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Marie Tomečková, Czech Republic
Arnošt Veselý, Czech Republic
Graphic Design:
Anna Schlenker, Czech Republic
Text Correction Manager:
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Editorial

Systems for Medical Decision Support
and Forensic Identification
Arie Hasman1,3 , Jana Zvárová2,3
1

Dept. of Medical Informatics, Academic Medical Center, University of Amsterdam, Amsterdam, The Netherlands
2

Charles University in Prague, 1st Faculty of Medicine, Prague, The Czech Republic
3

EuroMISE Mentor Association

The last three years each year an international conference about a selected topic in Medical Informatics was organised by the EuroMISE Mentor Association. The main
activity of the Association is to further the active cooperation of Czech and foreign experts in the domain of Biomedical Informatics and related fields in order to promote the
development of the field and passing on knowledge and
experience to younger scientists, researchers and pedagogical workers, health services professionals, and the general
public. To achieve this goal also a Mentoring Course is
organized in addition to the International conference.
On 23. – 24. February 2017 the international conference Systems for medical decision support and forensic
identification was held. Each of the two topics was treated
on a separate day. Each topic is introduced by a keynote
given by an outstanding scientist: by Mor Peleg (Izrael)
the first day and by Norah Rudin (USA) the second day.
The day devoted to medical decision support focuses on
practical and theoretical aspects of decision making. The
day devoted to forensic identification also includes contributions related to other subjects.
The previous three international conferences were devoted to the topics
1. Big Data Challenges for Personalised Medicine,

c 2017 EuroMISE s.r.o.

2. Information-based Prevention in Healthcare and
3. Electronic Healthcare Documentation
and a number of good contributions of these conferences were published in the International Journal on
Biomedicine and Healthcare (www.ijbh.org). The international conference Systems for medical decision support
and forensic identification was held under the auspices of
Charles University, First Faculty of Medicine in Prague
and in cooperation with the Czech Society of Biomedical
Engineering and Medical Informatics J.E. Purkyně and
the Czechoslovak Society of Forensic Genetics. Again a
number of good contributions were presented during the
conference. This is also apparent from the original articles
and abstracts published in this issue of the International
Journal on Biomedicine and Healthcare. The last five abstracts in this issue belong to the lectures given at the
Mentoring Course organized in addition to the International conference.
The editors would like to thank all the authors for their
excellent work as well as to the reviewers for lending their
expertise to the conference. We wish the readers much
pleasure with reading the articles.
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Abstract

The MobiGuide Clinical Guideline Based
Decision-Support System
Objectives, Methods, and Assessment
Mor Peleg1
1

University of Haifa, Haifa, Israel

Correspondence to:
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Department of Information Systems, Faculty of Social Sciences,
University of Haifa, Haifa, Israel
Address: University of Haifa, Haifa, Israel, 3498838
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Abstract
MobiGuide was a large-scale 4-year European project,
with over 60 researchers, clinicians and engineers, from
13 different organizations in five countries, in the area of
guideline-based personalized medicine. The MobiGuide
system is a scalable, secure, ubiquitously accessible, and
user-friendly mobile solution for designing, deploying, and
maintaining a clinical decision-support system (CDSS) for
patients and their care providers. The novelty of the approach is in patient-centrality, personalization, and distribution of decision-support for patients who use a mobile
CDSS that includes a Smartphone and wearable biosensors that interacts with the main web-based CDSS of the

physicians. The CDSS is based on clinical guidelines and
personal health records, provides personalized evidencebased clinical recommendations, and has demonstrated in
our proof of concept implementation (gestational diabetes
patients in a hospital in Spain and atrial fibrillation patients in Italy) an increase in patients’ satisfaction and in
their compliance to evidence-based clinical guidelines as
well as an impact on clinician’s decisions.
In this talk I will present the objectives of the project,
an overview of the system and its innovation, followed
by the main results of our 9-month long evaluation study
with patients and clinicians. I will conclude with the main
lessons learned from this project.

Author Biography
Mor Peleg is Assoc. Prof at the Dept. of Information Systems, University of Haifa, Israel, since 2003, and has
been Department Head in 2009-2012. Her BSc and MSc in Biology and PhD in Information Systems are from the
Technion, Israel. She spent 6 years at Stanford BioMedical Research during her post-doctoral studies and Sabbatical,
and is currently on Sabbatical at Stanford (till July 2017). She was awarded the New Investigator Award by the
American Medical Informatics Association (AMIA) for her work on modeling and execution of the knowledge encoded
in clinical guidelines and is International Fellow of the American College of Medical Informatics since 2013. She is
Associate Editor of Journal of BioMedical Informatics and a member of the editorial board of Methods of Information
in Medicine. Her research concerns knowledge representation, decision support systems, and process-aware information
systems in healthcare, and appeared in journals such as JAMIA, International Journal of Medical Informatics, Journal
of Biomedical Informatics, IEEE Transactions on Software Eng, TKDE, Bioinformatics. She was the coordinator of
the FP7-ICT large-scale project MobiGuide (http://www.mobiguide-project.eu/) in 2011-2015. She has edited
a number of special issues related to process support in healthcare and artificial intelligence in medicine. Mor
has served in program committees of numerous conferences, including, among others, AI in Medicine (Where she
chaired the scientific PC in 2011), Medinfo, ER. She has been co-chair of the BPM ProHealth Workshop seven
times and an organizing committee member of Knowledge Representation for Healthcare Workshop five times. http:
//mis.hevra.haifa.ac.il/~morpeleg/
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Complex DNA Profile Interpretation
Stories from across the Pond: The Current State of Forensic DNA
Interpretation and Statistics in the U.S.
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1

Forensic DNA, Mountain View, CA, U.S.
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Abstract
With the continued increase in the sensitivity of DNA
testing systems comes a commensurate increase in the
complexity of the profiles generated. Numerous sophisticated statistical tools intended to provide an appropriate weight of evidence for these challenging samples have
emerged over the last several years. While it seems clear
that only a likelihood ratio-based probabilistic genotyping
approach is appropriate to address the ambiguity inherent in these complex samples, the relative merits of the
different approaches are still being investigated.
I will summarize the history of approaches typically
used by working analysts in the US, and discuss the current state of the practice. In 2005 and 2013, NIST distributed sets of mixtures to working laboratories and collected their interpretations and statistical weights. They
found a wide range of variation both within and between
laboratories in calculating the weight of evidence for the

same sample in both surveys. Most disturbing was the
continued use of simplistic tools, such as the CPI/CPE
(RMNE), long considered inadequate for specific types of
profiles. A number of publications and reports over the
last 15 years have commented on the interpretation and
statistical weighting of forensic DNA profiles. These include the ISFG commission papers of 2006 and 2012, the
NAS 2009 report, the 2010 SWGDAM STR interpretation
guidelines, and the 2015 SWGDAM probabilistic genotyping software validation guidelines. Several high profiles
criticisms of laboratory protocols (e.g. Washington D.C.
and the TX laboratory system) have emerged that have
fueled debate. Recently, PCAST published a report commenting on the state of forensic science disciplines in the
US, including DNA. An updated draft of the SWGDAM
STR interpretation guidelines is currently posted for comment. Finally, the state of admissibility of PG in the U.S.
will be discussed.

Author Biography
Norah Rudin holds a B.A. from Pomona College and a Ph.D. from Brandeis University. She is a member of the
California Association of Criminalists, a fellow of the American Academy of Forensic Sciences, and a Diplomate of the
American Board of Criminalistics. After completing a post-doctoral fellowship at Lawrence Berkeley Laboratory, she
served three years as a full-time consultant/technical leader for the California Department of Justice DNA Laboratory
and has also served as consulting technical leader for the Idaho Department of Law Enforcement DNA Laboratory,
the San Francisco Crime Laboratory DNA Section, and the San Diego County Sheriff’s Department DNA Laboratory.
Dr. Rudin has co-authored An Introduction to DNA Forensic Analysis and Principles and Practice of Criminalistics:
The Profession of Forensic Science. She is also the author of the Dictionary of Modern Biology. Dr. Rudin has
taught a variety of general forensic and forensic DNA courses for the University of California at Berkeley extension
and on-line. She is frequently invited to speak at various legal symposia and forensic conferences, and recently served
a gubernatorial appointment to the Virginia Department of Forensic Science Scientific Advisory Committee. She is
currently co-chair of the Constitution Project Committee on DNA Collection. She remains active as an independent
consultant and expert witness in forensic DNA.
c 2017 EuroMISE s.r.o.
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Compliance of Patient’s Record with Clinical Guidelines
Arnošt Veselý1 , Jana Zvárová2
1
2

Department of Information Engineering, Czech University of Life Sciences, Prague, Czech Republic

Institute of Hygiene and Epidemiology, 1st Faculty of Medicine, Charles University, Prague, Czech Republic

Abstract
In the paper we present an algorithm for comparing the
patient’s data record with clinical guidelines formalized in
the EGLIF model. EGLIF is a simple enhancement of the
standard GLIF model. We use the EGLIF model to make
the design of the comparison algorithm more clear and convenient. If the patient’s record completely describes the

carried out treatment, then the comparing algorithm is able
to recognize if the patient’s treatment complies with the
guidelines or not.

Keywords
Medical guidelines, Electronic health record, GLIF model,
Remainder system
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Introduction

In our paper we assume that relevant information
about the patient treatment is stored in the patient data
record. We will describe an algorithm that compares the
Clinical guidelines (CG) contain a set of care decisions
patient data record with the EGLIF guideline model and
to assist the physician with patient care decisions about
that is able to determine if the treatment was in compliappropriate diagnostic, therapeutic, or other clinical proance with it.
cedures. They are intended to ensure high quality clinical
practice [1]. CG are developed as textual recommendaThe comparison may be ex post or on-line. In the
tions by groups of medical experts on topics selected by case of ex post comparison we have at our disposal patient
a local scientific authority, e.g. an expert medical society records from a long time period and we want to know ex
or a national health institution. Usually their text focuses post if patients were treated according to the appropriate
on a specific group of physicians or health professionals. standard described in guidelines.
Paper-based guidelines have to be translated into a
computer based representation for further computer processing. For this purpose a handful of formalization means
have been developed. In the paper we use the EGLIF
model that is based on the frequently used GLIF model.
When we know the patient treatment history, the natural question is, if the patient was treated in compliance
with recommendations given in the guidelines.

The overview of methods designed to solve this task
can be found in [2]. These methods are based on comparing of clinical actions performed by a physician and
recorded into his health record with a predefined set of
actions recommended by CG. In [3] the Guidelines Definition Language (GDF) has been defined that enables to
transform recommendations given in the clinical guidelines into when-then rules. Fulfilment of these rules then
may be tested on patient’s health record data.
IJBH – Volume 5 (2017), Issue 1

Online comparison means that patient data record is
compared with the standard each time when it is updated
with a new data item. An on-line reminder system, which
warns the physician if his action does not comply with
the treatment standard, might be based on such online
comparison.

2

Comparing patient’s record with
EGLIF model

When a patient is under medical care, physicians carry
out examinations, laboratory tests and apply different
medications or therapies. From this point of view the
patient is subjected to different actions. Each action is
carried out at some time t and it has its result r. Actions
will be denoted A(r, t).
c 2017 EuroMISE s.r.o.
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The sequence of actions the patient was subjected to, follow the synchronization step, could not be performed,
ordered according to time, we call procedure. A procedure unless all actions, following branch step and preceding the
is denoted as
synchronization step, are finished.
In our paper we use the EGLIF model [6]. EGLIF
R = A1 (r, t), . . . , An (r, t)
is basically a GLIF model. The main difference is that
we added a Time node to render the comparison with a
Not all procedures are during the care acceptable from procedure more transparent and easier. Time node sets
a medical point of view. The class of all recommended pro- time limits to the next action. When a token passes a
cedures is defined in clinical guidelines. Clinical guidelines time node, the current time is written into its parameter
are originally written in everyday language. To be able to time and condition β assigned to the Time node is a time
process it by computer, guidelines must be converted into condition that the next action must fulfil.
a formal model. For formalization the GLIF model is ofSync node in EGLIF has its continuation condition
ten used [4].
α that is sufficient condition for passing the Sync node
and time condition β. Time condition β must be fulfilled
for the time parameters of all actions carried out between
Branch node and the corresponding Sync node.
Each branch of decision node has its in-condition. If
the in-condition is fulfilled, then continuation through the
corresponding branch is recommended. We assume that
during passing the decision node one or more in conditions
are fulfilled.
Some nodes in EGLIF are able to store a token or tokens. By means of tokens we simulate the passage through
the model, when we compare the model with some procedure. Nodes that store tokens are Action nodes, Synchronization nodes and Start and Stop nodes. At the beginning the only token is in Start node. Then during comparison tokens move from nodes, where they are stored, to
next nodes that can store tokens. Next node here means
the first following node on the recommended branch.
We give here only brief description of the comparing
algorithm. More detailed description can be found in [6].

2.1

Description of CA algorithm

Comparison of guidelines G with procedure
R = A1 (r, t), . . . , An (r, t)
Figure 1: The EGLIF graph model of the Small guidelines for
heart failure prevention.

The GLIF model [5] is a weighted directed graph. The
nodes of the graph are guideline steps and edges represent continuation from one step to the other. The main
guideline steps are action step, decision step, branch and
synchronization steps. Action steps specify clinical actions
that are to be performed. It can be an application of some
therapy, carrying out some examination or measurement
etc. Action step also may be sub-guidelines, which provide greater detail for the action. Decision steps are used
for conditional branching. A decision step specifies the
criteria for each possible alternative decision. Branch and
synchronization steps enable concurrency in the model.
Guideline steps that follow a branch step could be performed concurrently. Branches from a branch step eventually converge in a synchronization step. In this step all
branches are synchronized. It means, that actions, that
c 2017 EuroMISE s.r.o.

1. Action nodes, Start and Stop nodes and Sync nodes
store tokens. The remaining nodes only propagate
tokens.
2. At the beginning there exists only one token in the
Start node.
3. In each step algorithm CA deletes the first action
from sequence R and moves tokens from the nodes
labeled with this action to the next nodes in the
graph that store tokens. If no token can be moved,
the algorithm stops.
4. When a token goes through a Branch node, new tokens are created, one for each branch.
5. As soon as Sync condition α is fulfilled, one token is
propagated from Sync node.
6. When a token goes through a decision node, all recommended branches propagate the token. If more
IJBH – Volume 5 (2017), Issue 1
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than one branch is recommended, then new tokens value iR = 4.5. Hence the patient’s following visit should
are created.
have been sooner than after half a year. But his next visit
was at 1.4.02 as we can see from the data item SBP (130,
7. If the run of CA algorithm ends and the sequence 1.4.02).
R is void, then procedure R is in compliance with
Algorithm CA is able to discover this discrepancy. For
guidelines G.
more detail see [6].
Example Small guidelines for heart failure prevention.
When a patient comes for a visit, his physician examines patient’s blood pressure parameters SBP (systolic
blood pressure), DBP (diastolic blood pressure) and let
his cholesterol parameters LDL (low density cholesterol),
HDL (high density cholesterol) be determined in laboratory.
1. If blood pressure is not normal, i.e. if the condition
α = (SBP < 145) ∧ (DBP < 90)
is not satisfied, physician prescribes a diet and invites the patient for repeated examination after 1-2
months:
(a) If the patient’s blood pressure is not normal
again, the physician prescribes medication.
(b) If patient’s blood pressure is normal, the physician evaluates patient’s risk index
iR = (LDL − HDL)/HDL
If the risk index is small (iR < 4.2), the patient
is invited for the next examination not later Figure 2: Coded EGLIF model of the Small guidelines for heart
than after a year. If the risk index is greater failure prevention.
than 4.2, the patient is invited not later than
after half a year.

Clinical record compliance with
2. If the blood pressure is normal, i.e. condition α is 3
satisfied, physician evaluates patient risk index iR .
guidelines
If the risk index is small (iR < 4.2), the patient is
invited for the next examination not later than afAssume we have at our disposal a complete descripter a year. If the risk index is greater than 4.2, the
tion of patient treatment stored in a patient database and
patient is invited not later than after half a year.
an EGLIF model of guidelines. Then we may use the CA
The EGLIF graph model of Small guidelines for heart algorithm for checking compliance of the treatment with
the guidelines.
failure prevention is given in Figure 2.
Assume that the procedure carried out by the physician is
R = SBP (150, 1.1.01), DBP (85, 1.1.01), HDL(1, 2.1.01),
LDL(6, 2.1.01), Diet(1, 2.1.01), DBP (85, 10.2.01),
SBP (140, 10.2.01), SBP (130, 1.5.01), DBP (85, 1.5.01),
HDL(1, 2.5.01), LDL(5.52.5.01), SBP (130, 1.4.02),
DBP (90, 1.4.02), LDL(7, 2.4.01), HDL(2, 2.4.01)
Here, to keep the presentation clear and simple, action
time is expressed using day time scale, i.e 1.1.01 means the
1st January 2001.
After little thinking we can see that treatment of the
patient does not comply with guidelines. In the procedure we have HDL (1, 2.5.01) and LDL (5.5, 2.5.01) and
therefore the risk index during patient’s visit at 2.5.01 had
IJBH – Volume 5 (2017), Issue 1

3.1

Compliance problem

Given procedure (treatment)
R = A1 (r, t), . . . , An (r, t)
and an EGLIF model G of guidelines. Is the treatment
R in compliance with the guidelines?
For solution of compliance problem we can use the CA
algorithm described above.
Consider as an example a reminder system. The current design of a reminder system that is usually built in
information systems is outlined in Figure 3.
c 2017 EuroMISE s.r.o.
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Veselý A., Zvárová J.– Compliance of Patient’s Record with Clinical Guidelines

3.2

General compliance problem

Given subsequence S of the treatment R and guidelines model G. Is it possible so that R be in compliance
with guidelines?

4

Figure 3: Architecture of today remainder system.

Here if the new item is put into a patient database
(Electronic Health Record (EHR)), then all conditions
that contain new item are automatically checked and if
necessary, warnings are displayed. The set of conditions
can be created on the basis of some guidelines or may be
given separately by physician specialists.
In a reminder system it would be possible to use the
guideline model instead of the set of conditions and compare stored data directly with the model, as it is outlined
in Figure 4. Here, if the new item is stored into the EHR,
a description of the previous treatment is generated from
EHR and then it is compared with EGLIF model using
CA algorithm.

Conclusion

In this paper we introduced an algorithm that compares a patient treatment described with a patient data
record with EGLIF model of clinical guidelines and determines if the patient treatment was in compliance with the
guidelines or not. The designed algorithm assumes that
the patient data record is complete.
It is clear that in the situation where we know that
only some data about patient treatment were recorded,
the possibility to test compliance of his treatment with
the guideline model is strongly limited. However, in some
cases non-compliance can be discovered in spite of missing data. This happens if the data record would be noncompliant with the guidelines model whatever the missing
data were.
In some applications, e.g. in building a reminder system, we might admit missing data and we might want to
get warnings only if the non-compliance is obvious from
the remaining data. The design of effective algorithm solving comparison of an incomplete data record with guideline model is subject of further research.
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Figure 4: Remainder system using direct comparison of the
input item and guidelines.

However, the treatment description often will be incomplete. If we used the CA algorithm, the description
should be complete. Otherwise a reminder system would
generate a lot of superfluous warnings.
Nevertheless, it is easy to see that also in the case of
incomplete treatment description some discrepancies with
guidelines can be discovered. To discover them, we need
to modify CA algorithm in order to be able to solve the
following general compliance problem.
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Abstract
Data Analytics provides various methods and approaches
to extract hidden and poten-tially useful knowledge for different purposes. It means that we can use this knowledge
for decision support, e.g. to identify crucial inputs and relations, to predict some future state, to confirm or reject
our hypothesis. The medical diagnostics deals with all the
mentioned tasks to provide a right diagnosis for the patient
and to ensure the effective diagnostic process. In this
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can be found in our previously pub-lished articles.
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1

Introduction

The medical diagnostic is in some cases a complex
and time-consuming process because the final decision depends on many input variables and hidden relations between them. It is a primary task for every general practitioner (GP) or specialist to identify and interpret this
information in the right way, i.e. confirm or reject the
expected diagnosis. The Data Analytics provides a set of
various approaches and methods how to understand the
medical data, how to process the data in a required format, how to apply suitable methods or algorithms on the
prepared data and how to understand the obtained results.
We selected some of the algorithms and methods from the
domains like machine learning, statistics, artificial intelligence and exploratory data analysis. The GP may not
have a deep knowledge about these analytical operations
because of he (she) only specifies a task and expected result’s format. It is important to point out that the GP
or specialist is responsible for the final diagnosis, not the
machine or software.
In the Centre of Business Information Systems, we focus on the possibly useful application of the various analytical methods to support the medical diagnosis of the
selected diseases, e.g. Mild Cognitive Impairment (MCI),
IJBH – Volume 5 (2017), Issue 1
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Metabolic Syndrome (MetSy), Hepatitis or Parkinson’s
disease (PD). For this purpose, we have used some data
samples collected by our medical partners or freely available.
In this paper, we present some key points and interesting findings from our previous experiments published
in other conferences like ITBAM (International Conference on Information Technology in Bio- and Medical Informatics). We selected here a classification model, an
example of identification of the new cut-off values and an
exploratory data understanding, which we consider as important means to support medical diagnosis. More details
can be found in our previous papers that we mention with
each experiment described in this paper.

2

Classification

Classification is a Data Analytics task that assigns input records to the target class with some suitably estimated accuracy. In our case, we solved a binary classification, i.e. we wanted to confirm or to reject the possible
disease diagnosis. In the case of MCI [5] and MetSy [1], we
used a data sample collected in a family practice located
in an urban area of the town of Osijek, the north-eastern
c 2017 EuroMISE s.r.o.
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part of Croatia. This sample contained records about
93 patients described by more than 60 variables. These
variables represented routinely collected information from
the patients’ health records (e.g. age, sex, chronical diseases, drug use, etc.) and relevant laboratory tests’ results e.g. information on inflammation, nutritional status,
metabolic status, chronic renal impairment, latent infections, humoral (antibody-mediated) immunity and neuroendocrine status.

Figure 1: Example of the generated decision tree model
(FALSE = MetSy diagnosis no, TRUE = MetSy diagnosis yes).

We chose a decision trees classification model because
of the ability to extract the crucial knowledge for the decision in simply understandable visual form. A decision
tree is a flow-chart-like tree structure, where each internal
node denotes a test on an attribute, each branch represents an outcome of the test, and leaf nodes represent target classes or class distributions [8]. The C4.5 algorithm
builds the decision tree model using the concept of information entropy. At each node, it selects the attribute and
its split criterion, which divides the data into subsets to
distinguish the target classes as good as possible [9]. The
C5.0 algorithm represents an improved version of the C4.5
that offers a faster generation of the model, less memory usage, smaller trees with similar information value,
weighting and support for the boosting [10]. The CART
(Classification and Regression trees) algorithm builds a
model by recursively partitioning the data space and fitting a simple prediction model within each partition [11].
c 2017 EuroMISE s.r.o.

This method becomes popular as an alternative to the regression and discriminant analysis. The result is a binary
tree using a greedy algorithm to select a variable and related cut-off value for splitting with the aim to minimise
a given cost function. The CHAID (Chi-squared Automatic Interaction Detector) algorithm is one of the oldest
tree classification methods originally proposed by Kass
[12]. We decided for CHAID because obtained output is
visually very easy to interpret. It usually creates simple
conservative trees that give good results on the test set.
This algorithm constructs non-binary trees and uses the
Chi-square test to determine the best next split at each
step. CHAID is recursive partitioning method.
We present one example from the many generated decision trees evaluated by the participated medical expert
to confirm their correctness and usefulness. We used a 10fold cross validation and discussed with the expert impact
of the low number of input records to the obtained models.
Figure 1 visualises the decision model for female patients
consisting of two important variables. From this figure,
we can extract some decision rules to reject or to confirm
the MetSy diagnosis, e.g. if a patient has an average level
of blood glucose during last three months more than 4.4
and level of triglycerides more than 1.7, with the 92.3%
accuracy she has a positive MetSy diagnosis. In addition,
we can state that in a similar group of people with similar
health characteristics are women more prone to diabetes.
We have published more experiments and relevant results
in [2].
We used similar approach (but this time including the
cost matrix) to improve the diagnostic process of hepatitis
B (HBV) and C (HCV) based on collected questionnaires
from patients hospitalised in all regional infectology departments in Slovakia. More than 4.5 thousand patients
filled an anonymous questionnaire containing three sections: demographic data, epidemiological data and blood
tests results. We aimed to confirm or reject some expected
relationships between input variables; also to generate the
prediction models in an early stage of the diagnostic process and finally to evaluate the economic effectivity of the
necessary treatment. The dataset contained only 79 patients with confirmed HBV and 65 patients with confirmed
HCV. This fact motivated us to propose several types of
experiments: e.g. with the whole datasets, with separate
male and female patients, with different ratios division
into training and test set, with random or stratified sampling, with an oversampling or subsampling dataset based
on target attribute distribution.
Figure 2 shows a part of the generated model for HBV
diagnosis based on male patients only. The classification
accuracy of this model was around 88%. The same experiment with female patients resulted in 90% accuracy. From
the whole experiments, we extracted the most interesting
finding evaluated by the participated expert, i.e. the probability of hepatitis B infection is higher in patients with a
liver diagnostic test (ALT) ≥ 0.56 µkat/l. This knowledge
can lead GP to test patients for HBsAg antigen even with
normal levels of this test. This approach can early confirm
IJBH – Volume 5 (2017), Issue 1
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the diagnosis, which would significantly reduce the costs
of their later treatment, and prevent further disease progression and worsen the health of patients. More details
can be found in one of our published papers [4].

The range of Jounden index is ¡0, 1¿, where the value 1
stands that all positive and negative patients are correctly
classified. On the other hand, the value 0 means that the
selected cut-off value is completely ineffective.
For MCI diagnosis, we slightly improved this approach, i.e. at first we constructed ROC curve (ReceiverOperating Characteristic) representing a graphical plot illustrating the performance of a binary classifier system
as its discrimination threshold is varied (MCI diagnosis
= yes/no) and calculated the corresponding AUC (Area
Under ROC). Next, we applied again the Youden method
to identify the new cut-off values (Table 1).
Table 1 contains the new cut-off values for variables
like age, Body Mass Index, a level of Immunoglobulin E
and one of the globulins separated through a serum protein electrophoresis used to identify patients with multiple
myeloma and a sign of chronic low-grade inflammation
(ALFA2). We concluded that an ability of the decision
model based on these variables is better for the healthy
persons as for patients with positive diagnosis. It may
indicate that the model classifies some negative cases as
positive, i.e. false alarms. This fact can be caused by
a low number of positive records in our dataset and will
be an objective of our future work to increase the TPR
value. In addition, we can visualize these results in the
simple understandable graphical form (Figure 3).

Figure 2: A part of the generated decision model for HBV
diagnosis (negative = diagnosis no, positive = diagnosis yes).

We performed all above mentioned experiments as offline analysis, i.e. we used the historical datasets to extract
potentially useful knowledge for future diagnostics of the
relevant diseases for a new group of patients with similar
characteristics.

3

Cut-off Values Identification

In the second group of experiments, we used the same
datasets to identify the new cut-off values for variables
with higher impact to the expected diagnosis. In the case
of MetSy, we aimed at variables selected by the participated expert as e.g. FOLNA (Folic acid), HbA1c (average
blood glucose during last three months), MO (Monocytes
% in White Blood Cell differential) and TSH (Thyroidstimulating hormone). For this purpose, we used the
measure called Youden index [3] and obtained results
confirming the previous ones. The cut-off value in decision tree model for variable FOLNA was 14.7 and the
Youden method calculated 15.6 (sensitivity 95.65%, specificity 83.33%). The similar situation appeared for variable
HbA1C: 4.41 and 4.5 resp. (sensitivity 39.13%, specificity
100%). Because of these findings, we can consider the
variable FOLNA as a new biomarker of MetSy, particularly suitable for screening in general male population.
The advantage of Youden method is in offering the best
result with respect to the highest overall correct classification by maximizing the sum of sensitivity and specificity.
IJBH – Volume 5 (2017), Issue 1

Figure 3: The graph of distribution function for the variable
ALFA2 with identified cut-off value (red arrow).

In the case of hepatitis C, we selected attribute ALT
as an illustrative example. Its typical cut-off values used
in medical practice are 0.8 for men and 0.6 for women.
We used our own cost matrix to evaluate the effectiveness
of the generated models. Participated expert specified the
following values for this matrix: TP (true positive) = 0,
TN (true negative) = 0, FP (false positive) = 7e for
c 2017 EuroMISE s.r.o.
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Table 1: The most important variables for MCI diagnosis with new cut-off values.

Variable
Age
ALFA2
BMI
IGE

AUC
0.74
0.63
0.62
0.60

Cut-off value
70.50
06.75
29.02
32.30

TNR (%)
82.14
82.15
76.79
64.29

TPR (%)
54.05
48.65
54.05
64.86

Accur (%)
70.97
65.59
67.74
64.52

TNR - true negative rate (specificity): % of correctly classified people with negative MCI diagnosis (healthy persons)
TPR - true positive rate (sensitivity): % of correctly classified patients with positive MCI diagnosis

HCV and 9e for HBV (costs of the corresponding investigations), FN (false negatives) = 1 400e for F4 (cirrhosis
treatment) or 740e for F3 stage of the hepatitis C treatment. It was interesting that the calculated cut-off values
for the male population were in all experiments the same
(0.59 for both F3 and F4 stages), but there was a big difference in female population (0.24 for F4 stage and 3.94
for F4). Figure 4 shows a boxplot of the patients with
normal ALT level according to the hepatitis B diagnosis
(red line means the new cut-off value for F4 stage costs
and red dotted line is for F3 stage costs).
Based on the overall results we concluded that the new
cut-off points for HBV diagnosis is more cost sensitive.
Using the new ALT threshold should lower the overall
costs implied by the late diagnosis of hepatitis B, which
is associated with much higher treatment costs.

equal means. As the most significant numerical attributes
for the target diagnosis we confirmed ALFA2 (p-value =
0.0458, significance level = 0.05), Clear (0.0535, 0.1) and
Skinf (0.0953, 0.1). Clear represents a creatinine clearance
test, which doctors use to evaluate the rate and efficiency
of kidney filtration, i.e. to detect and diagnose kidney dysfunction and/or the presence of decreased blood flow to
the kidneys. Skinf represents a triceps skin-fold thickness,
i.e. a value used to estimate body fat, measured on the
right arm halfway between the olecranon process of the elbow and the acromial process of the scapula. In the case
of nominal attributes, we confirmed the dependency only
for a therapy with nonsteroidal anti-inflammatory drugs.
More details can be found in [7].

5

Figure 4: Boxplot for variable ALT in relation with target
diagnosis HBV.

Conclusions

In this paper, we briefly overviewed some of our research activities dealing with exploitation of the selected
analytical methods to support the medical diagnostics for
various diseases as MCI, MetSy and hepatitis. We can
conclude that all obtained results are plausible; some of
them the participated experts confirmed by related literature or their personal experiences. On the other hand,
they marked some findings as interesting, new, potentially
useful and needed for further verification. These experiences help us to prepare some new project proposals applying for financing from Slovak national funds or H2020.
In our future work, we will focus on multivariate methods, clustering and also on development of an intelligent
diagnostic system for the selected diseases. This is a quite
challenging task.
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This type of understanding we used to explore the attribute’s dependency in MCI related data sample. We applied a two sample Welch’s t-test on nominal and a Pearson chi-square independence test on numerical attributes
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Abstract
Deciding on things is a knowledge-based activity. In the
context of clinical decision support systems (DSS) this
means that representation and management of the related knowledge about underlying concepts and processes
is foundational for the decision-making process. A basic
challenge to be mastered is the language problem. For
expressing and sharing knowledge, we have to agree on
terminologies specific for each of the considered domains.
For guaranteeing semantic consistency, the concepts, their
relation and underlying rules must be defined, deploying
domain-specific as well as high-level ontologies. Ontology
representation types range from glossaries and data dictionaries through thesauri and taxonomies, meta-data and
data models up to formal ontologies, the latter represented
by frames, formal languages and different types of logics.

Based on the aforementioned principles, special knowledge
representation and sharing languages relevant for health
have been introduced. Examples are PROforma, Asbru,
EON, Arden Syntax, GELLO, GLIF, Archetypes, HL7 Clinical Statements, and the recently developed FHIR approach.
With increasing complexity and flexibility of decision challenges, DSS design has to follow a defined methodology, offered by the Generic Component Model Framework meanwhile internationally standardized. This paper deals in detail with the basics and instances for knowledge representation and management for DSS design and implementation,
thereby referencing related work of the author.
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1

Introduction

Decision making is a process of making a choice in
the context of a business process at its planning, management and operation level involving people, technology
and system development. Usually, it applies in changing or underspecified, i.e., in dynamic environments, also
called unstructured or semi-structured decision problem
[1]. Decision making deploys traditional data access and
retrieval with modeling and analytics techniques. There
are two different cycles to be understood when dealing
with decision support systems: the decision making process cycle (Figure 1a) and the information cycle (Figure 1b) [2, 3]. Running both cycles requires knowledge.
Therefore, knowledge creation, knowledge representation
(KR) and knowledge management (KM) is crucial for the
decision making process.
c 2017 EuroMISE s.r.o.
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A simplification of the decision making process cycle
(Figure 1a) consists of
• intelligence in defining the problem;
• design in developing and analyzing concurrent problem solutions;
• choice in selecting the appropriate action, and
• implementation in adopting that action in the decision making process.
The information cycle (Figure 1b) describes different
aspects of information related to corresponding information definitions. The syntactic aspect is based on observation resulting from measurements and results in data
recording, represented by Shannon’s information definiIJBH – Volume 5 (2017), Issue 1
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Figure 1: Cycles relevant for understanding decision making processes.

tion1 . The semantic aspect dealing with the interpretation
of data to information is based on conclusion derived from
theory and results in data processing and decision support, related to Brillouin’s information definition2 . The
pragmatic aspect is related to actions resulting from a
practical experiment and provides output generation and
process control according to Wiener’s information definition3 . [3]
Decision support systems (DSS) can be classified into
passive and active ones. While the first only manage the
data phase in the information cycle (Figure 1b), active
DSS run the complete cycle. When including human beings in that process iteratively, active DDS are called cooperative [4]. The general architecture of a DSS comprises
of the data or knowledge base, an inference or reasoning
engine, and the user interface for interacting with the DSS.

2

Methods and Definitions

The paper is based on related work on DSS, KR and
KM. presented in similar or different context to specific
events and published, e.g., in [5, 6, 7]. For setting the
ground and guaranteeing common understanding, some
principles and definitions have to be considered.
Alter defines knowledge as “a combination of instincts,
ideas, rules, and procedures that guide actions and decisions” [8]. Knowledge of a domain of discourse (discipline), representing that domain’s perspective on reality
to facilitate reasoning, inferring, or drawing conclusions, is
created, represented, and maintained by domain experts
using their methodologies, terminologies and ontologies.
Initiated by cognitive sciences, knowledge representation
and management happens on three levels: the epistemological (cognitive and philosophical) level, the notation
1 Information is the negative value of the logarithm of the probability of occurrence.
2 Information is a function of the relation between possible answers before and after reception.

IJBH – Volume 5 (2017), Issue 1

(formalization and conceptual) level, and the computational or implementation level [9]. Deploying KR techniques such as frames, rules, tagging, and semantic networks, a good KR has to manage both declarative and
procedural knowledge.
For describing any system, a model must be provided
as partial representation of reality, focusing just on components, functions, internal and external relationships as
well as environmental and contextual conditions the modeler is interested in for the considered business case. In
other words, a model is defined as unambiguous, abstract
conception of some parts or aspects of the real world
corresponding to the modeling goals [10]. An ontology
mentioned above is a formal explicit specification of a
shared conceptualization of a domain of interest (after
Gruber [11]), so describing an ordering system of entities
of a domain and their relations. With the development
of formalised and accepted ontologies, knowledge can be
formally represented. Furthermore, knowledge creation,
knowledge management and decision support can be decentralized.
A DSS can be modelled in two ways: a) We can focus
on the system’s functions by analyzing the system’s output in relation to inputs and modifying conditions without detailing the system’s architecture defined by structure, functions and interrelations of the system’s components. Based on the functional representation of the system, we can decide on inputs and modifiers to get an intended output. This is the black-box approach of system
theory, corresponding to the traditional, phenomenologically oriented medicine. b) Alternatively, we can consider
the system’s architecture to understand and to predict
the system’s behavior. This describes the white-box approach, represented by systems medicine or systems sciences in general, which also covers systems biology, sys3 Information is a name for the content of what is exchanged with
the outer world as we adjust to it and make our adjustments felt
upon.

c 2017 EuroMISE s.r.o.
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tems pathology, etc., finally enabling the translational
medicine approach [6]. As DSS can start with a huge
amount of information from the molecule or even elementary particle up to the society, thereafter evidence-based
reducing it step by step, we can overcome the so-called
“anchoring bias”, i.e., the human focus on one or a few
pieces of information out of a series of characteristics from
the beginning [12]. For prediction and decision support,
deterministic, probabilistic, and uncertainty algorithms
have to be deployed. With growing knowledge and experiences, the black-box approach can be transformed to
the white–box one, exploiting the structure-function relationships of any system. Modeling in the context of
personalized, predictive, participative precision medicine
is discussed in some details in [6].

3

Knowledge Representation and
Management in the DSS Context

The knowledge base can provide knowledge at different level of abstraction and expressivity, ranging from implicit knowledge up to fully explicit knowledge representation, i.e. from natural language up to universal logics
as shown in Figure 2. Thereby, the Alternative Assessment, Decision Taking and Decision Review (verification)
process steps in the decision making process cycle (Figure
1a) move from assistance through cooperation to automation, i.e. from human being to computer.

Figure 2: Ontology types for knowledge representation (after
[13], changed].

As already stated in [6], KR is first of all a surrogate
for the thing itself to enable an entity to determine consequences by thinking (reasoning about the world) rather
than acting. KR is a set of ontological commitments to
answer the question about the terms to be used to think
about the world. KR is a fragmentary theory of intelligent reasoning, expressed in terms of three components:
the representation’s fundamental conception of intelligent
reasoning; the set of inferences; the representation sanctions; and the set of inferences it recommends. KR is a
medium for pragmatically efficient computation of thinking and a medium of human expression/language to describe the world (after Davis, Shrobe, and Szolovits [14]).
c 2017 EuroMISE s.r.o.
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There are purpose related KR model types such as
diagnostic models, connotative models, selective models,
analytic models, instructive models, constructive models,
or hybrid models.
Knowledge bases may represent inherent rules using
set theory, Boolean logic, probability, Bayes rules, or informal logic according to the quality of relations of components and the strategy of the reasoning engine [15]. KR
languages and related standards are shortly discussed in
[6].
Regarding the language problem in KR with a special
focus on formal languages coarsely addressed in Figure
2 already but also regarding the ontological framework
needed, the reader is referred to [5].

4

How to Correctly Modeling,
Designing and Implementing DSS

A DSS designed to control the behavior of a business
system must correctly represent that business system on
the basis of the representation constraints appropriate to
meet the intended system goals, as mentioned in the former chapter. This is especially challenging for multidisciplinary business systems, where the system must be architecturally correctly modeled not just regarding the structural and functional properties of the system in general,
but also with regard to the systems aspects from the different involved domains’ perspectives represented through
domain-specific concept instances derived from the corresponding domain ontologies. With increasing complexity
and flexibility of decision challenges, DSS design has to
follow a defined methodology. Here, the multidisciplinary
system design approach of the Generic Component Model
(GCM) and its Interoperability Reference Architecture
Model and Framework – meanwhile standardized at ISO
– should be used.
The GCM has been successfully applied in a series
of international projects, specifications, and standards
[16]–[21]. It offers a system-theoretical, architecturecentric, ontology-driven approach to model translational
medicine, so also covering the challenge of knowledge representation. GCM is capable to describe the architecture
of any systems, i.e. the composition and decomposition
of its components. It allows multi-disciplinary considerations, i.e. the representation of different perspectives
(partial systems or domains) of a system as established
by domain experts using domain-specific methodologies,
terminologies and ontologies.
In the context of intelligent system design it has been
accepted that reasoning becomes simpler if the structure
of the representation reflects the structure of the portion
of reality being reasoned about [22, 23, 24]. Thereby, the
representation of GCM components, structured objects,
and their behavior, the processes knowledge representation (KR) deals with, must be mastered. In other words,
the GCM is also used for modeling representation systems
such as languages and ontologies. The three GCM main
IJBH – Volume 5 (2017), Issue 1
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axes represent different types of relationships, resulting in
different properties of the ontological representation.
The architectural decomposition/composition represents structural and functional specialization or assemblage of components. Regarding the structural relations,
constrained “is a” and “is part of” associations are used,
while functional relations deploy constrained “uses” –
“is used” associations. The domain axis represents dependencies between different domains’ components, while
the development process axis according to the ISO/IEC
10746 Reference Model – Open Distributed Processing
(RM-ODP) describes transformations between the different RM-ODP views [25] (Figure 3a). Sub-systems derived (specialized) in the decomposition process are frequently represented by specialized sub-domains, leading
to different representation styles of structural and behavioral aspects of the components involved (Figure 3b).
For enabling a comprehensive representation of multidisciplinary, complex, scalable and flexible DSS systems,
universal logic based on type theory is used as overarching framework [26, 27]. For more details in the context of
GCM, see, e.g., [28, 29].

5

Standards for Medical Knowledge
Representation

For completing the scope of the present paper, detailed information about standards and specifications for
medical knowledge representation has been imported from
[5] with some extensions. For sharing computable clinical knowledge and enabling intelligent cooperation in distributed environments, a common language for specifying expressions and criteria is inevitable. Therefore, the
aforementioned principles and solutions for KR must be
standardized. This is a basic requirement for all presented
levels of KR from the high level and generic up to domainand application-specific ones, thereby also developing defacto standards for corresponding tooling. Beside the basic standards tackling the challenge of KR, there are some
health-specific ones addressed in the following. There are
KR expression languages for guidelines representation and
processing not considered in this paper because of the lack
of international standardization. Here PROforma [30, 31],
Asbru [32, 33], EON [34, 35] have to be mentioned.

5.1

Arden Syntax

Arden Syntax has been developed for sharing medical knowledge stored in technically differently implemented knowledge bases. It could be called a technologyindependent (or platform-independent) knowledge exchange format. The Arden Syntax represents this knowledge using frame logics. Arden Syntax encodes medical knowledge about individual decision rules in knowledge base form as self-contained Medical Logic Modules
(MLMs), which can be embedded into proprietary cliniIJBH – Volume 5 (2017), Issue 1

cal information systems. The MLMs are implemented as
event-driven alerts or reminders.
Expressed as semiformal language, MLMs contain
three slots or categories: the Maintenance Category (identifying the module, author, version, evidence level, etc.),
the Knowledge Category (medical concept represented),
and the Library Category (references/evidences). The
knowledge category has a data slot on the one hand and
evocation, logic, and action slots on the other hand. The
latter specify the aforementioned events that trigger the
evocation of the MLM, the logical criterion evaluated, and
the action performed when the logical criterion is met.
These knowledge-category components define the logical
rule that the MLM specifies. The concept representation for describing medical conditions or recommendations
contains a production rule and a procedural formalism,
enabling a logical decision. Processes can be managed by
chaining MLMs
Arden Syntax has been originally developed by New
York Columbia Presbyterian Medical Center (CPMC) and
IBM Health Industry Marketing in Atlanta, and thereafter wider used at Regenstrief Institute as well as within
the HELP (Health Evaluation through Logical Processing) system at Salt Lake City LDS Hospital. Advanced
applications using Arden Syntax for generating clinical
alerts and reminders, interpretations, diagnoses, screening
for clinical research studies, quality assurance functions,
and administrative support in so-called event monitors are
meanwhile globally deployed, as also demonstrated in this
volume.
Arden Syntax has been standardized first by ASTM
(American Standards for Testing and Materials) [36] and
thereafter at HL7 [37]. Since 2014, Arden Syntax Version
2.10 and a first version tackling fuzzy logic for production rule representation are available. It is a specification
compliant with the HL7 RIM.

5.2

GELLO

GELLO is a typed object-oriented standard query and
expression language that provides a framework for management and processing of clinical data. Based on the Object Management Group (OMG) Object Constraint Language (OCL), GELLO enables the specification of decision
criteria, algorithms and constraints on data and processes
[38]. By that way, it provides a standardized framework
for implementing DSSs. Therefore, GELLO is sometimes
also called an object-oriented clinical decision support language [39].
The GELLO language can be used to build queries
to extract and manipulate data from medical records and
construct decision criteria by building expressions to correlate particular data properties and values. These properties and values can then be used in decision-support
knowledge bases that are designed to provide alerts and
reminders, guidelines, or other decision rules [37]. For this
purpose, GELLO expresses logical conditions and computations in an standardized interchange format for modc 2017 EuroMISE s.r.o.
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Figure 3: The Generic Component Model.

eling clinical guidelines, the GuideLine Interchange Format, v. 3 (GLIF3) [40]. Furthermore, it can be used for
processing constraints, validation and calculated fields in
Archetype data entries. It is also used to create complex
data series for graphing or statistical analysis. For extracting data from any clinical database, a RIM-compliant
virtual medical record has been defined as a mediator –
similar to the RIM-based HL7 messaging framework enabling the communication of data between different health
information systems. Thus, GELLO goes beyond the Arden Syntax which is limited to representing clinical rules.
GELLO is an HL7 International standard. Since 2010,
GELLO Release 2 is available as formal, ANSI-approved
specification. There are powerful GELLO compilers on
the market, e.g., the Medical-Objects product [38].

5.3

for logical consistency and completeness, and an implementable specification to be incorporated into local information systems. The GLIF3 model is represented using UML (Unified Modeling Language). Additional constraints are expressed in OCL. For enabling the integration into information system, GLIF uses HL7 RIM classes
and data types. While Arden Syntax follows a bottomup approach vs the top-down approach of GLIF, both
specifications are complementary for representing medical knowledge for clinical decision support.
GLIF3 is application independent, executable, can be
easily integrated into clinical information systems, extensible, and offers a layered approach for managing the complexity of knowledge. It has been standardized at HL7
International. Corresponding tools have been developed,
e.g., by the InterMed Collaboratory [41].

GLIF
5.4

The GuideLine Interchange Format (GLIF) has been
jointly developed at Stanford University, Brigham and
Women’s Hospital, and Columbia University to express
and to share guidelines for prevention, diagnosis workup, treatment, and patient-management processes (clinical pathways). They can be used as centrally stored
sharable resource of knowledge, but also as directly executable guidance in response to network-based queries.
Meanwhile, further institutions have joint the team.
GLIF3 [40] is an object-oriented expression and query
language. Representing the description of complex multistep guideline knowledge, the GLIF language can be also
be translated into other languages established to execute
clinical knowledge such as Arden Syntax. Using specific
application interfaces (APIs), network-based clinical applications can directly access central decision support services executing approved guidelines based on the given
data sets.
The GLIF3 specification consists of an extensible
object-oriented model and a structured syntax based on
the Resource Description Framework (RDF). GLIF3 enables encoding of a guideline at three levels: a conceptual
flowchart, a computable specification that can be verified
c 2017 EuroMISE s.r.o.

Archetypes

Based on specification provided by the EU project
Good European Health Record (GEHR), Australia with
Thomas Beale as main actor developed the Good Electronic Health Record (GEHR), which meanwhile evolves
under the auspices of the openEHR Foundation [42].
The Archetype approach supports semantically enriched EHR systems by encapsulating the domain expert’s
knowledge in archetypes, defined and expressed using the
Archetype Definition Language (ADL) [43]. ADL is a
member of the OCL family. The Archetype model provides a constraint data model, thereby reflecting the domain experts’ view. The structural Reference Model used
is documentation specific, tackling storage and retrieval
of information. Thus, it represents an informational perspective contrary to clinical facts described by translational medicine and sophisticated medical ontologies [44].
Using the Archetype Query Language (AQL) [45], clinical information can be consistently and easily retrieved
with high improve recall and precision, thereby constraining the data object instances according to the Archetype
definition. Archetypes represent clinical knowledge using
frame logics. The Header part contains identifying inIJBH – Volume 5 (2017), Issue 1
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formation and meta-data including external ones. The
Body part contains the clinical concept represented. The
Terminology part finally references Archetype classes to
standard terminologies, by that way supporting harmonization between different environments.
Archetypes and the Archetype approach have been
standardized at ISO and CEN in the context of the
ISO/CEN 13606 “EHR communication” standards series.
openEHR offers freely available ADL parser [42].

5.5

HL7 Clinical Statement Model

HL7 International has developed the Clinical Statement Model for representing clinical concepts in a single message or document according to the HL7 Version
3 methodology. For sharing documented clinical information in a standardized way, HL7 developed the Clinical Document Architecture (CDA), representing clinical documents as structured, persistent, human-readable
and machine-processable objects for a specific purpose.
A CDA document consists of the CDA Header and the
CDA Body. The latter contains information about CDA
Structure, CDA Entries and CDA External References.
HL7 v3 CDA documents and messages are encoded using
the meta-language Extensible Markup Language (XML).
They derive their machine processable semantics from the
HL7 RIM and use the HL7 Version 3 data types and class
structures, thereby providing a mechanism for the incorporation of concepts from standard coding systems such
as SNOMED CT and LOINC.
In an evolutionary process, different levels of granularity for encoding information into machine-processable
data have been defined, represented as different Releases
of CDA. The CDA interoperability level enhances with
more structured CDA Releases from R1 up to R3, as
roughly explained in the following. In R1, just the Header
has been fully specified, while the body is represented in
just one block. In R2, the Body has been separated into
tagged sections for diagnosis and treatment. In R3, the
Body part will be structured up to the level of atomic concepts. HL7 Templates are a constraint on the CDA R2
object model and/or against a Clinical Statement Model
[37].

5.6

resentation of the entire development process using UML
and the SOA framework will be deployed. For more information, the reader is referred to [44].

5.7

HL7 FHIR Resources

The newest HL7 standard FHIR (Fast Healthcare Interoperability Resource) specifies reusable and easily implementable component enabling information exchange
between newly developed or legacy health information systems [37]. Using Web representation and implementation
tools such as XML, JSON (Java Script Object Notification) and the RESTful approach simplifies specification
and implementation of FHIR resources. RESTful (Representational State Transfer conformant) (REST) approach
describes a simplified architecture for Web services accessed through a unified interface by using a stateless
protocol. Therefore, FHIR resources consist of a URL
(Uniform Resource Locator) identifying the component,
common metadata, a human-readable XHTML (Extensible Hypertext Markup Language) summary, a set of defined common data elements and finally an extensibility
framework for adapting the resource to use-case-specific
or national needs.

6

Discussion

The paper discusses KR and KM as key challenges of
DSS architectures. The ongoing organizational, methodological and technological paradigm changes especially in,
but not limited to, healthcare systems (see Table 1) also
impact analysis, design and implementation of DSS.
From an IT perspective on the pathway to personalized and ubiquitous care technology paradigm, the IT
paradigm changes can be classified according to Figure 4
[48].

The Clinical Information Modeling
Initiative

The Clinical Information Modeling Initiative (CIMI)
is an international action to provide a common format
and a common development process for detailed specifications for the representation of health information to
enable creation and sharing of semantically interoperable
Figure 4: Ubiquitous computing paradigm.
information in health records, messages, documents, and
for secondary data uses. CIMI is mainly based on the
So, DSS architectures will move to mobile, pervasive
aforementioned Archetype approach. Additionally to the
Archetype Object Model [46] and the expression means of and autonomous systems as well. In detail, technologiADL [43], an extended Reference Model [47] and the rep- cal paradigm changes towards distributed systems, mobile
IJBH – Volume 5 (2017), Issue 1
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Table 1: Paradigm changes in health systems.

Organization
Organization-centric
care
↓
Process-controlled care
(DMP)
↓
Person-centric care

Methodology
General care addressing health problems (one solution fits all) → Phenomenological Approach
↓
Dedicated care (stratification of population for specific clinically relevant conditions) → Evidence-Based
Medicine
↓
Personalized, preventive, predictive and participative care considering individual health state, conditions and contexts (stratification of population by
risk profiles) → Systems Medicine, from art to multidisciplinary science, from elementary particle to society

technologies, nano- and molecular technologies, knowledge representation & management, artificial intelligence
(AI), big data & business analytics, cloud computing,
and social business will also determine design and implementation of DSS. In consequence for example, intelligent molecules will correctly interpret a body component’s
modification (diagnosis) and intendedly interact with tissues (therapy).
In the context of the aforementioned paradigm changes
in DSS design and implementation, new security and privacy challenges as well as safety issues have to be considered and solved [49].
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Abstract
Decision support systems represent very complicated systems offering assistance with the decision making process.
Learning the classification rule of a decision support system
requires to solve complex statistical task, most commonly
by means of classification analysis. However, the regression
methodology may be useful in this context as well.

This paper has the aim to overview various regression
methods, discuss their properties and show examples within
clinical decision making.
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1

Clinical Decision Support Systems

Decision support systems can be characterized as very
complicated systems offering assistance with the decision making process. Using data and knowledge as main
sources to obtain information [28], they are capable to
solve a variety of complex tasks, to analyze different information components, to extract information of different
types, and deduce conclusions from them. This section
critically discusses principles of clinical decision support
systems and reveals the aims of the paper.
As we have formulated in review papers on clinical
decision making [11, 12], decision support systems in
medicine compare different possibilities for the diagnosis,
therapy or prognosis in terms of their risk. They represent an inherent tool of e-health technologies in the complex process of searching for an appropriate therapy. In
practice, there exist specialized decision support systems
for diagnosis and therapy in individual medicine fields
and also specialized prescribing decision support systems.
There has been less attention paid to decision support systems for prognosis, while there are still obstacles to apply
decision support systems in healthcare routinely, although
diagnostics and therapy would greatly benefit from reliable interdisciplinary and multidisciplinary systems.
Decision support systems have acquired an established
place in various fields of clinical medicine with a certified
c 2017 EuroMISE s.r.o.
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ability to assist physicians with the decision making. Several studies proved that a decision support system can
be useful for improving the quality of provided care, preventing errors, reducing financial costs and saving human
resources. The system may bring the physician more comfort, a higher effectiveness and more time for the patient
and also a reduction of errors. It saves also significant financial costs. It may be especially favorable during stress
or for treating complicated patients. Particularly (but
not only) a less experienced physician may benefit from
using a decision support system, which exploits the level
of knowledge reflecting the latest developments even in
a narrow domain of medicine.
We endorse the concept of information-based
medicine [3] for describing the future ideal state of
health care. It goes far beyond the current clinical practices and reflects its constant development and enrichment by quickly emerging new results of basic research.
Information-based medicine represents a new perspective
paradigm in medicine, also overcoming the limitations of
the popular evidence-based medicine. Although difficult
to define it precisely, the concept of information-based
medicine describes the effort to reach a distant aim,
namely to transform the evidence for the (imaginary)
averaged patient towards a real individual patient based
on his/her individual data with clinical as well genetic or
metabolic parameters measured by new technology.
IJBH – Volume 5 (2017), Issue 1
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Information-based medicine requires to extract information from massive data sets. Learning the classification
rule of a clinical decision system is a particularly difficult
task, commonly solved by methods of classification analysis. However, also the regression methodology may be
useful in this context. This paper has the aim to overview
various regression methods, discuss their properties and
show examples of applications of regression models in clinical decision making. On the whole, regression methods
within the task of clinical decision support allow to solve
the following tasks.

our rich experience with regression modeling of biomedical
data is rather unique.
Statistics as a discipline allows to take uncertainty into
account within the process of inductive reasoning. The
advantages of statistics over computer science, which has
a tendency to combine ad hoc approaches ignoring the
assumptions, are primarily:
• Theoretically proven optimality of methods,
• Ability to capture the multivariate structure of data.

We distinguish between the following main classes of
• Description of the structure of the data across the regression models:
whole clinical study,
• Parametric regression models
• Prediction of a (continuous) response for an individual patient,
– Linear regression model
• Classification (if the regression method is suitable
– Nonlinear regression model
for such task),
– Generalized linear models
• Hypothesis testing e.g. test of a treatment effect in
• Nonparametric regression (regression curve estimathe context of generalized linear models,
tion, function approximation)
• Measuring the correlation between two variables or
sets of variables (e.g. for dimensionality reduction
– Regression trees
purposes [10]).
– Multilayer perceptrons
– Support vector regression
This paper has the following structure. An overview
– Kernel-based methods (kernel estimation of reof important classes of regression methods is presented in
gression curve, or shortly kernel estimation)
Section 2. The subsequent sections aim at discussing ad– Taut string [4]
vantages and limitations of individual methods from the
– Regularization networks
perspective of clinical decision support. Generalized linear models, whichrepresent the most common statistical
While nonparametric methods are more flexible, we
methodology in biomedical applications, are discussed in present a list of important advantages of parametric reSection 3. The linear regression model as a special case gression models.
follows in Section 4. Other regression tools, which are
• No overfitting,
much more popular in computer science (machine learning, predictive data mining) compared to statistics, can
• Comprehensibility,
be characterized as nonparametric regression techniques
• Diagnostic tools and remedies,
(Section 5), although this concept is not unambiguously
• Efficient computation,
accepted.
• Modifications for a high dimension (LASSO),
• Modifications robust to outliers,
2 Overview of Regression Methods
• Available hypothesis tests,
• Confidence interval for parameter estimates,
The aim of regression methodology is to model a con• Confidence band (region) for the whole regression
tinuous variable taking into account one or more indepencurve (or line).
dent variables (regressors). In biomedical applications,
its tools are commonly used to predict values of an important variable for individual patients based on one or
more (continuous and/or categorical) variables. Thus, regression modelling is a tool allowing to contribute to a
targeted decision making.
The two communities of statisticians and computer scientists have the tendency to use techniques developed in
their own environment and we pay attention to comparing
advantages and disadvantages of these two rather different
worlds. Unfortunately, comparisons of statistical methods
with those proposed within the framework of data mining
or machine learning are rather rare. Here, we bring together arguments in favor of statistical methods compared
to data mining approaches. Thus, the overview based on
IJBH – Volume 5 (2017), Issue 1

It remains to be an open problem for the field of metalearning how to select the most suitable method for given
data depending on their characteristics and also depending on the application domain.

3

Generalized Linear Models

This section is devoted to important examples of generalized linear models (GLM) [13], including the logistic
regression, multinomial logistic regression, and LASSOtype estimation in logistic regression models. The last
two models are natural generalizations of the basic logistic regression principle.
c 2017 EuroMISE s.r.o.
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3.1

Logistic regression

classification problems for high-dimensional data. The estimator of the parameters β = (β1 , . . . , βp )T is obtained
Logistic regression is the most commonly used regres- as the (constrained) maximum likelihood estimator with
sion method in biomedical applications. It allows to pre- a fixed t > 0, maximized under the constraint
dict a binary response and therefore may be used directly
p
X
as a classification method.
|β̂j | ≤ t
(4)
Let us assume the total number of n measurements. A
j=1
binary response Yi is observed for each of them, while Yi
is considered to be a random variable following a binomial on the estimates β̂j of regression parameters with a fixed
distribution with the probability of success πi . Particu- value of the tuning parameter t > 0.
lary, it is assumed that
In spite of its popularity, a criticism of the LASSO has
log

πi
1 − πi

(1)

been reported [27] concerning e.g.
•
•
•
•
•

High instability of the variable selection,
Lack of satisfactory asymptotic properties,
Too restrictive conditions on the design matrix,
Low signal to noise ratios,
Problems with measurement errors (technical noise)
in the covariates,
• Instability for heterogeneous sample populations,
• Bias from unmeasured confounders.

depends linearly on the regressors. The parameters are
estimated by the maximum likelihood principle and the
computation is performed by means of an iterative algorithm (iterative reweighted least squares).

3.2

Multinomial logistic regression

We recall the multinomial logistic regression, which is
an extension of the logistic regression to a model with
a response with several different levels (categories). We
assume the total number of n measurements
T

T

(X11 , . . . , X1p ) , . . . , (Xn1 , . . . , Xnp ) .

4

Linear Regression
We consider the standard linear regression model

(2)

Each of them belongs to one of K different groups. The
index variable Y = (Y1 , . . . , Yn )T contains the index
1, . . . , K corresponding to the group membership of the
n measurements. We consider a model assuming that Y
follows a multinomial distribution with K categories.

Y = Xβ + e

(5)

with n observations and p regressors. We discuss advantages and limitations of the least squares, LASSO, and
partial least squares estimators from biostatistical perspectives. Another estimator of parameters of linear regression is the linear support vector regression, which will
be treated separately later.

Definition 1 The data are assumed as K independent
random samples of p-variate data. The multinomial logis4.1
tic regression model is defined as

Least squares

Although linear regression is not suitable for classifica(3) tion tasks, some authors have used it e.g. in the analysis
molecular genetic data, as overviewed in [8]. A broad
for i = 1, . . . , n and k = 1, . . . , K − 1, where where scope of various practical aspects of regression modeling
P (Yi = k) denotes the probability that the observation Yi of medical data from the practical point of view is prebelongs to the k-th group.
sented in an excellent book [24]. Specific questions which
must be taken into account particularly in the analysis of
An important generalization of the logistic regression biomedical data include:
is the ordinal logistic regression. It is one of GLMs as• Transformation of covariates,
suming the response to be an ordinal variable. Its main
• Selection of the most relevant covariates (variable
difference from the logistic regression is replacing the
selection),
probability P(Y = k) by modeling P(Y ≤ k) for each
• Modeling nonlinear effects,
k ∈ {1, . . . , K − 1}.
• Power calculations,
• Sample size calculations,
3.3 LASSO-logistic regression
• Regression strategies for clustered or longitudinal
data,
LASSO-type estimators have been denoted as the
• Measurement errors or missing values,
most common classification method for molecular genetic
data [29] and especially the LASSO estimator of parame• Techniques for measuring the prediction perforters of the logistic regression [21] is important for solving
mance.
log

P (Yi = k)
= βk1 Xi1 + · · · + βkp Xip
P (Yi = K)

c 2017 EuroMISE s.r.o.
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Kalina J., Zvárová J.– Parametric vs. Nonparametric Regression Modelling within Clinical Decision Support

Because the least squares estimator can be derived by
the maximum likelihood principle for Gaussian errors, it
is quite flexible and allows modifications for specific violations of the assumptions, which may be detected by available diagnostic tools based on residuals of the ordinary
least squares. Thus, we can say that linear model is more
than a single universal model. Instead, we understand the
least squares methodology as a set of approaches to modify the standard (“vanilla”) model to reflect the context
and variety of aspects of the data in relationship to the
statistical assumptions. Important modifications of the
standard least squares estimator include
•
•
•
•
•

Cochrane-Orcutt transformation,
Heteroscedastic regression,
Instrumental variables estimator,
LASSO estimator,
Robust regression.

for j = 1, . . . , p, where sgn denotes the sign function and
LS T
bLS = (bLS
1 , . . . , bp )

(8)

the least squares estimator of β. The constant λ plays the
role of a regularization parameter and is commonly found
by a cross validation in practice. We can express β̂j for
j = 1, . . . , p as
β̂j = bLS
j − λ,
β̂j = 0,

if λ < bLS
j ,

(9)

if − λ ≤ bLS
≤ λ,
j

(10)

β̂j = bLS
j + λ,

4.3

if bLS
< −λ.
j

(11)

Partial least squares

A direct generalization of the least squares to nonlinPartial least squares (PLS) regression was originally
ear regression with a specified (but nonlinear) parametric
proposed for chemometrics applications [2] and later has
model is the nonlinear least squares estimator.
spread to a variety of fields. It is a linear regression
method allowing to consider a multivariate response Y .
4.2 LASSO in linear regression
Various studies have shown the usefulness of the PLS under multicollinearity or in situations with the number of
The least absolute shrinkage and selection operator regressors exceeding the number of observations, particu(LASSO) estimator can be described as a popular proce- larly under the condition that random errors in the regresdure for simultaneous estimation and variable selection in sion model have a large variability. In some applications,
the linear regression model, which has a high predictive however, explaining the response by linear combinations
ability also for high-dimensional data. LASSO is based of genes may not be biologically interpretable.
on a combination of the classical estimator of regression
parameters with additional constraints, which allow to reThe computation is based on searching for latent
duce the dimensionality in an intrinsic way. Therefore, the variables extra for regressors and for a multivariate remethod is popular in bioinformatics.
sponse Y , allowing to reduce the dimension intrinsically.
The estimator combines the idea of minimizing the The partial least squares method reduces the dimension
classical sum of squared residuals with a requirement (pe- to a certain number of components. Linear combinations
nalization) on the sum of absolute values of estimated pa- of regressors are found, which contribute the most to exrameters not to exceed a constant (say) λ. This reduces plaining the variability within the matrix of regressors X.
the number of regressors with non-zero parameters. The In the same way, linear combinations of the response varimethod combines two principles, namely
ables are found contributing the most to explaining the
variability within Y . Finally, the method explains the
• Shrinkage of regression parameters towards zero,
transformed response by the transformed regressors.
• Elimination of regressors.
The PLS can be used also to solve classification probThe estimator is obtained as a solution of an optimization lems [2, 15]. One possibility is to perform it in the stantask, modifying the classical least squares estimator.
dard way and apply one of standard classifiers to learn
Formally, the estimator of the regression parame- a classification rule over the components. Especially linear
ters β = (β1 , . . . , βp )T is obtained as the solution of min- discriminant analysis (LDA) is suitable for this purpose,
imization of squared residuals under the constraint (4). because it is also a linear method [17]. A preferable posLet us use the notation (.)+ for the positive part, i.e.
sibility is however to use an alternative version denoted
as discriminant PLS (D-PLS). To explain the main ad(f (x))+ = max {f (x), 0} .
(6) vantage of D-PLS, its performance is ensured to be better
or at least no worse than principal component analysis
Assuming X T X = I in (5), the LASSO estimator has (PCA) for dimension reduction with the goal of achievan explicit expression in the form
ing classification, which follows from a direct connection

between the PLS and LDA. D-PLS is especially suitLS
β̂j = sgn(bLS
j ) |bj | − λ + =
able when within-groups variability dominates the among LS
= sgn(bLS
)
max
|b
|
−
λ,
0
,
(7)
groups variability in the data.
j
j
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Robust regression

mon algorithm for constructing a regression tree in the
top-bottom approach, searching for individual variables
The least squares estimator is too vulnerable to the with the greatest relevance for explaining the variability
presence of outlying measurements in the data. Therefore, of the response.
its robust alternatives have been proposed. M-estimates
or R-estimates represent important classes of robust es- 5.2 Multilayer perceptrons
timators in the linear regression model [7, 19]. However,
they do not possess robustness properties in terms of the
In the task of nonparametric regression, multilayer
breakdown point, which is a statistical measure of sensifeedforward
perceptrons represent the most commonly
tivity against severe outliers in the data.
used form of neural networks.
There are a few robust regression estimators with
Most commonly, they exploit the back-propagation ala high breakdown point, while is the least trimmed
squares (LTS) estimator is the most common. In addi- gorithm minimizing the total error computed across all
tion, its modification called least weighted squares esti- data values of the training data set. The algorithm is
mator (LWS) has been proposed [26] which assigns non- based on the least squares method, which is optimal (only)
negative weights to individual observations based on ranks for normally distributed random errors in the data [18].
of residuals. The LWS estimator seems more promising After an initiation of the values of the parameters, the forthan the LTS estimator for several reasons, mainly a high ward propagation is a procedure for computing weights
efficiency for normal (non-contaminated) samples, robust- for the neurons sequentially in particular hidden layers.
ness to heteroscedasticity and local robustness to small This leads to computing the value of the output and conchanges of the data. Particularly, the LWS estimator at- sequently the sum of squared residuals computed for the
tains a 100 % asymptotic efficiency of the least squares whole training data set. To reduce the sum of squared
under Gaussian errors, if the data-dependent adaptive residuals, the network is sequentially analyzed from the
weights are used. The computation of LWS is however output back to the input. Particular weights for individual
very tedious using an approximative algorithm comparing neurons are transformed using the optimization method of
the steepest gradient.
various possible permutations of the weights.
We have successfully used the LWS estimator in mediAn intensive attention has been paid to the study of
cal image analysis [9] or to define similarity measures suit- upper bounds for the approximation error of multilayer
able for reducing the dimensionality of molecular genetic perceptrons giving arguments in favor of using them even
data [10].
in high-dimensional cases [5]. Such theoretical considerations are however very distant from the original biological motivation for artificial neural networks. In addition,
5 Nonparametric Regression
there are no diagnostic tools available, which would be
able to detect a substantial information in the residuals,
Nonparametric approaches are not based on a partic- e.g. in the form of their dependence, heteroscedasticity,
ular model, but the predicted value for each value of the or systematic trend.
regressor X ∈ p is an unknown parameter. In the reNeural networks can be described as black boxes, i.e. it
gression framework, the task of nonparametric regression
is
impossible
to explain why the algorithm yields particcan be described as the function estimation, i.e. to estiular
results,
although
comprehensibility would be very
mate a continuous function of the regressors and the value
desirable
in
a
variety
of
fields in which they have been
of the function for each possible value of the regressors is
successfully
applied,
e.g.
in phoniatrics [20] or chemical
an unknown parameter. In clinical applications, it may
catalysis
[1]
to
give
a
few
examples. The extremely unbe useful for prediction of a given variable (e.g. a drug
interpretable
character
is
an
attribute of deep multilayer
level) for an individual patient based on given values of
perceptrons
(deep
networks),
which have recently become
regressors. We give an overview of some of the numerous
popular
without
investigating
any specific methodological
available methods.
issues regarding their learning.

R

5.1

Regression trees

Regression trees represent a class of very traditional
methods, which can be described as nonparametric. Their
comprehensibility makes them a popular tool in biostatistics. The development of regression trees within the last
50 years was summarized in [14]. Their numerous algorithms have been well described and investigated theoretically [16]. Currently, their ensembles called random
forests are popular, which are able to overcome the instability of individual trees. CART represents the most comc 2017 EuroMISE s.r.o.

5.3

Radial basis function networks

Radial basis function network represent another model
for approximating a continuous nonlinear function. In
contrary to multilayer perceptrons, the input layer transmits a measure of distance of the data from a given point
to the following layer. Such measure is called a radial
function. Typically, only one hidden layer is used and an
analogy of the back-propagation is used to find the optimal values of parameters. The output of the network for
IJBH – Volume 5 (2017), Issue 1
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a given observation x ∈
f (x)

=

s
X

Rp has the form

Acknowledgement

wi exp{−β||x − ci ||2 }

(12)

i=1

=

s
X

wi exp{−β(x − ci )T (x − ci )}

References

i=1

where the network contains a total number s of neurons
with weights w1 , . . . , ws , β is a parameter, and ci is a given
point corresponding to the i-th neuron. The radial basis
function itself is defined as
ϕ(x, ci ) = exp{−β||x − ci ||2 },

x∈

Rp,

(13)

and the points ci can be interpreted as centers, from which
the Euclidean distances are computed.
The output (13) is a sum of weighted probability densities of the normal distribution. The training of the networks requires to determine the number of radial units
and their centers and variances. The formula (13) does
not contain a normalizing constant for the density of the
multivariate normal distribution, but it is contained in
the weights for individual neurons. This type of network
is however less suitable for high-dimensional data.
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Support vector regression

While support vector machines (SVM) are more popular in the classification context, both SVM and support
vector regression (SVR) were proposed in Vapnik’s seminal book [25]. SVR is firmly grounded in the framework
of statistical learning theory [6], which is in fact a theory
of estimating an unknown continuous function. This is
an advantage compared to neural networks, which are often criticized for their suboptimality and weak theoretical
foundations compensated by sophisticated heuristics.
SVR explicitly formalizes the concepts solved implicitly by neural networks and can be considered a close relative of neural networks and an alternative approach to
their training. The simplest form of SVR is the linear
SVR, which solves the task of linear regression, while a socalled kernel trick allows to extend the linear SVR to the
task of nonparametric regression. There exist also different methods exploiting the same ideas of Vapnik, e.g. the
Least Squares Support Vector Machine (LS-SVM) [22].
The optimal values of the parameters of SVR are found
by optimizing the prediction accuracy by means of solving a quadratic programming problem. Thanks to a suitable regularization, the SVR is suitable also for highdimensional applications. Another advantage is that the
prediction rule of SVR is based only on a small set of
support vectors.
IJBH – Volume 5 (2017), Issue 1
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[11] Kalina J, Zvárová J. Decision support for mental health: Towards the information-based psychiatry. International Journal
of Computational Models and Algorithms in Medicine 2014; 4
(2), 53-65.
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Abstract
In determining the symptoms and predicting disease in
medicine, health outcomes of patients are used, which are
obtained from different clinical tests. Among the initial
symptoms of people suffering from Parkinson’s disease we
can include muscle rigidity, problems with speech (dysphonia), movement or writing (dysgraphia). In this article, we
focus just on the data obtained from the primary symptoms of patients and their further use for early diagnosis
and detection of Parkinson’s disease using machine learning methods.

We first describe basic characteristics of this disease and
its typical features and then we analyze the current state
and methods of collecting data used for creating decision
models. Next, we also summarize the results of our previous research in this area and describe the future directions
of our work.
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Introduction

Parkinson’s disease [1] is a very serious neurological
disease for which there is still no remedy. It affects more
than one million patients across Europe. According to
estimates, in Slovakia, there are about 12 – 15 thousand
people suffering from this disease. Initial symptoms can
occur even before reaching 40 years of age, but the disease usually affects people about 60 years old. The main
cause of the disease is the death of nerve cells, producing an important chemical substance called dopamine [2].
This substance is important in the transmission of nerve
signals, thus management and coordination of movement
and muscles activity. Due to the lack of dopamine patient
loses the ability to control movement functions, eventually becoming unable to perform normal activities, such
as walking and moving [3].
Disease onset and initial symptoms [4] are often nonspecific. Typical resting tremor, slowed down movement
and muscle rigidity precedes sleeping disorder, constipation, shoulder pain and failure to smell. These symptoms
are difficult to recognize. Since the progression of this disease is slow sometimes, it may take several years before
IJBH – Volume 5 (2017), Issue 1
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the resting tremor leads to the diagnosis of Parkinson’s
disease.
Nowadays, there is no satisfactory method, which
could completely cure patients with Parkinson disease.
Medication substituting dopamine and relieving the disease progress is partially helpful. The most frequent
medication currently is L-Dopa [5], which, however, may
cause serious adverse effects, in particular psychiatric
ones, when used on a long-term basis. Side effects of
the medication can sometimes be improved by changing
the dose, the form of the drug or using other types of
drug. Medication in form of patches is also popular. Various neurosurgeries [6], which aim to selectively destroy or
stimulate individual nerve centers, can also be considered
as means to control the disease progress. Cell replacements as well as stem cell therapies are the most up to
date approaches for more efficient treatment of Parkinson’s disease. These, nevertheless, are currently subject
of further research.
The cause of Parkinson’s disease in a patient is not yet
known. There is significant amount of research aimed at
evaluating genetics, toxins or ageing period. Currently,
there is no objective quantitative method useful for clinc 2017 EuroMISE s.r.o.
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ical diagnosis of the disease. It is assumed, that the disease can be definitely diagnosed after death, indicating the
complexity of the diagnosis [7]. This is why the amount of
research is focused on the creation of expert systems or decision support systems and assessing diagnosis of Parkinson’s disease. These systems work with data which enable
to build models with high accuracy. This article focuses
on current methods of data collection and analyses useful
for the development of successful models that can detect
patients’ initial symptoms.

2

Current state

Recently, many studies focus on the classification of
patients with Parkinson’s disease (PD). It is largely due
to the fact that there is currently no suitable medicine, as
well as its early diagnosis is difficult for doctors. As already mentioned above, the initial symptoms of PD would
include muscle stiffness, problems with speech (dysphonia) [8] and movement, for example when writing (dysgraphia) [9]. This is the reason why many researchers
focus on data collection capturing writing and speech of
patients.
For example, in the work [10] P. Drotár et al. focused
on the classification of patients with PD using data obtained from the writing. These data were collected at
the First Department of Neurology, St. Anne’s University
Hospital in Brno, Czech Republic. Together they have
captured data of 75 people, where 37 of them were suffering from Parkinson’s disease and 38 were healthy. Each
subject was writing with the right hand, attended at least
10 years of school and spoke fluent Czech. Sentence they
were asked to write using digital tablet Intuos 4M (Wacom) was as follows: “Tramvaj dnes už nepojede.” (The
tram won’t go today). The process of writing this sentence was processed into a number of indicators such as:
stroke speed (trajectory during stroke divided by stroke
duration), speed (trajectory during handwriting divided
by handwriting duration), velocity (rate at which the position of a pen changes with time), acceleration (rate at
which the velocity of a pen changes with time), jerk (rate
at which the acceleration of a pen changes with time) and
many other derived attributes. The authors recorded not
only the movement of patients writing on the tablet, but
also outside it (in the air). The goal of this publication
was to compare the success rate of models from data obtained by writing on the tablet, the movement outside the
surface of the tablet (in the air) or a combination of both.
For categorization of the patients into healthy and suffering from PD they have used machine learning method
called Support Vector Machines (SVM). The highest accuracy was achieved by model trained on the combination
of both, data from writing and data form movement over
the tablet (85.61%), followed by the model trained only
on the data from the movement over the tablet in the air
(84.43%), and finally the model trained only on the data
about movement of the writing on the surface of the tablet
c 2017 EuroMISE s.r.o.

(78.16%). Finally, it was found that the movement of the
writing in the air has a major impact on classification
accuracy of patients and confirms that the handwriting
can be used as a biomarker for the diagnosis of Patient’s
disease.
Another publication [11], written by P. Drotár et al.
also describes the classification of the same patients as
above, according to the data obtained from the writing,
but more records have been available. They focused on
letters and simple words, where it is not necessary to interrupt the touch of the pen with the tablet. Each subject
first drew Archimedean spiral, further wrote a letter “L”,
the syllable “le”, the words “les” (forest), “lektorka” (lecturer), “porovnat” (to compare) and “nepopadnout” (not
to catch). The last task for the subjects was to write the
same sentence as above. The authors used three classification methods: K-nearest neighbors (KNN), AdaBoost
and Support Vector Machines (SVM). The highest accuracy was achieved using SVM method again (81.3%),
followed by AdaBoost classifier (78.9%) and finally KNN
(71.7%). In addition, they divided individual attributes
into kinematics and pressure features of handwriting and
compared them using SVM method. The best results were
achieved with models developed by attributes of pressure
features (82.5%) while using the attributes of the kinematics features only achieved 75.4% accuracy. By combining
the attributes of the two handwriting feature types they
arrived at the success rate of model at 81.3% .
There are even more publications available from authors who worked with the data obtained from the records
of patients’ speech. Such kind of data is in fact freely
available on the UCI Machine Learning Repository, where
there are currently 3 similar datasets and include basic attributes derived from so called jitter and shimmer groups
of parameters. Jitter represents voice frequency and shimmer voice amplitude perturbations and both are commonly used as part of a comprehensive voice examination
[12]. For example, in the work [13] G. Yadav focused on
the speech of PD patients. Their speech signals have been
transformed into various numerical indicators, including
the groups of jitter and shimmer attributes. For comparison resulted classification models of authors in [13] were
as follows: decision trees (75%), SVM (76%) and logistic
regression (64%).

3

Our research results

We have worked up to now only with data that is
freely available on the Internet, specifically on UCI Machine Learning Repository. In this database there are currently available 3 different types of data, aimed to classify patients with PD using their processed speech records
(it a group of numerical attributes sketched above). We
have so far only worked with two of these datasets, where
we firstly monitored and compared the classification accuracy obtained using different models of machine learning
methods. In the second case, we focused on the particular
IJBH – Volume 5 (2017), Issue 1

30
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types of patients’ speech comparing classification accuracy The lowest p-value (0.028) and therefore the highest deof created machine learning models.
pendency was observed between the attribute Status and
the attribute expressing the maximum vocal frequency. In
this case with the certainty of (1 − p) ∗ 100 percent, we
3.1 The research focused on the overall
can reject H0 and confirm HA – in this scenario, with the
accuracy
max. 97.2% certainty, we reject H0 .
The main part was aimed to create classification modIn the publication [14] we worked with data created
els
using
Naı̈ve Bayesian classifier method and the methby Max Little of the University of Oxford in collaboration
ods
of
decision
trees – Algorithms C4.5, C5.0, and CART.
with the National Center for Voice and Speech located in
Before
the
modeling,
we divided the data into training
the Denver, Colorado [15]. The entire dataset contained
and
testing
set
in
the
ratio 70/30 and 80/20. The data
the records of 32 patients (out of which 24 were with PD).
in
the
following
sets
were
divided randomly according to
For most individuals 6 records of their normal speech were
the
ratio,
while
the
proportion
of healthy patients and
available, and 3 individuals provided 7 records, which topatients
with
PD
was
maintained
in the two sets (approxgether resulted in 165 records. Several records of one paimately
1:3).
Then
we
created
10
models using the same
tient in the data are taken independently of each other,
training
data
for
each
of
the
four
different
methods (C4.5,
while possible mutual correlation of such records will be
C5.0,
CART
and
Naı̈ve
Bayesian
classifier)
and calculated
the subject of our future research. Patients’ speech was
their
accuracies
on
testing
set.
The
model
with the hightransformed into the number of attributes, such as the
est
accuracy
for
each
method
was
chosen.
The obtained
average (MDVP:Fo(Hz)) and minimum (MDVP:Fhi(Hz))
results
are
shown
in
Figure
1,
where
we
can
observe that
vocal frequency, level of variability in the frequency (Jitthe
highest
accuracy
of
91.43%
has
been
obtained
using
ter group of attributes), the rate of variation in amplitude
the
C4.5
algorithm
with
data
distribution
80/20.
The
sec(Shimmer group of attributes), measurements of the noise
ond
highest
accuracy
at
the
level
of
90.90%
was
achieved
and tonal components in the voice (NHR, HNR) and many
others. Target attribute (Status) was in binary form 1/0 with data distribution 70/30. On the contrary, using the
and represented the information, whether particular pa- method of the Naı̈ve Bayesian classifier we obtained the
lowest accuracy of the model in both splits of the data
tient is suffering from the PD or not.
into training and testing sets:

Figure 1: The results of the models created using machine
learning methods.

In the first part, we monitored the dependence of individual attributes to the target attribute by using Twosample Welch t-test that compares the average values of
each attribute with respect to the class of the target attribute. If the average values of the two sets are the same,
we are talking about independence of the attributes (zero
hypothesis H0 ). If there is a difference between the average values of the two sets, then there is a relationship
between attributes (alternative hypothesis HA). In this
test, the p-value is observed in order to decide how significant the relationship between particular attributes is. The
lower the p-value, the higher is the probability of the target attribute dependence to the given numeric attribute.
IJBH – Volume 5 (2017), Issue 1

Figure 2: The average results of the models created using machine learning methods.

In order to reduce the effect of chance when random
selecting the training and testing dataset, we repeated this
process 10 times and the resulting accuracy of particular
method was calculated as the average of all obtained accuracy results from 10 iterations of our training and testing
process. The results are presented in Figure 2, where one
can notice that the highest average accuracy of 87.46%
was achieved using C4.5 algorithm again, however the for
the training/testing data ratio of 70/30. The overall approach of decision trees and its algorithms C4.5, C5.0 and
CART resulted in higher average accuracy in this data disc 2017 EuroMISE s.r.o.

31
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tribution. The lowest accuracy was achieved again using
Naı̈ve Bayesian classifier method.
For the best method of decision tree algorithm C4.5,
the results were in the form of contingency table are presented in Table 1, where we can better understand the
kind of errors of this model and follow the number of false
positive and false negative cases. Since several contingency tables were obtained using the algorithm C4.5 we
averaged the adjusted values in the table.
Table 1: Contingency table.
C4.5
Predicted value by the model

0
1

The real value
0
1
11
3
4
41

This contingency table compares the real values in the
testing set with predicted values obtained using C4.5 classification models. Values 0 and 1 represent the target attribute in binary form and served as the information on
whether the patient suffered from Parkinson’s disease (1)
or not (0). For the records where patients do not suffer
from PD, models were able to predict an average of 11 correct classifications to the target class and 4 records were
incorrectly classified (false positives). Within the records
of patients suffering from PD, models were able to classify the correct class in average of 41 cases and for 3 cases
there was an error (false negatives).
According to the results, we can say that we can successfully classify patients by transformed indicators of
their speech. In the publication [13] using same data and
SWM method, the highest achieved accuracy was only 76

3.2

The research focused on a type of
speech

In another publication [16] aiming for the classification of patients with Parkinson’s disease we used freely
available data from the Department of Neurology in Cerraphasa Faculty of Medicine, Istanbul University [17].
These data include basic attributes of Jitter and Shimmer,
but in addition, other attributes are involved as well, such
as NTH and HTN (two measures of the ration of the total
noise component in the voice), Media pitch, Mean pitch,
Standard deviation, Number of pulses etc. Sound recording was obtained from 40 subjects, half of whom suffered
from PD. Each subject was represented by 26 recordings,
while pronouncing the letters U, A, O, numbers from 1
to 10, four short sentences and nine words in the Turkish language. In our research, we focused to detect which
of these types of speech signals can lead to a classification model with the highest accuracy. Target attribute
was also in binary form 1/0, which divides subjects into
patients with PD and healthy patients.
Firstly, we focused on the data understanding and
the dependency monitoring, same as in the publication
[15] using two-sample Welch t-test. The highest dependence to the target attribute was found in the following attributes: Jitter (local, absolute) (p-value =
c 2017 EuroMISE s.r.o.

0.0000000609), Shimmer (apq11) (p-value = 0.00000216)
a Max pitch (0.00000644). In addition, we also observed
the cut-off value of attributes that can classify patients
with the highest possible accuracy. These values were calculated using Youden index [18]. By attribute called Jitter
(PPQ5) we reached the cut-off point at the level of 1.0065,
according to which we can divide subjects with 59.13
Our main aim was to ascertain what data in terms
of the type of speech we should use to achieve the models with the highest accuracy. For creating models, we
used the method of decision trees and corresponding algorithms C4.5, C5.0, and CART, as well as RandomForest.
We used 4 and 5-fold cross validation for measuring of expected classification accuracy. From the results we found
that the most accurate models (71%) were obtained employing the 4-fold cross validation, using RandomForest
algorithm, where the subjects pronounced numbers from
1 to 10. When averaging the success rates of all the algorithms, we calculated the highest accuracy (66.5%) using
4-fold cross validation again, with the data of patients pronouncing numbers. On the contrary, the lowest average of
all accuracies (51.86% and 50.63%) for both cross validations were obtained with data of individuals pronouncing
the letter U.
We can conclude the second case with the observation that in all cases we can most reliably classify the PD
patients according to the data, which record their pronunciation of numbers. In the future, this observation could
help in data collection process for classification models.
In addition, recordings of patients pronouncing the letter
U can eventually cause the decrease in accuracy of the
classification model.

4

Conclusion

In this article, we focused on various means of collecting and analyzing patients’ data in order to create the
models with the highest possible precision in the classification of PD. These methods were based on primary symptoms of people suffering from Parkinson’s disease (muscle
stiffness, problems with speech and writing). According
to the results achieved in this article it can be observed
that the classification of patients according to their writing and speech is possible with an average success rate at
the level of 87.46%. This average percentage was obtained
in pronouncing simple words of individuals where we used
all available records to train the models. The data split
by the type of speech achieved less precise results (71%).
From this perspective, it makes more sense to use different
types of speech of individual subjects. Similarly, writing
records of subjects achieved a success rate of 85%, where
a combination of attributes was used - screening movement of the pen on the tablet but also the movement of
the hand over the tablet in the air.
In conclusion, the two types of data can be considered
to have significant potential in the future and can help
in the early and non-invasive diagnosis of PD patients.
IJBH – Volume 5 (2017), Issue 1

32
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Also, speech or writing of subject is not so costly and
time-consuming compared to performing large amounts
of medical tests. However, due to the large predominance
of healthy individuals in the total population, the medical
tests cannot be completely ruled out due to false alarms.
Obtaining transformed attributes of patients’ speech is
quite simple. There are several tools available for this
purpose, e.g. Praat Acoustic Analysis [19].

5

Future work

In the future research we would like to focus also on the
classification of the different stages of the disease, not only
to classify whether the patient is suffering from Parkinson’s disease or not. We assume that determination of
the initial stage will be the most difficult part, since the
subjects are unlikely to be very different from healthy individuals. In addition, further focus will also be placed
on the correlation rate of the data obtained for single individual patient and its impact on the final classification
accuracy. More focus in the future will be involved in
working with the data we have obtained recently from
the company mPower: Mobile Parkinson Disease Study
[20]. This company collects data from people using their
mobile application, which records their demographic information as well as details of a voice, walking, memory
and tapping on the mobile screen. With these data, we
can expand our research in several areas and symptoms of
Parkinson’s disease. In addition, we have also agreed on
cooperation with P. Drotar, who works with the data of
subjects’ movement while writing on a tablet.
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Abstract
Dental treatment of special needs patients is more expensive and time-consuming than conventional dental treatment. Extensive research supported by the Ministry of
Health (IGA : 9991-4) that focuses on the use of various
therapeutic methods in the treatment of special needs patients takes place at the Department of stomatology Teaching Hospital Motol and 2nd Medical Faculty of Charles
University.

A clinical decision support system for the treatment of the
children with special needs was created. The system should
be used for faster orientation and create a formula to treat
patients who have a handicap due to their non-standard
mode of therapy.
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1

Introduction

Making the right decision is becoming the key factor
for successful diagnosis in all areas of medicine. Decision making is usually based on a combination of experiences from solving similar cases, the results of recent
research and personal judgement. Decision support systems helping physicians are becoming a very important
part of medical decision making, particularly in those situations where a decision must be made effectively and
reliably [1]. The objective of this study is to create a tool
for clinical dental providers, which helps them to make
therapy decisions for children with special needs and multiple caries lesions. Nowadays there does not exist any
system of information exchange between private dental
offices and hospitals. Our simple decision support system
should show the gold standard in the hospital to help the
private dentist to inform their patients about the possibilities of the treatment and offer the possibility of the
treatment with a new method of the preparation – the
Er:YAG laser.

2

Methods

patients are referred to a special dental office with the
request of treatment from their dentists because of uncooperation. So there were created two groups of patients cooperative and uncooperative. The cooperative patients
are treated under local anesthesia. Cooperative patients
are usually treated by the private clinical dental providers
and rarely come to the hospital for treatment.

Figure 1: Simple decision scheme.

Our clinic can offer dental treatment with an Er:YAG
Finding a solution with the help of decision trees was laser, which is a new treatment method used instead of the
started by preparing two groups of patients. From the common drill preparation. The Er:YAG laser has a lot of
daily experience in our department we see that young advantages and helps to prevent noncooperation of chilc 2017 EuroMISE s.r.o.
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dren with multiple caries lesions. The patients are treated
under general anesthesia or analgosedation. The possibilities and conditions are included in the support system. The scheme is based on the daily experience, expert
knowledge and daily work at our clinic. Our standards
are not known among clinical dental providers. Figure 1
shows the main idea of the scheme.
The proposed scheme to support decision-making during dental treatment in paediatric patients is conceived
as a planning decision-making process without quantifying uncertainty. The input data are known, together
with the objectives of the decision-making process (optimal patient treatment technique) and the core decisionmaking process is created by using rules, conditions to
achieve optimal goals [2]. This is a simple inference
network. The presentation schema is created in HTML
with cascading style sheets, and the JavaScript language
with a library jQuery. Pictures and explanatory pop-up
windows are shown. The scheme is available at http:
//decisionschema.cuni.cz/. A test of the clinical decision support system was made in the year 2015 with 100
new patients. 50 uncooperative patients and 50 cooperative patients who came to the hospital because of the
need of dental treatment but they could not find a private
dentists who treats children in their town.

3

The appropriate coefficients of conformity are
cnoncoop = 0.90
resp.
ccoop = 0.86
Table 1: Uncooperative patient - coefficient of conformity
cnoncoop = 0.90.

Dentist’s decision

where xi,j represents an element of the table with size
n. In the case, where the conformity between dentist and
schema is random, the coefficient for table size n would
score
1
n·a
crandom = 2
=
n ·a
n
where a represents the average score for a single cell. In
the opposite case, where the conformity between dentist
and schema is ideal, the coefficient reaches
cideal = 1
The data from the non-cooperative group were registered in Table 1 and for the cooperative group in Table 2.
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A

AGA

HGA

NS

Analgosedation (A)

18

2

0

0

0

16

2

0

0

1

15

0

0

0

0

1

Ambulant General
anaesthesia (AGA)
General anaesthesia
within hospitalization (HGA)
The treatment is
not suitable (NS)

Table 2: Cooperative patient - coefficient of conformity ccoop =
0.86.

Results

For the assessment of the function of the system we
chose 50 cooperative patients and 50 uncooperative patients. The dentist, who verified the decision support system, works in the hospital, so is familiar with the gold
standards at the clinic. The author of the system was
also present meanwhile the diagnose was made. To display
and evaluate the agreement between dentist’s decision and
the decision schema output, pivot tables were used. Rows
correspond to scheme decisions and columns correspond
to the dentist’s decisions. The coefficient of conformity c
was defined as the ratio of sum of the diagonal elements
and the sum of all elements in the pivot table
Pn
xi,i
c = Pni=1
i,j=1 xi,j

Scheme result

Cooperative patient
Scheme result
Laser
Drill

4

Dentists decision
Laser
Drill
45
6
3
5

Discussion and Conclusion

Within our study we have created, a decision support system for the treatment of patients with multiple
caries lesions. When creating a knowledge base schema we
started from a diagnostic and treatment protocol used in
the Department for stomatology Teaching Hospital Motol
and 2nd Medical Faculty of Charles University. It is important to decide which type of anaesthesia is suitable in
case of anxious and uncooperative patients. In the group
of cooperative patients it is possible to use the laser treatment instead of the conventional drilling protocol. The
use of the Er:YAG laser in dental practice is not common
but is advantageous and the patients, who are in danger
of noncooperation in the future, can be referred to the
Dental clinic to be treated. The user interface was created using Web technology. We have created a group of
100 patients who came for conservative dental treatment.
The decision support system was tested by the dentist and
the author. We used pivot tables to compare the results.
We have defined the coefficient of conformity. Our scheme
shows the coefficient for uncooperative patients, 0.90 and
0.86 for cooperating children. This result is considered to
be good. In one case the dental treatment was not suitable
c 2017 EuroMISE s.r.o.
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because of the bad health status of the patient. The treatment was postponed until after solving the other health
problems. Some patients were treated under analgosedation but because of the paradoxreaction they had to be
treated under the general anesthesia. The frequency of
classes influences the results. In the case of uncooperative
patients the results are balanced. In the case of cooperative patients we can see that the frequency of classes
influences the results. The diagnosis of the degree of the
decay is not simple and in some cases the dentist after the
X-Ray examination changed the decision. In this part of
the schema our simple approach need to be improved. The
knowledge base may be developed and enriched by various less frequent problems occurring in paediatric patients
and the scheme shows, what are the possibilities and procedures in the Dental clinic. 3984 uncooperative patients
were treated in our clinic in the years 2006-2014. All these
patients were informed by their dentists. We wanted to
create the tool, which helps to standardize this information exchange. Future work building from this baseline
assessment will measure the actual provider adherence to
the tools and factors relating to overall implementation
adherence [3].
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In this paper we describe the influence of the subpopulation structure on the probability of observing homozygous
and heterozygous genotype. Balding-Nichols formula using
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derived formula that reduces the bias of the calculated
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1

Coancestry coefficient

Imagine a population divided into several subpopulations. Allelic frequencies in individual subpopulations are
usually different from allelic frequencies in the whole population and persons within the same subpopulation have
a more similar gene pool than people from different subpopulations.
Measure of subpopulation kinship is expressed by
coancestry coefficient θ, which indicates the probability
that two alleles randomly chosen from the subpopulation
will be ibd (identical by descent). Alleles are identified as
ibd when they are copies of any allele in a common ancestor (if located in two different individuals), or when they
are copies of an allele in a common ancestor of parents (if
there is one person) [1].
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However, if population is structured, it is not only possible to narrow the view of a particular subpopulation and
use the same procedure as for the whole population. The
frequencies of alleles in a subpopulation are generally not
known and the only known entry characterizing a subpopulation is just coancestry coefficient θ. If we want to
estimate the probability of occurrence of homozygous and
heterozygous genotype in the subpopulation and we do
not know the relevant allelic frequencies, it is necessary to
start with population frequencies and use θ as a correction.

2

Formula for calculation

The process how to include the influence of a subpopulation to the calculation of probabilities of observing a
The definition implies that the value of θ varies be- homozygous and heterozygous genotype in the subpopulatween different subpopulations of the same population, tion, was suggested in their article by Balding and Nichols
but also between the different loci in the same subpopula- [2] (so-called Balding-Nichols formula).
tion. It is therefore a property of a particular subpopulaRohlfs et al. [3] provide an overview of articles that
tion and a specific locus. For the correct interpretation, it
deal with comparing of theoretical results predicted by
is necessary to realize that this is a parameter relating to a
Balding-Nichols formula and truly observed frequencies.
pair of alleles: θ therefore can be interpreted as the probAlthough the inclusion of population structure makes the
ability of occurrence of an ibd pair, which corresponds to
test conservative, some results suggest that this conservathe relative frequency of ibd pairs in the subpopulation.
tiveness might be too high. The observed values often lie
At loci which are used in forensic identification, popu- somewhat closer to allelic frequencies expected when the
lation frequency of individual alleles are currently known influence of the subpopulation is ignored than the correcfor most populations. Then it is also easy to predict the tion calculated using the Balding-Nichols formula would
occurrence of homozygous and heterozygous genotype.
suggest. Rohlfs et al. [3] attempt to compensate this
IJBH – Volume 5 (2017), Issue 1
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difference by calculating the fraction of shared alleles between different subpopulations to a lesser extent.
In our view, however, such an adjustment should not
enter into the calculation and the observed difference is
likely due to improper construction of Balding-Nichols formula.
Table 1: The change of genotype frequencies in various models
(for genotype AB is not taken into acount the order of alleles).
The values pA = 0.6, pB = 0.4, and θ = 0.05 are used.

Genotype
unstructured
population

AA

AB

BB

36 %

48 %

16 %

Balding’s and
Nichols’ formula

37.2 %

45.6 %

17.2 %

proposed
formula

35.8 %

47.91 %

16.29 %

c 2017 EuroMISE s.r.o.

On the basis of mathematical derivation, we have suggested a formula that adjusts calculation of probabilities of
observation of homozygous and heterozygous genotype in
the subpopulation. Comparison of the values of the allelic
frequencies 0.6 and 0.4 with the value of the coancestry
coefficient 0.05 is shown in Table 1. We can see that the
values obtained using our proposed formula reduces bias
caused by Balding-Nichols formula.
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Abstract

ynic triploid cells and usually originates in fertilization of
normal ovum by two normal sperms. Non-molar triploid
Complete hydatidiform moles (CHM) and partial hy- (NMT) consists of biparental monoandric digynic triploid
datidiform moles (PHM), as well as non-molar triploids cells and usually originates in fertilization of diploid ovum
(NMT) are very rare pathological products of conception by normal sperm.
(POCs). While normal POC originates from one haploid
egg and one haploid sperm and consequently consists of
Despite their incorrect ploidy, these aberrant ova ofbiparental diploid cells, i.e. cells containing one set of pa- ten can divide and give rise to more or less pathologiternal chromosomes and one set of maternal chromosomes, cally organized tissues that may potentially become the
the contribution of maternal and/or paternal genetic in- object of forensic analysis. In those cases correct formulas for calculating probabilistic kinship parameters (paformation differs in CHMs, PHMs and NMT.
Complete hydatidiform mole (CHM) consists of uni- ternity index, maternity index, etc.) must be drawn up
parental diandric nulligynic diploid cells and usually and applied. Also we point out several other interesting
originates in fertilization of empty ovum by one nor- particular issues concerning aberrant POCs, such as asmal sperm following endoreduplication or, fertilization of sessment of mono/dispermity of unipaternal diploids or
empty ovum by two normal sperms. Partial hydatidi- distinction of digynic monoandric triploids from placental
form mole (PHM) consists of biparental diandric monog- mixtures of normal POCs.
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Abstract

terpretation of results in conventional observational studies.
Authors describe explanatory options of the Mendelian
randomization principle by using an example of isothiocyanate versus lung carcinoma. Though the use of
Mendelian randomization principle has its limitations,
it offers new possibilities to test causal relations and
clearly shows that means invested into the Human genome
project can contribute to the understanding and prevention of adverse effects of modifiable exposure to the human
health.

Though the methodology and designs of epidemiological studies and analyses of medical databases have improved, associations between modifiable exposures and
the disease in observational epidemiological studies remain partly biased. Mendelian randomization principle,
which is the random distribution of parental genes to offspring in meiosis during gametogenesis and at conception,
represents a new method of evaluation of the causal relations between the external causes and the disease. The
use of this principle assumes the association between the Keywords
disease and the genetic polymorphism, and reflects the biGenetic epidemiology, Risk factors, Causality,
ological relation between the suspected exposure and the
disease, and is generally less prone to the phenomenon of Glutathione-S-transferase, Brassica genus, Isothioconfounding and reverse causation that can impair the in- cyanate, Lung carcinoma

c 2017 EuroMISE s.r.o.

IJBH – Volume 5 (2017), Issue 1

40

Extended Abstract

Defective Collagen Type I production in Czech
Osteogenesis Imperfecta Patients
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Abstract
Osteogenesis imperfecta (OI) is heritable and clinical heterogeneous disease of connective tissue. Currently, OI classification includes fourteen OI types differed by clinical
signs and genetic origin. The typical clinical feature is low
bone mass resulting in high frequency of bone fractures.
Other feature observed in OI patients are bone deformities, blue or grey sclerae, otosclerosis and dentinogenesis
imperfecta (DI).

Molecular-genetic testing of 34 Czech OI probands identified nine mutations, including 6 novel ones, of collagen
type I genes.
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1

Introduction

Genetic origin of first four OI types (I-IV) is defect in
one of collagen type I genes (COL1A1, COL1A2). About
90% of affected patients have causative mutation in one of
these two genes. These mutations result in mild to lethal
phenotype regard on type and position of the change in
alpha chains encoded by collagen type I genes [1, 2].
Collagen type I is a heterotrimer composed of two alpha 1 chains (produced by COL1A1 gene) and one alpha
2 chain (encoded by COL1A2). Mutations of alpha chains
result in either reduced production of collagen type I (typical genetic origin of patients affected by OI type 1) or in
the synthesis of structurally abnormal protein [1, 3].
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Imperfecta Variant Database, the Human Genome Mutation Database and the Ensembl database.
Table 1: Identified collagen type I DNA changes.
Gene
COL1A1
COL1A1
COL1A1
COL1A1
COL1A1
COL1A1
COL1A1
COL1A1
COL1A2

DNA change
p.Tyr47X
p.Arg131X
p.Arg415X
p.Gln1341X
p.Cys61Phe
p.Gly794Gly
p.Pro1186Ala
c.1057-1G>T
p.Gly814Trp

Novelty
yes
no
yes
yes
no
yes
no
yes
yes

X – nonsense mutation (STOP codon) resulting in reduced pro-

2

Material and Methods

duction of collagen type I; Tyr – tyrosine; Arg – arginine; Gln –
glutamine; Cys – cysteine; Phe – phenylalanine; Gly – glycine;
Pro – proline; Ala – alanine; Trp – tryptophan

Molecular genetic analysis of collagen I genes was
performed in a cohort of 34 OI patients. The DNA
samples were analysed by PCR and Sanger sequencing.
Identified DNA changes were compared with
wild-type sequences as submitted to Ensembl accession no. ENST00000225964 (COL1A1 gene) and no.
ENST00000297268 (COL1A2 gene) and with Osteogenesis
IJBH – Volume 5 (2017), Issue 1

This study was performed in accordance with principles of the Declaration of Helsinki and approved by
the Ethics Committee of General University Hospital in
Prague (project 83/14). Participants provided a written
informed consent for their involvement in the study.
c 2017 EuroMISE s.r.o.
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3

Results

Molecular genetic analysis identified 9 mutations. 8
of them occurred in COL1A1 gene, the last one was situated in COL1A2 gene (Table 1). Further, 8 DNA changes
was found in coding sequences (exons), one was identified in non-coding (intronic) part of one of collagen type
I genes. This data was previously described in Hrušková
et al. (2015) [4] and Hrušková et al. (2016) [5].

41

References
[1] Forlino A, Cabral WA, Barnes AV, Marini JC, New perspectives on osteogenesis imperfecta, Nat Rev Endocrinol 7 (2011),
540–557
[2] Endotext [homepage on the Internet]. MDText.com,
Inc. Available from: http://www.endotext.org/chapter/
osteogenesis-imperfecta/7/. Accessed April 15, 2015.
Accessed June 16, 2014.
[3] Dalgleish R, The human type I collagen mutation database,
Nucleic Acids Res 25 (1997), 181 187.

Disclosure
The author reports no conflicts of interest in this work.
Acknowledgement
This study was supported by the grants SVV-2016260267, PRVOUK P24/1LF/3 and UNCE 204011 from
the Charles University.

c 2017 EuroMISE s.r.o.
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Abstract
Direct home BP telemonitoring can eliminate the not always reliable BP values reported by the patient due to
intentional or unintentional transcription errors. The presented telemedicine system transfers data directly, without any patient interaction, from a BP measuring device
(BPMD) via a Bluetooth interface and sends them to a
telemedicine server. Measurements can be sent either directly using a Intel Compute Stick mini-PC or indirectly
via a mobile phone application that uses Apple HealthKit
as an intermediate storage. The web logbook is based on
ESH standardised logbook transferred to Excel. This enables an easy calculation of the average BP across several
days. A chart and table with a daytime BP profile partially
mimics 24-h ambulatory BP monitoring (ABPM).

The patient’s logbook is accessible to both the patient
and the physician via a web application. It can be also
generated as a pdf and sent to the physician by email,
alternatively it can be printed. Moreover, the proposed
system offers direct information about the detection of an
irregular heartbeat rhythm during a BP measurement that
can be easily distinguished in the logbook. Using the latest
HL7 standard, the FHIR, the measurements can be directly
sent to a hospital information system. This may help in
the early detection of asymptomatic atrial fibrillation and
in the prevention of its serious complications.
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3rd Department of Medicine, General Faculty Hospital
Address: Karlovo nám. 32, Prague, Czech republic
E–mail: jan.peleska@seznam.cz

1

received: November 20, 2016
accepted: January 5, 2017
published: February 20, 2017

Introduction

prevalence in older individuals, in patients with hypertension (the most frequent cardiovascular disease) and other
The current European Society of Hypertension Prac- conditions.
tice Guidelines for home blood pressure monitoring
The diagnosis of AF requires rhythm documentation
(HBPM) contain a standardised BP logbook [1]. The PC using an electrocardiogram (ECG). Individuals with AF
presentation of these Guidelines for indirect BP telemon- may be symptomatic or asymptomatic (“silent AF”). The
itoring has already been shown [2]. However, BP val- detection of asymptomatic AF by new technologies inues reported by the patient may not always be reliable cluding BP machines with AF detection algorithms has
due to transcription errors. Some patients even select the not yet been formally evaluated against an established armore optimistic lower BP values from multiple measure- rhythmia detection method.
ments. Mistakes can altogether reach up to 30 % of all
When the BP measuring monitor detects an irregular
reported BP values. Therefore, direct HBP telemonitorrhythm two or more times during the measurement, the
ing can overcome this obstacle.
irregular heartbeat symbol will appear on the display with
The 2016 ESC Guidelines for the management of atrial
the measurement values.
fibrillation [3] describe this dangerous arrhythmia (AF),
However, some patients do not notice or report its
which is independently associated with a two-fold inpresence
to their physician.
creased risk of all-cause mortality in women and a 1,5fold increase in men. Death due to stroke can be largely
The proposed solution enables direct telemonitoring of
mitigated by anticoagulation. AF appears with greater both BP values and information about detected irregular
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Figure 1: System architectures.

heartbeats corresponding to various arrhythmias, one of
Internally, (IHR) is treated as another measured varithe most dangerous among them being AF.
able and is transferred to the server. In the electronic
logbook, measurements containing detected (IHR) are displayed with the bold-font-highlighted heart rate value and
2 Methods
the irregular heartbeat symbol.
The patient’s set consists of the validated BPMD Fora
P30+ (ForaCare, USA, available in the Czech Republic)
that is wirelessly connected to a low cost mini PC – currently we are using the Intel Compute Stick (Intel Corp.,
USA) - but any computer able to run Windows 7 or later
with Bluetooth (BT) 2.0 and which has internet connection can be used. Since the mini PC does not have a
display, a special method for connecting to Wifi has been
implemented. We have developed separate software that
can be downloaded from the internet (without installation, using ClickOnce technology) that generates an encrypted file with Wifi credentials and saves it to a flash
disk that is that used to transfer the file to the mini PC.
For patients without an internet connection a set with a
GSM modem can be used.
The mini PC contains software that awaits a BT connection from the BPMD and immediately saves it to the
local database and then attempts to upload the measured
values to the central server via secured web services (Figure 1). Both patients and physicians have access to the
measured data via a web application.
During the last year more BPMD models supporting data transfer using the BT interface were introduced.
Some of them with AF detection algorithms can diagnose
AF with high probability, some generally detect an irregular heartbeat rhythm (IHR). This is defined e.g. as a
rhythm with a 25% lower or 25% higher heart rate than
that of the average heart rate detected while the monitor
is measuring the systolic and diastolic BP.
c 2017 EuroMISE s.r.o.

There is a chance to detect IHR when the recommended monitoring schedule for hypertension is used:
seven-day home measurements before each clicic/office
visit and once or twice per week in the long-term followup.

While in most cases the BPMD in the home environment is used more or less at the same location, in some
cases it is more practical to use a mobile phone for the
transfer of BP values between the BPMD and the server.
For such cases we have developed the Diani Connector mobile application that automatically synchronises the data.
The Diani Connector is currently only available for phones
running on iOS since it makes use of Apple HealthKit
(HK) as an intermediate storage. Many BPMD manufacturers are providing public mobile applications that store
the data from the device in the HealthKit database where
it can be read by any approved application. The advantage of such an approach is the HK providing a single
unified interface regardless of the communication interface
used by the BPMD. Therefore, the number of supported
BPMDs is much higher and we do not need to know and
implement its communication protocol. The disadvantage
is that only a subset of data can be stored there. For example, systolic BP as well as the diastolic BP and heart
rate can be stored there. On the other hand, information
about an irregular heartbeat detected by the BPMD is
very specific information that the HK cannot store.
IJBH – Volume 5 (2017), Issue 1
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3

Results and Discussion

as a pdf and sent to a physician by email or be printed
and brought in paper form. Currently we are providing
The web logbook is based on ESH standardised log- patients preconfigured sets and patients only need to setup
book [1] transferred to Excel. This enables an easy cal- a Wifi connection.
culation of the average systolic and diastolic BP (total,
morning and evening) from several monitoring days. Ac4 Conclusion
cording to the current guidelines, the value of the total average BP is a criterion to diagnose hypertension,
Advantages of the presented solution are:
controlled hypertension with therapy or normotension (<
135/85 mmHg). The additional calculation of average
• Measured values are transferred automatically – this
morning and evening BP enables a better titration of
eliminates the chance of patient transcription errors
pharmacotherapy. We implemented the version presented
or a forgotten logbook when visiting the physician.
in the 2012 London European Meeting on Hypertension
• Detection of irregular heartbeat – condition of in
[4] that introduced differently coloured cells for both extime diagnostics of AF and preventive therapy.
tremely high and extremely low BP and heart rate levels
with warnings and recommendations for the patient to
• Data are stored permanently and can be used for
contact his/her physician within hours or days. Similarly,
long-term follow up.
results of a mean BP evaluation are shown in different
colours – an increased BP mean and a suitable range of
• Multiple deployments of the solution are possible –
the target BP mean.
every physician or organisation can have the data
Office blood pressure (BP) is usually higher than BP
under their control.
measured out of office, which has been attributed to the
alerting response and anxiety (white coat effect).
24-h BP monitoring (ABPM) is currently considered References
the reference for out-of-office BP, but it is not so suitable
[1] G. Parati, G.S. Stergiou, R. Asmar, et al. European Society
for repeated BP monitoring. On the contrary, the direct
of Hypertension Practice Guidelines for home blood pressure
home BP telemonitoring system with reliable BP values
monitoring. J Hum Hypertens 24 (2010), 779-785.
can fulfil the task of repeated BP monitoring during the
[2] J. Peleska, Z. Rotal. Home blood pressure monitoring, Intertitration of pharmacotherapy in the majority of cases easnational Journal on Biomedicine and Healthcare 2015; 3 (2):
ily.
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Before printing or exporting to pdf, patients are asked
[3] P. Kirchhof, S. Benussi, D. Kotecha et al. 2016 ESC Guideto fill in their medication information. If a sequence of
lines for the management of atrial fibrillation developed in colmultiple daily measurements (e.g. each hour) is detected,
laboration with EACTS. European Heart Journal (2016) 37,
2893-2962
the report will also contain a chart and table with a daytime BP profile for easier detection of hypotension at the
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Thoughts on how randomly induced noise can be detected
in BSPM processing.
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1

Introduction

Further processing techniques involve automatic QRS
labeling. The labels are then used to calculate propagation maps and then to locate the origin of the electrical
signal, so the stress on high preprocessing quality is crucial. We need to be able to label the waveforms with
precision in the order of milliseconds (±1 sample with our
sampling frequency).

In a project aimed at assessing the effectiveness of Cardiac Resynchronization Therapy (CRT), Body Surface Potential Mapping (BSPM) is one of the methods chosen
to help quantify the therapy progress. A tool is being
developed to evaluate the BSPM signals and model the
propagation of the activation wave along the myocardium.
BSPM signals are acquired on a system with 120 unipolar
2 CRT data
electrodes. Measured signals from individual leads are distorted by a combination of motion artefacts, mains hum
The signals are measured using Active Two hardware
and random noise arising from improper skin-electrode
from
BioSemi[1]. It has 120 unipolar electrodes placed uncontact. Therefore we can’t design a single filter to deevenly
along the chest and back in strips (Figure 1) plus
noise all the signals in one batch and have to use more
three
electrodes
on the limbs to form Einthoven’s triangle
complex preprocessing techniques.
for reference.
The sampling frequency for all channels is 1024 Hz and
samples are quantized into 24 bits. For each pacemaker
setting we record approximately a 2 minute interval.
The signals suffer from 3 types of noise: motion artefacts and isoline drift, mains hum and noise induced by
varying skin-electrode impedance.
Motion artefacts and isoline drift can be easily removed with moving average filters. We try to use FIR
filters wherever possible in order to keep the phase of the
signals intact.
Mains hum is best removed by not inducing it at all
during measurement, but this is not always possible. Otherwise it’s removed by IIR notch filter.
Varying skin-electrode impedance does not really induce noise. It distorts the measured signal’s phase and
amplitude. The signal cannot be recovered without knowFigure 1: BPSM electrode placement.
ing the exact impedance for each affected sample.
c 2017 EuroMISE s.r.o.
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remove it. We chose a notch filter centered at 50 Hz with
3 dB bandwidth of 6 Hz. Frequency characteristics of this
filter can be seen in Figure 3.

3.3

Motion artefacts removal

To remove motion artefacts and smoothen the signal
we use a moving average filter with cut-off frequency of
80 Hz in the final preprocessing phase.
Figure 4 shows the change in signal amplitude and frequency characteristics after passing through the filtering
sequence.

Figure 2: Impulse response of MA filter.

3

Basic preprocessing

Processing was conducted using MATLAB[2]. All signals are pre-processed using a sequence of filters. We assume all noise, except mains hum, has a random frequency
distribution. We will also be averaging the signals into one
beat. Therefore we don’t need the preprocessing filters to
have high attenuation in the stop band. Instead we prefer
minimum phase distortion and use FIR filters.

3.1

Isoline removal

In the first phase we remove isoline drift caused by
breathing. For this we use a moving average filter with
a cut-off frequency of 0.6 Hz. Frequency characteristics of
this filter can be seen in Figure 2.

Figure 4: Comparison of signal before and after filtration.

4

Unrecoverable noise

The electrode strips are designed to reduce the time
needed to apply them on the patient. Unfortunately they
only come in one size. So for smaller patients they need
to be folded to get the electrodes into desired positions,
which increases the tension on the adhesive. The adhesive
used on the electrodes also doesn’t work well on patients
with dry skin. This means, that the electrodes tend to lose
contact unexpectedly, resulting in varying electrode-skin
impedance.
In the samples where the impedance is unstable, the
signal is lost and cannot be recovered by any filtration
technique, unless we would also record the impedance of
the electrodes for each sample.
Samples affected with this problem have varying amplitude, ie. the change in the nature of the signal is unpredictable. Averaging beats from signals containing this
Figure 3: Impulse response of notch filter.
type of noise with unaffected beats would also not help,
as the shifts in amplitude are of a greater order and prop3.2 Mains hum removal
agate dominantly into the resulting average. We must
therefore make sure that segments which contain noise inMains hum usually has a narrow frequency distribu- duced by unstable skin-electrode impedance are marked
tion and so we need to use a narrow band FIR filter to and are excluded from further processing.
IJBH – Volume 5 (2017), Issue 1
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5

Unrecoverable noise detection

Samples where skin-electrode impedance instability
ruined the signal must not get into further processing,
so they don’t bias the propagation maps.
In a first approach we tried to detect them by thresholding the signals’ amplitude. In a second approach we
segmented the signals into segments of 20 samples and
thresholded the power of the segments. These approaches
sometimes worked, but were very inaccurate.
For now we are working on two approaches based on
the segmentation method. The first uses the power spectral density and the second uses the cepstrum to obtain
the thresholded parameter.

5.2

Power spectral density

The thresholded parameter for this method is obtained
by calculating the PSD of a segment and correlating it
with PSD of a signal without noise (reference beat).
The power spectral density is calculated using the FFT
algorithm implemented in Matlab. The number of DFT
points does not matter as long as it’s the same as for the
reference beat. We used 1024 point DFT. For correlating
the two PSDs we used Matlab’s cross-correlation function
and we take the central value corresponding to no offset
between the signals.
The resulting value is stored in a time series which is
then thresholded.

5.3

Cepstrum

The thresholded parameter for this method is obtained
by calculating cepstral coefficients and calculating the cepstral distance.
Cepstral parameters are calculated as the cosine transform of the logarithm of the fourier transform of the segment (Figure 7).

Figure 7: Cepstrum calculation.
Figure 5: Segmentation.

To get a single value representing each segment, the
Euclidean distance is calculated from the cepstral coefficients. The time series of the Euclidean distances is then
thresholded.

Figure 6: Weighing.

5.1

Segmentation

For both methods the signal is segmented into 2 seconds segments (2048 samples) and weighed with a Hamming window to minimize frequency overshoots in frequency analysis (FFT). The length of the segment was
chosen to be 2 seconds, so that no matter where it is positioned, it will always contain at least one full beat. The
segmenting window is moved with 50% overlap (1024 samples). Segmentation and weighing of the signal is outlined
in Figure 5 and Figure 6.
c 2017 EuroMISE s.r.o.

Figure 8: Thresholding.

5.4

Thresholding

To detect which segment of the signal is affected by unrecoverable noise, the time series obtained in the extraction phase (either from PSD or Cepstrum) is thresholded
using dynamic thresholding.
IJBH – Volume 5 (2017), Issue 1
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It is basically a combination of two integrating filters: this method is crucial for labelling the beats and creating
isochronous and potential maps.
y[n] = qx[n − 1] + (1 − q)x[n].
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6

Conclusion

We don’t have enough data to make conclusions yet,
but the cepstrum method looks more promising. It is
also much less computationally demanding. The use of
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1

Background

4

Results

We have designed and implemented the following new
As a result of several research projects we have develfunctionalities:
oped a smartphone Diabetes Diary application [1] and a
companion application for the Pebble smartwatch [2]. Its
main purpose is to provide a digital diabetes diary with
advanced functions easily available from the users’ wrist.

2

Introduction

Our existing Pebble smartwatch application offers twoway synchronization of registrations with both the iOS
and Android version of the Diabetes Diary application. It
offers basic physical activity tracking and provides alarms Figure 1: Making a new insulin registration using voice input.
for remembering to measure blood glucose. However, the
original design of the application was influenced by various limitations of the Pebble smartwatch hardware and
software, which we address and present improvements on Voice-based input method for entering new registrations Voice input has several advantages over the
in this presentation.
ordinary method using buttons – it allows to easily specify other properties of new registrations (e.g. time of the
registration, insulin type etc.). Voice recognition is sup3 Methods
ported in multiple languages, see Figure 1.
Based on improvements in new generations of Pebble smartwatch, we have innovated several new functions,
which we have implemented and tested as extensions of
our existing Pebble smartwatch application. None of these
functions are currently included in the public version of
the application, which is available on the Pebble app store.
No study on the usability of these new functionalities has
been done on users yet.
c 2017 EuroMISE s.r.o.

Finding similar situations when entering new insulin registration We have utilized the integrated algorithm on the phone to provide a user overview of similar situations in the history of records when entering a
new insulin registration. The most similar situation is
transferred to the smartwatch and presented on the ‘new
insulin’ registration screen, see Figure 2A.
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Integration with the Nightscout application The
Nightscout application was originally developed to allow
parents of children with Type 1 diabetes to remotely monitor data from continuous blood glucose meters (CGM)
[3]. We have modified our Pebble smartwatch application
to show the real-time CGM value on the watch’s main
screen, see Figure 2B.

acquired by a larger company, Fitbit Inc., resulting in a
shutdown of the production of new Pebble smartwatches
[4]. It is unclear whether the software will become a part of
a new product. Therefore, to be able to continue doing research on innovative smartwatch-based self-management
functions, we have to search for alternate open platforms
such as Pebble, providing similar opportunities for implementation of health applications.
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Figure 2: Showing the most similar situation (A) and
Nightscout integration (B).
[3] Nightscout. Available from: http://www.nightscout.info/.

5

Discussion

Unfortunately, because of the company’s economic
problems, Pebble Technology Corporation, was recently
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[4] “What
Does
Pebble
Joining
Fitbit
Mean
For
Me?”
Available
from:
http://help.
getpebble.com/customer/portal/articles/
2663228-what-does-pebble-joining-fitbit-mean-for-me-?
b_id=8309.
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Abstract

ence or using published experience. Finally, we mention
some decision support systems based on probabilistic and
Medical care is often said to be the art of making de- statistical approaches.
cisions without adequate information. Physicians must
frequently choose treatment long before they know which
References
disease is present .Even when illness is known, one must
usually select from among several treatment options and
[1] Sox HC, Blan MA, Higgins MC, Marton KI: Medical Decision
the consequences of each cannot be foretold with certainty.
Making. Butterworth-Heinemann, London 1988
Indeed, uncertainty is intrinsic to the practice of medicine.
[2] Jenicek M: Foundations of Evidence-Based Medicine. The
Clinicians routinely make decisions for and with their paParthenon Publishing Group, New York 2003
tients that are complex, under time constraints, and in[3] Van Bemmel JH. Musen MA: Handbook of Medical Informatvolve risks or uncertain outcomes. These decisions may
ics. Houten-Diegem 1997
be made either with certainty or with some uncertainty.
Essentially, there are three possible “operating systems”
[4] Zvárová J., Svačina Š., Valenta Z. et al: Systems for Medical
Decision Support, Carolinum, Prague 2009
of reasoning in medicine under uncertainty.
First is probability theory and its application, espe[5] Blobel B, Hasman A., Zvárová J (Eds). Data and Knowledge
cially using Bayes rule, second chaos theory and its uses
for Medical Decision Suport, Studies in Health Technology and
Informatics 186, 2013
in clinical research and third fuzzy logic and fuzzy set theory in handling imperfect or hard to interpret data. We
[6] Kalina J., Zvárová J.: Regression Modelling: A Fundamenfocus on uncertainty and probability quantifying uncertal Tool in Clinical Decision Support. International Journal on
Biomedicine and Healthcare,5 (1), 2017, 21-27
tainty and its estimate using data, using personal experi-
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Abstract
Guidelines are among us for over 30 years. Initially
they were used as algorithmic protocols by nurses and
other ancillary personnel. Many physicians regarded the
use of guidelines as cookbook medicine. However, quality
and patient safety issues have changed the attitude towards guidelines. Implementing formalized guidelines in a
decision support system with an interface to an electronic
patient record (EPR) makes the application of guidelines
more personal and therefore acceptable at the moment of
car
The goal of the presentation is to obtain, via a literature review, an insight into factors that influence the
design and implementation of guidelines.
I will present studies that enable us to explain the characteristics of high-quality guidelines, and new advanced
methods for guideline formalization, computerization, and
implementation. We show how the guidelines affect processes of care and the patient outcome. We discuss the
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reasons of low guideline adherence as presented in the literature and comment upon them.
Developing high-quality guidelines requires a skilled
team of people and sufficient budget. The guidelines
should give personalized advice. Computer-interpretable
guidelines (CIGs) that have access to the patient’s EPR
are able to give personal advice. Because of the costs,
sharing of CIGs is a critical requirement for guideline development, dissemination, and implementation. Until now
this is hardly possible, because of the many models in
use. However, some solutions have been proposed. For
instance, a standardized terminology should be imposed
so that the terms in guidelines can be matched with terms
in an EPR. Also, a dissemination model for easy updating
of guidelines should be established. The recommendations
should be based on evidence instead of on consensus. To
test the quality of the guideline, appraisal instruments
should be used to assess the guideline as a whole, as well
as checking the quality of the recommendations individually. Only in this way optimal guideline advice can be
given on an individual basis at a reasonable cost.
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1

Introduction

The rapid growth of data collected and stored in various application areas brings new problems and challenges
in their processing and interpretation. While database
technology provides tools for data storage and “simple”
querying, and statistics offers methods for analyzing small
sample data, new approaches are necessary to face these
challenges. These approaches are usually called knowledge
discovery in databases (KDD) or data mining. These two
terms are often used interchangeably. We will support the
view that knowledge discovery is a broader concept covering the whole process in which data mining (also called
modeling or analysis) is just one step in which machine
learning or statistical algorithms are applied to preprocessed data to build (classification or prediction) models
or to find interesting patterns. We thus understand knowledge discovery in databases as the
Non-trivial process of identifying valid, novel, potentially
useful and ultimately understandable patterns from data
[3],
or as an
Analysis of observational data sets to find unsuspected
relationships and summarize data in novel ways that are
both understandable and useful to the data owner [5].

2

The Process of Knowledge
Discovery in Databases

According to the CRISP-DM methodology [2] the
KDD process consists of business understanding, data
understanding, data preprocessing, modeling, evaluation
and deployment steps.
c 2017 EuroMISE s.r.o.

Business understanding is the initial phase that focuses on understanding the project objectives and requirements from a business perspective, and then converting
this knowledge into a data mining problem definition, and
a preliminary plan designed to achieve the objectives
The data understanding phase starts with an initial
data collection and proceeds with activities in order to get
familiar with the data, to identify data quality problems,
to discover first insights into the data, or to detect interesting subsets to form hypotheses for hidden information.
The data preparation phase covers all activities to
construct the final dataset (data that will be fed into the
modeling tool(s)) from the initial raw data. Data preparation tasks are likely to be performed multiple times,
and not in any prescribed order. Tasks include table,
record, and attribute selection as well as transformation
and cleaning of data for modeling tools.
In the modeling phase various modeling techniques
are selected and applied, and their parameters are calibrated to optimal values. Typically, there are several
techniques for the same data mining problem type. Some
techniques have specific requirements on the form of data.
Therefore, stepping back to the data preparation phase is
often needed. This phase corresponds to the data mining
step in the narrow sense.
At the evaluation stage in the project the build model
(or models) appears to have high quality, from a data analysis perspective. Before proceeding to final deployment of
the model, it is important to more thoroughly evaluate
the model, and review the steps executed to construct
the model, to be certain it properly achieves the business objectives. A key objective is to determine if there
is some important business issue that has not been sufficiently considered. At the end of this phase, a decision on
the use of the data mining results should be reached.
Creation of the model is generally not the end of the
project. Depending on the requirements, the deployment phase can be as simple as generating a report or as
complex as implementing a repeatable data mining proIJBH – Volume 5 (2017), Issue 1
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cess. In many cases it will be the customer, not the data instance-based approach (like e.g. k-NN algorithm). In
analyst, who will carry out the deployment.
last decade, the so called support vector machines (SVM)
gained increasing popularity in the data mining commuHowever, we must stress here that there is no “best”
3 Data Mining Tasks, Methods and nity.
algorithm that will outperform (in terms of classification
Applications
or prediction accuracy) the other algorithms on any problem [7].
Knowledge discovery in databases is commonly used
KDD can be applied in various domains: banking and
to perform the tasks of data description and summariza- finance, insurance, life sciences, retail, technical diagnostion (to find concise description of characteristics of the tics, computer networks, social networks e.t.c. Let us
data, typically in elementary and aggregated form), seg- consider an example from medical domain, the analysis
mentation (to find interesting and meaningful subgroups of atherosclerosis risk factors data with the aim to build
where all members of a subgroup share common charac- a model that will differentiate between normal and risky
teristics), concept description (to find understandable de- patients [1].
scription of concepts or classes), classification (to build
classification models, which assign the correct class label
References
to previously unseen and unlabeled objects), prediction
(to build models that predict changes of a variable over
[1] Berka,P. – Rauch,J. – Tomečková,M. (2009). Data Mining in
time), dependency analysis (to find significant dependenthe Atherosclerosis Risk Factor Data. In: (Berka,P. – Rauch,J.
– Zighed,D,A. eds.) Data Mining and Medical Knowledge Mancies or associations between data items or events), or deagement: Cases and Applications. IGI Global.
viation detection (to find significant changes in the data
from previously measured or normative values).
[2] Chapman,P., Clinton, J., Kerber, R., Khabaza, T., Reinartz,
There is a wide range of methods and algorithms that
T. Shearer, C. & Wirth, R. (2000). CRISP-DM 1.0 Step-bystep data mining guide. SPSS Inc.
can be used to solve these tasks (see e.g. [4] or [6]. First
group are statistical data analysis methods. Among them
[3] Fayyad, U., Piatetsky-Shapiro, G., Smyth, P. & Uthurusamy,
the most used are regression analysis, that can be used for
R. (Eds). (1996). Advances in Knowledge Discovery and Data
Mining. AAAI Press/MIT Press.
classification (in case of logistic regression) or prediction,
discriminant analysis, that can be used for classification
[4] Han, J.& Kamber,M. (2001). Data Mining: Concepts and
tasks, and cluster analysis, that can be used for segmenTechniques. Academic Press.
tation tasks. Beside these methods that can be directly
[5] Hand, D., Mannila, H. & Smyth, P. (2001). Principles of Data
used for the modeling step, statistical techniques like facMining. MIT Press.
tor analysis or principal component analysis can be used
for attribute transformations during data preprocessing.
[6] Witten, I.H. & Frank, E. (2005). Data Mining: Practical Machine Learning Tools and Techniques, Second Edition. Morgan
The second group are methods and algorithms from the
Kaufman
area of machine learning. Among them, most popular
are algorithms for decision tree induction (usually used
[7] Wolpert, D. H. (1996). The lack of a priori distinctions between
for classification), algorithms for learning neural networks
learning algorithms. Neural Computation, 8(7), 1341–1390.
(for classification or prediction in case of multilayer per[8] Zvárová,J. – Svačina,Š. – Valenta,Z. et al. (2009)
ceptrons or RBF networks, or for segmentation in case
Biomedicı́nská informatika III. Systémy pro podporu
of SOM networks), Bayesian classifiers (naı̈ve Bayesian
lékařského rozhodovánı́. Nakladatelstvı́ Karolinum, Universita
classifiers or Bayesian networks), or algorithms that use
Karlova, Praha.
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1

Introduction

Business processes are a matter of interoperability, i.e.
communication and cooperation, between principals according to the definition of the Object Management Group
(OMG) such as persons, organizations, devices, applications, and single components or objects [1], also called
actors. In that context, the information cycle [2] must be
mastered between the actors involved in the business process by observing process conditions, transforming those
data into information for communication, and taking the
right action to achieve the business objectives [3]. Performing the information cycle phases requires knowledge.

2

Knowledge Representation and
Management for Decision
Support Systems

Two basic services must be provided for enabling a
reasonable business case: a) explicit, computable representations of knowledge about underlying business concepts and business processes, and b) services to facilitate
knowledge sharing between all business system components. This also applies for DSS as business system components. Deploying KR techniques such as frames, rules,
tagging, and semantic networks, a good KR has to manage
both declarative and procedural knowledge.
In advanced healthcare settings, many different disciplines must cooperate for providing high quality, safe
and efficient health services. Knowledge of a discipline,
also called domain of discourse is created, represented,
and maintained by domain experts using their methodologies, terminologies and ontologies. For designing and
c 2017 EuroMISE s.r.o.

implementing DSS, knowledge representation and management must be realized at epistemological (cognitive
and philosophical), the notation (formalization and conceptual) level, and computational or implementation level
[4]. For harmonizing knowledge from different domains
in an interoperability scenario, a common notation is inevitable, thereby enhancing expressivity and formalization
of the representation in the continuum of languages from
natural languages, glossaries and data dictionaries, thesauri and taxonomies, meta-data and data models and
finally formal ontologies up to a level of sufficient commonality.
A crucial component of DSS is the knowledge representation formalism. That formalism is used to encode
units of knowledge, i.e. specialized problem-solving expertise such as facts, rules, procedures, which are stored
in the knowledge base. Each of those units of knowledge contains sufficient knowledge to make a single decision. Examples of such knowledge representation formalism for encoding units of knowledge in the knowledge base
are medical knowledge representation languages such as
PROforma, Asbru, EON, Arden Syntax, GELLO, GLIF,
Archetypes, HL7 Clinical Statements, and the recently
developed FHIR approach. For more details see, e.g., [5].
The knowledge base is linked to the inference engine
or event monitor that executes knowledge units in combination with process-related data (e.g. patient data from
EHR systems) to produce tailored context-specific process
decisions (interventions). The interference engine deploys
appropriate models according to available decision theories. Therefore, a DSS consists of three basic components:
a) the knowledge base (database), b) the model base and
analytical tools, and c) the user interface [6].
IJBH – Volume 5 (2017), Issue 1
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3

Future Challenges and
Conclusions

Currently health systems are objects of fundamental organizational, methodological and technological paradigm changes. The organizational paradigm
turns from the organization-centric towards the personcentric paradigm. Regarding the methodologies deployed,
medicine advances from an empiric, phenomenological approach towards personalized, preventive, predictive, participative precision system medicine, covering the continuum from elementary particle to society. The technological changes cover distributed systems including
the Internet of Things (IoT), mobile technologies, nanoand molecular technologies, knowledge representation and
knowledge management, artificial intelligence, big data
& business analytics, cloud computing, and social business. With increasing complexity and flexibility of decision challenges, the aforementioned methodologies and
technologies have to be appropriately integrated in DSS
design and implementation. This requires another approach to design, development and implementation of
business systems including DSS, going beyond the current
level of abstraction and formalization. In consequence,
a mathematical, system-theoretical, architecture-centric,
ontology-driven approach has to be deployed as demonstrated, e.g., in [3, 7] and standardized at ISO (e.g. [8, 9].
More information on the subject can be found in [10].
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In the course of last fifty years, a number of different models for knowledge representation have been developed. When uncertain knowledge is considered – and
in our opinion, deterministic knowledge applies to very
specific situations only – one can consider models based
on some of the calculi proposed specifically for this purpose. The oldest one is probability theory but many others appeared in the considered period; from many-valued
and fuzzy logics, through rough sets theory to approaches
based on non-additive measures, e.g., possibility theory [2]
and Dempster-Shafer theory of evidence [9]. Though most
of the content of the lecture could be expressed also in the
framework of other uncertainty calculi [5], in the lecture
we shall discuss only probabilistic models. Namely, its basic concept of a multidimensional probability distribution
(or probability measure) is a suitable tool to represent relationships between (or among) features, characteristics,
or generally random variables (events). Less formally said,
multidimensional probability distributions are a tool to
represent knowledge [7].

The family of Graphical Markov models [6], to which
Bayesian networks [3] belong, have become a very popular
way for multidimensional probability distribution representation and processing. In the lecture it will be shown
on simplified examples (e.g. from rheumatology [4]) that
it is its independence structure [10], and not the orientation of edges what influences the validity of models most.
The fact that some of independence systems can be successfully represented with the help of graphs is reflected
in the general title: graphical modeling.

The graphs used to describe Bayesian networks are
(acyclic) oriented graphs, ie., graphs, edges of which are
represented by arrows. The edges indicate the closest relationships (mutual dependence) of the variables (there
is a one-to-one correspondence between the variables and
the nodes of the graph). The variables, which are not
directly connected by an edge are conditionally independent, and a system of conditional independence relations
valid for the distribution defines the above mentioned independence structure. Therefore, one cannot understand
Bayesian networks without understanding the notion of
The strength of probability theory for knowledge rep- conditional independence. Let us stress that it is this
resentation has been shown in many publications, e.g., very notion that makes representation of high-dimensional
the seminal book by Judea Pearl [7]. If the reader prefers probability distributions possible.
an informal way of presentation, then they can get acDifferent graphical models employ different types of
quainted with a probabilistic knowledge representation on graphs to describe the independence structure of disa forensic application in [1]. In this paper the reader learns tributions. For example, decomposable models use for
not only how the probabilistic apparatus is used to repre- this purpose undirected graphs, and special models need
sent knowledge (the case of O. J. Simpson) , but mainly, more complicated graphical tools like chain graphs, hyperhow it can be used for inference. In the case of the cited graphs, or, annotated (di)graphs. Using oriented graphs
paper, the reader can learn how to deduce a posterior for Bayesian network definition has its advantages (espeprobability (given the published evidences on the case) cially their simplicity and comprehensibility), but also one
that O. J. Simpson is guilty. For this purpose the author disadvantage. Some of the users misinterpret the direction
employs Bayesian networks.
of edges as causality. It is true that causal networks (as
c 2017 EuroMISE s.r.o.
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they are defined by Pearl [8]) use also acyclic directed
graphs to represent their structure, but one must keep
in mind that handling causal networks is different (more
complicated) than handling common Bayesian networks.
On the other hand, causal networks enable their users to
deduce also the impact of an intervention, which cannot
be done in usual Bayesian networks. The difference between the conditioning and the intervention can easily be
described by a joke: A statistician explains his friend that
a probability that there are two bombs on board a plain is
much less than there is one bomb. The next day, when
meeting at a check-in counter at the airport, the statistician asks his friend why has a big suitcase. The friend
replies: “A bomb. Just to decrease a probability that there
will be another one on board.” Unfortunately, in practical
situations the difference between intervention and prediction is not so obvious, and many people mix them up.
This will also be one of the highlights of the lecture.
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