================================== -->
<l-- -——>

<l—— ================================================== - ->
Ll oo v e -—>
<!-- Decision -->

o v e -=>

<xs:complexType name="Decision" mixed="true">
<xs:sequence>
<xs:element minOccurs="0" maxOccurs="unbounded"
name="decision" type="Decision"/>
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</xs:sequence>
<xs:attribute name="utility" type="xs:float" use="required"/>
</xs:complexType>
</xs:schema>

8.2 NAIVE BAYES WEB INTERFACE
The results of the Naive Bayes probabilisticmodels can be checked inthe web:

http://158.42.167.95:8080/StaticNaiveBayesUI

This web presents a graphical user interface where the user can select between several cases
and for each of them select different treatments. The pie chart presents the output of the
probabilistic model for the treatment proposedin the bottom table of the left. The bar charts
show the probabilities of the patientif othertreatmentis applied to the patient. Furthermore,
the tabs of the top allow the user to change the probabilistic modelin use. Three models are
available, loco-regional relapse, remote relapse and a mix of the two previous.

Recaida loco-regional Recaida a distancia Cualquier tipo de recaida

% de recaida
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u-qml;wy\;g
8
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=
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Highcharts.com

Receptores progesterona = positiva Tratamiento propuesto

HER2 Negativo++ -

Ganglios axilares ivo -

Estadio | - T T T —
Cirugia Conservadora v

Quimioterapia No -

reamento homend o con aumigierana _.-
Sin tratamignto hormona| _--

1] 20 40 60 30 100
% de recaida

B No recae [ Mejora I Empecra [ Si recae

Highcharts.com

Figure 35: Web created to present the results from the Naive Bayes classifier models
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http://158.42.167.95:8080/StaticNaiveBayesUI

8.3 DATAMEDIATOR

8.3.1 PROformacase study

<?xml version="1.0" encoding="UTF-8"?>

<CDSDC xmlns="urn:cdsdc.bmg.ibime.upv.es"
xmlns:xsi="http://www.w3.0rg/2001/XMLSchema-instance"
xmlns :web="urn:webserviceloader.cdsdc.bmg.ibime.upv.es"
xmlns:xpath="urn:xpathloader.cdsdc.bmg.ibime.upv.es"
xsi:schemalLocation="urn:main.cdsdc.bmg.ibime.upv.es mainSchema.xsd" cdsName="CHF-

COPD_management_1.pf">

<preload id="patientEHR">
<datalLoader xsi:type="web:WebServicelLoader">
<web:soapService>
<web:wsd1URL
xsi:type="URL">http://localhost:9901/PatientHistory?wsd1</>
<web:operationName xsi:type="SimpleValue">getRecord</>
<web:parameters xsi:type="ContextValue" >patientID</>
</web:soapService>
</datalLoader>
</preload>

<stage id="compatible_clinic_enquiry">
<data id="Age">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue">patientEHR</>
<xpath:xpath
xsi:type="SimpleValue">//x:observation/x:code[@code='1001"']/../x:value/@value</>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-org:v3</>
</datalLoader>
</data>

<data id="chronic_cough">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue">patientEHR</>
<xpath:xpath
xsi:type="SimpleValue">//x:observation/x:code[@code='1002"']/../x:value/@value</>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-org:v3</>
</datalLoader>
</data>

<data id="chronic_respiratory_failure">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue">patientEHR</>
<xpath:xpath
xsi:type="SimpleValue">//x:observation/x:code[@code='1003"]/../x:value/@value</>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-org:v3</>
</datalLoader>
</data>

<data id="chronic_sputum_production">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue">patientEHR</>
<xpath:xpath
xsi:type="SimpleValue">//x:observation/x:code[@code='1004"]/../x:value/@value</>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-org:v3</>
</datalLoader>
</data>

<data id="risk_factors">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue">patientEHR</>
<xpath:xpath
xsi:type="SimpleValue">//x:observation/x:code[@code="'1005']/../x:value/@value</>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-org:v3</>
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</datalLoader>
</data>

<data id="dyspnea">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue">patientEHR</>
<xpath:xpath
xsi:type="SimpleValue">//x:observation/x:code[@code='1006"']/../x:value/@value</>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-org:v3</>
</datalLoader>
</data>
</stage>

<stage id="spirometry_DSS_enquiry">
<data id="Weight">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue">patientEHR</>
<xpath:xpath
xsi:type="SimpleValue">//x:observation/x:code[@code='1007"']/../x:value/@value</>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-org:v3</>
</datalLoader>
</data>

<data id="FvC">
<datalLoader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue">patientEHR</>
<xpath:xpath
xsi:type="SimpleValue">//x:observation/x:code[@code='1008"']/../x:value/@value</>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-org:v3</>
</datalLoader>
</data>

<data id="FEV1">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue">patientEHR</>
<xpath:xpath
xsi:type="SimpleValue">//x:observation/x:code[@code='1009"']/../x:value/@value</>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-org:v3</>
</datalLoader>
</data>

<data id="Gender">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue">patientEHR</>
<xpath:xpath
xsi:type="SimpleValue">//x:observation/x:code[@code="1010"']/../x:value/@value</>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-org:v3</>
</datalLoader>
</data>
</stage>

<stage id="spirometry_results_enquiry">
<data id="FEV1_FVC_postbronchodilator">
<dataloader xsi:type="web:WebServiceLoader">
<web:restService>
<web:restURL xsi:type="URL">http://localhost:7080/feviFvc</>
<web:datatype xsi:type="SimpleValue">text/plain</>
<web:parameters xsi:type="ContextValue">FEV1</>
<web:parameters xsi:type="ContextValue">FVC</>
</web:restService>
</datalLoader>
</data>

<data id="FEV1_prediction">
<dataloader xsi:type="web:WebServiceLoader">
<web:restService>
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<web:restURL xsi:type="URL">http://localhost:7080/feviPred</>
<web:datatype xsi:type="SimpleValue">text/plain</>
<web:parameters xsi:type="ContextValue">FEV1</>
<web:parameters xsi:type="ContextValue">FVC</>
<web:parameters xsi:type="ContextValue">Age</>
<web:parameters xsi:type="ContextValue" >Gender</>
</web:restService>
</dataLoader>
</data>
</stage>
</CDSDC>

Code 7: XML instance used in the PROforma proof of concept (see section 5.1.1.3). The preload at the beginning
loads the patient's data from a web service using the patientID from the CDSS. Afterwards, that the data is retrieved
from cache using an Xpath route through the XpathLoader. The last two stages are used to load the data from a
CDSS that is using a web service to communicate with the guideline.

8.3.2  Curiam case study

<?xml version="1.0" encoding="UTF-8"?>

<CDSDC xmlns="urn:cdsdc.bmg.ibime.upv.es"
xmlns:xsi="http://www.w3.0rg/2001/XMLSchema-instance"
xmlns:sql="urn:sqlloader.cdsdc.bmg.ibime.upv.es"
xsi:schemaLocation="urn:cdsdc.bmg.ibime.upv.es SQLLoader .xsd"

cdsName="curiam_classif">

<stage id="curiam_engine" >

<data id="SET">
<dataloader xsi:type="sql:SQLLoader">
<sql:connection
xsi:type="URL">jdbc:mysql://localhost/testDB"</sql:connection>
<sql:sql xsi:type="SimpleValue">SELECT v.value FROM Patients p,
Variables v WHERE p.ID="'<query xsi:type="ContextValue">patientID</query>"'" AND
p.Variable="SET" AND v.ID IN (SELECT( p.ID || '_' || p.variable) FROM
Patients);</sql:sql>
</datalLoader>
</data>

<data id="DET">
<datalLoader xsi:type="sql:SQLLoader">
<sql:connection
xsi:type="URL">jdbc:mysql://localhost/testDB"</sql:connection>
<sql:sql xsi:type="SimpleValue">SELECT v.value FROM Patients p,
Variables v WHERE p.ID="'<query xsi:type="ContextValue">patientID</query>"'" AND
p.Variable="DET" AND v.ID IN (SELECT( p.ID || '_' || p.variable) FROM
Patients);</sql:sql>
</dataLoader>
</data>
</stage>
</CDSDC>

Code 8: XML instance used in the Curiam proof of concept (see section 5.1.2.2). The system only have one stage
where the data is requested. Two mappings are defined to retrieve the data. The SQL loader permits defining
dynamic variables, allowing the same mapping to be reused for different cases.
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8.4 DCIS CASE STUDY

8.4.1 Diagram
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Figure 36: Complete decision tree diagram.

67



8.4.2 Naive Bayes model mapping file

A data preloadis done at the beginning of the guideline execution. When the dataflow arrives
to the node identified by the stage id, the data is extracted fromthe preloaded XML following
the paths specified.

<?xml version="1.0" encoding="UTF-8"?>

<CDSDC xmlns="urn:cdsdc.bmg.ibime.upv.es"

xmlns:xsi="http://www.w3.0org/2001/XMLSchema-instance"
xmlns:web="urn:webserviceloader.cdsdc.bmg.ibime.upv.es"

xmlns:xpath="urn:xpathloader.cdsdc.bmg.ibime.upv.es"
xsi:schemalocation="urn:main.cdsdc.bmg.ibime.upv.es mainSchema.xsd">

<preload id="ehrPreload">
<dataLoader xsi:type="web:WebServiceLoader">
<web:restService>
<web:restURL
xsi:type="URL">http://localhost:8080/ehrServer/patientEhr/</web:restURL>
<web:datatype xsi:type="SimpleValue">text/xml</web:datatype>
<web:parameters xsi:type="SimpleValue"/>
</web:restService>
</datalLoader>
</preload>

<stage id="nbProbModel">
<data id="age">
<datalLoader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue" prelLoadId="ehrPreload"/>
<xpath:xpath
xsi:type="SimpleValue">string(//x:observation/x:code[@code="'1001"']/../x:value/@value)
<xpath:xpath/>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-
org:v3<xpath:namespaces/>
</dataLoader>
</data>
<data id="histology">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue" prelLoadId="ehrPreload"/>
<xpath:xpath
xsi:type="SimpleValue" >string(//x:observation/x:code[@code='1002"']/../x:value/@value)
<xpath:xpath/>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-
org:v3<xpath:namespaces/>
</dataLoader>
</data>
<data id="type">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue" prelLoadId="ehrPreload"/>
<xpath:xpath
xsi:type="SimpleValue" >string(//x:observation/x:code[@code='1003"']/../x:value/@value)
<xpath:xpath/>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-
org:v3<xpath:namespaces/>
</dataLoader>
</data>
<data id="estrogen_receptors">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue" prelLoadId="ehrPreload"/>
<xpath:xpath
xsi:type="SimpleValue">string(//x:observation/x:code[@code="1004"']/../x:value/@value)
<xpath:xpath/>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-
org:v3<xpath:namespaces/>
</dataLoader>
</data>
<data id="progesterone_receptors">
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<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue" prelLoadId="ehrPreload"/>
<xpath:xpath
xsi:type="SimpleValue" >string(//x:observation/x:code[@code='1005"']/../x:value/@value)
<xpath:xpath/>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-
org:v3<xpath:namespaces/>
</dataLoader>
</data>
<data id="her2">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue" prelLoadId="ehrPreload"/>
<xpath:xpath
xsi:type="SimpleValue">string(//x:observation/x:code[@code="1006"']/../x:value/@value)
<xpath:xpath/>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-
org:v3<xpath:namespaces/>
</dataLoader>
</data>
<data id="affected_axillary_lymph ">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue" prelLoadId="ehrPreload"/>
<xpath:xpath
xsi:type="SimpleValue">string(//x:observation/x:code[@code="1007"']/../x:value/@value)
<xpath:xpath/>

<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-
org:v3<xpath:namespaces/>
</dataLoader>
</data>
<data id="stage">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue" prelLoadId="ehrPreload"/>
<xpath:xpath
xsi:type="SimpleValue">string(//x:observation/x:code[@code="'1008"']/../x:value/@value)
<xpath:xpath/>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-
org:v3<xpath:namespaces/>
</datalLoader>
</data>
<data id="surgery">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue" prelLoadId="ehrPreload"/>
<xpath:xpath
xsi:type="SimpleValue" >string(//x:observation/x:code[@code="'1009"']/../x:value/@value)
<xpath:xpath/>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-
org:v3<xpath:namespaces/>
</datalLoader>
</data>
<data id="radiotherapy">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue" prelLoadId="ehrPreload"/>
<xpath:xpath
xsi:type="SimpleValue">string(//x:observation/x:code[@code="'1010"']/../x:value/@value)
<xpath:xpath/>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-
org:v3<xpath:namespaces/>
</datalLoader>
</data>
<data id="quimiotherapy">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue" prelLoadId="ehrPreload"/>
<xpath:xpath
xsi:type="SimpleValue">string(//x:observation/x:code[@code="'1011"']/../x:value/@value)
<xpath:xpath/>
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<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-
org:v3<xpath:namespaces/>
</dataLoader>
</data>
<data id="hormones">
<dataloader xsi:type="xpath:XPathLoader">
<xpath:source xsi:type="PreLoadValue" prelLoadId="ehrPreload"/>
<xpath:xpath
xsi:type="SimpleValue">string(//x:observation/x:code[@code="1012"]/../x:value/@value)
<xpath:xpath/>
<xpath:namespaces xsi:type="SimpleValue">x=urn:hl7-
org:v3<xpath:namespaces/>
</dataLoader>
</data>
</stage>
</CDSDC>
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