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Summary

A few days after having been back home from a first ER visit with a diagnosis
of benign flu, teenager Rory Staunton dies of sepsis (a potentially fatal whole-
body inflammatory response to a very serious infection) [1].
Though misdiagnoses do not always lead to very serious outcomes such as in
this case, they are a major and largely overlooked problem. The prevalence of
misdiagnoses is estimated to be up to 15% in most areas of medicine ([2]). And
a study of physician-reported diagnosis errors ([3]) finds that most cases are
due to testing (44%) or clinician assessment errors (32%) and that 28% of the
misdiagnoses are major (i.e resulting in death, permanent disability, or near
life-threatening event) and 41% moderate (i.e resulting in short-term morbid-
ity, increased length of stay, higher level of care or invasive procedure). [4] esti-
mates missed diagnoses alone account for 40 000 to 80 000 preventable deaths
annually in the US. Zebras 1 are very likely to be misdiagnosed with clinicians
trained to look for the most common diagnoses first but even common condi-
tions such as pneumonia, asthma or breast cancer are routinely misdiagnosed
especially if the symptoms presentation is atypical ([5, 6]).
The misdiagnosis problem is often considered to be an individual clinician’s
problem. Yet the facts and figures presented earlier rather suggest misdiag-
noses to be more of a systemic problem. Part of the problem stems from the
accessibility of patient data, in particular patient history that is credited for be-
ing the key factor leading to diagnosis in 56% to 82.5% of the cases according
to a review several studies on factors contributing to a diagnosis ([7]). Patient
data is currently scattered across various locations often using different plat-
forms and data storage standards and is sometimes not accessible because it is
not digitized or discarded after real-time use. A McKinsey Global Institute re-
port on the US healthcare system ([8]) estimates that 30% of data that includes
medical records, laboratory and surgery reports, is not digitized and that 90%
of the data generated by healthcare providers is discarded, for example almost
all video feeds from surgery. In this context, it becomes hard for a clinician to

1rare diseases or conditions
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get a full picture of a patient’s condition and make an informed diagnosis. The
problem also comes from the sheer amount of data and its complexity: inter-
preting test data to come up with a diagnosis often requires specialist knowl-
edge, increases clinicians’ workload and is error-prone and far from straight-
forward. And as clinicians are expected to deliver fast and accurate diagnoses
based on incomplete and highly uncertain data, they tend to resort to all kinds
of cognitive shortcuts and heuristics that, while useful, increase the likelihood
of diagnosis error if misapplied (eg. premature closure bias that leads a clin-
ician to focus on only one diagnosis hypothesis too fast or confirmation bias
that makes a clinician reinterpret the evidence at hand to support his/her pre-
ferred hypothesis and discard any disproving evidence) ([9]).
There is little doubt, based on this, that some support needs to be given clin-
icians to make the diagnosis process faster and more accurate. Providing a
medical data sharing platform is one of the possible solutions to improve the
diagnosis process. Two stakeholder groups stand to benefit from such a shared
platform: a patients/clinicians group and a researchers/clinicians group. A
shared data platform would allow researchers/clinicians access to a (standard)
trove of data on which to develop and test (semi)-automated medical data in-
terpretation methods so as to reduce clinicians’ workloads and improve their
performance. A shared data platform would also make patient data and in par-
ticular history fully and easily accessible, which would help clinicians come up
with more accurate diagnoses faster and improve patients’ quality of life.
This thesis’ goal is to come up with a first design of a shared medical data plat-
form, using EEG data as an example of medical data.
There are three main contributions in this thesis:

1. a feasibility study for medical data sharing and processing platform us-
ing Hadoop

2. a proposal for a feature-based similarity measure to perform EEG simi-
larity search

3. a model for evidence combination

The first contribution evaluates Hadoop as a potential platform for medical
data sharing and processing platform. In the first contribution, we show (Chap-
ter 3) that Hadoop is the technology needed to share data at little expense and
effort. In particular, it explains no effort is needed to standardize the exist-
ing data formats as long as methods to read and/or visualize them exist and
are made available since Hadoop can handle diverse data formats natively. We
also demonstrate in the first contribution that Hadoop is a suitable for develop-
ing medical data interpretation methods since one of the most computationally
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expensive data mining tasks (ie exhaustive search feature selection) can be per-
formed, on the Hadoop platform, on national scale amounts of representative
data (i.e EEG data), thus proving the readiness in performance and scalability
for medical data interpretation methods. In a sense, the main argument in the
first contribution is that the only step needed to start sharing and processing
medical data is to start deploying Hadoop in medical institutions and transfer-
ring data to the Hadoop platform.

The second contribution is to propose a similarity measure based on features
extracted from EEGs so as to retrieve EEGs once stored in the medical data
sharing platform through similarity search. Three features in particular are
studied: the fractal dimension, the spectral entropy and the high/low fre-
quency ratio. The features chosen for the similarity measure are EEG-specific
but the principle of the similarity search methods can be used for other types
of data in particular other medical time series.
Because the medical diagnosis process is incremental, uncertain and evidence-
based (eg evidence obtained through user feedback or (semi)-automated med-
ical data interpretation methods), our third contribution is an evidence combi-
nation model based on the Dempster-Shafer theory that allows us to quantify
the uncertainty attached to each diagnosis alternative. This model takes into
account the fact that not all sources of evidence are necessarily of equal relia-
bility.
Contributions 1 and 2 are validated experimentally. There was no user study
done for contribution 3 (this could be future work) so contribution 3 was vali-
dated theoretically through proving various convergence properties.
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Samenvatting

Een paar dagen nadat tiener Rory Stauton terugkeerde van de spoedeisende
hulp met de diagnose ‘simpel griepje’ overleed hij aan sepsis: een soms do-
delijke ontstekingsreactie van het hele lichaam als reactie op een infectie. [1].
Alhoewel de gevolgen niet altijd even serieus zijn als het gevolg van de diag-
nose van Rory Stauton, zijn foutive diagnoses een zwaar en vaak genegeerd
probleem. De aanwezigheid van foutieve diagnoses wordt geschat op 15% in
de meeste medische vakgebieden ([2]). Een studie over diagnostische fouten
onder geneeskundigen ([3]) toont dat de meeste gevallen van foutieve diag-
nose optreden door medische testen (44%) of door een redenatiefout tijdens
de diagnose (32%). Diezelfde studie wijst uit dat 28% van de foutieve di-
agnoses serieuze consequenties hebben (i.e., leiden tot de dood, permanente
invaliditeit of een levensbedreigende situatie) en 41% heeft gematigde conse-
quenties (i.e., resulterend in kortedurende ziekte, een langer ziekenhuisverblijf,
een hogere verzorgingsgraad of een invasieve ingreep). [4] schat het aantal
vermijdbare doden door verkeerde diagnoses tussen de 40 000 en 80 000 in
de V.S. Het is zeer waarschijnlijk dat zeldzame ziektes en condities (de zo-
genaamde ‘zebras’) verkeerd gediagnosticeerd worden want geneeskundigen
zijn getrained in het herkennen van de meest voorkomende condities. Maar
zelfs veel voorkomende condities zoals longontsteking, astma en borstkanker
worden regelmatig foutief gediagnosticeerd, zeker als de symptomen afwijken
van de norm ([5, 6]).
Foutieve diagnoses worden gezien als het probleem van de individuele ge-
neeskundige. Maar de feiten zoals eerder aangegeven suggereren dat foutieve
diagnoses een systematisch probleem zijn. Een van de oorzaken van het prob-
leem is de toegankelijkheid van patiëntdata. Toegang tot de medische geschiede-
nis van de patiënt wordt in het specifiek aangewezen als belangrijk voor de
diagnose in 56% tot 82.5% van de gevallen, volgens een review van verschei-
dene studies over factoren die bijdragen aan een diagnose ([7]). Patiëntdata is
momenteel verdeeld over verschillende locaties, platformen en dataformaten,
en is soms niet beschikbaar omdat het niet gedigitaliseerd is of weggegooid
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wordt na direct gebruik. Een rapport van het McKinsey Global Institute over
het zorgsysteem in de V.S. ([8]) schat dat 30% van de medische records, lab-
en operatierapporten niet gedigitaliseerd is en dan 90% van de gegenereerde
data, zoals videos gemaakt tijdens operaties, weggegooid wordt. Hierdoor
wordt het moeilijk voor de geneeskundige om een volledig beeld te krijgen
van de situatie van een patiënt of om een diagnose te stellen. De complex-
iteit en de hoeveelheid data draagt ook bij aan het probleem: de intepretatie
van testresultaten om een diagnose te stellen vereist specialistische kennis, ver-
hoogt de hoeveelheid werk voor de geneeskundige en is foutgevoelig. Omdat
verwacht wordt dat geneeskundigen een snelle en accurate diagnose stellen
gebaseerd op incomplete en onzekere informatie neigen ze naar het gebruik
van vuistregels en heuristieken die, alhoewel zinnig, leiden tot een verhoogde
kans op foutieve diagnose als ze verkeerd toegepast worden (bijv., ‘premature
closure bias’ waardoor de geneeskundige te snel focust op één enkele diag-
nose, of ‘confirmation bias’ waardoor de geneeskundige bewijsmateriaal her-
interpreteerd om zijn of haar voorkeurshypothese te bevestigen en tekenen dat
het anders is te negeren) ([9]).
Gebaseerd op deze informatie is er geen twijfel dat er extra ondersteuning
gegeven moet worden aan geneeskundigen om tot een snellere en meer acu-
urate diagnose te komen. Het aanbieden van een platform voor het delen
van medische data is een van de mogelijke oplossingen om het diagnostis-
che process te verbeteren. Twee groepen hebben belang bij een dergelijk plat-
form: de patiënt/geneeskundige groep, en de de onderzoeker/geneeskundige
groep. Een gedeeld platform biedt de onderzoeker/geneeskundige groep toe-
gang tot een (gestandaardiseerde) schat aan informatie waarmee nieuwe meth-
oden voor (semi)-automatische interpretatie van medische data ontwikkeld en
getest kunnen worden. Een gedeeld platform helpt de patiënt door de medis-
che geschiedenis volledige en eenvoudig toegankelijk te maken waardoor ge-
neeskundigen een meer accurate diagnose kunnen stellen en de patiënt beter
kunnen helpen. Het doel van dit proefschrift is het bepalen van een, aan de
hand van EEG als voorbeeld, eerste ontwerp voor een gedeeld platform voor
medische data.
De drie hoofdcontributies van dit proefschrift zijn:

1. een haalbaarheidsstudie voor het gebruik van Hadoop als platform voor
het delen en verwerken van medische data

2. een voorstel voor een feature-based similarity measure om EEG similar-
ity search te doen
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3. een model voor het combineren van bewijsmateriaal

De eerste contributie is de evaluatie van Hadoop als potentieel platform voor
het delen en verwerken van medische data (hoofdstuk 3). We tonen dat Hadoop
een technologie is die gebruikt kan worden om data te delen met weinig ex-
tra moeite. Ook tonen we dat het gebruik van Hadoop geen extra werk en
kosten met zich meebrengt om verschillende dataformaten te hanteren. Zolang
methoden om de data te lezen en te visualizeren beschikbaar zijn kan Hadoop
deze afhandelen. Verder demonstreren we dat Hadoop geschikt is om medis-
che data mee te interpreten door aan te tonen dan een van de computation-
eel meest vereisende taken (i.e., ‘exhaustive search feature selection’) uitgevo-
erd kan worden op het Hadoop platform op medische data van een landelijke
schaal. Hiermee tonen we de gebruiksklaarheid en schaalbaarheid van meth-
oden om medische data te interpreteren. Het punt dat gemaakt wordt in deze
contributie is dat het uitrollen van Hadoop en het verplaatsen van data naar dit
platform de enige stap is die nodig is om het delen en verwerken van medische
data te starten.
De tweede contributie is een voorstel voor een feature based similarity measure
op EEG data zodat EEGs opgeslagen op het platform teruggevonden kunnen
worden op basis van similarity search. Drie features zijn onderzocht: fractal
dimension, spectral entropy en high/low frequency ratio. De gekozen fea-
tures zijn specifiek voor EEG data, maar het principe van similarity search kan
gebruikt worden voor andere soorten data, en medische tijdreeksanalyses bij
uitstek.
Omdat het diagnoseprocess incrementeel, onzeker en bewijsmateriaalafhanke-
lijk is (bijv., bewijsmateriaal verkregen door user feedback of (semi)-automatische
interpretatie) richt de derde contributie zich op een model om bewijsmateriaal
te combineren. Dit model is gebaseerd op de Dempster-Shafer theorie die het
mogelijk maakt om de onzekerheid van verschillende alternatieve diagnoses
uit te drukken. Het voorgestelde model houdt rekening met het feit dat niet
alle bronnen van bewijsmateriaal even betrouwbaar zijn.
De eerste twee contributies zijn experimenteel gevalideerd. Er is geen gebruik-
ersonderzoek gedaan voor de derde contributie, deze contributie is gevalideerd
door middel van theoretische bewijzen voor diverse convergentie-eigenschappen.
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CHAPTER 1

Introduction

1.1 Motivation

An article in the Washington Post ([10]) recounts how a patient barely survived
a series of misdiagnoses and a test never to be performed in patients with his
condition. After months of being alternately told his symptoms (flu-like symp-
toms, dizziness, headaches, weight gain and liver problems) were due to his
weight, fatigue or tension headaches, the patient ends up in the ER where an
ordered CT scan shows a cyst in his brain. The ER physician advises him to
follow up on this finding with his doctor, performs a spinal tap to rule out
meningitis as a cause of the patient’s symptoms and discharges him. A neuro-
surgeon, who had been given the CT to review as it was abnormal, stops the
patient in extremis from leaving with bad tidings: the just discovered cyst was
increasing the intracranial pressure causing the patient’s symptoms and the
spinal tap had not only aggravated the problem but also made it potentially
fatal so emergency surgery had to be performed to avoid a lethal outcome.
Though misdiagnoses do not always lead to very serious outcomes such as in
this case, they are a major and largely overlooked problem. The prevalence
of misdiagnoses is estimated to be up to 15% in most areas of medicine ([2]).
Moreover, a study of physician-reported diagnosis errors ([3]) finds that most
cases are due to testing (44%) or clinician assessment errors (32%) and that 28%
of the misdiagnoses are major 1 and 41% moderate 2. [4] estimates missed di-
agnoses alone account for 40 000 to 80 000 preventable deaths annually in the
US. Rare diseases or conditions (also called zebras) are very likely to be mis-
diagnosed since clinicians are trained to look for the most common diagnoses

1i.e resulting in death, permanent disability, or near life-threatening event
2i.e resulting in short-term morbidity, increased length of stay, higher level of care or invasive

procedure
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first but even common conditions such as pneumonia, asthma or breast cancer
are routinely misdiagnosed especially if the symptoms presentation is atypical
([5, 6]).
Part of the problem stems from the accessibility of patient data, in particular
patient history that is credited for being the key factor leading to diagnosis
in 56% to 82.5% of the cases according to a review several studies on factors
contributing to a diagnosis ([7]). Patient data is currently scattered across var-
ious locations often using different platforms and data storage standards and
is sometimes not accessible because it is not digitized or discarded after real-
time use. A McKinsey Global Institute report on the US healthcare system
([8]) estimates that 30% of data that includes medical records, laboratory and
surgery reports, is not digitized and that 90% of the data generated by health-
care providers is discarded, for example almost all video feeds from surgery.
In this context, it becomes hard for a clinician to get a full picture of a patient’s
condition and make an informed diagnosis.
The problem also comes from the sheer amount of data and its complexity: in-
terpreting test data to come up with a diagnosis often requires specialist knowl-
edge, increases clinicians’ workload and is error-prone and far from straight-
forward. Ongoing efforts are being made to develop (semi-)automated meth-
ods of data interpretation so as to ease the clinicians’ task, help them with the
diagnosis process and minimize the interpretation time as well as the risk of
error. For instance for EEG data-multidimensional time series corresponding
to the electrical signals recorded at different locations of the brain scalp, for
further details see Chapter 2-, such methods include:

• [11] that assesses the existence of brain injury/asphyxia and its degree by
computing the cepstral distance between the EEG signal recorded on the
monitored brain and a normal reference EEG

• [12] that distinguishes between ictal and seizure-free EEGs using empir-
ical mode decomposition and Fourier-Bessel expansion

• [13] that fuses features extracted from the EEG and its accompanying
ECG to detect temporal lobe epileptic seizures

• [14] that uses the fractal dimension to distinguish between normal EEGs
and EEGs of dementia patients

However, these methods are usually tested on different, small sets of data
therefore their results remain hard to reproduce, assess and interpret with any
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certainty.
There is little doubt, based on this, that some support needs to be given clin-
icians to make the diagnosis process faster and more accurate. Providing a
medical data sharing platform is one of the possible solutions to improve the
diagnosis process. A shared medical repository would also help researchers
in their task of developing more accurate and reproducible (semi)-automated
medical data interpretation methods in that it would provide a large trove of
"standard" data.

1.2 Benefits of a shared medical data repository

So how would building a medical data sharing platform help improve the di-
agnosis process? Assuming solid mechanisms are put in place to allay privacy
concerns (due to the sensitive nature of the data), sharing the data would:

• make the patient records and test results available to all physicians and
specialists treating the patient

• ease the access to his/her medical history for all the different treating
physicians and specialists

• improve patient data security by managing it in one (possibly distributed)
repository whose security can be more easily maintained and protected
better against attacks than data stored in islands of data

• facilitate the automated analysis of medical data through machine learn-
ing algorithms

• benefit research as it would facilitate the construction and reuse of datasets
thus improving the comparability and reproducibility of the results

Sharing such complex medical data and making it easily available to clinicians
may also promote the collaboration between clinicians and make them reach
collegial thus more accurate data interpretations and diagnoses.
Making the same data available to all physicians and specialists involved in a
patient’s care is especially crucial and would improve the diagnosis and care
process. Having the physicians all know which tests have been performed
and which potential diagnoses have been reached and discarded would guide
them in their diagnosis and choice of course of treatment, make them explore
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previously unexplored diagnoses if need be and come up with accurate diag-
noses and courses of treatment faster while avoiding pitfalls such as unnec-
essary medical tests, potential misdiagnoses and overlooked diagnoses. The
same benefits may be obtained if clinicians have access to the patient’s history:
sharing the data would make that history accessible. Ultimately, medical data
sharing would improve patients’ outcomes and quality of life.
A shared medical database would be a trove of data on which competing ma-
chine learning algorithms and analysis techniques could be tested and easily
compared, interpreted and reproduced. Furthermore, most machine learning
techniques benefit from being tested on big datasets. A shared medical data
store makes that data available for analysis and researchers can evaluate au-
tomated diagnosis methods as well as the benefit-risk balance of particular
treatments or diagnosis tests, in keeping with the principles of evidence-based
medicine. Medical tests data is very often interpreted visually by trained spe-
cialists. Such visual interpretation is for instance the golden standard in EEG
interpretation. But not only is such a visual interpretation expensive, tedious
and time-consuming, it is also error-prone. This is partly due to the quantity of
data to interpret. For instance, the interpretation of each routine 20 minute EEG
requires the perusal of 109 A4-pages, following the guidelines of the American
Clinical Neurophysiology Society [15], keeping in mind that while most EEGs
are routine ones, many are longer than 20 minutes and up to days of recording
(eg ICU patients’ EEG monitoring) and that each EEG recorded -the scale of
which is visible in Table 1.1- has to be interpreted within days of its record-
ing. But it is also due to data specificities. EEG recordings, for example, are
rife with non-specific patterns, artifacts as well as age or context-dependent
patterns. For example, a chewing or toothbrush artifact may be mistaken for
an epileptic seizure or the presence of delta waves-i.e waves with a frequency
of 3HZ or less- may be found normal in infants, children and deeply asleep
adults3 or pathological in awake adults4.
Additionally, the data and patient privacy would be more thoroughly secured
and protected by storing medical data in a single repository and then sharing
it. Last but not least, storing medical data in a single data warehouse to which
authorized users are given access also minimizes the risk of system failure and
parts of data becoming totally unavailable.
Analyzing the US healthcare system, the MGI report cited earlier ([8]) con-
cludes that collecting, sharing and analyzing medical data (big data) offers

3younger than 65
4younger than 65
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Table 1.1: Some statistics on medical data (Source: OECD Report 2011 ([16]), figures
from 2009, last year for which records are available)

Netherlands USA OECD3

EEG1 100,000 N/A N/A
167GB

MRI2 726,000 28 million 42 million
15.9TB 614TB 921TB

CT2 1.1 million 70 million 104.5 million
36.7TB 2.3PB 3.4PB

huge premiums. Such premiums include drastically reducing health care costs
and waste and improving patient outcomes and quality of life through easing
the deployment of clinical decision systems, facilitating comparative effective-
ness studies, increasing data transparency and even allowing remote patient
monitoring.

1.3 Building a shared medical data repository: chal-
lenges

The MGI report cited earlier ([8]) also points out significant technical hurdles
to overcome, on top of legal hurdles, before medical data can be shared and
analyzed properly and its full potential uncovered. Among those technical
hurdles, standardizing data formats, guaranteeing systems’ interoperability,
integrating already existing, fragmented and possibly heterogenous datasets
and providing sufficient storage are cited.
The scale of the data that is generated and has to be interpreted in the health-
care system is indeed huge as highlighted in Table 1.1. Furthermore, the
medical data we seek to share through a repository is a collection of very di-
verse sets of data:

1Assuming standard 20-minute EEGs stored in EDF+ format. Average size per file 13.7MB.
2Assuming average size of 23MB per MRI and 35MB per CT
3Based on data from OECD countries for which data is available for exams performed in and

outside of hospitals i.e the USA, Greece, France, Belgium, Turkey, Iceland, Luxembourg, the
Netherlands, Canada, Denmark, Estonia, the Czech Republic, the Slovak Republic, Chile, Israel
and South Korea
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• textual data describing patient symptoms, patient course of treatment,
doctor observations or recommendations

• raw test data mainly consisting of sensor data (eg CT scans, MRI scans,
EEG recordings)

• test data interpretation done by a specialist or with the help of semi-
automated interpretation methods

Such data is also collected and stored at various locations (or islands of data)
as clinicians order diverse batteries of tests, often repeatedly performed to con-
firm a finding or test new hypotheses.
As we mentioned earlier, the huge amounts of medical data to be interpreted
are generally stored at various locations. Currently, medical data is scattered
across different hospitals, clinics, private practices and diverse research insti-
tutes or universities, with data often being passed from one person to another
physically on hard drives or other external storage devices. As a result, the risk
of data being exposed to unauthorized people as well as the likelihood of in-
consistent copies of the same data being created are high. The data is harder to
trace and it is not straightforward to determine what kind of data is available,
where it is available and to who it has been made available.
Once the data is shared through a suitable platform, one has to be able to access
the data in response to queries. The following queries are examples of possible
queries on EEG and MRI data:

1. find EEGs of patients aged between 20 and 30 and showing patterns con-
sistent with temporal lobe epilepsy

2. find EEGs showing rhythms associated with consumption of barbiturates

3. find sequences of EEGs where the mu rhythm appears

4. remove artifacts from sequence of interest Y

5. show an EEG with similar patterns to that of patient X

6. show the tumor area in the MRIs of patient X after the start of treatment
Y

Obtaining a simple answer to this set of queries would require the data to be
heavily and precisely annotated and tagged. But what if the annotations are



1.3 Building a shared medical data repository: challenges 7

scarce or not available at all? Besides, the whole process of manually anno-
tating and tagging each and every part of the medical tests datasets is time-
consuming and error-prone. Feature extraction techniques need to be used to
respond to all these queries as they can process the raw data so as to:

• define a set of clinical features representative of a particular pathology
(eg epileptic features present in channels corresponding to the temporal
lobe of the brain in query 1, consumption of barbiturates in query 2)

• analyze the EEG in terms of frequencies, retrieve sequences showing the
presence of some kind of cerebral wave (the mu rhythm in query 3)

• remove artifacts from sequences based on features defining artifacts (query
4)

• help establish a diagnosis by comparison (in query 5, a similarity mea-
sure between EEGs needs to be defined)

• segment the brain into chemically-distinct structures (healthy tissue and
tumorous tissue in query 6)

Moreover, as previously stated machine learning algorithms may be used to
perform (semi)-automated data interpretation. So whether it be in response
to queries or in order to perform (semi)-automated interpretation of the data,
the data shared through a medical repository needs to be easily accessible for
further processing, ideally on the sharing platform itself. This poses two ad-
ditional challenges. The medical data processing methods are usually com-
putationally expensive. For example, computing the matrix inner product
AAT (with A ∈ Rn×D), which is a mainstay of many similarity measures and
distance-based clustering methods as well as feature reduction methods such
as principal component analysis, has a complexity ofO(n2D). This means that,
if you do not reduce the EEG dimensionality by extracting features, comput-
ing such an inner product for a standard 20-minute EEG following the 10/20
system (therefore comprising 19 data channels) and sampled at 250Hz would
require (20 ∗ 60 ∗ 250)2.19 = 1.71× 1012 operations. This computation is likely
to take a while. Another example is that of the Fourier transform, which is
frequently used as a first analysis step for EEGs. The most used Fourier trans-
form computation algorithm is known as the Fast Fourier Transform (FFT) and
has a complexity of O(n log(n)). Therefore, applying the FFT algorithm to
a single 20-minutes standard EEG without dimensionality reduction requires
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5, 700, 000 log(5, 700, 000) ≈ 38, 508, 487 operations to be performed. The num-
ber of operations required to compute the FFT or inner product on an EEG
would obviously be reduced if features are extracted from the EEG to reduce
its dimensionality but the question would shift to determining the set of rele-
vant EEG features for the tasks at hand, which is far from straightforward and
highly dependent on the application. Both the inner product and FFT examples
show that, without carefully considering how to make the processing of the
data available as efficiently as possible, applying even simple feature extrac-
tion, clustering or other machine learning methods quickly becomes unman-
ageable as the amount of data available grows. The second challenge is that
these methods inevitably add to the uncertainty of the interpretation, though
the added uncertainty would, in this case, be quantified unlike the uncertainty
arising from the visual interpretation or from the raw (sensor) data itself.

Small summary
When dealing with medical data, we have to deal with data that is:

• scattered and hard to trace (islands of data problem)

• very diverse

• extremely large (see Table 1.1)

• hard to interpret

• difficult to process efficiently and within reasonable times with machine
learning techniques

• highly uncertain

So the question is- and this is our research question: how can we build an inte-
grated sharing and processing platform for medical data to support the medical diag-
nosis process?

1.4 Research question

As outlined earlier, our research question is how to build an integrated data
sharing and processing platform for medical data to support and ease the med-
ical diagnosis process. This research question can be split into three parts.
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The first part is the building of the data sharing platform. This platform has
to be able to deal with huge amounts of data. Ideally, medical data should be
shared globally but this is unlikely to happen in the foreseeable future in par-
ticular for legal reasons. However, medical data should at least be shared on
a national level. The annual recorded medical data (EEG, MRI and CT data)
on a national scale ranges from a dozens of terabytes (eg the Netherlands) to
petabytes of data (eg the USA) as shown in Table 1.1. So the scale of data
the storage platform to be built has to deal with is national scale amount of
data i.e up to petabytes of data. Furthermore, since medical data is highly het-
erogeneous, the storage platform has to be able to store diverse and possibly
unstructured types of data eg (multidimensional) time series such EEG, ECG
or MEG data or images such as MRI, CT and PET scans
Finally, medical data has to be accessible for further processing using for in-
stance machine learning techniques. So what type of platform would fit these
requirements?

The second part of the research question concerns data retrieval. As outlined
earlier, the queries that need to be served by the shared medical data repos-
itory are semi-structured queries that need features to be extracted from the
raw data to be answered. So the second part of the research question would
be: what kind of feature extraction techniques can be used to index the data
so that the data is easily retrieved and accessed in response to semi-structured
queries?

Whether it be to index data for easy retrieval or to interpret data to help with
the diagnosis process, feature extraction and machine learning techniques will
need to be used. Such techniques add uncertainty on top of the uncertainty
already existing in raw medical test data. This uncertainty in particular af-
fects the labeling of data e.g the labeling of EEG events or the labeling of an
EEG with a possible diagnosis used as part of reaching a conclusion and final
diagnosis. So one has to be able to quantify such uncertainty since it affects
the decision-making process (diagnosis process and patient treatment and care
process). And one also has to allow the addition of new evidence such as user
feedback to quantify and refine the uncertainty estimates. So the third part
of the research question is: how do we combine diverse sources of evidence-
one of which is user feedback- to quantify and possibly reduce the uncertainty
linked to discrete variables such as a medical diagnosis?
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Our initial research question therefore went from how to build an integrated
data sharing and processing platform for medical data to support and ease the
medical diagnosis process to the following three subquestions:

• how do we design a data sharing platform so as to fit the previously
highlighted constraints?

• what types of machine techniques should we use use for data indexing
and retrieval in response to semi-structured queries?

• how do we combine evidence such as user feedback to quantify and
possibly lower the uncertainty attached to discrete variables-used in the
decision-making process- such as the medical diagnosis variable?

1.5 Contributions

There are four main contributions in this thesis. First, we show that a possible
storage framework for medical data would include two parts communicating
with each other:

1. a Hadoop cluster where raw data files stripped of patient information for
confidentiality and security would be stored and processed

2. a query and search layer where metadata such as patient information,
information obtained from feature extractors, indexes, lineage and ver-
sioning information and uncertainty information could be stored. Such
metadata could be stored in an RDBMS or an XML database (for more
flexibility in the storage format)

And we provide a proof of concept for the suitability of a Hadoop cluster as a
storage and processing platform for raw medical test data files.
As a second contribution, we propose a method relying on a fractal-dimension-
based similarity measure that could be used to retrieve EEGs once stored in the
medical data sharing platform. While the features chosen try to achieve good
retrieval rates for EEG data, the features used are generic time-series prop-
erties that could be investigated for the retrieval of other medical time series
data. Furthermore, the principle of the EEG-similarity search approach can be
applied for other types of data in particular other medical time series.
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Because the medical diagnosis process is incremental, uncertain and evidence-
based (eg evidence obtained through user feedback or (semi)-automated med-
ical data interpretation methods), our third contribution is a Dempster-Shafer
theory-based model that quantifies of the uncertainty attached with medical
diagnoses using incrementally obtained user feedback and other sources of
evidence (eg input from (semi-)automated diagnosis techniques). The model
built takes into account the fact that all sources of evidence are not necessarily
equally reliable and that the variables receiving new feedback/evidence may
be derived or linked to other variables through lineage.
Finally, we show how the built Hadoop-based storage platform, the explored
data indexing and retrieval methods and the evidence combination model fit
together and can be used in semi-structured queries processing.

1.6 Thesis organization

The whole thesis takes EEG data as example of medical data and focuses only
on this type of data so we introduce some background information on EEG
data in Chapter 2.
We then study the suitability of Hadoop as a medical data sharing and pro-
cessing platform in Chapter 3. And, in Chapter 4, we build Dempster-Shafer
theory-based model that quantifies the uncertainty attached with medical di-
agnoses using incrementally obtained user feedback and other evidence (eg in-
put from (semi-)automated diagnosis techniques). The model built takes into
account the fact that all evidence is not necessarily equally reliable and that the
variables receiving new feedback/evidence may be derived or linked to other
variables through lineage.
Chapter 5 deals with similarity search in EEG data. It investigates two feature
extraction methods that may be used to index EEGs so as to allow their fast
retrieval in response to common user requests:

• fractal interpolation and fractal dimension computation for EEG com-
pression and classification

• event detection in EEG followed by rule-based classification of EEGs (eg.
a normal EEG contains no events or events classified as artifacts)

We also show, in chapter 5, how the built Hadoop-based storage platform, the
explored data indexing and retrieval methods and the evidence combination
model fit together and can be used in similarity search.
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Chapter 6 concludes the thesis and suggests possible avenues for future re-
search in the domain of medical data storage and processing.
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CHAPTER 2

Background on EEG Data

The purpose of this thesis is to build a storage and processing platform for
medical data, with EEG data chosen as an example of complex medical data to
accomplish such a task. This chapter provides some background on EEG data.

2.1 General principles

During an EEG recording, the brain electrical activity is captured through sev-
eral electrodes (21 in the 10-20 system) placed on the scalp. The signal is then
amplified (the amplitude of the resulting signal is usually 106 times that of the
original signal, the signal amplitudes being of the order of the µV), filtered and
if recording the data onto a computer discretized (at a certain sampling rate,
usually around 250 Hz).
The skin-electrode impedance has to be monitored closely since an impedance
exceeding 5 kΩ results in artifacts in the EEG recordings. Therefore, prior to
electrodes’ placement, the points of contact skin-electrodes are scrubbed to
make sure that the skin-electrode impedance does not exceed 5 kΩ during the
measurement and to remove dead skin cells and dirt.
The electrodes are placed on the skull according to a standard known as the
International 10/20 System. The 10/20 System relies on the calculation of dis-
tances between fixed points on the head: the electrodes are placed at points that
are 10% and 20 % of these distances (see Figure 2.1). Once the electrodes have
been positioned correctly, they can be connected in different ways/montages
according to, for instance, the underlying pathology or brain zone explored.
For example, a derivation with small distances between electrodes (the dis-
tance between two given electrodes does not exceed 3 cm(see Figure 2.1)) can
be used when trying to scan a narrow zone of the brain and conversely a
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Figure 2.1: Positioning of the EEG electrodes according to the International 10/20
System (Source: http://faculty.washington.edu/chudler/1020.html )

derivation with big distances between electrodes (i.e exceeding 6 cm) might
be used when trying to detect the brain’s basal activity. The American EEG So-
ciety ([17]) suggests the use of three montages as standard for clinical practice.
The first two montages are bipolar montages,i.e montages connecting pairs of
active adjacent electrodes and computing the differences of potential between
them. The first bipolar montage to be used is called the bipolar longitudinal
montage. In this montage, the brain is scanned from the front to the back
with the right and left sides of the brain being explored simultaneously, which
means that Fp1 is connected to F3, Fp1 to F7, F3 to C3, etc. The second bipo-
lar montage suggested is the transverse montage. In this montage, starting
from the electrodes F7, T3 and T5, the brain is explored from left to right and
from front to back (the electrodes Fp1, Fp2, O1 and O2 are not used in this
derivation). The third suggested montage is called the referential montage.
The differences in electric potential are measured between an active electrode
and an electrode of reference (for example electrodes A1 and A2). When this
derivation is used, the brain is explored from front to back and/or from left to
right by connecting each of the active electrodes to the electrode of reference.
Figures 2.2 and 2.3 shows a few examples of EEGs with referential derivation.
See [18, 19, 20, 21] for more details.
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Figure 2.2: Normal eyes closed EEG segment (10 seconds of recording, referential
montage, adult patient)
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Figure 2.3: Normal eyes open EEG segment (10 seconds of recording, referential
montage, adult patient)
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A standard EEG recording includes several sequences:

• a sequence of about 15 minutes in which the patient, at rest, opens or
closes his/her eyes according to the technician’s instructions.

• a sequence of brief stimuli (visual, auditive and nociceptive) followed by
periods of rest

• an activation sequence in which the patient undergoes hyperpnea (hy-
perventilation) or stimulation by stroboscope (also called photic stimula-
tion)

• a rest sequence

Hyperventilation and photic stimulation are methods used to accentuate or
provoke EEG abnormalities, which may not be otherwise visible. If the stan-
dard EEG recording does not show any abnormality but the clinical findings
suggest otherwise, other EEGs may be recorded under sleep or after a 24-hour
sleep deprivation as abnormalities are more likely to crop up in these types of
recordings.

2.1.1 Cerebral waves

An EEG recording (in a channel) can be classified into several types of cerebral
waves characterized by their frequencies, amplitudes, morphology, stability,
topography and reactivity. The waves are classified in bands of frequency, in
particular:

• δ wave band for waves whose frequency is lower than 3.5 Hz

• θ wave band for for waves whose frequency is between 4 to 7.5 Hz

• α wave band for waves whose frequency is between 8 to 13 Hz

• β wave band for waves whose frequency is between 13 to 30 Hz

• γ wave band for waves whose frequency is higher than 30Hz

The α wave band consists in rhythmic waves of amplitude comprised between
20 and 100 µV distributed in a bilateral and synchronous fashion in the poste-
rior regions of the brain. The amplitude of those waves is maximal when the
eyes are closed. The α activity is blocked when the eyes are opened or when
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something that requires attention is being performed. The α activity can dis-
appear during a complex mental activity and be replaced by fast β activity. In
contrast, the basal α activity is reinforced during the few seconds after closing
the eyes. The α activity is normal when present in awake adults.
The α activity can hardly be identified in normal subjects in 10% of the cases.
In this case, the posterior basal activity is then replaced by a slow activity of
amplitude between 10 to 30 µV.
Theta waves appear as a result of drowsiness. They also appear frequently
in infancy and childhood with their amount decreasing as the brain matures.
Therefore the EEG of a normal awake adult contains very weak θ activity. An
excess of θ activity (diffuse or localized) in awake adults is considered abnor-
mal.
Just as theta waves, delta waves are a marker of brain maturation and, as such,
appear frequently in children EEGs. Delta activity decreases with brain mat-
uration. As a result, the EEG of normal awake adults contains almost no δ
activity. The only strong δ activity that appears in adulthood is during sleep.
The presence of delta activity in an awake adult, be it in a diffuse or localized
manner, always signals an underlying pathology.
A β activity of frequency comprised between 13 to 30 Hz and amplitude lower
than 20 µV can occur often asynchronously in the middle regions of the two
brain hemispheres. β rhythms can also be observed when certain medications
(eg barbiturates, benzodiazepines) are used.

2.1.2 Artifacts

As any recorded signal, an EEG can be marred by several artifacts due to:

• physiological phenomena such as muscle activity (eg jaw muscles clench-
ing or tremor), eyes or head movements during recording, skin-electrode
impedance exceeding 5 kΩ, perspiration or hyperventilation accompa-
nied by body movements

• the equipment such as problems with electrodes, moving connection wires
or faulty connection

In some cases, the morphology of these artifacts can be similar to some patho-
logical wave patterns (e.g epileptiform transients (ET)). For instance, the so-
called ECG (electrocardiogram) artifact produces patterns that may be misin-
terpreted as sharp waves or spike discharges in particular if the ECG rhythm is
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irregular. Therefore an ECG is usually recorded along the EEG so as to be able
to detect any contamination of the EEG signal by the ECG signal and avoid the
erroneous conclusion of the presence of epileptiform abnormalities. The ECG
artifact occurs when ECG potentials (that measure cardiac activity) have a large
enough amplitude to be detected by cerebral electrodes. For more details on
EEG recordings and EEG patterns, see [22, 23, 18, 24, 19, 20, 25, 21].

2.2 Applications

EEG recordings are useful tools for the diagnosis of several neurological disor-
ders and abnormalities and they are, in particular, used to :

• detect epileptiform patterns

• caracterize the type of epilepsy once a diagnosis of epilepsy has been
reached based on the patterns found in the EEG

• localize the origin of seizures

• indicate the most appropriate (epilepsy) medication to prescribe

• check the effect of epilepsy medication

• control anesthesia depth during surgeries

• locate brain areas damaged by a stroke, tumour or head injury (though
it’s been mostly replaced by CT and MRI scans for this application)

• monitor cognitive engagement, alertness, coma or brain death

• investigate sleep disorders

• monitor the brain development

• investigate mental disorders

2.3 EEG file format

Several file formats are used to store EEG scans: formats such as Neuroscan
EEG files (*.eeg, *.cnt, *.avg) or Biosemi BDF files (*.bdf). An increasingly pop-
ular file format is the EDF+ file format. EDF+ files were designed to store and
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HEADER 

 

 

 

 

 

 

 

 

 

 

 

 

 

DATA RECORD 

number of samples[1]*sample value(2-byte integer) first signal of the record 

number of samples[2]*sample value(2-byte integer) second signal of the record 
                                                               . 
                                                               . 
                                                               . 
number of samples[ns]*sample value(2-byte integer) last signal of the record 

 

 

8 ascii                    version of this data format(0) 

80 ascii                  local patient identification 

80 ascii                  local recording identification 

8 ascii                    startdate of recording (dd.m.yy) 

8 ascii                    starttime of recording (hh mm ss) 

8 ascii                    number of bytes in header record 

44 ascii                 reserved (+C for continuous signals, +D for discontinuous signals) 

8 ascii                   number of data records (-1 if unknown) 

8 ascii                   duration of a data record, in seconds 

4 ascii                   number of signals (ns) in data record  

ns * 16 ascii        ns * label (e.g. EEG Fpz-Cz or ECG)  

ns * 80 ascii        ns * transducer type (e.g. AgAgCl electrode)  

ns * 8 ascii          ns * physical dimension (e.g. uV)  

ns * 8 ascii          ns * physical minimum (e.g. -500)  

ns * 8 ascii          ns * physical maximum (e.g. 500) 

ns * 8 ascii          ns * digital minimum (e.g. -2048)  

ns * 8 ascii          ns * digital maximum (e.g. 2047)  

ns * 80 ascii        ns * prefiltering (e.g. HP:0.1Hz LP:75Hz) 

ns * 8 ascii          ns * nr of samples in each data record 

ns * 32 ascii       ns * reserved 

Figure 2.4: Structure of an EDF+ file

exchange digital recordings such as EEGs, EMGs, Evoked Potential studies.
Each EDF+ file contains two parts: a header record followed by a collection of
data records. The header of an EDF+ file typically contains information about
the patient as well as the technical characteristics of the EEG signal, such as the
type of recording, the type of recording equipment used, the number of epochs
(called data records) contained in the transcribed EEG, the duration of the EEG
epoch, the EEG channels’ labellings, the number of data points per epoch and
the number of signals in the EEG. The data records contain consecutive fixed-
duration epochs of the EEG recording. In other words, the second part of the
file is a succession of data records representing time slots that each contain the
EEG signal values for all EEG channels for that particular time slot. Annota-
tions on an EEG signal can be stored in an EDF+ file as an additional signal.
The structure of an EDF+ file is depicted in figure 2.4. For more details on EDF
(ie the file format which EDF+ extends) and EDF+ file formats specifications,
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see ([26, 27]).

2.4 EEG automated interpretation

The visual inspection of an EEG recording by a neurologist is the current gold
standard of EEG interpretation. This not only requires skills but is also time-
consuming, especially since there is a trend towards recording lengthy EEGs as
it has been shown that the detection rate of epilepsy improves with the length
of recording ([28, 29]). Furthermore, [30] shows that EEG interpretation varies
widely between experts: eight experts EEG interpreters were asked to mark
epileptiform discharges in twelve short EEG recordings but 38% of the dis-
charges were marked by only one expert and only 18% by all experts.
Such considerations have led to the development of several automated EEG
classification and interpretation methods.
Some focus on discriminating EEGs between normal EEGs and EEGs of a par-
ticular condition: dementia in [14], epilepsy in [12, 13]. Others try to detect spe-
cific patterns in EEGs such as epileptiform discharges in [31, 32, 33, 34], seizure
activity ([35]), EEG background activity in [36] or sleep stages in [37, 38].
Quantitative EEG analysis is also being used to obtain prognosis information
for patients with ischaemic stroke([39, 40]).
In other approaches ([41]), "relevant" EEG features are selected, quantified and
visualized through time to be presented to a practitioner who then interprets
them and their variations to derive conclusions on the EEG.
For a more thorough review of EEG automated interpretation methods, in par-
ticular the detection of epileptiform discharges, see [42].
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CHAPTER 3

Medical data sharing and processing with
Hadoop

The contents of this chapter have been published in the proceedings of the 2014 Inter-
national Conference on Brain Informatics and Health (BIH 2014) ([43]).

3.1 Motivation

We showed in the introduction (Section 1) that there were big benefits to shar-
ing medical data in a medical repository not least improving patients’ out-
comes and quality of life, reducing healthcare waste and costs and tighten-
ing patient data security. We also showed that due to the amount of medi-
cal data and its complexity it would be helpful to automate at least part of
the diagnosis process so as to ease the clinicians’ workload and improve their
performance. And we pointed out the constraints any potential design for a
medical repository need to take into account: the distributed nature of medi-
cal data, its heterogeneity and size, the diversity of file formats and platforms
used across healthcare institutions and data accessibility for further complex
processing. So the question is now to find/design a suitable platform that fits
these constraints. This chapter seeks to demonstrate, using EEG data as exam-
ple of medical data, that a rather low cost technical solution (and possible stor-
age platform for medical data) that fits the required constraints and requires
minimal changes to current state of the art storage and processing techniques
already exists: the Hadoop platform.
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3.2 Contributions

This chapter gives a proof of concept for an EEG repository by :
• explaining why Hadoop fits the constraints imposed on potential medical

data repositories
• showing how to store EEG data in a Hadoop framework
• proving that EEG data can be analyzed on national scale on Hadoop

by designing and benchmarking a representative machine-learning al-
gorithm

3.3 Related work

Hadoop has been found a viable solution for storing and processing big data
similar to medical data, such as images in astronomy ([44]) or power grid time
series, which unlike medical time series, are unidimensional time series ([45]).
[46] is, to the best of our knowledge, the first paper to consider storing medical
data and EEGs in particular with Hadoop and show it is a promising solution
in need of more testing. [46] suggest exploring the "design and benchmarking
of machine learning algorithms on [the Hadoop] infrastructure and pattern
matching from large scale EEG data". This is one of the goals of this chapter.

3.4 Hadoop: a good fit for medical repositories’ con-
straints

3.4.1 Introduction to Hadoop

Hadoop, an open source platform managed by the Apache open source com-
munity, has 2 core components: the Hadoop Distributed File System (HDFS)
and the job management framework or MapReduce framework. The HDFS is
designed to reliably store huge files on all cluster machines. Each HDFS file is
cut into blocks and each block then replicated and stored at different physical
locations in the cluster to ensure fault tolerance.
The HDFS has a master/slave architecture with one master server called Na-
menode managing the filesystem namespace and regulating the file access by
clients and multiple slave servers (one per cluster node) called Datanodes man-
aging the storage in the nodes they run on. The Namenode maps the file blocks
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to the Datanodes and gives the Datanodes instructions to perform operations on
blocks and serve filesystem clients’ read and write requests.
The Hadoop MapReduce framework also has a master/slave architecture with
a single master called jobtracker and several slave servers (one per cluster node)
called tasktrackers. MapReduce jobs are submitted to the jobtracker, which puts
the jobs in a queue and executes them on first come/first serve basis. The
jobtracker assigns tasks to the tasktrackers with instructions on how to execute
them.

3.4.2 Hadoop and parallel data processing: the MapReduce
model

MapReduce is a programming model for data-intensive parallelizable process-
ing tasks (introduced in [47]) designed to process large volumes of data in par-
allel, with the workload split between large numbers of low level commodity
machines. The MapReduce framework, unlike parallel databases, hides the
complex and messy details of load balancing, data distribution, parallelization
and fault-tolerance from the user in a library, thus making it simpler to use the
resources of a large distributed system to process big datasets. The MapReduce
model relies on 2 successive functions to transform lists of input data elements
into lists of output data elements: a mapper function and a reducer function.
Each input data element is transformed into a new output data element by the
mapper. The transformed elements are then aggregated by the reducer to return
a single output value. A simple example is files word count: in this case, the
mapper associates a number of words to each of the input files while the reducer
function sums the values obtained during the mapping step.

3.4.3 Hadoop for medical data storage

The Hadoop platform provides a solution to the technical hurdles outlined by
the MGI report ([8]) described earlier (Section 4.1).
First of all, Hadoop was designed to scale with large data. It is currently be-
ing used at Facebook to store about 100PB of user data, i.e data much bigger
than national scale medical data which ranges from dozens of terabytes (eg the
Netherlands) to petabytes of data (eg the USA) annually as shown in Table 1.1.
So Hadoop can easily handle national scale amount of medical data.
Moreover, Hadoop can store heterogeneous formats of data, in particular un-
structured data, and if there is a method to extract the data from the files that
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store it 1, the data can then be fed to Hadoop MapReduce for further analysis
and processing.
Hadoop is also tolerant to node failure. The HDFS relies on replication (by de-
fault 3 copies on 3 Datanodes per file block) to ensure file blocks are not lost if
a data server fails. If a Datanode fails and some data blocks have less than a set
minimum of copies, the Namenode orders the replication of the affected blocks
in some available Datanodes to bring back the replication factor of the blocks
to safer levels. The probability of losing a block in a 4000 nodes’ cluster in a day
(respectively in a year) in the case of uncorrelated failures of multiple nodes is
about 5.7×10−7 (respectively 2.1×10−4) ([48]). At Yahoo! in 2009 for example,
only 641 blocks were lost out of 329 million on 17720 nodes i.e a loss rate of
1.9× 10−4% ([48]). The only problem left is the Namenode as the HDFS is un-
usable if the Namenode fails. Namenode crashes rarely occur though ([49])(1
in 4 years at Facebook) and solutions limiting the crash impact are already be-
ing deployed. One such solution is the AvatarNodes in use at Facebook: 2
AvatarNodes, an active and standby one, replace the unique Namenode and
receive the Datanodes messages in its stead. The Standby AvatarNode thus
contains up-to-date information about block locations and can be started in un-
der a minute to replace the Namenode (or Active AvatarNode) if it fails. This
solution cuts cluster planned downtime by 50%. Data stored with Hadoop will
therefore be constantly available.
Hadoop was built for parallel processing (via MapReduce described in Section
3.4.2) and we study the feasibility EEG data processing with Hadoop with the
example of feature selection by exhaustive search in Section 3.5.

3.4.4 Hadoop and EEG storage

An EEG is a multidimensional time series obtained by capturing the brain’s
electric activity with scalp electrodes. Figure 2.2 (in Chapter 2) shows an ex-
ample of EEG. The increasingly popular EDF+ format is used to store EEGs
and contains all the information about the EEG recording, both metadata in
a header encoded in UTF-8 and raw data in binary format. The metadata in-
cludes patient information and EEG signal technical attributes (eg equipment
details and sampling rate). Annotations on the EEG, such as context of record-
ing or EEG events labels, may also be stored in the EDF+ file. See [27] for

1Such methods currently exist at the sites where the different types of data are stored. There
is,at most, a need to translate those methods into Java, Python, Perl or any other language that can
be interfaced with Hadoop.
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format details.
HDFS does not call for any set file format, so we store EEGs in EDF+ in HDFS.
We anonymize EEGs before storage for security reasons. Keeping EEGs as
EDF+ files has many advantages. No additional data formatting is needed
and existing tools for EDF+ files, eg. visualization tools, can still be used. And
as EDF+ files are mainly binary files, the size of the stored EEGs is small: 2500
EDF+ files (dataset 1 in Section 3.6 and Table 3.1(a)) i.e to about 2 years of EEG
data at the local hospital take up 46.5GB whereas the same data 2 would take
up 1TB when in a relational database.

3.5 EEG feature selection with Hadoop

EEG interpretation is arduous even for trained specialists due to the mass of
data to interpret 3 and non-specific, age or context-dependent patterns and ar-
tifacts. For example, in the absence of observation, the EEG patterns recorded
on a patient brushing his teeth can be mistaken for epileptic seizure activity
([50],p.112). Machine learning-based methods ([14, 51]) are being developed to
ease the interpretation for clinicians, though the methods’ scalability remains
an issue. Instead of reducing algorithm complexity as in most studies aiming
to lower the computational cost of machine-learning methods, we opt for using
more commodity hardware with Hadoop and show, here, with EEGs as exam-
ple, that parallelizable machine learning tasks, in particular tasks that may be
translated into a sequence of map/reduce, can be run in manageable times.

3.5.1 Feature selection as example EEG machine learning algo-
rithm

Most automated EEG data interpretation methods classify or cluster EEGs and
select suitable features for classification/clustering (eg. fractal dimension in
[14, 52]) prior to it. Other approaches ([41]) select, quantify, visualize some
"relevant" EEG features through time and present them to a practitioner who
then interprets them and their variations to derive conclusions on the EEG. So
the key task in the automated interpretation of EEG is feature selection so we

2with one table for metadata, one table for raw data and one tuple per raw data point
3a routine 20 minute EEG fits in 109 A4-pages with the guidelines of the American Clinical

Neurophysiology Society [15]
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pick a feature selection algorithm on EEG as example of machine-learning al-
gorithm to determine whether Hadoop is suitable for medical data processing
compared to other more traditional frameworks. We purposely choose an algo-
rithm with exponential complexity for feature selection (exhaustive search) as
achieving manageable execution times with Hadoop for this worst-case algo-
rithm would entail achieving even more reasonable execution times for more
common less computationally expensive algorithms. The goal of this study
is not to evaluate the accuracy of the feature selection algorithm but to test
whether running feature selection (as a sample machine-learning algorithm)
on Hadoop has any benefits compared to using more traditional processing
platforms.

3.5.2 Tested features and rationale for the choice of features

To test the feature selection algorithm, we choose a mix of 9 clinically-relevant
and more general time-series features shown to be relevant for EEG processing
in literature:

• 4 features computed in the time domain (fractal dimension, mean am-
plitude, amplitude standard deviation, normalized Hjorth mobility and
complexity4)

• and 5 in the frequency domain (frequency bands percentages (α band,β
band,θ band,δ band)5, the α to δ ratio, high to low frequency ratio (high
frequency being frequencies above 25Hz), brain symmetry index (BSI)
and spectral entropy)

These features detect many pathologies and patterns: EEG asymmetries as in
focal seizures or hemispheric ischemia with the BSI defined in [53], tempo-
ral lobe seizure with the Hjorth mobility and complexity([51]), high frequency
artifacts with the high to low frequency ratio ([54]), hypofunctional patterns
with the α to δ ratio and iso-electric ([54]), low-voltage EEGs with the mean
amplitude ([54]). The fractal dimension separates normal sequences and other
sequence types ([52]) and normal EEGs and Alzheimer patients EEGs ([14]).
An extra feature, the nearest neighbour synchronization (mNNC) (defined in

42-dimensional feature
5The EEG waves are grouped by frequency in 4 main bands: δ band for frequencies from 0.5 to

4 Hz, θ band for frequencies from 4 to 7 Hz, α band for frequencies from 7 to 12 Hz and β band for
frequencies from 12 to 30 Hz. The frequency band percentage is therefore a 4-dimensional feature.
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Figure 3.1: EEG feature selection steps

[41]), used to detect seizures ([54]), sleep or encephalopathies ([41]) 6 is com-
puted in the feature computation step (to measure scalability) but not used for
classification.
Each of the 9 features can be picked alone or in combination with a variable
number of the other features. So there are

∑9
i=1 C

i
9 = 511 distinct possible

ways to pick a feature set from the 9 features. This chapter doesn’t aim to as-
sess the classification performance of the chosen features. The features were
only picked as sample EEG features for scalability tests so others may have
been selected for this study.

3.5.3 Performing EEG feature selection with exhaustive search

We evaluate each of the 511 possible feature combinations to select the best
feature combination for our classification problem. Figure 3.1 summarizes the
feature evaluation steps. For simplicity, we choose KNN as classifier but the
same principle applies to other classifiers. We then implement this algorithm
in 4 steps in MapReduce:

1. Map: Extract the segments of interest from the original EEG files and
compute all features for each of the segments

2. Reduce: Build one dataset per feature combination
3. Map: Train the classifier and assess its performance for each feature set
4. Reduce: Choose the feature set that maximizes mean accuracy (for all

classes).

Details on the classifier and EEG segments of interest are found in Section 3.6.1.

6the mNNC value increases in seizures and decreases in sleep or encephalopathies
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3.6 Experiments

This section describes the experiments performed and their setup. Table 3.1
summarises the hardware and software properties of the experimental servers.

3.6.1 Details on EEG classification

EEG labeling hinges on properties such as sequence type and patient age so
feature selection can be done only on segments of similar properties. Only
eyes-closed segments from adult EEGs are used in this chapter. The feature
selection principle is unchanged for other age groups and segment types. We
use KNN as a classifier. We assess a feature set’s performance by the mean
classification accuracy (mean of the accuracy for all classes) and run 3 rounds
of the Shuffle and Split cross-validation, with 30% of the data used as training
set per iteration, to reduce overfitting and minimize the prediction error. We
have 3 EEG classes: normal, normal but for increased β wave (often due to
medication) and abnormal.

3.6.2 Dataset description

We use a dataset of 2500 EEGs for the experiments. All EEGs in the dataset
were recorded on patients in a hospital setting at the Medisch Spectrum Twente
(Enschede, The Netherlands), following the International 10/20 System with
Ag/AgCl electrodes and using a common average reference. This amount of
data is about 30% of the EEG data collected monthly7 in the Netherlands and
about 2 years of data from the local hospital (Medisch Spectrum Twente(MST),
Enschede, The Netherlands). Only the 19 channels common to all EEGs are
kept for calculations, with each channel sampled at 250Hz. All 9 features from
Section 3.5.2 and mNNC are computed on the whole dataset (hereafter named
dataset 1-Table 3.1(a)) to check the scalability of feature computation. To test
feature selection by exhaustive search, we use a subset of 1000 files from dataset
1 for which the class label is known precisely (hereafter named dataset 2). The
EEGs in both datasets predominantly represent standard EEGs (15 to 40 min-
utes’ EEGs) i.e the most common EEGs in clinical practice (91.6% of the EEGs
recorded per year at the local hospital).

7and about a third of the annual Dutch data in filesize
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Dataset Number Total size Minimum Maximum Number of files of duration Number of
of files of files EEG EEG <15mn 15 40mn 1 >2h values

duration duration to 40 mn to 1h to 2h

dataset 1 2500 46.51GB 10s 3h 9mn 204 2201 90 253 19
(feature computation (7.4% (79.5% (3.25% (9.14% (0.69% 578,648,474,500
only) of files) of files) of files) of files) of files)

dataset 2 1000 16.06GB 10s 2h 8mn 50s 73 909 33 35 1
for classification (5.6% (69.9% (2.54% (2.69% (0.08% 6,828,505,000
subset of dataset1) of files) of files) of files) of files) of files)

(a) Characteristics of experimental datasets

Server OS Software used Processor RAM Number of nodes

Server for Parallel openSUSE 12.3 Python 2.7.3 AMD Opteron R© 64GB 1
Python experiments Milestone 2(x86-64) with joblib 0.7d library Processor 4226

Kernel version scikit-learn 0.14 (6 cores)
3.6.3-1-desktop 2 processors

Hadoop cluster Ubuntu 12.04.2 Python 2.7.3 Intel R©Xeon R© CPU 7.8GB 15
LTS(x86-64) with scikit-learn 0.10 E3110@3.00GHz
Kernel version Hadoop streaming jar (2 cores)
3.2.0-40-generic from Cloudera Hadoop CDH3u6 1 processor

(b) Characteristics of the servers used in the experiments

Table 3.1: Server and EEG test file characteristics

3.6.3 Benchmarking the EEG exhaustive search feature selec-
tion

Setup We test EEG feature selection with python and with Hadoop Stream-
ing. To speed up the python code, we use the joblib library to parallelize parts
of the feature selection: features are computed EEG by EEG with several tasks
running concurrently and several feature combinations are tested for classifi-
cation at the same time. The number of jobs running concurrently is RAM-
bound.
We selected Hadoop Streaming as Hadoop interface as we can write python
code with it. This allows us to reuse most of the code from the python with
joblib approach, thus easing the performance comparison between both ap-
proaches tested. There are 30 available map slots in the Hadoop cluster (2 maps
per node) so that up to 30 maps run at the same time until the Hadoop map
jobs are done. Similarly there are 30 possible reduce slots. Unless otherwise
stated, we run 2 maps per node for the Hadoop Streaming jobs. We compute
all features over windows of 1800 ms in both Hadoop and Python approaches.
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1800 ms of EEG data equals 450 points per channel with the standard frequency
of EEG signal i.e 250Hz and about 9 eye blink artifacts (shortest known EEG
events).

Experiment 1: Feature computation
In the first set of experiments, we only perform the first step of feature selec-

tion (described in Section 3.5.3), i.e EEG segment extraction and feature com-
putation, on part or all of dataset 1. For each experiment, execution times are
recorded. Figures 3.3(a) and 3.2 were obtained using all of dataset 1. Figures
3.2 and 3.3(b) were obtained with the server configurations shown in Table
3.1(b). Figure 3.3(a) explores the evolution of feature computation times when
the number of cores of the Python server is made to vary. Feature computation
execution times grow linearly with the size of processed files for both Hadoop
and Python solutions (Figure 3.3(b)) but the Python execution times grow 4.5
times faster than the Hadoop ones. Therefore, feature extraction with Hadoop
is especially beneficial for large files and scales to a national scale amount of
data. Based on the interpolations of Figure 3.3(b), extracting the 10 features
from Section 3.5.2 for the whole annual Dutch EEG data(i.e 167GB-Table 1.1)
would take about 11 hours and 7 minutes with Hadoop compared to more
than 2 days with Python. The Python execution time decreases exponentially
with the number of active cores/CPUs (Figure 3.3(a)) but an infinite number of
CPUs would be needed to reach the same performance as Hadoop!

Experiment 2: Brute-force classification and feature selection
Experiments described in this section all use dataset 2 (see Section 3.6.2 and

Table 3.1(a) for details) and test the time it takes to assess the classification per-
formance of all possible 511 feature combinations 8. 253295 EEG segments are
extracted from dataset 2, i.e 113,982,750 values or 1.67% of the total values in
the original files. Table 3.2 summarises the results of implementing the fea-
ture selection algorithm described in Section 3.5.3 with Hadoop Streaming and
Python. Due to recurrent memory errors, only 154 feature combinations out of
511 (30.14%) were tested for classification with Python. The execution times for
Python classification in Table 3.2 are estimates based on available data. Insuf-
ficient RAM per Hadoop node led to all 511 combinations being tested with 37
successive jobs 9 instead of one so that only 1 map would run per node and not
2. The current implementation is clearly subpar as map slots become available

8all features except nearest neighbor synchronization
936 testing 14 combinations at a time and 1 testing 7 combinations at a time
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Table 3.2: Execution times for whole feature selection process on dataset 2 and each of
its steps

Segment extraction& Feature computation Classification only Complete feature
feature computation and formatting selection
only for classification selection

Execution Hadoop 30.35min 1h7min20s 32h25min52s9 33h33min12s
time streaming

parallel 97.9min 97.9min estimated lower bound: estimated lower bound:
Python 11 days 47min10 11days2h25min

estimated upper bound: estimated upper bound:
12 days 14h34min 12 days 16h2 min

as the job runs but are unusable until the job ends and the next starts. This is
however easily fixed, with the right user privileges, by setting the maximum
number of maps per node to 15 so that at any time only one map runs per node:
all 511 classifications can then run in a single Hadoop job. Table 3.2 shows that
even this suboptimal solution evaluates the classification performance of all
feature sets faster than Python. The gap in classification execution times be-
tween Hadoop and Python widens with the size of datasets to classify (Figure
3.4(a)). For very small datasets (33 training and 67 test points), Python outper-
forms Hadoop slightly (1.82 minutes for Python and 2.4 minutes with Hadoop
to test all 511 combinations). Hadoop has overall a clear edge over Python as
dataset size rises: the classification runs about 64.76 times faster on Hadoop.
Classifying dataset 2’s sequences, even in suboptimal conditions with Hadoop,
runs 29.9 to 34.1610 times faster than with Python (see Table 3.2). So Hadoop
is more suited for large datasets’ classification. Hadoop also scales linearly
with the size of classification input files11 (Figure 3.4(b)) and handles feature
dimensions’ increase better than Python (about 2 orders of magnitude faster
than Python (Figure 3.2)).

3.6.4 Discussion

The experiments (Section 3.6.3) show Hadoop as a scalable and promising so-
lution to process EEGs if the task at hand is parallelizable (eg feature compu-
tation) even if it is CPU-intensive and RAM-bound (classification with all pos-
sible feature combinations). It goes to prove that a cluster of commodity hard-

10compared to the estimated upper and lower bounds for the Python job respectively
11files obtained by extracting all eyes closed segments from the original EDF+ files and applying

each of the 9 tested features on the extracted segments
15Result of 37 successive jobs instead of only one job testing all 511 combinations
16estimates based on data available
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ware (15 machines with Dual core processors and only 7.8GB of RAM here)
is better at processing complex data than a single highly specialized powerful
server if the task is a series of (semi-)independent steps that can run in paral-
lel. Hadoop has also been shown to be able to process a national scale amount
of data with a quite small number of cluster machines. This is also a rather
cheap solution: a cluster like the experimental one costs 10000 to 20000 euros
i.e 1000-1500 euros per machine as compared to above 3000 euros per machine
for the type of server used in the Python experiments. Owning a Hadoop clus-
ter is in theory not needed as web services like Amazon Elastic Map Reduce
(EMR) offer access to Hadoop clusters tailored for diverse processing needs.
This is not doable, though, given the sensitivity of medical data. And we can
boost the Hadoop performance further by optimizing the code we wrote by
mostly reusing the Python one, via for example, changing the Hadoop con-
figuration parameters to solve memory issues or using other Hadoop Python
frameworks like mrjob or Dumbo that don’t require map/reduce inputs and
outputs to be strings passed via stdin/stdout and should thus need less pro-
cessing RAM or using machine-learning algorithms optimized for the platform
(Mahout library).

3.7 Conclusions

Hadoop is a promising solution for EEG storage and processing. Computation
times for complex parallelizable machine-learning algorithms are notably re-
duced compared to more traditional means of computation and become man-
ageable. The gain in computation times grows with data amount to process,
Hadoop scaling easily with national scale data. So it would seem that it is bet-
ter to process data with many commodity machines rather than with one ex-
tremely powerful server, when the processing task is parallelizable. In future,
we would like to extend this work to other medical data types such as MRI or
CT and study how to integrate data from computations run on diverse types
of medical data (eg MRI and EEG). We would also like to run more tests on
medical data querying (especially natural language querying). And Hadoop
data security also needs to be explored further.
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Figure 3.2: Relationship between feature dimensionality and features’ computation
execution times
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CHAPTER 4

Evidence combination for incremental
decision-making processes

The contents of this chapter have been submitted to the Knowledge and Information
Systems (KAIS) journal.

4.1 Introduction

Reaching an accurate diagnosis as soon as possible is key to treating patients’
ailments effectively. The case of teenager Rory Staunton who died of sepsis a
few days after having been diagnosed with a benign flu at the ER and sent back
home illustrates how critical it is to reach a timely accurate diagnosis [1].
Though quite extreme, Rory Staunton’s case is not an isolated case of misdi-
agnosis and is just one particularly striking example of the many errors of
diagnosis that occur in the healthcare system. In fact, the prevalence of mis-
diagnoses is estimated to be up to 15% in most areas of medicine [2] and a
study of physician-reported diagnosis errors [3] finds that 28% of the misdi-
agnoses are major (i.e resulting in death, permanent disability, or near life-
threatening event) and 41% moderate (i.e resulting in short-term morbidity,
increased length of stay, higher level of care or invasive procedure). Even com-
mon conditions such as pneumonia, asthma or breast cancer are routinely be-
ing misdiagnosed especially when the presenting symptoms are atypical [5, 6].
Missed diagnoses alone account for 40,000 to 80,000 preventable deaths annu-
ally in the US [4].
Not only is reaching a correct diagnosis quite a challenge but the process lead-
ing to a reliable diagnosis is often rather lengthy as it may involve many patient
consultations and referrals to other clinicians as well as various tests and scans.
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The study of physician-reported errors of diagnosis cited earlier [3] also finds
that 32% of the cases are due to clinician assessment errors. This figure coupled
with the misdiagnosis prevalence figure suggests that the misdiagnosis prob-
lem is far from being an individual clinician’s problem but rather a systemic
problem. Or in the words of [55]:

“Errors are rarely due to personal failings, inadequacies, and
carelessness. Rather, they result from defects in the design and con-
ditions of medical work that lead careful, competent, caring physi-
cians and nurses to make mistakes that are often no different from
the simple mistakes people make every day, but which can have
devastating consequences for patients. Errors result from faulty
systems not from faulty people, so it is the systems that must be
fixed.”

And since “to err is human”, systems must be designed in such a way as to
make errors hard to commit or to quote the Institute of Medicine landmark
report on medical errors [56], “Human beings, in all lines of work, make errors.
Errors can be prevented by designing systems that make it hard for people to
do the wrong thing and easy for people to do the right thing”.
As such, instead of focusing on assigning blame to physicians/nurses, which
does little to fix systemic problems and only ensures that preventable errors
are made again and again, it would be more beneficial to try and identify the
factors that contribute to making it difficult to reach a correct diagnosis in a
timely fashion or that lead to erroneous/delayed diagnoses. Some of these
factors include the following:

1. Only finite resources can be allocated to the diagnosis process. Even with the
best of intentions, a doctor can only devote a limited amount of time
and energy to each patient under his/her care. Furthermore, to decrease
costs and minimize patient discomfort, the number of tests performed to
reach a diagnosis needs to be kept as low as possible. There is also only
a fixed (small) number of specialists and doctors are encouraged to make
as few referrals as possible. And obviously, even with the best will in
the world, doctors, being human, have only a limited amount of memory
and knowledge to draw on to make diagnoses.

2. The diagnosis process is highly dependent on the accuracy of the initial diagnosis
hypothesis.
The patient is at best an unreliable source of information: he/she may
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give vague information or omit crucial clues that he/she feels are not sig-
nificant. Moreover, patient history, which may shed a different light on
some non-specific presenting symptoms, is usually fragmented and scat-
tered across different healthcare institutions that don’t necessarily share
information between themselves. Therefore, the first patient consulta-
tion only provides incomplete and highly noisy information on which
the clinician needs to rely to form his/her initial hypothesis and order
the relevant tests and/or referrals required to unearth further relevant
diagnostic clues and evidence.

3. Finding the right clues and evidence for a diagnosis is comparable to searching
for a needle in a haystack. Patient consultations/referrals and medical tests
generate a huge amount of data that may or may not contain the needed
diagnostic clues (depending on whether the right hypotheses were tested
for) and is mostly irrelevant for the diagnosis task at hand. There is at the
same time too much and too little data available.

4. Medical knowledge is fragmented. Due to the sheer amount of medical
knowledge accumulated through time, no single clinician can know all
there is to know inevitably leading to a spread of expertise and knowl-
edge between clinicians.

5. The diagnosis process is fragmented. The patient often has to consult several
doctors and undergo several tests. This is a direct consequence of the
fragmentation of knowledge and expertise driven by the massive amount
of medical knowledge available.

As a result of these factors, the potential of communication breakdowns be-
tween healthcare agents and crucial information being lost in the process in-
creases as does the likelihood of clinicians falling back on potentially harmful
cognitive biases.
Rory Staunton’s case [57, 1] is a case in point of how a breakdown in communica-
tion between healthcare agents can result in erroneous diagnosis and inadequate
care. In Rory’s case, because critical blood tests’ results had not been communi-
cated to the clinicians in charge and important observations by the pediatrician
had gone missing from the charts, each of the parties involved in Rory’s care
had only access to fragments of information on his condition, each of which
could be construed to result from something other than sepsis. Taken in con-
junction, all of Rory’s symptoms and tests pointed clearly to sepsis but the
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flu diagnosis was not outlandish given the information available to the first
ER practitioner at the time of diagnosis. This case perfectly exemplifies the
situation described in the tale of the blind men and the elephant:1 While the
conclusions of the blind men might have been right individually, taken as a
whole, they missed the target completely.
Rory’s case also illustrates another source of diagnostic failure: cognitive biases
[9, 58, 59]. Two biases were in play in Rory’s case: representativeness bias and pre-
mature closure. The representativeness bias is the tendency for a clinician to look
for prototypical manifestations of a condition, thus rejecting the possibility of
a particular condition if the presenting symptoms are atypical or if the patient
is not part of the stereotypical population in which the condition occurs. In
Rory’s case, the possibility of sepsis was not considered because sepsis rarely
occurs in teenagers. Premature closure is the tendency for a clinician to decide
on a diagnosis to the exclusion of others too soon in the process and before it
has been fully verified by tests for example. In Rory’s case, there was no indi-
cation that the attending clinicians had considered another diagnosis than flu.
Cognitive biases are essentially reasoning shortcuts and heuristics that come
into play when doctors try to cope with time and resources constraints. Cogni-
tive biases are necessary and time-saving but may result in wrong, missed or
delayed diagnoses.
In addition to the representativeness and premature closure biases, a few more
biases may become problematic if applied indiscriminately: zebra retreat, avail-
ability and confirmation biases and diagnosis momentum. A clinician usually
follows the well-known maxim "If you hear hoofbeats, think horses, not ze-
bras2", i.e. a clinician tends to only consider the most common diagnoses that
fit the symptoms exhibited by the patient. Failing to consider a zebra even
when likely based on the clinical findings is called zebra retreat. Taken as a
whole, zebras are not so uncommon: 8% of the US population (ie about 25
million) are estimated to be affected by one of the approximately 7000 zebras.
The confirmation bias can be especially harmful when associated with prema-
ture closure: it is the tendency for a clinician to look for the evidence, even
not present, that supports his/her preferred diagnosis and dismiss the existing

1The story, which has several versions (see http://en.wikipedia.org/wiki/Blind_men_and_an_elephant),
basically goes like this: some blind men or men in a dark room touch different parts of an elephant
trying to figure out what they are touching. Depending on which part they touch (trunk, leg ,etc.),
they come to completely different conclusions.

2Zebra is the medical slang for rare or surprising diagnosis. For exam-
ples of zebras, see the Medical Mysteries column in the Washington Post:
http://www.washingtonpost.com/linksets/medical-mysteries/2010/07/06/ABELr7D_linkset.html.

http://en.wikipedia.org/wiki/Blind_men_and_an_elephant
http://www.washingtonpost.com/linksets/medical-mysteries/2010/07/06/ABELr7D_linkset.html
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evidence that disproves it. The confirmation bias can cause the clinician and
patient to go on a wild-goose chase and delay the diagnosis especially if it in-
tervenes while forming the initial diagnosis hypothesis since the whole process
hinges on that initial hypothesis.
The availability bias and diagnosis momentum may be consequences of the frag-
mentation of expertise. The availability bias is the tendency of a clinician
to reach for the most easily recalled diagnosis that fits the clinical findings,
whether the clinician recalls that diagnosis because he has more expertise on
it or because he has recently encountered it. Diagnosis momentum is the fact
for a diagnosis to stick in particular because it keeps being passed on by all
the agents and intermediaries involved in the diagnosis process. Diagnosis
momentum also makes reaching a correct diagnosis during the initial patient
consultation critical.
We contend that, to obviate or at least mitigate the aforementioned factors lead-
ing to misdiagnosis, different forms of computer-support could be used to as-
sist clinicians in their decision-making task. One form of computer-support
is (semi-)automatic interpretation of tests and scans, such as the semi-automated
EEG interpretation performed by [60, 54]. A different form of computer-support,
which is the focus of this chapter, is evidence combination. We view medical di-
agnosis primarily as an incremental process where at each point in time, there
is an intermediary diagnosis based on ‘what is known so far’: symptoms and
clinical evidence from consultations, tests/measurements/scans, interpreta-
tions thereof by experts, second opinions/feedback of experts on other experts’
interpretations/conclusions, etc. Each interpretation, opinion, or feedback is a
piece of evidence that is combined to produce a well-weighted intermediary
diagnosis.

4.1.1 Contribution

The model presented in this chapter

1. provides a combined diagnosis constructed from all known evidence and
opinions known so far at a point in time,

2. is based on Dempster-Shafer theory,

3. allows the inclusion of evidence that stems from the processing of his-
toric evidence found in electronic patient records and usually not or in-
sufficiently considered with the help of computers,
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4. is open to including the outputs of computer-based interpretation tools
as evidence,

5. allows a clinician to take into account more alternatives so as to notify
him/her of rare diseases becoming sufficiently likely to warrant consid-
eration,

6. can incorporate meta-evidence, i.e., feedback from one clinician on the
diagnosis of another, and

7. protects him/her against ill-advised cognitive biases [9, 58, 59, 61]

4.1.2 Examples

To illustrate the potential of computer-support through evidence combination
with these properties, consider the following two examples.
Example 1: Toothbrush case
A suspicious sequence is detected in the EEG recording of an ICU patient (see
Figure 4.2). Several clinicians debate but they can’t agree on a diagnosis based
on this sequence: opinions are split between epilepsy and artifact. A few clin-
icians (2%) think it is something else, i.e., unknown. Subsequently, the video
recorded simultaneously with the suspicious EEG sequence is reviewed. It
shows without a doubt that the sequence is actually an artifact due to the pa-
tient brushing his teeth. Figure 4.3 shows a timeline of events for the tooth-
brush case.
Example 2: Hemochromatosis case
This example is a real case reported in a Washington Post article in the Medical
Mysteries section (see [62]).
After an initial set of seemingly unrelated complaints and symptoms (blurry
and rapidly decreasing vision, increased sleepiness, fatigue, high blood sugar
level leading to a diabetes type I diagnosis), the patient lands in the ER with
symptoms such as severe confusion and disorientation, internal bleeding and
liver cirrhosis. Tests rule out the possibility of an infection or of hepatitis C
and the ER doctors conclude that the symptoms exhibited by the patient result
from a combination of diabetes type I and severe alcoholism (some symptoms
being seen as signs of alcohol withdrawal). However, both the patient and
his family deny the alcoholism especially since he hadn’t drunk any alcohol in
the two weeks before the ER visit as a result of fatigue. Moreover, some tests,
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(a) Eyes closed

(b) Eyes open

Figure 4.1: Normal EEGs in different contexts

undisclosed by the ER personnel to the patient at that point, show an alcohol
level of 0g/L and extremely high blood iron levels.
Unconvinced by the diagnosis given at the ER, the patient, with the help of
a pathologist friend, researches possible explanations for the complaints that
landed him in the ER. Hemochromatosis, a disease found while perusing a
medical textbook,3 appears a very likely possibility to him and after some tests
(level of iron in the blood and genetic test), the hemochromatosis diagnosis is
definitively confirmed. Figure 4.4 shows a timeline of events for the hemochro-

3genetic disease that causes the body to absorb and store excessive amounts iron, resulting in
organ damage
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Figure 4.2: EEG of a toothbrush artifact

4 Ghita Berrada et al.

Fig. 2 EEG of a toothbrush artifact

was hard to come by, additional physician opinions are
sought after and around 49% of the petitioned clinicians

approve the diagnosis of epilepsy (positive feedback),
around 49% think it may be some sort of artifact rather
than epilepsy and 2% are not sure what the actual la-
bel should be (step2)). Since there was no consensus

between the interviewed clinicians, the video recorded
simultaneously with the suspicious EEG sequence is re-
viewed and shows that the sequence is actually an ar-

tifact due to the patient brushing his teeth. After this
video review, the label assigned to the EEG is without
a doubt that of artifact.

Figure 3 shows a timeline of events for the toothbrush
case.
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2.2 Second example: the hemochromatosis case

This case is a real case reported in a Washington Post
article in the Medical Mysteries section (see [6]).
After an initial set of seemingly unrelated complaints

and symptoms (blurry and rapidly decreasing vision, in-
creased sleepiness, fatigue, high blood sugar level lead-
ing to a diabetes type I diagnosis), the patient lands in
the ER with severe confusion and disorientation, inter-

nal bleeding, cirrhosis of the liver and ketoacidosis. Af-
ter some tests rule out the possibility of an infection or

of hepatitis C, the ER doctors conclude that the symp-
toms experienced by the patient result from a combina-

tion of diabetes type I (causing the ketoacidosis) and se-
vere alcoholism (causing the cirrhosis, internal bleeding
as well as the confusion and disorientation, both seen as
signs of alcohol withdrawal). However, both the patient

and his family deny the alcoholism explaining that the
patient is known to be a strictly social drinker and that
he hasn’t drunk any alcohol for the last two weeks as a

result of fatigue. Furthermore, some tests, undisclosed
by the ER personel to the patient at that point, show
an alcohol level of 0g/L and an extremely high blood

ferritin level. Unconvinced by the diagnosis given at the
ER, the patient, with the help of a pathologist friend,
researches possible explanations for the complaints that
landed him in the ER. Hemochromatosis appears a very

likely possibility to him and after some tests (level of
ferritin in the blood and genetic test), the hemochro-
matosis diagnosis is definitively confirmed.

Figure 4 shows a timeline of events for the hemochro-
matosis case.
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Figure 4.3: Chronology of events for the toothbrush case

matosis case.
These examples illustrate several things. First, medical tests and scans inter-
pretation such as, for instance, EEG interpretation, are inherently uncertain. As
[23] puts it: “there is an element of science and an element of art in a good EEG
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4 Ghita Berrada et al.

Fig. 2 EEG of a toothbrush artifact

was hard to come by, additional physician opinions are
sought after and around 49% of the petitioned clinicians

approve the diagnosis of epilepsy (positive feedback),
around 49% think it may be some sort of artifact rather
than epilepsy and 2% are not sure what the actual la-
bel should be (step2)). Since there was no consensus

between the interviewed clinicians, the video recorded
simultaneously with the suspicious EEG sequence is re-
viewed and shows that the sequence is actually an ar-

tifact due to the patient brushing his teeth. After this
video review, the label assigned to the EEG is without
a doubt that of artifact.

Figure 3 shows a timeline of events for the toothbrush
case.
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2.2 Second example: the hemochromatosis case

This case is a real case reported in a Washington Post
article in the Medical Mysteries section (see [6]).
After an initial set of seemingly unrelated complaints

and symptoms (blurry and rapidly decreasing vision, in-
creased sleepiness, fatigue, high blood sugar level lead-
ing to a diabetes type I diagnosis), the patient lands in
the ER with severe confusion and disorientation, inter-

nal bleeding, cirrhosis of the liver and ketoacidosis. Af-
ter some tests rule out the possibility of an infection or

of hepatitis C, the ER doctors conclude that the symp-
toms experienced by the patient result from a combina-

tion of diabetes type I (causing the ketoacidosis) and se-
vere alcoholism (causing the cirrhosis, internal bleeding
as well as the confusion and disorientation, both seen as
signs of alcohol withdrawal). However, both the patient

and his family deny the alcoholism explaining that the
patient is known to be a strictly social drinker and that
he hasn’t drunk any alcohol for the last two weeks as a

result of fatigue. Furthermore, some tests, undisclosed
by the ER personel to the patient at that point, show
an alcohol level of 0g/L and an extremely high blood

ferritin level. Unconvinced by the diagnosis given at the
ER, the patient, with the help of a pathologist friend,
researches possible explanations for the complaints that
landed him in the ER. Hemochromatosis appears a very

likely possibility to him and after some tests (level of
ferritin in the blood and genetic test), the hemochro-
matosis diagnosis is definitively confirmed.

Figure 4 shows a timeline of events for the hemochro-
matosis case.

in
iti

al
sy

m
pto

m
s

an
d

dia
bet

es

ty
pe

I dia
gn

os
is

ER
vi

sit
: dia

gn
os

is
of

dia
bet

es

ty
pe

I+
se

ve
re

al
co

hol
ism

new
te

st
s

an
d

final

hem
och

ro
m

at
os

is
dia

gn
os

is

Fig. 4 chronology of events for the hemochromatosis caseFigure 4.4: Chronology of events for the hemochromatosis case

interpretation” (p.167). The uncertainty of the interpretation can stem from
the massive amount of data whose perusal is required to make a conclusion.
For instance, the interpretation of a routine 20-minute EEG, usually done vi-
sually by a trained neurologist, requires the perusal of large amounts of data4

that contain age-dependent, context-dependent and non-specific patterns. Un-
certainty can also stem from the fact data patterns have no standard defini-
tion making the interpretation process not reproducible. For instance, a study
by [30] showed that, even when done by one single clinician at two different
points in time, markings on EEG recordings for patterns such as epileptiform
discharges may not be identical.
Computer-based interpretation tools may help make the data interpretation
process more reproducible. Crucially, interpretation tools, while producing
uncertain results, provide a quantification of the result uncertainty as opposed
to visual inspection by humans for which the uncertainty estimation is tricky.
This means that it can effectively be included in the evidence combination.
(Semi)-automated interpretation tools could also provide cognitive aids and
exploitable markings to clinicians, thus reducing their workload and their re-
liance on memory and freeing up enough time for them to focus properly on
hard cases only. This would not only make the diagnosis process faster but
also less prone to errors due to mistaken cognitive biases [59]. And while
not substitutes for clinician input, computer-based interpretation tools show
good accuracy: a study trying to predict cancer outcomes based on applying

4at least 109 A4 sheets of paper (1 sec of EEG being represented by at least 25mm on paper taken
in landscape format) following the guidelines of the American Clinical Neurophysiology Society
[15].
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machine-learning algorithms on electronic administrative records finds such
algorithms at least as accurate as a panel of 5 expert clinicians [63].

Second, crucial clues or evidence may be ‘hidden’ in the vast amounts of avail-
able data, eg the blood iron levels in the hemochromatosis case. As computers
are able to process a larger amount of data than humans possibly can and faster
than they do, computer-based data pre-processing may assist the clinician in
uncovering clues and evidence hidden in mountains of data even in cases when the
clinician does not even suspect that there is something to find and point to ze-
bras when they become likely due to multiple clues occuring together. For ex-
ample, in the hemochromatosis case, software matching clinical findings with
possible diagnoses may have highlighted the conjunction of high iron blood
levels, no alcohol in the blood, diabetes and cirrhosis and pointed out that the
hemochromatosis diagnosis became likely with those findings and should be
explored. This would effectively result in forcing clinicians to consider sev-
eral alternatives thus reducing the incidence and impact of premature closure.
Note that this does require the data be available in digital format, which is not
as straightforward as it may seem. According to [8], 30% of data in medical
records, laboratory, and surgery reports, is not digitized. And 90% of the data
generated by healthcare providers is discarded, for example, almost all video
recordings from surgery.

Third, often unexpected circumstances may mislead a clinician during the decision
making process. Even when known with hindsight, it is hard to correctly trace
back the process and properly reconsider the then known evidence. For ex-
ample, it may transpire, after several EEGs have been recorded, that a set of
electrodes used for one or more EEGs were faulty, which would mean that the
diagnoses in which these EEGs were involved may need to be reconsidered. By
storing data provenance, i.e., derivation lineage that represent which diagno-
sis is derived from what evidence taken from what data, the clinicians can be
supported with batch-wise reconsideration of their diagnoses. And clinicians
may only need to be notified if the unexpected event changes their diagnosis
significantly.

Fourth, each step in the diagnosis process and all evidence leading to it should
be accessible for review. In our example, the initial epilepsy diagnosis could be
reviewed by several clinicians and modified significantly because of the video
evidence. As such, a review of the EEG and its accompanying video helped
override a faulty initial conclusion resulting from incomplete evidence and get
to the correct conclusion. Computer-based evidence combination can assist
the clinicians in properly incorporating new evidence as well as meta-evidence
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(feedback) in the overall diagnosis thus insuring that available data is used to
make a decision.
The remainder of this chapter is organized as follows. The medical diagnosis
examples of Section 4.1.2 serve as running examples for further supporting our
claims for evidence combination as well as for categorizing evidence into types
(Section 4.2). We then give some background on the Dempster-Shafer theory
underlying our model in Section 4.3. In Section 4.4, we explain how to rep-
resent evidence and the uncertainty inherent to it using the Dempster-Shafer
framework. We then proceed to present our evidence combination model (Sec-
tion 4.5) and validate it analytically (Section 4.7). We show how our model
can be used in practice by working out the running examples as well as an
important theoretical example from literature in detail (Section 4.6). Finally,
Section 4.8 discusses how the model can be implemented by storing evidence
in a probabilistic database which naturally supports uncertainty in data and
maintaining lineage.

4.2 Categorization of evidence types for evidence
combination

The examples given in Section 4.1.2 highlight the fact that the diagnosis pro-
cess is an incremental process. New evidence modifies the state of knowledge:
every step in Figures 4.3 and 4.4 introduces one or more pieces of evidence. By
evidence, we mean the interpretation of a lab result or any other medical test
or scan but not the raw data itself. What we call evidence is the new diagnosis
that the clinician forms based on raw medical data (eg lab results or scans). The
number of pieces of evidence is generally limited since clinicians tend to and
need to focus on a limited set of alternatives. Note that computer-based inter-
pretations of medical tests (eg lab tests and scans) and/or presenting symp-
toms are also considered to be evidence since they are an interpretation of raw
medical data.
We distinguish three main types of evidence:

1. Evidence on already considered alternatives.

2. Evidence that introduces a new alternative.

3. Meta-evidence: Evidence on the reliability of other pieces of evidence.
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The first type of evidence assigns a likelihood either to one or more existing
alternatives or to part of one or more existing alternatives (e.g., new evidence
supporting epilepsy while previously only evidence supporting both epilepsy
and artifact existed). Special cases of this type of evidence include corrobora-
tion and rejection, i.e., positive or negative feedback from one clinician on the
diagnosis of another. In our model, these are represented by a likelihood of 1
and 0, respectively, assigned to one particular alternative.

The second type of evidence occurs when new evidence, that may or may not
support one or more previous conclusions, also points to a diagnosis hypoth-
esis not previously considered. An example of this type of evidence occurs in
in the hemochromatosis case when hemochromatosis becomes a possible diag-
nosis aside from the combination of diabetes and alcoholism diagnosed at the
ER.

An example of the third type of evidence is the genetic test and blood test in the
hemochromatosis case: the tests invalidated the ER conclusions, i.e., reduced
their reliability. Another example is the video evidence, in the toothbrush case,
that confirmed the suspicion of artifact in the toothbrush case and lead to the
rejection of the epilepsy diagnosis.

Evidence has several characteristics, on top of having a type (as explained ear-
lier in the section). These characteristics can be summarized as follows:

• Evidence is uncertain and depends, for example, on the reliability of its
source. We therefore attribute a confidence score c to each piece of evi-
dence to quantify its reliability. If no knowledge on source reliability is
available, one needs to assume, by default, that all sources of evidence
are equally reliable.

• It is crucial that a concrete record of the dependencies between evidences
(i.e., evidence provenance) be kept to ensure that pieces of evidence are
properly combined or re-considered at any time. The reason for this is
that, while evidence obviously appears in certain order during the diag-
nosis process, the evidence that arises at a certain point in time may refer
to other specific pieces of evidence that arose earlier, for instance, in case
of corroboration or meta-evidence.
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4.3 A brief introduction to the Dempster-Shafer model

The Dempster-Shafer theory is a mathematical theory of evidence and can be
viewed, in a finite discrete space, as a generalization of the traditional proba-
bility theory where probabilities are assigned to sets and not to mutually ex-
clusive singletons. So, whereas, in traditional probability theory, evidence has
to be associated with only one event, the Dempster-Shafer theory makes it pos-
sible to assign the evidence to a set of events. The Dempster-Shafer theory is
therefore useful when evidence is available for a set of possible events and not
for each possible event within the set and collapses to traditional probability
theory in the case where evidence is available for all possible events within a
set.
Let Θ = θ1, . . . , θN be a finite set of possible hypotheses. Θ is called the
frame of discernment in the Dempster-Shafer theory. Note that, according to
the Dempster-Shafer theory, each element θi ∈ Θ where i = 1, . . . , N doesn’t
have to be a singleton. For example, in the case of a clinician defining possible
diagnosis with non-mutually exclusive diseases (for example migraine M , si-
nusitis S and labyrinthitis L), the frame of discernement Θ could be defined as:
Θ = {∅,M, S, L,MS,ML, SL,MSL} = 2{M,S,L}. As can also be seen in the
previous example, the frame of discernment is usually defined as an exclusive5

and exhaustive non-empty6 set of possible alternatives.
The Dempster-Shafer theory defines three important functions on this frame of
discernment: the basic probability assignment also called mass function (oth-
erwise known asm), the belief function (denoted Bel) and the plausibility func-
tion (denoted as pl).
The mass function (or basic probability assignment) m is a function that assigns a
value in [0, 1] to every subset A of Θ (such that ∪A⊆ΘA = Θ) and satisfies:

m(∅) = 0∑
A⊆Θ

m(A) = 1

(This means, in practice, that the sum of all basic probability assignments of
subsets of the frame of discernment Θ of whom some may overlap may be
different from 1 and actually higher than 1. It simply means that some evidence
is counted more than once). The basic probability assignment defined for a

5in the previous example, it would mean that only one of the elements of Θ is the true diagnosis
6it contains at least the empty set ∅
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subset A, m(A) is actually the degree of belief that the variable of interest falls
within intervalA. However, m(A) gives no indication as to the degree of belief
that the variable of interest falls within any of the subintervals of interval A.
Additional evidence is needed for that.
The belief and plausibility functions can be interpreted respectively as the lower
and upper bounds for probabilities, with the actual probability associated with
the considered subset of 2Θ in between the belief and plausibility values for
that subset . The belief function Bel assigns a value in [0, 1] to every non-empty
subset B of Θ and is defined as:

Bel(B) =
∑
A⊆B

m(A)

The plausibility function Pl assigns a value in [0, 1] to all sets A whose intersec-
tion with the set of interest B is not empty:

Pl(B) =
∑
A∩B6=∅

m(A)

Both the belief and plausibility functions are non-additive, which means that
the sum of all belief values associated with values in 2Θ is not required to be
equal to 1 and similarly for plausibility. Furthermore, the mass function m can
be defined using the belief function with:

m(B) =
∑
A⊆B

(−1)|B−A|Bel(A)

where |B−A| is the cardinality of the difference between sets A and B. And we
can derive plausibility from belief with: Pl(B) = 1− Bel(B) where B is the com-
plement of set B. If Bel(B) = Pl(B) = m(B), then we have defined a probability
in the classical sense of the term.
An underlying assumption in the Bayesian theory is the existence of an ulti-
mate refinement, that is “a frame of discernment so fine that it encompasses
all possible distinctions and admits no further refinement” [64, p. 119]. In
other words, the Bayesian theory supposes that all possible worlds are known
and defined. While such an ultimate refinement would be conceptually conve-
nient, it is also unrealistic as, in most real world applications, existing possible
worlds for the system are discovered as we go and more evidence is gathered.
In contrast, the Dempster-Shafer theory allows for ignorance, does away with
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the ultimate refinement hypothesis and instead defines frame refinements and
coarsenings. According Shafer [64, p.120], a frame of discernment is defined
as “a set of possibilities that one does recognize on the basis of knowledge
that one does have — or at least on the basis of distinctions that one actually
draws and assumptions that one actually makes”. In other words, the frame
of discernment reflects the state of knowledge at a given point in time so it is
quite normal, in practice, to begin by defining a coarse frame of discernment
and then refine it (that is split sets defined in the initial frame of discernment
into finer subsets) as more knowledge is accumulated. The existence of such
a possibility of refinement is what will allow us to perform user feedback that
actually adds new alternatives (see Section 4.5.2 for more details). For a more
detailed and formal definition of frames of discernment, frame compatibility
and frame refinements and coarsenings, we refer to chapter 6 in [64].
The Dempster-Shafer theory also provides means to combine evidence ob-
tained from multiple sources, that provide different assessments for the frame
of discernment and are supposed independent from each other. One such com-
bination rule is the Dempster combination rule, which can be defined by (given
two sources denoted 1 and 2):

m12(A) =

∑
B∩C=A

m1(B)m2(C)

1−K
when A 6= ∅

where K =
∑

B∩C=∅
m1(B)m2(C)

m12(∅) = 0

The denominator in Dempster’s rule is a normalization factor and has the ef-
fect of completely ignoring conflict and attributing all probability masses asso-
ciated with conflict to the null set.
According [65], this omission of conflict may lead to some counterintuitive re-
sults as in the following example (and hereafter refered to as Zadeh’s example).
A patient is seen by two physicians for troubling neurological symptoms. The
first physician gives a diagnosis of meningitis with an associated probability
of 0.99 while admitting the possibility of a brain tumour with an associated
probability of 0.01. The second physician believes the patient has a concus-
sion with a probability of 0.99 or a brain tumour with a probability of 0.01.
If we use the Dempster’s combination rule with the available data, we get
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m({brain tumour}) = Bel({brain tumour}) = 1. This result would imply that
the most likely diagnosis is actually the one that both physicians find extremely
unlikely.
Furthermore, the Dempster combination as well combination rules derived
from it, such as Yager’s combination rule and Zhang’s center combination rule
to name a few, suppose that all sources of evidence are equi-reliable. In our
application, we suppose this is not the case and that a reliability score wi —
between 0 and 1 — is associated with each user giving feedback (how this reli-
ability score is determined is beyond the scope of this chapter, see Section 4.5.3).
One way of taking into account the difference of reliability between sources of
evidence would be to use the mixing (or averaging) rule described in [66]:

m1...n(A) =
1

W

n∑
i=1

wimi(A) where W =

n∑
i=1

wi

where n is the number of sources, wi the weight associated with the i-th source
and mi the mass function associated with the i-th source. For more details on
the Dempster-Shafer theory and the evidence combination rules, see [64], [66],
[67] and [68].

4.4 Representation of uncertain evidence

Ideally, the uncertainty surrounding evidence is precisely known, but in prac-
tice it is often incomplete, coarsely known or completely missing. Therefore,
evidence needs to be represented under various circumstances:

1. Exact evidence likelihood values available. For example, “the EEG of the pa-
tient points to epilepsy with confidence 0.8 and to an artifact with confi-
dence 0.2.”

2. Missing likelihood values For example, “the EEG of the patient shows an
epileptic seizure or an artifact.”

3. Imprecise likelihood values. For example, “the EEG of the patient shows
epilepsy with a confidence of at least 0.7.”

4. Coarse likelihood values. For example, “the EEG of the patient shows epilepsy
or an artifact with confidence 0.8 or a normal pattern with confidence 0.2”



4.4 Representation of uncertain evidence 55

Of particular interest for our application, are the cases where evidence likeli-
hood values are exactly known and where likelihood values are missing (by
far the most common case in our application). We represent piece of evidence i
and its associated uncertainty with (a) a mass function mi assigning likelihood
values to several alternatives, combined with (b) a weight wi representing the
reliability of the evidence (relative to other pieces of evidence). For example,

mi(S) =


0.8 if S = {epilepsy}
0.2 if S = {artifact}
0 otherwise

represents evidence that the EEG points to epilepsy with confidence 0.8 and
to an artifact with confidence 0.2. This is a case where exact likelihood values
are available: all mass is comprised in singletons, i.e., sets containing a single
label.
If no likelihood values are known, the mass can be assigned to a set containing
multiple labels. For example,

mi(S) =

{
1 if S = {epilepsy,artifact}
0 otherwise

represents evidence that the EEG points to epilepsy or an artifact.
Note that in the verbal expression of such evidence, one often does not mention
the possibility that it could be entirely something else. We make this explicit
in our model by introducing the explicit label ‘other’. This label represents all
other diseases or conclusions not considered (yet). This allows a likelihood to
be assigned to this label. For example,

mi(S) =

{
0.8 if S = {epilepsy,artifact}
0.2 if S = {other}

represents the evidence that the EEG points to epilepsy or an artifact with con-
fidence 0.8, but that one keeps open the possibility that it could be entirely
something else with a confidence of 0.2. This conclusion can, for example,
be drawn from circumstances where one estimates that the reliability of the
sources is not perfect, but 80%. Note that with the inclusion of the explicit la-
bel other, there is no need for an ‘otherwise’; the mass functionmi representing
a piece of evidence is always complete.
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In the sequel, we will consistently use the term label and symbol a for a single
interpretation, such as epilepsy or artifact, and the term alternative and symbol
A for a set of labels, such as {epilepsy,artifact}. We denote with L the set
of all considered labels; L = {epilepsy,artifact,other} in the example above.
Therefore, the frame of discernment is F = 2L. In the example above,

F = {∅, {epilepsy}, {artifact}, {other}, {epilepsy,artifact}, {epilepsy,other},
{artifact,other}, {epilepsy,artifact,other}}

4.5 Evidence combination model

4.5.1 Core of the model: the mixing rule

In Section 4.3, we introduced a basic probability assignments’ combination
rule, called the mixing (or averaging) rule defined as:

(∀A ∈ F) m1...n(A) =
1

W

n∑
i=1

wimi(A) with W =

n∑
i=1

wi

where n is the number of evidences,wi the weight associated with the i-th piece
of evidence, W the normalization factor being the sum of all weights, and mi

the mass function associated with the i-th piece of evidence.

We assume that a database actually contains both the individual pieces of evi-
dence with all associated information as well as an aggregation of the evidence
obtained from l previous sources. So, if we want to combine a new piece of
evidence ml+1 with the l previous evidences, the total number of sources of
evidence combined is n = l + 1. Also, the introduction of a new weight wl+1

updates the normalization factor W ′ = W +wl+1. We apply the mixing rule as
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follows:

(∀A ∈ F) m1...n(A) =
1

W ′

n∑
i=1

wimi(A)

=
1

W ′
(

l∑
i=1

wimi(A) + wl+1ml+1(A)) since n = l + 1

=
1

W ′
(W

1

W

l∑
i=1

wimi(A) + wl+1ml+1(A))

=
W

W ′
mdb(A) +

wu
W ′

mu(A)

where mdb(A) is the basic probability assignment associated with alternative
A in the database, mu(A) is the basic probability assignment associated with
alternative A by the user providing the new evidence and wu the weight rep-
resenting the reliability of this evidence.
Observe here that mn representing the new combined diagnosis of all n = l+ 1
evidences, can be calculated incrementally in terms of mdb, mu, and wu. Also,
defined in this way, the combination rule is trivially associative and commuta-
tive as well as idempotent.

4.5.2 Basic operations of the model

We model all types of evidence with three atomic operations. We present the
third atomic operation in two separate cases: in practice there are two different
types of evidence that can be handled with one atomic operation, i.e., 3a and
3b are formally the same operation.

1 Adding a (weighted) basic probability assignment mu with weight wu
due to a new piece of evidence.

2 Updating the weights associated with one or more previously given evi-
dences J ⊆ [1..n].

3a Refining the frame of discernment by splitting a known label a into mul-
tiple more refined ones.

3b Refining the frame of discernment by adding a new label for something
previously not considered.
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Notation Meaning

a existing label, e.g., epilepsy.

A existing alternative, e.g., {epilepsy,artifact}.
n number of evidence sources prior to new evidence being added.

mu new evidence represented as a basic probability assignment. dom(mu) = F
mold stored combined basic probability assignment derived from m1, . . . ,mn

prior to new evidence

mnew combined basic probability assignment after taking new evidence into account

wu weight associated with mu

W normalization factor prior to new evidence being added, W =
∑n
i=1 wi.

W ′ normalization factor after taking new evidence into account W ′ = W + wu.

J ⊆ [1..n] set of indices corresponding to evidence sources for which the weights
must be updated because of new evidence

w′j new weight due to new evidence (j ∈ J)

L set of all considered labels

F frame of discernment, i.e, set of all considered alternatives, F = 2L

Table 4.1: List of notations

The notations used in this section can be found in Table 4.1. Section 4.5.2 de-
scribes how to determine which atomic operation to use.

As explained earlier, we assume that the database also contains the mass func-
tion mold representing the combined diagnosis of all n previous evidences.
Through the atomic operations formulas derived below, we aim to recalcu-
late a new combined mass function incrementally, i.e., to define mnew in terms
of mold and the basic probability assignment mu(A) associated with the new
evidence.

Adding a (weighted) basic probability assignment

This operation is used when evidence is added without any change in the
weights associated with previous evidence sources. The number of sources
with the addition of new evidence becomes n+ 1. The new normalization fac-
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tor is W ′ = W + wu. Applying the mixing rule gives us:

(∀A ∈ F) mnew(A) =
1

W ′
(

n∑
i=1

wimi(A) + wumu(A))

=
W

W ′
mold(A) +

wu
W ′

mu(A)

Updating weights

This operation is used when new evidence leads to updating one or more
weights wj associated with previously given evidence with a new weight w′j
(e.g., decreasing the weight associated with a previous evidence because the
source of evidence has been discovered to be less reliable than previously thought,
or altogether canceling a piece of evidence with setting w′j = 0).

The new normalization factor can be defined as

W ′ =
∑
j /∈J

wj +
∑
j∈J

w′j

= W −
∑
j∈J

wj +
∑
j∈J

w′j

= W +
∑
j∈J

(w′j − wj)

We denote the latter normalization correction term with W∆ =
∑
j∈W

(w′j − wj).

According to the mixing rule, we have:

(∀A ∈ F) mold(A) =
1

W

n∑
i=1

wimi(A)

=
1

W

∑
j /∈J

wjmj(A) +
1

W

∑
j∈J

wjmj(A)

The updated basic probability assignment for alternative A is obtained by us-
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ing the mixing rule as follows:

(∀A ∈ F)

mnew(A) =
1

W ′
(
∑
j /∈J

wjmj(A) +
∑
j∈J

w′jmj(A))

W ′mnew(A) =
∑
j /∈J

wjmj(A) +
∑
j∈J

w′jmj(A)

=
∑
j /∈J

wjmj(A) +
∑
j∈J

w′jmj(A) +
∑
j∈J

wjmj(A)−
∑
j∈J

wjmj(A)

=
∑
j /∈J

wjmj(A) +
∑
j∈J

wjmj(A) +
∑
j∈J

w′jmj(A)−
∑
j∈J

wjmj(A)

= Wmold(A) +
∑
j∈J

(w′j − wj)mj(A)

mnew(A) =
W

W ′
mold(A) +

1

W ′

∑
j∈J

(w′j − wj)mj(A)

Updating the weights basically consists of canceling the terms in which the
weights to be updated appear and then adding the newly weighted basic prob-
ability assignments. A full incremental calculation is not possible in this case,
but one needs to revisit all evidences in the database for which the weight is
updated. Usually, this remains rather limited.

Refining the frame of discernment: splitting a label

The label epilepsy actually represents a set of epileptic syndromes that differ by
the specific features that are present. For example, benign rolandic epilepsy,
childhood absence epilepsy, and juvenile myoclonic epilepsy are all particular
cases of epilepsy. Suppose that in a diagnostic process, there have only been
pieces of evidence where a confidence is assigned to alternatives that include
the label epilepsy, but that a new piece of evidence points to, say, childhood ab-
sence epilepsy, or juvenile myoclonic epilepsy, how can we properly represent
this new evidence and combine it with the existing ones?
Talking about measurement results, [67, p.38] says:

When measurement results are considered, the basic probabil-
ity number m(A) can be interpreted as the degree of belief that
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the measurement result falls within interval A; but m(A) does not
provide any further evidence in support to the belief that the mea-
surement result belongs to any of the various subintervals of A.
This means that, if there is some additional evidence supporting
the claim that the measurement result falls within a subinterval of
A, say B ⊂ A, it must be expressed by another value m(B).

The labels used in our model are very similar to concepts in description logic
[69]. A classic example of a description logic definition is Person ≡ Male t
Female. It defines the concept of a person to be equivalent to either a male or
a female. Important to note, is that this definition also states that the union of
all possible males in the past, present, and future, and all possible females in
the past, present, and future, will exactly give one the set of all possible persons
in the past, present, and future. In other words, this definition truly refines the
concept Person into two sub-concepts (it doesn’t state that Male and Female
are disjoint though).
We also apply this technique of refining concepts to our labels. Here we call it
splitting a label. We may define

epilepsy ≡benign rolandic epilepsy t childhood absence epilepsy
t juvenile myoclonic epilepsy t other epileptic syndromes

Note that the inclusion of a label other epileptic syndromes is necessary, be-
cause otherwise the equivalence doesn’t hold. For brevity, we use the short-
hands bre, cae, jme and oes in the sequel.
We can use this equivalence of concepts for refining our frame of discernment
in a non-interfering manner: by replacing epilepsy with the four sub labels.
Formally,

L′ =(L\{epilepsy}) ∪ {bre, cae, jme,oes}

F ′ =2L
′

Furthermore, we need to adapt all existing pieces of evidence to the new frame
of discernment. This is done by similarly replacing epilepsy in all pieces of evi-
dence, i.e., whenever a mass function contains an alternativeA = {epilepsy, . . .},
we replaceA by {bre, cae, jme,oes, . . .}. Assigned confidences and weights re-
main unchanged.
Observe that the old frame of discernment F is compatible with the new one
F ′, because it is a proper refinement. Analogously, the thus constructed mass
functions are proper refinements as well.
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Typically, this atomic operation is triggered by the occurrence of evidence for
a sub-label of an existing label, for example the occurrence of evidence on {bre
which is a subset of A = {epilepsy, . . .} = {bre, cae, jme,oes, . . .}. In this
case, two successive operations are performed. First, the operation of splitting
the label is carried out. In a sense, this first step makes the frame of discern-
ment and all existing evidence compatible with the refined nature of the new
evidence. This first operation is then followed by performing the atomic oper-
ation of Section 4.5.2 to add the new (sub-label) evidence. The result is a mass
function in which all the terms defined prior to the new evidence are updated
(with atomic operation of Section 4.5.2) and a new term is added for the sub-
label on which new evidence is given. In the previous example, this means that
a new termm(bre) is defined while all the other terms existing prior to the new
evidence on bre are updated.
Generally speaking, the atomic operation of splitting a label a into sub-labels
a1, . . . , am is defined with the following steps:

1. Define the equivalence a ≡ a1 t . . . t am.

2. Let (∀A ∈ F) refine(A) =

{
(A\{a}) ∪ {a1, . . . , am} if a ∈ A
A otherwise

3. Refine the frame of discernment L′ = refine(L); F ′ = 2L
′
.

4. For every i ∈ [1..n], we define a refined mass function m′ = refine(m) as

(∀A′ ∈ F ′)

{
m′(A′) = m(A) if ∃A ∈ dom(m) : A′ = refine(A)

0 otherwise

(Note that we have overloaded refine to work both on alternatives as well as
mass functions).

Refining the frame of discernment: adding a new label

When a clinician makes a diagnosis, (s)he not only makes a diagnosis, but effec-
tively excludes all other possible diagnoses. In this diagnosis, (s)he implicitly
assigns a zero confidence to alternative {other}. The existence of the other label
makes the frame of discernment as well as all mass functions exhaustive.
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Figure 4.5: Decision tree for combining atomic operations to handle all types of
evidence

It is the existence of the other label, however, that makes it possible to ap-
parently “expand” the frame of discernment and add a new label a. For ex-
ample, adding the hemochromatosis alternative after a diagnosis of diabetes
combined with alcoholism has been reached in the hemochromatosis example.
Because any new unknown label is already included in the other label, we can
split it into a and a new other′ by defining other ≡ a t other′ and applying the
atomic operation of Section 4.5.2 (usually followed by the atomic operation of
Section 4.5.2 since there is new evidence on a). Therefore, adding a new label
is only a special case of refining the frame of discernment by splitting a label.

Deciding on which atomic operations to use

In Section 4.5.2, we introduced the atomic operations that are used to model the
addition of new evidence. We here provide a decision tree that illustrates how
the atomic operations need to be combined to handle all types of evidence.

4.5.3 Deciding on a weighting method

The setting of weights is not the purpose of this chapter. However, some ways
to set the weights include defining rules to set weights (e.g., “clinician A is



64 4 Evidence combination for incremental decision-making processes

twice as reliable as clinician B” or “video-based evidence supersedes EEG-
based evidence”) or deducing the weights by, for example, evaluating experts
or sources of evidence through a set of calibrating questions for which the an-
swer is known.
The mixing rule is a generalization of the averaging of probability distributions
([66]) also known as linear opinion pool. The linear opinion pool is widely
used as a way to combine expert opinions in a probabilistic framework and
several ways to set the weights in the linear opinion pool have been stud-
ied ([70, 71, 72, 73]). Similar strategies can be applied to set the weights for
the mixing rule as well. One such strategy is the performance-based Cooke
“classical” method . Cooke argues that using equal weights for all experts
leads to a suboptimal solution as it doesn’t evaluate the quality of each ex-
pert’s opinion. Cooke suggests assigning the weight base on the performance
of experts on an elicitation exercise based on “seeding variables”, the “seed-
ing variables” being quantities from the same area as the uncertain quantity of
interest for which the true value is known to the one administering the exer-
cise and not the experts. The experts may be asked to choose the probability
bin in which they think the “seeding variable” they are given falls. Two scores
are deduced from the experts performance: a calibration score which is the
likelihood that the expert’s answer corresponds to the known answer and an
information/informativeness score that measures how concentrated the distri-
bution given by expert is. Those two scores are then combined into a weight
assigned to the expert. An expert that is “highly reliable” scores high on both
calibration and informativeness.
Another way of determining appropriate weights is through data mining. At
the end of a diagnostic and treatment process, the correct diagnosis is known.
All evidence given in the process can then be evaluated based on its degree of
correctness. By accumulating these evaluations for pieces of evidence given by
a certain expert or a certain evidence source, one can determine an appropriate
reliability score. Over time, one could determine a set of weights that is based
on how accurate experts and sources actually are on average.

4.5.4 Rationale for using Dempster-Shafer framework instead
of Bayesian framework

The Bayesian theory is a special case of the Dempster-Shafer evidence theory
according to [64, Chp.1], with the Bayesian belief functions a subset of the
Demspter-Shafer belief functions. The Dempster-Shafer theory is shown in [74]
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to be more suited in cases of missing priors and ignorance. [64] tries to show
through an example (Example 1.6, chapter 1, pages 23–24) that applying the
Bayesian theory to cases of complete ignorance could lead to counter-intuitive
results. In the example given by Shafer, the question is to know whether or not
there is life around the star Sirius. And though some scientists may have evi-
dence on this question, Shafer takes the point of view of the majority of people
who profess complete ignorance on the subject and that

Bel(A) =

{
0 if A 6= Θ

1 if A = Θ

where Θ = {θ1, θ2}, with θ1 denoting the possibility that there is life on Sirius
and θ2 denoting the possibility that there is no life on Sirius.
He then considers a more refined set of possibilities Ω = ζ1, ζ2, ζ3 where ζ1 is
the possibility that there is life on Sirius, ζ2 the possibility that there are planets
around Sirius but no life, and ζ3 the possibility that there are not even planets
around Sirius. The original frame of discernment Θ and the refined set Ω are
related in that

θ1 = ζ1 and θ2 = {ζ2, ζ3}

which means that

Bel(A) =

{
0 if A 6= Ω

1 if A = Ω

So translating complete ignorance in the Dempster-Shafer framework is straight-
forward. Shafer goes on to try and show that it is difficult to specify consistent
degrees of belief over Θ and Ω in the Bayesian framework when represent-
ing complete ignorance. Complete ignorance on Θ may be represented by
Bel({θ1}) = Bel({θ2}) = 1

2 . On Ω, however, according to him, complete igno-
rance would mean that Bel({ζ1}) + Bel({ζ2}) + Bel({ζ3}) = 1, hence Bel({ζ1}) =
Bel({ζ2}) = Bel({ζ3}) = 1

3 .
This yields

Bel({ζ1}) =
1

3
and Bel({ζ2, ζ3}) =

2

3

These results are inconsistent with the ones found on Θ since {θ1} and {ζ1}
have the same meaning as well as {θ2} and {ζ2, ζ3}. However, this line of
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reasoning is flawed. In fact, instead of considering the three possible events
{ζ1, ζ2, ζ3}, one should consider four events. Let event A be "There is life on
Sirius" and B the event "There are planets around Sirius". A and B are in-
dependent. Based on A and B, there are four events on Ω instead of three:
a = A ∧B, b = A ∧ ¬B, c = ¬A ∧ ¬B, d = ¬A ∧B.
If P (B) = α then we know

P (a) =
1

2
α and P (b) =

1

2
(1− α) and P (c) =

1

2
(1− α) and P (d) =

1

2
α

Since {a, b} = θ1 and {c, d} = θ2, the solution obtained through the Bayesian
method is still consistent and equivalent to the Dempster-Shafer solution. So
when working with equivalent formulations, the solutions reached in both the
Dempster-Shafer framework and the Bayesian framework are similar. How-
ever, the Bayesian framework calls for making assumptions (independence
of A and B) and finding out some variables’ values (P (B)) to reach a solu-
tion, when no assumptions or additional variable values besides what is al-
ready known are needed to reach a solution in the Dempster-Shafer frame-
work. Reaching a solution in the Bayesian framework when no independence
assumption can be made is more difficult.
[74] compare the use of the Bayesian theory and Dempster-Shafer theory to
combine evidence from sensors. They conclude

“Both methods for dealing with uncertainty yield similar results
if based on equivalent formulations. [. . .][W]e believe that Bayesian
theory is best suited to applications where there is no need to repre-
sent ignorance, where conditioning is easy to extract through prob-
abilistic representation, and prior odds are available. Dempster-
Shafer theory is a more natural representation for situations where
uncertainty cannot be assigned probabilistically to a proposition or
its complement and when conditioning effects are either impracti-
cal to measure separately from the event itself or a simple proposi-
tional refinement, and prior odds are not relevant.”

In practice, in our case study (the diagnosis process) in particular, ignorance
is frequent. And rare are the cases where strong assumptions such as vari-
able independence can be made. Our case study — the diagnosic process— is
therefore best represented in the Dempster-Shafer framework rather than the
Bayesian framework, since ignorance is a mainstay of the diagnosis process.
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Though there have been many studies that show how to successfully model
meta-evidence by using Bayesian or Markov networks [75, 76], we think such
models may be unsuitable for our application, because

• the case where new evidence leads to the addition of a new alternative
cannot be represented with such networks, because such evidence is not
easily represented in a graph

• it would be counter-productive to use two different models (Bayesian/Markov
for positive or negative feedback and another model for other types of ev-
idence such as the addition of a new alternative), when we can use one
model (based on Dempster-Shafer theory) for all types of evidence.

4.5.5 Mixing rule versus Dempster combination rule

We use the mixing rule above in our model rather than combination rules such
as Dempster’s combination rule, Yager’s combination rule or Zhang’s combi-
nation rule, because it allows the combination of evidence coming from sources
that may not be equally reliable.
Furthermore, as explained in [77], the classic Dempster combination rule as-
sumes the following:

• the list of alternatives contained in the frame of discernment is an exclu-
sive and exhaustive list of hypotheses,

• all the sources of evidence combined are independent and provide inde-
pendent evidence, and

• all sources of evidence are homogeneous i.e. equally reliable

All three conditions required for the proper application of the Dempster com-
bination rule do not hold for the medical diagnosis process. The sources’ inde-
pendence cannot be guaranteed as clinicians(sources) may consult each other
while trying to come up with a diagnosis. The sources are not necessarily
equally reliable, for instance, in our running toothbrush example, the video-
based feedback is more reliable than the EEG interpretation. And finally, the
frame of discernment may not necessarily be exhaustive as new alternatives
may crop up during the diagnostic process (e.g., the hemochromatosis alterna-
tive was considered after the ER-visit by the patient and his pathology-friend
in the hemochromatosis case).
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4.6 Using the feedback model: some examples

In this section, we illustrate the usage of our model in practice by applying it to
the two examples introduced in Section 4.1.2 and to Zadeh’s canonical example
(introduced in Section 4.3).

4.6.1 First example: the toothbrush case

Here we apply our model to the toothbrush example from Section 4.1.2. The
chronology of events in this case can be found in Figure 4.3. After the start of
EEG monitoring, the appearance of a strange EEG pattern was observed. This
alone does not carry any evidence that points to a possible diagnosis.

Several clinicians, then, debate the issue but they do not reach a consensus.
Most of the clinicians (98%) are split between epilepsy and artifact. The rest
of the clinicians (2%) think it is something else altogether, in other words not
epilepsy or artifact. The new evidence resulting from the debate can be repre-
sented with the mass function below.

L ={epilepsy,artifact,other1}
w1 =1

m1(A) =


0.98 if A = {epilepsy,artifact}
0.02 if A = {other1}
0 if A = ∅

The next piece of evidence stems from watching and interpreting the video.
The conclusion derived from the video is that the strange EEG sequence is an
artifact. We may treat this evidence in two ways. It could be seen as new
evidence which is much much more reliable than the evidence resulting from
the debate, for example, with a weight of w2 = 100. Or, we may interpret
the evidence as including the meta-evidence that earlier diagnoses are totally
erroneous, because they relied on a false assumption regarding the recording
context, while in fact the patient was brushing his teeth. Let us work out the
case where the new evidence is considered way more reliable than all previous
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evidence.

L ={epilepsy,artifact,other1}
w2 =100

m2(A) =


1 if A = {artifact}
0 if A = {epilepsy}
0 if A = {other1}
0 if A = ∅

According to the mixing rule, we can now determine a combined diagnosis.

L ={epilepsy,artifact,other1}
W12 =101

m12(A) =



0 if A = {epilepsy}
0.990099 if A = {artifact}
0.009703 if A = {epilepsy,artifact}
0.000198 if A = {other1}
0 if A = ∅

Because of the occurrence of singular alternatives {epilepsy} and {artifact} as
well as a combined alternative {epilepsy,artifact}, the situation is not immedi-
ately clear. Here, the notions of belief and plausibility help to obtain a lower
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and upper bound:

Bel({artifact}) =
∑

A⊆{artifact}

m12(A)

= m12(∅) +m12({artifact}) = 0.990099

Pl({artifact}) =
∑

A∩{artifact}6=∅

m12(A)

= m12({artifact}) +m12({epilepsy,artifact}) = 0.999802

Bel({epilepsy}) =
∑

A⊆{epilepsy}

m12(A)

= m12(∅) +m12({epilepsy}) = 0

Pl({epilepsy}) =
∑

A∩{epilepsy}6=∅

m12(A)

= m12({epilepsy}) +m12({epilepsy,artifact}) = 0.009703

In other words, the likelihood of an artifact lies somewhere between 0.99099
and 0.999802. There is still some plausibility remaining for an epilepsy diagno-
sis originating from the debate, but it is very small because of the low relative
reliability in comparison with the video evidence.
Note that, if we had known from the debate which proportion of the clinicians
supported the epilepsy diagnosis and which proportion supported the artifact
conclusion,m1 would have distinguished the two cases as singular alternatives
with the proportion as confidence (provided we assume all clinicians partici-
pating in the debate have the same reliability). Alternatively, one could also
include the opinion of each clinician participating in the debate as a separate
piece of evidence. The mixing rule would produce a similar combined result.

4.6.2 Second example: the hemochromatosis case

Here is how we abbreviate the names of the diseases used in this example:
diabetes as diab, alcoholism as alc, hemochromatosis as hemo, hepatitis C as
hepC and infection as inf.
A few days before the patient lands in the ER, a first diagnosis of diabetes type
I is made. Our frame of discernment at this point contains labels diab and
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other1.

L ={diab,other1}
w1 =1

m1(A) =


1 if A = {diab}
0 if A = {other1}
0 if A = ∅

The patient lands in the ER and some hypotheses are first considered: hepatitis
C or infection. This corresponds to a refinement of the frame of discernment
to include both hepatitis C and infection, i.e., other1 ≡ hepC t inf t other2. We
need to adapt m1 to the refined frame of discernment.

L′ ={diab,hepC, inf,other2}
w′1 =1

m′1(A) =


1 if A = {diab}
0 if A = {hepC, inf,other2}
0 if A = ∅

The initial consideration of hepatitis C or infection as opposed to diabetes
given at the ER can be interpreted as full confidence in hepatitis C or infec-
tion. Let us suppose this interpretation is considered more reliable than the
initial diabetes evidence, say twice as reliable.

L′ ={diab,hepC, inf,other2}
w2 =2

m2(A) =


1 if A = {hepC, inf}
0 if A = {diab,other2}
0 if A = ∅
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Applying the mixing rule gives the following combined diagnosis.

L′ ={diab,hepC, inf,other2}
W12 =3

m12(A) =



1
3 if A = {diab}
0 if A = {diab,other2}
2
3 if A = {hepC, inf}
0 if A = {hepC, inf,other2}
0 if A = ∅

Both the hepatitis C and infection are quickly ruled out at the ER by means of
tests and the diagnosis retained is that of diabetes combined with severe al-
coholism. Ruling out the initial ER diagnosis can be achieved by updating its
weight w2 to w′2 = 0. The alternative “diabetes combined with severe alco-
holism” is a subconcept of diabetes. Therefore, we need to apply operation 3a
of Section 4.5.2 to split the label for diabetes: diab ≡ diab_alc t diab_no_alc.
We updatem′1 again (we omitm2, because its weight isw2 = 0, hence it doesn’t
count anymore)

L′′ ={diab_alc,diab_no_alc,hepC, inf,other2}
w′′1 =1

m′′1(A) =


1 if A = {diab_alc,diab_no_alc}
0 if A = {hepC, inf,other2}
0 if A = ∅

Because of the additional tests, we may consider the new evidence more reli-
able to a degree of w3 = 4. The evidence of retaining the diagnosis of diabetes
but combined with alcoholism can be represented as

L′′ ={diab_alc,diab_no_alc,hepC, inf,other2}
w3 =4

m3(A) =


1 if A = {diab_alc}
0 if A = {diab_no_alc,hepC, inf,other2}
0 if A = ∅

However, after research by the patient and a pathologist friend, a different ex-
planation of the symptoms comes to the scene: hemochromatosis. After several
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tests, this diagnosis is confirmed. This turn of events first calls for yet another
expansion of the frame of discernment: other2 ≡ hemo t other3. Moreover,
the positive testing for hemochromatosis should not be seen as a case of just
some more evidence to add to the mix, but rather as evidence that overrules all
previous evidence. We therefore set all weights w1 = w2 = w3 = 0. The only
remaining evidence that counts, is:

L′′′ ={diab_alc,diab_no_alc,hepC, inf,hemo,other3}
w4 =1

m4(A) =


1 if A = {hemo}
0 if A = {diab_alc,diab_no_alc,hepC, inf,other3}
0 if A = ∅

4.6.3 Evidence combination model applied to Zadeh’s coun-
terexample

Zadeh’s example (introduced in [65] and explained in Section 4.3) has become
the canonical example to show that the classic Dempster-Shafer evidence com-
bination rule is not suitable for combining highly conflicting pieces of evidence.
Haenni, however, contends that the apparent counter-intuitive result of the ex-
ample is due to poor modelling of the problem. While the criticism leveled by
[78] may be founded, we show how our evidence combination model makes
the modelling of Zadeh’s example very simple and leads to a logical result.
In Zadeh’s example, we have 2 sources of evidence, two clinicians giving con-
clusions, denoted as clinicians c1 and c2, and 3 alternatives (meningitis abbre-
viated with men, brain tumor abbreviated with tumor and concussion abbrevi-
ated with conc). The diagnosis of clinician c1 is

L ={men, tumor, conc,other}
wc1 =1

mc1(A) =


0.99 if A = {men}
0.01 if A = {tumor}
0 if A = {conc,other}
0 if A = ∅

We have mc1({conc}) = 0 as there is no evidence for the concussion alterna-
tive at this point. The conclusions drawn by clinician c2 point to a different
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direction.

L ={men, tumor, conc,other}
wc2 =1

mc2(A) =


0.99 if A = {conc}
0.01 if A = {tumor}
0 if A = {men,other}
0 if A = ∅

Applying the mixing rule gives us the following:

m12(A) =



0.495 if A = {men}
0.01 if A = {tumor}
0.495 if A = {conc}
0 if A = {men,other}
0 if A = {conc,other}
0 if A = ∅

The brain tumor alternative is, as expected, extremely unlikely. And since both
clinicians (supposed equally reliable) give it the same likelihood, the final basic
probability assignment associated with it, m({tumor}) = 0.01 is not wholly
unexpected. That both the concussion and meningitis alternatives are equally
likely after both clinicians’ conclusions also makes sense, since at this point,
there is no way to say that one alternative is more likely than the other. There is
no reason to trust one clinician more than the other. Note that, in our modeling
of Zadeh’s example, the frame of discernment is still {men, tumor, conc} as in
[65] and not one of the more complex frames of discernment used in [78].

4.7 Analytical validation

In this section, we analytically validate the evidence representation and com-
bination model. We formulate and prove several correctness, monotonicity,
and convergence properties. An experimental validation, i.e. a user study that
shows that the model improves the decision quality in diagnostic processes, is
beyond the scope of this chapter.
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4.7.1 Validation of correctness properties

The mixing rule produces a mass function

To prove
The intention of the mixing rule is to combine several mass functions into a
combined mass function that represents the combined evidence. Therefore,
the result of the mixing rule should be a proper mass function:

m1..n(∅) =0∑
A∈F

m1..n(A) =1

Proof
Since all mi are mass functions, mi(∅) = 0 (i ∈ [1..n]). Therefore,

m1..n(∅) =
1

W

n∑
i=1

wimi(∅) =
1

W

n∑
i=1

wi0 = 0

The other requirement is that the sum of masses of all alternatives should be 1.∑
A∈F

m1..n(A) =
∑
A∈F

1

W

n∑
i=1

wimi(A) =
1

W

∑
A∈F

n∑
i=1

wimi(A)

=
1

W

n∑
i=1

∑
A∈F

wimi(A) =
1

W

n∑
i=1

wi
∑
A∈F

mi(A)

=
1

W

n∑
i=1

wi · 1 =
1

W
W = 1

Agreement between evidence of varying reliability

To prove
If several pieces of evidence agree with each other, their weights should not
be relevant. In other words, let all mass functions mi (i ∈ [1..n]) be equal, i.e.,
∀i ∈ [1..n] : mi = m. Then m1..n should be equal to m irrespective of the
individual weights wi.
Proof

(∀A ∈ F) m1..n(A) =
1

W

n∑
i=1

wimi(A) =
1

W

n∑
i=1

wim(A)
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=
1

W
m(A)

n∑
i=1

wi =
1

W
m(A)W = m(A)

Therefore, ∀i ∈ [1..n] : mi = m ⇒ m1..n = m

Weights are relative

To prove
Weights are intended to be relative, i.e., if two pieces of evidence m1 and m2

are given, then it should not matter for m1,2 whether w1 = 1 and w2 = 3, or
that w1 = 5 and w2 = 15. In other words, if all weights wi are updated with the
same factor f 6= 0 using operation 2 (Section 4.5.2), the same m1..n is produced
by the mixing rule.
Proof
Let J = [1..n], w′j = fwj (j ∈ J). First observe that W ′ =

∑n
j=1 w

′
j =∑n

j=1 fwj = fW .
According to operation 2

(∀A ∈ F)

mnew(A) =
W

W ′
mold(A) +

1

W ′

∑
j∈J

(w′j − wj)mj(A)

=
W

fW
mold(A) +

1

fW

∑
j∈J

(fwj − wj)mj(A)

=
1

f
mold(A) +

1

fW

n∑
j=1

wj(f − 1)mj(A)

=
1

f
mold(A) +

1

f

1

W
(f − 1)

n∑
j=1

wjmj(A)

=
1

f
mold(A) +

f − 1

f
mold(A)

= mold(A)

(
1

f
+
f − 1

f

)
= mold(A)

(
1 + f − 1

f

)
= mold(A)
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The refinement of the frame of discernment does not modify existing evi-
dence

To prove
The refinement of the frame of discernment (operations 3a and 3b of Sections 4.5.2
and 4.5.2) is a three-step procedure which updates all existing mass functions.
Let us denote the refinement of a mass function with refine and the mixing rule
with mix. Since it is only a refinement of a label, the mass function resulting
from the mixing rule should be equal to a direct refinement of the combined
evidence. In other words

refine(m1..n) = mix(refine(m1), . . . , refine(mn))

Proof
refine(mi) produces a m′i in the following way:

(∀A′ ∈ F ′)

{
m′(A′) = m(A) if ∃A ∈ dom(m) : A′ = refine(A)

0 otherwise

where (∀A ∈ F) refine(A) =

{
(A\{a}) ∪ {a1, . . . , am} if a ∈ A
A otherwise

Note that ∀A′ ∈ F ′, this A′ either has a corresponding A ∈ F or not. In the for-
mer case, the correspondingA is the inverse refinement, i.e.,A = (A′\{a1, . . . , am})∪
{a}. In this case, ∀A ∈ F ∀i ∈ [1..n] : mi(A) = m′i(A

′). In the second case where
∃aj ∈ A′ but {a1, . . . , am} 6⊆ A′, m′i(A′) = 0.
Applying the mixing rule

(∀A′ ∈ F ′)

m′1..n(A′) =
1

W

n∑
i=1

wirefine(mi)(A
′)

=

{
1
W

∑n
i=1 wimi(A) if ∃A ∈ dom(mi) : A′ = refine(A)

1
W

∑n
i=1 wi · 0 otherwise

=

{
m1..n(A) if ∃A ∈ dom(mi) : A′ = refine(A)

0 otherwise

= refine(m1..n)(A′)
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4.7.2 Validation of monotonicity properties

Support for an alternative should increase its confidence

To prove
If new evidence (operation 1 from Section 4.5.2) positively supports an alter-
native A, i.e, mu(A) > mold(A), then the confidence in A should increase irre-
spective of the weight wu, i.e., mnew(A) > mold(A).
Proof
Since W ′ = W + wu and weights are positive, we know that 0 < W

W ′ < 1 and
0 < wu

W ′ < 1.

mnew(A) =
W

W ′
mold(A) +

wu
W ′

mu(A)

>
W

W ′
mold(A) +

wu
W ′

mold(A)

= mold(A)

(
W + wu
W ′

)
= mold(A)

Increase in weight for evidence supporting an alternative should increase its
confidence

To prove
If a weight is increased (operation 2 from Section 4.5.2) for evidence that posi-
tively supports an alternative A, i.e, w′j > wj for some j ∈ [1..n] and mj(A) >
mold(A), then the confidence in A should increase, i.e., mnew(A) > mold(A).
Let J = {j}.
Proof

mnew(A) =
W

W ′
mold(A) +

1

W ′

∑
j∈J

(w′j − wj)mj(A)

=
W

W ′
mold(A) +

(w′j − wj)mj(A)

W ′

>
W

W ′
mold(A) because w′j > wj ∧mj(A) > 0 ∧W ′ > 0

> mold(A) because W ′ > W
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4.7.3 Validation of convergence properties

Continuous positive or negative evidence cancels out initial uncertainty

To prove
Suppose we have an initial uncertain evidence, i.e., 0 < m1(A) < 1 for some
alternative A (hence also for one or more other alternatives in dom(m1)). If
we were to give continuous positive evidence on that alternative, i.e., ∀i >
1 : mi(A) = 1, then the initial uncertainty for that alternative cancels out,
i.e., limn→∞m1..n(A) = 1. Analogously, continuous negative evidence on that
alternative will also cancel out the uncertainty but towards 0, i.e., if ∀i > 1 :
mi(A) = 0, then limn→∞m1..n(A) = 0. Let Wn =

∑n
i=1 wi.

Proof
According to operation 1 (Section 4.5.2)

(∀A ∈ F) lim
n→∞

m1..n(A) = lim
n→∞

1

Wn

n∑
i=1

wimi(A)

= lim
n→∞

1

Wn

(
w1m1(A) +

n∑
i=2

wimi(A)

)

= lim
n→∞

1

Wn

(
w1m1(A) +

n∑
i=2

wi

)

= lim
n→∞

1

Wn
(w1m1(A) + (Wn − w1))

= lim
n→∞

(
w1m1(A)

Wn
+
Wn − w1

Wn

)
= 0 + 1 = 1

Because, in the limit of n → ∞, the term w1m1(A) remains constant, while
limn→∞Wn =∞ and limn→∞

Wn−w1

Wn
= 1.

For the continuous negative evidence case, we get

(∀A ∈ F) lim
n→∞

m1..n(A) = lim
n→∞

1

Wn

n∑
i=1

wimi(A)

= lim
n→∞

1

Wn

(
w1m1(A) +

n∑
i=2

wimi(A)

)
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= lim
n→∞

1

Wn
(w1m1(A) + 0)

= lim
n→∞

w1m1(A)

Wn

= 0

Because in the limit of n → ∞ the term w1m1(A) remains constant, while
limn→∞Wn =∞.

Random pick

To prove
Suppose we have some frame of discernment F and we continuously give ran-
dom evidence with the same weight, then we expect the combined evidence
to even out, i.e., evaluate each possible diagnosis as equally likely. We focus
on the following form of giving random evidence. We pick a label a randomly
and provide new evidence

m(A) =

{
1 if A = {a}
0 otherwise

Proof
Note that we only give evidence on singular alternatives {a}. Therefore,mi(A) =
0 for non-singular alternatives, hence m1..n(A) = 0 as well. Let k be the num-
ber of singular alternatives, i.e., k = |L|. Let Ja = {i ∈ [1..n] | mi({a}) = 1}.
According to operation 1 (Section 4.5.2)

(∀a ∈ L) lim
n→∞

m1..n({a}) = lim
n→∞

1

Wn

n∑
i=1

wimi({a})

= lim
n→∞

1

n

∑
i∈Ja

mi({a})

= lim
n→∞

1

n

∑
i∈Ja

1

= lim
n→∞

|Ja|
n

=
1

k
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because we pick a randomly out of k possibilities, hence |Ja| = n
k when n →

∞.

4.8 Storing evidence with lineage in a probabilistic
database

4.8.1 Probabilistic databases

There are several representation systems for uncertain data. The ULDB model
(Uncertainty-Lineage Databases) is an extension of the classic RDBMS model
where data uncertainty and lineage are stored alongside the data itself [79, 80,
81]. This model, as well as several others in the database community such
as MayBMS [82, 83], is based on possible worlds semantics. An important
application domain for probabilistic databases is data integration [84], because
the explicit treatment of the uncertainty surrounding (integrated) data is an
important technique for achieving better data quality [85].
While the ULDB-model has been shown to be adequate for storing aleatory
uncertainty, its quantification of uncertainty in terms of probabilities doesn’t
allow it to store data with epistemic uncertainty. Examples of epistemic uncer-
tainty are missing confidence values and imprecisely or coarsely defined con-
fidence values. [86] introduces a generalization of the ULDB-model in which
confidence values are taken to be basic probability assignments as introduced
by the Dempster-Shafer theory. The generalized model still follows the pos-
sible worlds semantics. Since in practice, medical data, in particular medical
diagnosis, is rarely defined in terms of precise probabilities, we believe that
the generalized ULDB model introduced in [86] is suitable for storing evidence
data in compliance with the model described in this chapter.
Being able to incorporate meta-evidence, i.e., evidence that says something
about earlier evidence, such as invalidating it or reducing its reliability, is use-
ful and reflects the true evolution of a diagnosis during the diagnosis deter-
mination process. The importance of meta-evidence has been confirmed in
other domains. Several feedback models have been proposed. [75, 76] use
Bayesian networks to implement relevance feedback. [87] and [88] show how
user feedback (positive and negative feedback) can be used to improve the
quality of data within their proposed probabilistic XML data integration frame-
work (based on the possible worlds semantics). It is important to observe that
these models are based on classic probability theory and are restricted to posi-
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tive and negative feedback. Feedback that introduces a new alternative, which
is a frequent type of feedback as shown in Section 4.5, is not supported. More-
over, epistemic uncertainty cannot be properly represented. Therefore, we con-
sider that such models, although supporting meta-evidence in the form of feed-
back, are unsuitable for our purpose of supporting the incremental diagnostis
process.

4.8.2 Data representation

In general, a DBMS is a robust and safe place for storing, querying and manip-
ulating important data. Medical data, in particular the EEGs in this chapter,
as well as the pieces of evidence collected during the diagnosis process would
benefit from residing in a database. As argued above, probabilistic database
technology is well suited to store medical data and associated evidence be-
cause of its native handling of uncertainty.

We have chosen the generalized ULDB-model as described in [86] as a database
model. While the generalized uncertain database model preserves the concepts
of alternatives, x-tuples and lineage, it substitutes the probabilities assigned to
each alternative with a basic probability assignment. We refer to [86] for the
representation of the other cases (coarse confidence values and imprecise con-
fidence values). In everything that follows, we will not consider ‘maybe’ an-
notations although they can in theory exist in a generalized uncertain database
model. Note that our model is not really specific to a relational database and
may be used with few alterations with other types of databases, most notably
XML databases [88].

Appendix A provides a description of a proof of concept implementation of
EEG data and evidence storage system. In short, each piece of evidence is
stored as an x-tuple with an ULDB-alternative associated to each alternative
A. The x-tuple also contains attributes that refer to associated data such as the
EEG-files. Note that the mixing rule as well as the atomic operations are in the
worst case linear in the number of pieces of evidence and alternatives and the
number of x-tuples (evidences) is small in comparison with ordinary business
data. Furthermore, we have shown that some of the atomic operations can be
computed incrementally reducing the complexity even further. Therefore, no
scalability problems are to be expected.
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d1
patient 1

by comparison

d2 d3

d′1 patient 2
d′2 d′3 d′4 =?

Figure 4.6: Motivation

4.8.3 Lineage and versioning

Another feature commonly supported in probabilistic databases is lineage or
data provenance. By lineage or data provenance, we mean meta-data on which
piece of data was derived from which other pieces of data.

Figure 4.6 illustrates the importance of lineage for a medical diagnosis support
system. Suppose a clinician has two patients: patient 1 and patient 2. Pa-
tient 1 is initially diagnosed at d1 and subsequently his diagnosis was revised
in d2. At this point, the clinician seeking to diagnose patient 2 notices similar-
ities between patient 1 and patient 2’s cases and reaches a first diagnosis (d′1)
for patient 2 by comparison with patient 1’s current diagnosis (d2). Patient 2’s
diagnosis was subsequently revised (d′2 and d′3). At one point in time, new
evidence leads to a new diagnosis d3 for patient 1. Given that patient 2’s di-
agnosis was derived from patient 1’s diagnosis, it is important to trace back
these derivations for determining how the new evidence leading to d3 affects
patient 2’s diagnosis. Lineage is needed in the database to be able to do this
retracing.

Furthermore, for auditing and quality assurance purposes as well as for rolling
back wrong modifications (e.g., faulty evidence due to material problems dis-
torting test results or fraudulent behavior by a clinician), it is important to be
able to review all modifications to pieces of evidence. Operations 2, 3a, and
3b all modify the evidence data in the databases. Standard versioning support
is sufficient to allow the retracing not only of derivation chains, but also of all
modifications that happened during a diagnostic process.
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4.9 Conclusion

In this chapter, we propose an evidence combination model targeted at medical
diagnostic processes that (a) is based on Dempster-Shafer theory, (b) provides
a combined diagnosis derived from all known evidence and opinions known
at a certain point in time, (c) allows the refinement of considered alternatives
as well as the addition of new alternatives during the diagnosis process, and
(d) supports the inclusion of meta-evidence, i.e., feedback from one clinician
on the diagnosis of another or evidence that reduces or nullifies the reliability
of an earlier diagnosis. Furthermore, it can handle situations where confidence
values are either missing (by far the most frequent case in practice), or coarsely
or imprecisely defined. In other words, it tackles both aleatory and epistemic
uncertainty.

The model itself is based on evidence being represented by mass functions,
a mixing rule based on a normalized weighted average, and 3 atomic oper-
ations: adding new evidence, updating weights, and refining the considered
alternatives by either splitting a label or adding new alternatives. The model
has been validated analytically by proving several correctness, monotonicity,
and convergence properties. We also discussed how the model can be imple-
mented with probabilistic database technology. We have illustrated the model
with two running examples: 1. the toothbrush case where an initial disagree-
ment between clinicians was settled by a later viewing of a video recording
which proved that the abnormal EEG segment was the result of the patient
brushing his teeth. 2. the hemochromatosis case where a repeated diagnosis for
diabetes/alcoholism which didn’t even really match all symptoms was over-
turned late in the process by a diagnosis of a rare condition called hemochro-
matosis not considered initially.

In the introduction, we pointed out the fact that the evidence combination
model was a first step into the process of building a system to support the med-
ical diagnosis process. The goal of the diagnosis support system is to increase
the chances of an early correct diagnosis. An important building block for
such a system is an automatic component (for instance, a rule-based, similar-
ity search-based or machine learning-based component) that, given the often
disregarded patient history in his/her dossier and all the clues at hand, out-
puts a list of likely alternatives longer than usually considered by clinicians for
efficiency reasons— be the alternatives rare conditions (“zebras”) or common
ones. Rare conditions may enter the scene if multiple clues pointing to a rare
condition and unlikely to occur together without said rare condition are found.
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Such an automatic diagnosis can be mixed with the other pieces of evidence us-
ing the model in this chapter. In this way, it can bring history-based evidence
and rare conditions worthy of consideration to the attention of the clinician in
an unobtrusive way early in the process, so that correct diagnoses and treat-
ments are deduced faster in complex and ambiguous situations. It would be at
best less likely to overlook “zebras” and in the worse case the “zebras” would
overlooked for a shorter period of time.
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CHAPTER 5

Similarity search on EEG data

Part of this chapter was published as [52].

Chapter 3 introduced a platform that can be used to share medical data and
process it in reasonable times. This chapter proposes a feature-based similarity
measure for similarity search on EEG data. Candidate features are the fractal
dimension, spectral entropy and high/low frequency ratio.

5.1 Motivation

In Chapter 3, we proposed a Hadoop-based platform for medical data sharing.
This would, in theory, make a vast trove of patient data accessible for clinicians
in their diagnosis-forming process as well as to researchers seeking to develop
medical data automated interpretation methods.
With this trove of data, researchers may seek to construct balanced annotated
datasets to develop and test automated medical data interpretation methods.
And clinicians may rely on the shared patient data to perform diagnosis by
comparison (eg. based on abnormal/eventful EEG subsegment). Browsing the
data in the shared medical repository through similarity search would allow
researchers to construct the datasets they need and clinicians to perform diag-
noses by comparison.
Similarity search approaches would vary depending on the nature of the data
searched, eg. images or time series. This chapter only focuses on EEG data i.e
multidimensional time series type of data.
Similarity search is a complement to queries based on existing annotations.
Similarity search can be performed by defining a similarity metric between
EEG segments followed by a ranking of the EEG segments (from the data
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repository) according to their similarity to the EEG segment that constitutes
the query/request. The goal of the similarity search approach can be summed
up as follows: given a query EEG segment Q, EEG segments that are similar
to Q or EEGs that contain at least an occurrence of Q can be retrieved from
the EEG data repository even when the EEG repository is not fully annotated
(which is often the case since annotating a complete data repository is time-
consuming and costly).
EEG recordings correspond to very diverse conditions (eg. "normal" state,
seizure episodes, Alzheimer disease). Trying to use disease-specific features
and similarity metrics would require an exponential number of features and
similarity metrics to be defined. Therefore, a generic similarity metric, that re-
lies on the fact that EEGs are multidimensional time series, is required. The
goal of similarity search is not after all to perform automatic EEG classifica-
tion and interpretation. Similarity search on EEG data is more comparable to a
rougher "Google-"like data retrieval approach based on queries that are multi-
dimensional time series segments rather than plain text queries. Note that, in
this context, similarity search is already considered successful if it results in re-
trieving only a few relevant segments at the top of the list of segments (ranked
by similarity to the query, the most similar appearing on top) returned by the
similarity search. In fact, even if only a few relevant segments are returned in
the top 10 ranking, their being in the top 10 ranking guarantees that they are
easily accessible to the user, in particular if at the top of the list, and therefore
that relevant information is easily accessible to the user.
In Section 5.3, we explain why canonical time series similarity methods that on
modeling the time series with an ARIMA/AR model followed by feature ex-
traction based on the model may not be suitable for EEG data and then study
the discriminative performance of a simple similarity measure based on the
fractal dimension. Some background on the fractal dimension is given in Sec-
tion 5.2. Then in Section 5.4, we study EEG similarity search performed with
a feature-based based similarity measure (the features tested being the fractal
dimension, the spectral entropy and the high/low frequency ratio).

5.2 Some background on fractal interpolation and
fractal dimension

The similarity measure we propose in Section 5.3 relies on the fractal dimen-
sion. Therefore, in this section, we give a definition of the fractal dimension
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(5.2.1) and explain some of its applications.
The fractal dimension can be computed using various methods ([89, 90]). In
this chapter, we use two methods, one method for Section 5.3 and another for
Section 5.4.
The method we use in Section 5.3 consists in interpolating the time series seg-
ment with a set of functions called iterated function systems (IFS) and esti-
mating the fractal dimension based on the IFS interpolation parameters. We
give some background on each component of this method and in particular
give a definition of IFS (Section 5.2.2), explain how they can be used to inter-
polate time series segments (Section 5.2.3) and give the theorem that links the
IFS interpolation parameters of a times series segment to its fractal dimension
(Section 5.2.4).
The second method, used to calculate the fractal dimension in Section 5.4, is
the Petrosian method. This method is described in 5.2.5.

5.2.1 Fractal dimension

Every object can be defined thanks to a property called topological dimension
or Lebesgue Covering dimension. A space/object has a Lebesgue Covering di-
mension n if, for every open cover 1 of that space, there is an open cover that
refines it such that the refinement 2 has order at most n + 1. For example, the
topological dimension of the Euclidean space Rn is n, the topological dimen-
sion of a point is 0 and the topological dimension of a curve (eg line or time
series) is 1. The topological dimension, however, measures the local size of a
space in a very crude way: for instance, both a straight line and a curve that
almost fills a plane have a topological dimension of 1.
The fractal dimension, sometimes called Hausdorff dimension, is an extension
of the topological dimension that can be seen as the statistical quantity that
gives an indication of how completely an object appears to fill space, as one
zooms down to finer and finer scales. The fractal dimension counts the ef-
fective number of degrees of freedom of an object and therefore quantifies its
complexity. The fractal dimension is equal to the topological dimension for

1A covering of a subset S is a collection C of open subsets in X whose union contains all of S at
least. A subset S ⊂ X is open if it is an arbitrary union of open balls in X. This means that every
point in S is surrounded by an open ball which is entirely contained in X. An open ball in a in
metric space X is defined as a subset of X of the form B(x0, ε) = {x ∈ X|d(x, x0) < ε} where x0
is a point of X and ε a radius.

2A refinement of a covering C of S is another covering C′ of S such that each set B in C′ is
contained in some set A in C
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smooth shapes or shapes with few corners, for example straight lines, planes,
cubes. In other cases, the fractal dimension is generally a non-integer or frac-
tional number. Typically, for a time series, the fractal dimension is comprised
between 1 and 2 since the (topological) dimension of a plane is 2 and that of a
line is 1.
The fractal dimension has been used to:

• uncover patterns in datasets and cluster data ([91, 92, 93])

• analyse medical time series ([94, 95]) such as EEGs ([96, 14])

• determine the number of features to be selected from a dataset for a sim-
ilarity search while obviating the "dimensionality curse" ([97])

There are several ways to calculate the fractal dimension of a time series seg-
ment. One way (used in Section 5.3) consists in interpolating said time series
segment with an iterated function system (IFS) and then estimating the frac-
tal dimension based on the IFS parameters found through interpolation and
Barnsley’s theorem linking those parameters and the fractal dimension. Sec-
tion 5.2.2 gives a definition of IFS while Section 5.2.3 explains how to perform
fractal interpolation and Section 5.2.4 gives the theorem that links fractal in-
terpolation parameters with the fractal dimension. Another way to compute
the fractal dimension of a time series is the Petrosian method described in [90]
and used in Section 5.4. We give a brief explanation of the Petrosian method in
5.2.5. [89] describes and compares other methods used to compute the fractal
dimension (in addition to the Petrosian method).

5.2.2 Iterated function systems

We denote as K a compact metric space for which a distance function d is de-
fined and as C(K) the space of continuous functions on K. We define over K
a finite collection of mappings W = wii∈[1,n] and their associated probabilities
pii∈[1,n] such that :

pi ≥ 0 and
n∑
i=1

pi = 1

.
We also define an operator T on C(K) as (Tf)(x) =

∑n
i=1 pi(f ◦ wi)(x). If T

maps C(K) into itself, then the pair (wi, pi) is called an iterated function system
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on (K, d). The condition on T is satisfied for any set of probabilities pi if the
transformations wi are contracting, in other words, if, for any i, there exists
a δi < 1 such that: d(wi(x), wi(y)) ≤ δid(x, y) ∀x, y ∈ K. The IFS is also
denoted as hyperbolic in this case.

5.2.3 Principle of fractal interpolation

If we define a set of points (xi, Fi) ∈ R2 : i = 0, 1, ..., n with x0 < x1 < ... < xn,
then an interpolation function corresponding to this set of points is a continu-
ous function f : [x0, xn]→ R such that f(xi) = Fi for i ∈ [0, n].
In fractal interpolation, the interpolation function is often constructed with n
affine maps of the form:

wi

(
x
y

)
=

(
ai 0
ci di

)(
x
y

)
+

(
ei
fi

)
i = 1, 2, ..., n

where di is constrained to satisfy: −1 ≤ di ≤ 1. Furthermore, we have the
following constraints:

wi

(
x0

y0

)
=

(
xi−1

yi−1

)
and wi

(
xn
yn

)
=

(
xi
yi

)
After determining the contraction parameter di, we can estimate the four re-
maining parameters (namely ai,ci,ei,fi):

ai =
xi − xi−1

xn − x0
(5.1)

ci =
xnxi−1 − x0xi

xn − x0
(5.2)

ei =
yi − yi−1

xn − x0
− di

yn − y0

xn − x0
(5.3)

fi =
xnyi−1 − x0yi

xn − x0
− di

xny0 − x0yn
xn − x0

(5.4)

di can be determined using the geometrical approach given in [98]. Let t be a
time-series with end-points (x0, y0) and (xn, yn), and (xp, yp) and (xq, yq) two
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consecutive interpolation points so that the map parameters desired are those
defined for wp. We also define α as the maximum height of the entire function
measured from the line connecting the end-points (x0, y0) and (xn, yn) and β as
the maximum height of the curve measured from the line connecting (xp, yp)
and (xq, yq). α and β is positive (respectively negative) if the maximum value
is reached above the line (respectively below the line). The contraction factor
dp is then defined as β

α . This procedure is also valid when the contraction factor
is computed for an interval instead of for the whole function. The end-points
are then taken as being the end-points of the interval.
For more details on fractal interpolation, see [99, 98].

5.2.4 Estimation of the fractal dimension from a fractal inter-
polation

The theorem that links the fractal interpolation function and its fractal dimen-
sion is given in [99].The theorem is as follows:

Theorem 5.2.1. Let n be a positive integer greater than 1, {(xi, Fi) ∈ R2 : i =
1, 2, ..., n} a set of points and {R2;wi, i = 1, 2, .., n} an IFS associated with the set of
points where:

wi

(
x
y

)
=

(
ai 0
ci di

)(
x
y

)
+

(
ei
fi

)
for i = 1, 2, .., n.

The vertical scaling factors di satisfy 0 ≤ di < 1 and the constants ai,ci,ei and fi
are defined as in section 5.2.3 (in equations 5.1,5.2,5.3 and 5.4) for i = 1, 2, ..., n. We
denote G the attractor of the IFS such that G is the graph of a fractal interpolation
function associated with the set of points.
If
∑n
i=1 |di| > 1 and the interpolation points do not lie on a straight line, then the

fractal dimension of G is the unique real solution D of∑
i=1

|di|aD−1
i = 1 (5.5)

.
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5.2.5 Petrosian fractal dimension

In Sections 5.2.2, 5.2.3 and 5.2.4, we explained how to apply fractal interpo-
lation on a time series segment and how the fractal interpolation parameters
are linked to the fractal dimension through the Barnsley theorem, making it
possible to estimate a segment’s fractal dimension given its fractal dimension
parameters. This section describes another method used to compute the fractal
dimension of a time series segment: the Petrosian method.
Given a time series, the Petrosian fractal dimension (PFD) is computed based
on the time series length (N ) and the number of signal changes (Nδ) of the time
series signal first order derivative (δ) with the following equation:

log10N

log10N + log10(N/(N + 0.4Nδ))
(5.6)

The Petrosian fractal dimension was initially designed as a way to compute a
reliable estimate of the fractal dimension of an EEG segment so as to distin-
guish pre-ictal segments (i.e segment preceding an epileptic seizure) and be
able to predict the advent of epileptic seizures [100].

5.3 A fractal dimension-based similarity measure

5.3.1 Motivation

As explained earlier in the chapter (Section 5.1), we need to define a similar-
ity measure to perform similarity search on EEG data. Some of the similarity
measures proposed include a function interpolation step, be it piecewise linear
interpolation or interpolation with AR (as in [11] to distinguish between nor-
mal EEGs and EEGs originating from the injured brain undergoing transient
global ischemia) or ARIMA models, that can be followed by a feature extrac-
tion step (eg. computation of LPC cepstral coefficients from the ARIMA model
of the time series as in [101]). However, ARIMA/AR methods assume that the
EEG signal is stationary, which is not a valid assumption. In fact, EEG signals
can only be considered as stationary during short intervals, especially intervals
of normal background activity, but the stationarity assumption does not hold
during episodes of physical or mental activity, for example during changes in
alertness and wakefulness, during eye blinking and during transitions between
various ictal states. Therefore, EEG signals are quasi-stationary.
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In view of that, we propose an EEG similarity measure that is based on IFS3 in-
terpolation since fractal interpolation does not assume stationarity of the data
and can adequately model complex structures. Furthermore, using fractal in-
terpolation makes computing features such as the fractal dimension simple
(see theorem 5.2.1 for the link between fractal interpolation parameters and
fractal dimension) and the fractal dimension of EEGs is known to be a relevant
marker for some pathologies such as dementia (see [14]).

5.3.2 Summary of the similarity measure computation and eval-
uation approach

The proposed algorithm contains 5 steps, summarized in Figure 5.1:

1. Divide each EEG channel into fixed length windows. Each EEG then
contains Ni windows with i = 1, ..M (M being the number of EEGs).

2. Apply fractal interpolation on each EEG window on a channel per chan-
nel basis. The result is a matrix of size nch× 5Ni where nch is the number
of initial EEG channels and Ni is the number of fixed length windows
per EEG. Note that nch is usually equal to 19 for EEGs recorded in the
International 10/20 System. See Section 5.3.4 for details.

3. Estimate the fractal dimension of each EEG window on a channel per
channel basis based on its fractal interpolation parameters. The result
is a matrix of fractal dimensions of size nch × Ni. See Section 5.3.4 for
details.

4. With each EEG represented by the matrix obtained in step and given a
similarity measure defined in 5.3.4, compute a similarity matrix between
EEGs

5. Cluster the EEG with the k-medoid algorithm (described in Section 5.3.3)
based on the similarity matrix obtained

3iterated function systems
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Feature computation process

M EEGs

Cut (each EEG) 
into Ni windows

for every window, 
for each channel

M * Ni 
windows

M * M 
Matrix

5 Parameters 
per channel
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interpolation

Calculate fractal 
dimension (FD)

Similarity
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FD feature

M Matrices 
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 Ni * 19 
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do for 
each

do for 
each

Figure 5.1: Summary of the similarity measure computation and evaluation approach
for EEGs recorded in the International 10/20 System (therefore with nch = 19)
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5.3.3 Some background on K-medoid clustering

Principle of K-medoid clustering

An M ×M symmetric similarity matrix S can be associated to the EEGs to be
compared (with M being the number of EEGs to compare):

S =


d11 d12 . . . d1M

d12 d22 . . . d2M

...
...

. . .
...

d1M d2M . . . dMM

 (5.7)

where dnM is the distance between EEGs n and M

Given the computed similarity matrix S (defined by equation 5.7), we can use
the k-medoids algorithm to cluster the EEGs. This algorithm requires the num-
ber of clusters k to be known. We describe our choice of the number of clusters
below, in the next paragraph.
The k-medoids algorithm is similar to k-means and can be applied through the
use of the EM4 algorithm. k random elements are, initially, chosen as represen-
tatives of the k clusters. At each iteration, a representative element of a cluster
is replaced by a randomly chosen nonrepresentative element of the cluster if
the selected criterion (e.g. mean-squared error) is improved by this choice. The
data points are then reassigned to their closest cluster, given the new cluster
representative elements. The iterations are stopped when no reassignments is
possible. We use the PyCluster function kmedoids described in [108] to make
our k-medoids clustering.

Choice of number of clusters

The number of clusters in the dataset is estimated based on the similarity ma-
trix obtained following the steps in section 5.3.4 and using the method de-
scribed in [109]. The method described in [109] takes the similarity matrix and

4short for expectation maximization algorithm. The EM algorithm is an iterative algorithm
which estimates the maximum likelihood a posteriori (MAP) of the parameters of a model that
depends on unobserved latent variables. It is an algorithm that alternates between two steps: an
expectation (E) step that creates an expectation of the log-likelihood function using the current
model parameter estimates and a maximization (M) step which computes the parameters that
maximize the expected log-likelihood found in the E step. For more details on the algorithm, see
[102, 103, 104, 105, 106, 107]
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outputs a vector called envelope intensity associated to the similarity matrix.
The number of distinct regions in the plot of the envelope intensity versus the
index gives an estimation of the number of clusters. For details on how the
envelope intensity vector is computed, see [109].

5.3.4 An IFS-based similarity measure

Fractal interpolation step

We interpolate each channel of each EEG (except the annotations channel) us-
ing piecewise fractal interpolation. For this purpose, we split each EEG channel
into windows and then estimate the IFS for each window.
This description implies that a window size has to be chosen before estimating
the piecewise fractal interpolation function for each channel.
For a relevant window size to be chosen, two parameters have to be deter-
mined: an embedding dimension and a lag τ . The size of the window is then
defined as the product between lag and embedding dimension. The embed-
ding dimension is determined thanks to Takens’ theorem which states that, for
the attractor of a time series to be reconstructed correctly (i.e the same informa-
tion content is found in the state (latent) and observation spaces), the embed-
ding dimension denoted m satisfies : m > 2D + 1 where D is the dimension of
the attractor, in other words its fractal dimension. Since the fractal dimension
of a time series is between 1 and 2, we can get a satisfactory embedding dimen-
sion as long as m > 2 ∗ 2 + 1 i.e m > 5. We therefore choose an embedding
dimension equal to 6. And we choose the lag τ between different elements of
the delay vector to be equal to the average duration of an EEG data record i.e
1s. Therefore, we split our EEGs in (non-overlapping) windows of 6 seconds.
A standard 20-minutes EEG (which therefore contains about 1200 data records
of 1 second) would then be split in about 200 windows of 6 seconds.
Each window is subdivided into intervals of one second each and the end-
points of these intervals are taken as interpolation points. This means there
are 7 interpolation points per interval: the starting point p0 of the window,
the point one second away from p0, the point two seconds from p0, the point
three seconds away from p0, the point four seconds away from p0, the point
five seconds away from p0 and the last point of the window. The algorithm5 to
compute the fractal interpolation function per window is as follows:

5inspired from [98]
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1. Choose, as an initial point, the starting point of the interval considered
(the first interval considered is the interval corresponding to the first sec-
ond of the window).

2. Choose, as the end point of the interval considered, the next interpolation
point.

3. Compute the contraction factor d for the interval considered.

4. If |d| > 1 go to 2, otherwise go to 5.

5. Form the mapwi associated with the interval considered. In other words,
compute the a, c, e and f parameters associated to the interval (see equa-
tions). Apply the map to the entire window (i.e six seconds window) to

yield wi

(
x
y

)
for all x in the window.

6. Compute and store the distance between the original values of the time
series on the interval considered (i.e the interval constructed in steps 2
and 3) and the values given by wi on that interval. A possible distance is
the Euclidean distance.

7. Go to 2 until the end of the window is reached.

8. Store the interpolation points and contraction factor which yield the min-
imum distance between the original values on the interval and the val-
ues yielded by the computed map under the influence of each individual
map in steps 5 and 6.

9. Repeat steps from 1 to 8 for each window of the EEG channel.

10. Apply steps 1 to 9 to all EEG channels.

Fractal dimensions estimation

After this fractal interpolation step, each window of each signal is represented
by 5 parameters instead of by signal frequency.window duration points.
The dimension of the analysed time series is therefore reduced in this step. For
a standard 20-minutes EEG containing 23 signals of frequency 250 Hz, this
amounts to representing each signal with 1000 values instead 50000 and the
whole EEG with 23000 values instead of 1150000, and thus to reducing the
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number of signal values by almost 98%. This dimension reduction may be ex-
ploited in future work to compress EEGs and store compressed representations
of EEGs in the database instead of raw EEGs as the whole EEGs can be recon-
structed from their fractal interpolations. Further work needs to be done on the
compression of EEG data using fractal interpolation and the loss of information
that may result from this compression.
Then, for each EEG channel and for each window, we compute the fractal di-
mension thanks to theorem 5.2.1. Equation 5.5 (of theorem 5.2.1) is solved
heuristically for each 6-second interval of each EEG signal using a bisection
algorithm. As we know that the fractal dimension for a time series is between
1 and 2, we search a root of the equation of theorem 5.2.1 in the interval [1,2]
and split the search interval by half at each iteration until the value of the root
is approached by an ε-margin ( ε being the admissible error on the desired root,
we choose ε = 0.0001 in our experiments). Therefore, for each EEG channel,
we have the same number of computed fractal dimensions as the number of
windows. This feature extraction extraction step (fractal dimension computa-
tions) further reduces the dimensionality of the analysed time series. In fact,
the number of values representing the time series is divided by 5 in this step.
This leads to representing a standard 20-minute EEG containing 23 signals of
frequency 250 Hz by 4600 values instead of the initial 1150000 points.

Similarity matrix computation

We only compare EEGs that have at least a subset of channels with the same
labels (the channel labels corresponding to the electrodes between which a dif-
ference of electric potential i.e tension is mesured). When two EEGs don’t have
any channels (except the annotations channel) in common, the similarity mea-
sure between them is set to 1 (as the farther (resp. closer) the distance between
two EEGs, the higher (resp. lower) and the closer to 1 (resp. closer to 0) the
similarity measure).
When two EEGs are compared, their matching pairs of feature vectors (i.e vec-
tors made of the fractal dimensions computed for each signal) do not neces-
sarily have the same dimension. In this case, the vector of highest dimension
is approximated by a histogram and the m most frequent values according to
the histogram (m being the dimension of the shortest vector) are taken as rep-
resentatives of that vector. Then, the distance between the two feature vectors
is approximated by the distance between the shortest feature vector and the
vector formed with the m most frequent values of the longest vector.
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The similarity measure between two EEGs is given by:

N∑
i=1

1

N

d(chEEG1
i , chEEG2

i − dmin)

dmax − dmin
(5.8)

where N is the number of EEG channels, d(chEEG1
i , chEEG2

i ) the distance be-
tween the fractal dimensions extracted from channels with the same label in
the two EEGs compared and dmin and dmax respectively the minimum and
maximum distances between two EEGs in the analysed set.
We choose as metrics (d) the Euclidean distance and the normalized mutual
information.

5.3.5 Description of the dataset and experiments on the fractal
dimension-based similarity measure

All experiments are run on a server whose characteristics are specified in Table
5.1(a).
We apply fractal interpolation (as described in section 5.3.4) on a set of 476
EEGs6 whose characteristics are summarized in Tables 5.1(b) and 5.1(c).
Before computing EEG distances and clustering EEGs, the EEG files on which
interpolation has been applied and for which the diagnosis conclusion is either
unknown or known to be abnormal without any further details are discarded.
This means that the distance computation and clustering steps are performed
on a subset of 328 files of the original 476 files. The similarity matrice obtained
is a 328 × 328 matrix. The files contained in the subset chosen for clustering
can be separated in 4 classes as described in Table 5.1(d). Figure 5.2 shows the
plot of the envelope intensity versus the index for the euclidean-distance-based
similarity measure and the plot of the envelope intensity versus the index for
the mutual-information-based similarity measure. The plot for the Euclidean-
distance based similarity matrix exhibits 2 distinct regions whereas the plot
for the mutual-information based similarity matrix exhibits 4 distinct regions.
We therefore cluster the data first in 2 different clusters using the Euclidean-
based similarity matrix and then in 4 clusters using the mutual-information
based matrix: this means that the mutual information-based measure yields
the correct number of clusters while the Euclidean distance-based similarity
measure isn’t spread enough to yield the correct number of clusters.

6unprocessed and unnormalised
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OS Processor RAM Programming
language

openSUSE 10.3(x86-64) Intel R© Quad-Core 32GB Python 2.6
(kernel version 2.6.22.5-31) Xeon R© E5420@2.50GHz

(a) Characteristics of the server used in the experiments

Number Minimum Maximum Number of files of duration Minimum Maximum Signals frequency
of files EEG EEG <15mn 15 >30mn file size file size

duration duration to 30 mn

476 1mn50s 5h21mn 40 260 176 1133kB 138MB 250Hz
(8.4%) (54.6%) (37%)

(b) Characteristics of the dataset used for fractal interpolation

Number of signals Number of files Percentage of files

2 1 0.2

12 1 0.2

13 2 0.4

19 13 2.7

20 63 13.2

23 386 81.1

25 7 1.5

28 3 0.6

(c) Number of signals per EEG file in the dataset used to test fractal interpolation

EEG class Number of EEG files Percentage of EEG files

normal 195 59.5%

epilepsy 64 19.5%

encephalopathy 31 9.5%

brain damage (i.e vascular 34 10.4%
damage, infarct or ischemia)

(d) Characteristics of the dataset used for similarity computation and clustering

Table 5.1: Server and EEG test file characteristics
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We compare the performance of the IFS-based similarity measure with an AR7-
based similarity measure inspired from [101]:

• An AR model8 is fitted to each of the signals of each of the EEG files
considered (at this stage 476). The order of the AR model fitted is selected
using the AIC criterion. The order is equal to 4 for our dataset.

• The LPC cepstrum coefficients are computed based on the AR model fit-
ted to each signal using the formulas given in [101]. The number of coef-
ficients selected is the PGCD of the number of points for all signals from
all files.

• The Euclidean distance between the computed cepstral coefficients as
well as the mutual information between the computed cepstral coeffi-
cients are computed in the same way as with the fractal dimension-based
distances for the subset of 328 files for which the diagnosis are known.
The resulting similarity matrices (328×328 matrices) are used to perform
k-medoid clustering.

We then use the computed similarity matrices to cluster the EEGs using the
method described in section 5.3.4.

5.3.6 Results of the experiments on the fractal dimension-based
similarity measure

Figure 5.3 illustrates the relation between the duration of the EEG and the time
it takes to interpolate EEGs. It shows that the increase of the fractal interpo-
lation time with respect to the interpolated EEG’s duration is less than linear.
In comparison, AR modeling execution times increase almost linearly with the
EEG duration. Therefore, fractal interpolation is a scalable method and is more
scalable than AR modeling. In particular, the execution times for files of dura-
tions between 15 and 30 minutes are between 8.8 seconds and 131.7 seconds,
that is execution times between 6.8 to 204.5 times lower than the duration of
the original EEGs. Furthermore, the method doesn’t impose any condition on
the signals to be compared as it handles the cases where EEGs to be compared

7autoregressive model
8We use an AR model instead of an ARIMA model since it is argued in [101] that "for every

ARIMA model there exists an equivalent AR model, that can be obtained from the ARIMA model
by polynomial division" and the LPC cepstrum of the time series is, subsequently (in [101] ), com-
puted based on that equivalent AR model
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(a) Euclidean distance-based matrix

(b) Mutual information-based matrix

Figure 5.2: Envelope intensity of the dissimilarity matrices



104 5 Similarity search on EEG data

Figure 5.3: Execution times of the fractal interpolation in function of the EEG duration
compared to the AR modeling of the EEGs. The red triangles represent the fractal

interpolation execution times and the blue crosses the AR modeling execution times.
the black stars the fitting of the fractal interpolation measured execution times with

function 1.14145161064 ∗ (1− exp(−(0.5 ∗ x)2.0)) + 275.735500586 ∗ (1−
exp(−(0.000274218988011 ∗ (x))2.12063087537)) using the Levenberg-Marquardt

algorithm
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Table 5.2: Specificity and sensivity of the EEG clusterings

Specificity Sensitivity

normal EEG 0.312 0.770833333333

abnormal EEG 0.770833333333 0.312

Specificity Sensitivity

normal EEG 0.297752808989 0.657534246575

epilepsy 0.65564738292 0.183006535948

encephalopathy 0.838709677419 0.051724137931

brain damage 0.818713450292 0.114285714286

have no or limited common channels and have signals of different lengths.
Moreover, fractal interpolation doesn’t require model selection as AR model-
ing does, which considerably speeds up EEG interpolation. Moreover, with
our dataset, the computation of the Euclidean distance between the cepstrum
coefficients calculated based on the EEGs AR models leads to a matrix of NaN
(i.e not a number)9: the AR modeling method is therefore less stable than the
fractal interpolation-based method.
Table 5.2 summarises the clustering results for all similarity matrices. The
low sensitivity obtained for the abnormal EEGs (epilepsy,encephalopathy,brain
damage) can be explained through the following reasons:

• most of the misclassified abnormal EEGs are EEGs representing mild
forms of the pathology they point to therefore their deviation from a nor-
mal EEG is minimal

• most of the misclassified abnormal EEGs (in particular for epilepsy and
brain damage) exhibit abnormalities on only a restricted number of chan-
nels (localised version of the pathologies considered). The similarity mea-

9The same happens when the mutual information is used instead of the Euclidean distance (all
programs are written in Python 2.6)
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sures, giving equal weights to all channels, are not sensitive enough to
abnormalities affecting one channel.

About 76% of the normal EEGs are well classified. The remaining misclassi-
fied EEGs are misclassified because they exhibit artifacts (EMG and eye blinks
in particular) and/or age-specific patterns and/or sleep-specific patterns that
distort the EEGs significantly enough to make the EEGs seem abnormal. Filter-
ing artifacts before computing the similarity measures (for example with ICA10

and incorporating metadata knowledge (eg age associated with the EEG, type
of sequence eg sleep, photostimulation) in the similarity measure would im-
prove the clustering results.

5.3.7 Discussion

In this section, we considered the problem of defining a similarity measure for
EEGs that would be generic enough to cluster EEGs without having to build an
exponential number of disease-specific classifiers. We use fractal interpolation
followed by fractal dimension computation to define a similarity measure. Not
only does the fractal interpolation provide a very compact representation of
EEGs (which may be used later on to compress EEGs) but it also yields execu-
tion times that grow less than linearly with the EEG duration and is therefore
a highly scalable method. It is a method that can compare EEGs of different
lengths containing at least a common subset of channels. It also overcomes sev-
eral of the shortcomings of an AR modeling-based measure as it doesn’t require
model selection and is more stable and scalable than AR modeling-based mea-
sures. Furthermore, the mutual-information based measure is more sensitive
to the correct number of clusters than the Euclidean distance-based one. It was
also shown that the shortcomings of the similarity measure when it comes to
clustering abnormal EEGs may be overcome through pre-processing the EEGs
before interpolation to remove artifacts, tuning the weight parameters in the
measure to account for small localised abnormalities and incorporating quali-
tative metadata knowledge to the measure.

10independent component analysis
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5.4 EEG similarity search with fractal-based simi-
larity measure

Section 5.3 demonstrated that relying on a feature-based similarity measure
to discriminate between EEGs was a viable approach as it didn’t require any
stationarity assumption on the EEG, could be used to compare EEGs of differ-
ent lengths provided they contain a set of channels in common and still gave
promising results without any pre-processing.
It also showed that the fractal-dimension was a particularly suitable feature
to discriminate between normal EEGs and abnormal ones. The fractal dimen-
sion was however not that good at discriminating between different types of
abnormal EEGs. Therefore, in this section, on top of evaluating the perfor-
mance of similarity search relying on a fractal-dimension based similarity mea-
sure, we will also evaluate the performance of similarity search relying on two
other feature-based similarity measures, a spectral entropy-based one and a
high/low frequency ratio based one (both introduced in Chapter 3). In this
section, the fractal dimension is computed using the Petrosian method (see
Section 5.2.5 for details).
Section 5.3 also highlighted the fact that EEGs are highly context-dependent
and age-dependent and only EEGs of patients of the same age group recorded
in the same context can be compared meaningfully. Consequently, in this sec-
tion, we will only compare EEG segments recorded in similar contexts on adult
patients. The principle of similarity search itself does not change because of
this restriction. This restriction only ensures that we compare what is compa-
rable.
We first explain what types of requests are covered by similarity search (Section
5.4.1) and what constraints apply to EEG similarity search (Section 5.4.2). We
then proceed to explain the principle of the similarity search approach (Section
5.4.3), detail every step of the approach (Sections 5.4.4 and 5.4.5) and define
the metrics used to evaluate the performance of the similarity search approach
(Section 5.4.7). We end with describing our experimental setup and experi-
ments (Section 5.4.6) and interpreting the experimental results (Section 5.4.8).

5.4.1 Types of user requests covered by similarity search

Similarity search in EEG data essentially covers two types of requests:

1. given a query EEG segment q (that represents a particular EEG event),
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find EEG segments similar to q in a repository of EEG segments (each
representing a particular EEG event)

2. given a query EEG segment q, find whole EEGs that contain q at least
once.

The first type of request can be used for diagnosis by comparison. It can for
example find labeled EEG segments from past patient cases that are similar to
a suspicious EEG segment found in the EEG of a patient to be diagnosed, thus
suggesting possible labels for the suspicious EEG segment.

The second type of request can be used to retrieve EEGs that contain the query
and that point to a certain known diagnosis. For instance, if the query is a seg-
ment containing an epileptiform discharge, similarity search would retrieve
EEGs that contain epileptiform discharges and are known to be pointing to a
diagnosis of epilepsy because of they contain epileptiform discharges.
The second type of request may also be used when checking the impact of med-
ication/treatment on a patient, evaluating the evolution of a particular disease
or determining whether a patient presents signs of a suspected disease, even
if the number of EEG segments/EEGs compared in this case would be low.
For instance, if a patient is suspected to have a particular form of epilepsy, one
could try and check for the presence of epileptiform discharges in the patient’s
recorded EEG. Another example is that of a patient with known epilepsy and
whose previous EEG contained several instances of epileptiform discharge. By
trying to check whether this patient’s most recent EEG still contains epilepti-
form discharges, one can evaluate how the patient’s epilepsy has evolved and
whether the medication the patient is given is effective.

5.4.2 Similarity search constraints

When computing the similarity between two EEG segments, several constraints
have to be taken into account.

Constraint 1: Two EEG segments showing the same clinical pattern may not
have the same duration

An epileptiform discharge can last from less than 70ms to hundreds of millisec-
onds (depending on whether it consists in a spike, a sharp wave, a spike wave
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complex or several spike wave complexes). Therefore any similarity measure
between EEG segments should not be sensitive to scaling.

Constraint 2: Even if a pattern occurs in two segments to be compared, it
may occur at different points of the segments to be compared.

This means in practice that the similarity measure between two EEG segments
should not be sensitive to shifting.

Constraint 3: An EEG segment may contain more than one pattern, some of
which may be partial

For example, an EEG segment may contain part of an artifact pattern as well
as normal eyes closed patterns.

Constraint 4: The scale of electric potentials recorded in an EEG depends on
the patient

To compensate for the inter-patient variability, the values of the EEG segments
may need to be normalized before feature or similarity measure computation.

Constraint 5: The interpretation of EEG patterns heavily depends on the
context of recording and the age of the patient

Some of the patterns recorded in children may be abnormal in adults and vice
versa. And some patterns recorded in sleep may be considered pathological if
seen in the EEG of an awake patient. Therefore, one must ensure when com-
paring two EEG segments that they have been recorded in similar contexts and
on patients of the same age group. Otherwise, if checking whether the patterns
of a query segment are to be found in a whole EEG, one has to extract only the
EEG segments recorded in the same context as the query segment and then
compare them.

5.4.3 Principle of similarity search

Similarity search is done in four steps, summarized in Figure 5.4:
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Figure 5.4: Principle of the similarity search approach

1. represent both the query EEG segment Q and the set of EEG segments to
which it has to be compared/EEGs in which it must be found as feature
matrices (fractal dimension matrices or entropy matrices or high/low fre-
quency ratio matrices). See Section 5.4.4 for details.

2. with Q and the EEG segments/EEGs form the repository represented as
feature matrices, compute the similarity between Q and the EEG seg-
ments/EEGs. See Section 5.4.5 for details.

3. rank the EEG segments/EEGs by their similarity to Q

4. return the top 10 EEG segments/EEGs by similarity.

5.4.4 Details on EEG segmentation and feature computation

EEG segments are transformed into feature matrices following two approaches.

First approach: Segmentation in fixed-size windows

As in Section 5.3, each channel in the EEG segment is divided in non-overlapping
windows. The size of the window is chosen to be 200ms (i.e 50 points in EEG
whose signals have a frequency of 250Hz).
The features are then computed for each EEG channel on each window.
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Figure 5.5: Principle of the adaptive segmentation

Second approach: Adaptive segmentation

Figure 5.5 summarizes this approach.
In this approach, we want to split each EEG segment into non-overlapping
windows such that the feature values computed over subwindows of each
window are (approximately) constant. In practice, this means that, for one
EEG channel at least, the difference between the feature values computed on
two adjacent windows falls above a certain threshold value (here, we choose
that threshold value).
We first compute our feature of interest for each EEG channel on the first 100ms
of the EEG segment (i.e on the first 25 points of the segment) and grow that
initial 100ms window by 100ms until the difference between the feature com-
puted on the initial window (the first 100 ms window plus N additional 100ms
segments) and the feature computed on the grown window (the first 100 ms
window plusN +1 additional 100ms segments) exceeds the threshold value of
5% for at least one EEG channel. The new window boundary is set to the start
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of window N + 1 and the previous procedure is repeated until the entire EEG
segment has been split.
The windows obtained with this approach may not have equal sizes.

Result of EEG segmentation and feature computation approaches

Both segmentation cum feature computation approaches transform the origi-
nal EEG (assimilable to a matrix of dimension Np ×m with Np the number of
points per EEG channel andm the number of EEG channels) into a matrix of di-
mension n×mwith n << Np. For instance, for the fixed window approach, an
EEG segment of 600ms recorded using the International 10/20 System would
be transformed to an 3× 19 matrix instead of the original 150× 19 matrix.

5.4.5 Details on the similarity measure

Based on the constraints outlined in Section 5.4.2, the Euclidian distance and
the dynamic time warping distance are not good choices of similarity metrics
for our problem. The Euclidian distance supposes both sequences to be com-
pared to be aligned so that similar patterns occur at the same time and it is also
sensitive to scaling. The dynamic time warping may be insensitive to scaling
but it can produce counterintuitive alignments and does not allow for gaps be-
tween patterns.
Based on this and the constraints outlined in 5.4.2, two EEG segments may be
considered similar if some of their feature sequences overlap. The longer the
feature overlap the more similar both EEG segments are, and the more occur-
rences of the overlap the more similar the segments.
Suppose we have a query EEG segment Q and EEG candidate E both repre-
sented by a feature matrix such that:

Q =


q11 q12 . . . q1Np

q12 q22 . . . q2Np

...
...

. . .
...

q1m q2m . . . qmNp

 (5.9)
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and

E =


e11 e12 . . . e1P

e12 e22 . . . e2P

...
...

. . .
...

e1m e2m . . . emP

 (5.10)

Q is of dimension m×Np and E of dimension m× P . Note that P and Np are
not necessarily equal. The similarity between Q and E is computed as follows:

• for each row vector of Q, find the subsequences in the corresponding
channel in E that are contained in Q and compute the mean subsequence
length. Denote this value as li where i ∈ [1,m]. We also compute the
length standard deviation stdi. Also store the number of subsequences
found oi. The result is three vectors of dimension m: L = [l1l2...lm] and
STD = [std1std2...stdm] and O = [o1o2...om]

• compute the average of L, the average of STD and the average of O

A subsequence of E is considered to be contained in Q if the difference be-
tween each of its elements and their corresponding elements in Q falls below a
threshold (set to 5% in this case). The higher the average of L and average of O
and the lower the average of STD, the more similar E is to Q. When ordering
segments by similarity to Q, the EEG segments are first sorted by average L,
then by average STD and finally by average O. Average Ls and average Os
are sorted from highest to lowest while average STDs are sorted from lowest
to highest.

5.4.6 Experimental setup

The characteristics of the server used for the experiments are outlined in Table
5.3(c).
The dataset used for the experiments is described in Tables 5.3(d) and 5.3(e).
We use a set of 100 segments extracted from EEGs recorded in a clinical setting
at the Medisch Spectrum Twente (MST), Enschede. All EEGs from which seg-
ments were selected for inclusion in the dataset were recorded on 23 distinct
adult patients in a hospital setting following the International 10/20 System
with Ag/AgCl electrodes and using a common average reference. Only the
19 channels common to all EEGs are kept for calculations, with each channel
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OS Processor RAM Programming
language

openSUSE 12.3 AMD Opteron 64GB Python 2.7.3
Milestone 2(x86-64) Processor 4226 with joblib 0.8.3-r1
(kernel version 3.6.3-1-desktop) 2 processors (6 cores per processor)

(c) Characteristics of the server used in the experiments

Datasets Number Median Minimum Maximum Number of files of duration Signals frequency
of files EEG EEG EEG <2s 2 >10s

duration duration duration to 10 s

whole EEG 100 1.8s 600ms 201s 52 23 25 250Hz
segments dataset (52%) (23%) (25%)
(dataset 1)

queries dataset 40 1.1s 600ms 201s 28 3 9 250Hz
(subset of (70%) (7.5%) (22.5%)
dataset 1)

(d) Characteristics of the datasets

EEG segment label Dataset 1 Queries dataset
Number of Percentage of Number of Percentage of
EEG segments EEG segments EEG segments EEG segments

normal eyes closed 24 24% 10 25%

eye blinks 21 21% 10 25%

sharp wave 21 21% 10 25%

spike wave complex 23 23% 10 25%

encephalopathy 11 11% 0 0%

(e) Types of EEG segments contained in the dataset

Table 5.3: Server and EEG test file characteristics

sampled at 250Hz. All segments were labeled manually (sharp wave segments
and spike wave complex segments in particular were labeled by a trained EEG
interpreter): the label given to a segment containing at least one of the events of
interest (i.e eye blink, sharp wave, spike wave complex or normal eyes closed
pattern) was the name of the event of interest. The dataset also contains seg-
ments extracted from patients with diverse types of encephalopathy: those seg-
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ments are not used in the queries dataset because the exact events they repre-
sent are not known, only the final diagnosis derived from the EEGs they appear
in are known. We call this dataset "dataset 1".
Fourty segments (10 for each event of interest) are randomly selected from this
dataset to form the queries dataset. The events of interest are: normal eyes
closed segment, sharp wave, spike wave complex and eye blinks. Note that
both sharp waves and spike wave complexes are subtypes of epileptiform dis-
charges thus very closely related and similar.

Our experiment consists in computing the similarity between each of the 40
queries in the queries dataset and each of the EEG segments from dataset 1
that are not the query segment. Therefore, each of the query segments is com-
pared to 99 candidate EEG segments, with a total number of 3960 comparisons
for all queries. For each query, a ranking of the candidate EEG segments is
established based on their similarity with the query segment. The average pre-
cision@10 (see Section 5.4.7) is computed for each query and then averaged
over all queries corresponding to a label. The average precision@10 is used
as an overall measure of the quality of the top 10 results returned by similarity
search. The normalized discounted cumulative gain (under binary and ternary
assumptions) (see Section 5.4.7) is also computed for all queries averaged over
all queries corresponding to a label. Under the ternary assumption, retrieved
segments with the same label as the query are assigned a relevance of 2, the
spike wave complex pattern is considered partially relevant to the sharp wave
pattern and is assigned a relevance of 1 with regards to this pattern (and vice
versa) while all the other types of segments are assigned a relevance of 0. The
normalized discounted cumulative gain is used as a measure for the quality of
the ranking, in other words it is used to check whether the similarity search
approach manages to return the most relevant results at the top of the ranking.
We derive our conclusions on the usefulness of the EEG similarity search tech-
nique based on the results of both measures combined.
The results of the experiments are shown in Tables 5.4, 5.5 and 5.6.

5.4.7 Performance metrics

Average precision@k

Given a query and the list of candidate EEG segments ranked according to
their similarity to the query, we choose the top k candidate EEG segments in
the list and compute the percentage of relevant candidate EEG segments (i.e
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the percentage of candidate EEG segments having the same label as the query)
in the reduced list. For example, if the query segment is labeled epileptiform
discharge and there are 4 EEG segments with label epileptiform discharge in
the top 10 candidate EEG segments, then the average precision@10 for this
query is equal to 40%.
In the following experiments, we choose a value of 10 for k.

Normalized discounted cumulative gain

The normalized discounted cumulative gain assesses the quality of a ranking
[110, 111, 112].
The first assumption made for this measure is that, for a given query, out of
two rankings of candidate EEG segments with the same average precision@k,
the best one is the one that has relevant EEG segments higher on the list than
the other. For example, given a query segment labeled epileptiform discharge
and two ranked lists of candidate EEG segments for which the average preci-
sion@k is equal to 0.3, the list in which the EEG segments labeled epileptiform
discharge are in the first, second and third positions(rank) is considered better
than the the list in which the EEG segments labeled epileptiform discharge are
in the fourth, fifth and sixth position(rank).
The second assumption made for this measure is that highly relevant candidate
segments are more useful than partially relevant segments, which are in turn
more useful than irrelevant segments. For example, given a query segment la-
beled ’epileptiform discharge’ and two ranked lists of candidate segments with
the same average precision@k, the list that contains partially relevant segments
(such as segments showing other epileptiform patterns) on top of the segments
labeled epileptiform discharge is more useful than the list that contains only ir-
relevant segments (eg. normal eyes closed segments) on top of the segments
labeled epileptiform discharge. This means that every type of candidate EEG
segment has to be assigned a relevance with regards to the query.
We first compute the normalized discounted cumulative gain under a binary
assumption to simplify calculations. What we mean by binary assumption is
that we deem as irrelevant every segment that has a different label from the
query segment label and assign a relevance of 0 to every such segment and a
relevance of 1 to every segment that has the same label as the query. Doing
this simplifies the computations at the risk of underestimating the quality of
a ranking since some EEG patterns may be partially relevant with regards to
other EEG patterns (eg. epileptiform discharge and spike wave complex pat-
terns since both are epileptiform patterns).
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The discounted cumulative gain for a query is then computed as follows:

DCGk =

k∑
i=1

2reli − 1

log2(i+ 1)
(5.11)

with reli the relevance of the i-th ranked segment and i the candidate segment
rank. The normalized discounted cumulative gain is then computed as follows:

nDCGk =
DCGk
IDCGk

(5.12)

with IDCGk the maximum discounted cumulative gain for the average preci-
sion@k of the ranking on which DCGk was computed. IDCGk corresponds to
the discounted cumulative gain of the ranking in which all the segments with
the same label as the query are at the top of the list (eg for an average preci-
sion@10 of 0.4, all four relevant segments occupy the ranks from 1 to 4 with
displaystyleIDCGk =

∑4
i=1

1
log2(i+1) ≈ 2.562).

We also compute the nDCG under ternary assumption i.e a relevance of 2 is as-
signed to highly relevant segments with regards to the query, a relevance of 1
is assigned to partially relevant segments with regards to the query and finally
a relevance of 0 is assigned to irrelevant segments with regards to the query.
The discounted cumulative gain remains defined as in Equation 5.11 and the
normalized discounted cumulative gain defined as in Equation 5.12. The only
change in calculation with this ternary assumption is the calculation of IDCGk.
In this case, the IDCGk corresponds to the discounted cumulative gain of the
ranking in which all the segments are sorted by relevance from the highest to
the lowest relevance (eg for an average precision@10 of 0.4 and with 3 partially
relevant segments present, the IDCGk would be computed for the list [2 2 2 2
1 1 1 0 0 0] and would be equal to displaystyle

∑4
i=1

3
log2(i+1) +

∑7
i=5

1
log2(i+1) ≈

8.761).
Note that in a perfect ranking, the IDCGk and the DCGk would be equal and
the normalized discounted cumulative gain equal to 1.0. The normalized dis-
counted cumulative gain values lies between 0 (worst possible ranking) and 1
(perfect ranking).

5.4.8 Results and discussion

Tables 5.4, 5.5 and 5.6 show the experiments’ results. All average precision@10
measurements are given in Table 5.4 while the the normalized discounted cu-
mulative gain measurements appear in Tables 5.5 and 5.6.
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EEG segment class Fractal dimension Spectral entropy High/low frequency ratio
with normalized with raw EEG with normalized with raw EEG with normalized with raw EEG
EEG segment segment EEG segment segment EEG segment segment

normal 0.97 0.97 0.91 0.93 0.94 0.85
eyes closed ± 0.09 ± 0.09 ±0.14 ±0.06 ±0.12 ±0.22

eye blinks 0.15 0.15 0.23 0.25 0.23 0.24
± 0.12 ± 0.12 ±0.11 ±0.12 ±0.11 ±0.13

sharp 0.16 0.16 0.21 0.19 0.22 0.22
wave ± 0.12 ± 0.12 ±0.09 ±0.11 ±0.098 ±0.098

spike wave 0.15 0.15 0.25 0.26 0.27 0.26
complex ± 0.12 ± 0.12 ±0.11 ±0.10 ±0.09 ±0.11

(a) Average precision@10 per feature and EEG segment class for adaptive segmentation

EEG segment class Fractal dimension Spectral entropy High/low frequency ratio
with normalized with raw EEG with normalized with raw EEG with normalized with raw EEG
EEG segment segment EEG segment segment EEG segment segment

normal eyes 0.97 0.97 0.97 0.95 0.90 0.88
closed ±0.06 ±0.06 ±0.09 ±0.09 ±0.2 ±0.2

eye blinks 0.13 0.13 0.22 0.24 0.25 0.24
±0.1 ±0.1 ±0.1 ±0.1 ±0.12 ±0.13

epileptiform 0.11 0.11 0.14 0.21 0.22 0.21
discharge ±0.10 ±0.10 ±0.13 ±0.09 ±0.1 ±0.09

spike wave 0.16 0.16 0.13 0.22 0.30 0.29
complex ±0.13 ±0.13 ±0.13 ±0.1 ±0.08 ±0.08

(b) Average precision@10 per feature and EEG segment class for segmentation in fixed length
windows

Table 5.4: Results (part 1)

Result 1: results for the normal eyes closed class

For a query segment that is an normal eyes closed segments, the top 10 most
similar candidate EEG segment almost always contains 10 segments that are
also normal eyes closed segments (average precision@10 ranging from 0.85
with high/low frequency ratio-based similarity measure computed on raw
EEG segments split with adaptive segmentation to 0.97 for all fractal dimension-
based similarity measures-see Table 5.4). The performance of the fractal dimen-
sion for normal eyes closed segments is marginally better than the other two
features (normalized or not) in terms of average precision@10 (Table 5.4) while
spectral entropy on raw EEG segments (nDCG of 1 for spectral entropy com-
pared to values ranging from 0.84 to 0.94 for other features) is marginally better
in terms of normalized discounted cumulative gain (with binary assumption)
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EEG nDGC Fractal dimension Spectral entropy High/low frequency ratio
segment with normalized with raw EEG with normalized with raw EEG with normalized with raw EEG
class EEG segment segment EEG segment segment EEG segment segment

normal Mean nDCG 0.94±0.18 0.94±0.18 0.90±0.30 1.0±0.0 0.90±0.30 0.84±0.33
eyes closed (1.0±0.0) (0.94±0.18)

nDCG=0 0 queries 0 queries 1 query 0 query 1 query 1 query
(0 query)

0<nDCG<=0.5 1 query 1 query 0 query 0 query 0 query 1 query
(1 query)

nDCG>0.5 9 queries 9 queries 9 queries 10 queries 9 queries 8 queries
(10 queries) (9 queries)

eye Mean nDCG 0.18±0.22 0.18±0.22 0.28±0.24 0.18±0.22 0.28±0.24 0.24±0.25
blinks (0.23±0.25) (0.24±0.25) (0.22±0.22) (0.22±0.22)

nDCG=0 6 queries 6 queries 4 queries 6 queries 4 queries 5 queries
(5 queries) (5 queries) (5 queries) (5 queries)

0<nDCG<=0.5 3 queries 3 queries 4 queries 3 queries 4 queries 3 queries
(4 queries)

nDCG>0.5 1 query 1 query 2 queries 1 query 2 queries 2 queries
(2 queries) (2 queries) (1 query)

sharp Mean nDCG 0.12±0.24 0.12±0.24 0.12±0.24 0.12±0.24 0.12±0.24 0.12±0.24
wave (0.16±0.25) (0.16±0.25)

nDCG=0 8 queries 8 queries 8 queries 8 queries 8 queries 8 queries
(7 queries) (7 queries)

0<nDCG<=0.5 0 queries 0 queries 0 queries 0 queries 0 queries 0 queries
(1 query) (1 query)

nDCG>0.5 2 queries 2 queries 2 queries 2 queries 2 queries 2 queries

spike wave Mean nDCG 0.28±0.29 0.28±0.29 0.34±0.29 0.38±0.26 0.38±0.26 0.34±0.29
complex (0.24±0.30) (0.24±0.30) (0.28±0.29) (0.38±0.26)

nDCG=0 5 queries 5 queries 4 queries 3 queries 3 queries 4 queries
(6 queries) (6 queries) (5 queries) (3 queries)

0<nDCG<=0.5 1 query 1 query 1 query 2 queries 2 queries 1 query
(0 queries) (0 queries) (2 queries)

nDCG>0.5 4 queries 4 queries 5 queries 5 queries 5 queries 5 queries
(4 queries)

(a) Normalized discounted cumulative gain per feature and EEG segment class for both types
of segmentation computed under binary assumption (in blue are the results for segmentation
in fixed-size window when they differ from those of adaptive segmentation)

Table 5.5: Results (part 2)

(Table 5.5). Any of the tested features can therefore be used to retrieve seg-
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EEG nDGC Fractal dimension Spectral entropy High/low frequency ratio
segment with normalized with raw EEG with normalized with raw EEG with normalized with raw EEG
class EEG segment segment EEG segment segment EEG segment segment

normal Mean nDCG 0.98±0.06 0.98±0.06 0.94±0.16 0.99±0.08 0.97±0.08 0.88±0.3
eyes closed 0.98±0.05 0.98±0.05 1.0±0.001 0.98±0.06 0.90±0.30 0.88±0.3

nDCG=0 1 query 1 query 0 query 1 query 0 query 0 query
0 query 0 query 0 query 0 query 1 query 1 query

0<nDCG<=0.5 4 queries 4 queries 1 query 1 query 1 query 2 queries
0 query 0 query 0 query 0 query 0 query 0 query

nDCG>0.5 5 queries 5 queries 9 queries 8 queries 9 queries 8 queries
10 queries 10 queries) 10 queries 10 queries 9 queries 9 queries

eye Mean nDCG 0.45±0.2 0.45±0.2 0.60±0.14 0.51±0.21 0.60±0.14 0.59±0.14
blinks 0.50±0.30 0.50±0.30 0.49±0.22 0.56±0.13 0.60±0.13 0.59±0.13

nDCG=0 1 query 1 query 0 queries 1 query 0 queries 0 queries
2 queries 2 queries 1 query 0 queries 0 queries 0 queries

0<nDCG<=0.5 4 queries 4 queries 1 query 1 query 1 query 2 queries
2 queries 2 queries 3 queries 3 queries 1 query 2 queries

nDCG>0.5 5 queries 5 queries 9 queries 8 queries 9 queries 8 queries
6 queries 6 queries 6 queries 7 queries 9 queries 8 queries

sharp Mean nDCG 0.49±0.31 0.498±0.31 0.57±0.23 0.56±0.24 0.56±0.24 0.6±0.18
wave 0.52±0.27 0.52±0.27 0.52±0.31 0.55±0.24 0.6±0.17 0.62±0.17

nDCG=0 2 queries 0 queries 1 query 1 query 1 query 1 query
1 query 1 query 2 queries 1 query 0 query 0 query

0<nDCG<=0.5 3 queries 0 query 2 queries 3 queries 3 queries 0 query
4 queries 4 queries 2 queries 3 queries 2 queries 1 query

nDCG>0.5 5 queries 10 queries 7 queries 6 queries 6 queries 9 queries
5 queries 5 queries 6 queries 6 queries 8 queries 9 queries

spike wave Mean nDCG 0.67±0.29 0.67±0.29 0.73±0.16 0.75±0.14 0.75±0.15 0.71±0.16
complex 0.68±0.33 0.68±0.33 0.62±0.35 0.76±0.17 0.72±0.16 0.72±0.16

nDCG=0 1 query 1 query 0 queries 0 queries 0 queries 0 queries
1 query 1 query 2 queries 0 queries 0 queries 0 queries

0<nDCG<=0.5 1 query 1 query 1 query 0 queries 1 query 0 queries
1 query 1 query 1 query 1 query 1 query 1 query

nDCG>0.5 8 queries 8 queries 9 queries 10 queries 9 queries 10 queries
7 queries 7 queries 7 queries 9 queries 9 queries 9 queries

(a) Normalized discounted cumulative gain per feature and EEG segment class for both types
of segmentation computed under ternary assumption (in blue are the results for segmentation
in fixed-size window and in black those for adaptive segmentation)

Table 5.6: Results (part 3)
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ments that are normal eyes closed segments.

Result 2: results for sharp wave, spike wave complex and eye blink patterns

For all the query segments that are not normal eyes closed segments, the top 10
most similar candidate EEG segment contains from two to three segments that
are of the class of the query segment (average precision@10 ranging from 0.11
to 0.30 depending on the feature, segmentation and pre-processing-Table 5.4).
Both the entropy and the high/low frequency ratio (in particular the high/low
frequency ratio computed after normalizing the raw EEG segments’ values)
perform slightly better than the fractal dimension in this case.

Regarding the sharp wave class, Table 5.5(a) shows that the similarity search
fails to retrieve segments of the same class at high ranks for all but two queries.
When inspecting the query segments, it turns out the sharp pattern only ap-
pears in part of the channels for all but two queries. For the two queries for
which similarity search yields good results, the sharp wave pattern appears in
all channels. As a consequence, because the similarity measure computes the
mean of all similarities per channel without assigning different weights to dif-
ferent channels, the sharp wave pattern may be confused with the eye blink
pattern, which is also localized on some channels though the sharp wave pat-
tern and the eye blink pattern usually appear in different channels.
The low normalized discounted cumulative gains (under binary assumption)
for the sharp wave class (see Table 5.5) may be explained by the fact that both
the sharp wave pattern and the spike wave complex pattern are very closely
related since they are both subtypes of epileptiform discharges. In fact, the
spike wave complex pattern is composed of a spike followed by a slow wave,
with the spike being similar in shape to a sharp wave but shorter in duration
(typically a spike lasts between 20 to 70ms while the sharp wave lasts from 70
to 200ms). With our similarity measure quantifying the overlap between two
segments, the sharp wave and spike wave complex patterns appear somewhat
similar. However, retrieving spike wave complexes instead of sharp waves
would still be informative since finding spike wave complexes in an EEG seg-
ment still points to a diagnosis of epilepsy (as is the case for sharp waves).
When computing the normalized discounted cumulative gains (under binary
assumption) (see Table 5.5), we considered spike wave patterns to be irrele-
vant with regards to query containing a sharp wave pattern (and vice versa).
Consequently, the quality of the rankings for those two patterns may be un-
derestimated. To verify that, we computed the normalized discounted cumu-



122 5 Similarity search on EEG data

lative gains under ternary assumption, shown in Table 5.6(a). The normalized
discounted cumulative gain values for both sharp wave and spike wave com-
plex patterns computed under ternary assumption (Table 5.6(a)) are markedly
higher than the corresponding normalized discounted cumulative gain val-
ues computed under binary assumption. This means that similarity search
retrieves many partially relevant segments with regards to the ’sharp wave’
class on top of retrieving some segments with sharp wave patterns in the top
10.

Result 3: Effect of the normalization of the EEG data

The results for the fractal dimension do not vary with normalization while both
entropy and high/low frequency ratio perform better when the raw EEG data
is normalized prior to feature and similarity measure computation.

Result 4: Effect of the segmentation

The results when using adaptive segmentation are on the whole (with the ex-
ception of a few features) are marginally better then those obtained when seg-
menting EEG segments into fixed size windows. This may be because the size
of the adaptive window after one iteration is equal to the size of the fixed win-
dow, leading to similar segmentations in this case. Adding smaller windows
per iteration in the adaptive segmentation may yield a better performance. The
influence of the window size per iteration parameter on the overall similarity
search performance needs to be studied further.

Directions for similarity search performance improvement

The results shown in Section 5.4.8 hint at the fact that it may be more difficult to
distinguish patterns that only occur on certain channels (eg eye blinks patterns
that typically occur in channels measuring the potentials at electrodes Fp1 and
Fp2) since we average the similarities per channel and give the same weight
to all channels in the average when computing similarity thus possibly losing
localization information. An avenue for future work would be studying the
weighting of the EEG channels and the incorporation of channel localization
information in the similarity measure to achieve better discriminative perfor-
mance for classes other than eyes closed segments.
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Furthermore, no artifacts were removed form the EEG segments prior to the
computations which may have affected the results: it could be useful in future
to investigate the impact of applying artifact removal algorithms (for example
artifact removal with ICA i.e independent component analysis) on the retrieval
performance of classes other than normal eyes closed segments.
In practice, the queries submitted for similarity search are mostly segments
whose patterns deviate from the normal eyes closed pattern. In this case, nor-
malizing the query and candidate segments prior to feature and similarity mea-
sure computation as well as using features other than the fractal dimension, in
particular the high/low frequency ratio, seems to be the method to follow. In
future research, it may be worthwhile to study the performance of different
combinations of features.
To be able to assess the retrieval performance of our similarity search approach,
all experiments were done on manually labeled segments. In practice, not all
segments in stored EEGs are labeled. This is a case where user feedback may
be gainfully used: users would be asked to assess the relevance, with regards
to their query, of the top ranked unlabeled segments in particular so that the
retrieval performance for said query can be measured. User feedback could
also be combined to the similarity measure as an additional term (in particular
as a penalizing term for segments not similar to the query) so as to improve its
performance (method shown in Chapter 4). A user study needs to be done to
validate this point.
All in all, the results for the proposed feature-based similarity search can be consid-
ered useful: relevant and partially relevant information is present in the top 10
segments retrieved by similarity search thus easily accessible to the user. Im-
proving the performance of the similarity search would not require a change of
paradigm but only exploring variable parameters with the proposed similar-
ity search paradigm (eg exploring new features and their combination, adding
some pre-processing such as artifact removal or adding metadata information
such as the channel localization of similar sequences).

5.5 Conclusion

In this chapter, we have studied the suitability of feature-based similarity mea-
sures for EEG similarity search. We have studied three main features: the frac-
tal dimension, the spectral entropy and the high/low frequency ratio. We have
also assessed the impact of normalizing the EEG data prior to feature and sim-
ilarity measure computation on the retrieval of relevant candidate EEG seg-
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ments with regards to the initial query EEG segment.
The first part of the chapter (Section 5.3) proved that relying on a feature-based
similarity measure to discriminate between EEGs was a valid approach: not
only could it be applied without any stationarity assumption on the EEG, but
it could also be used to compare EEGs of different lengths (provided they con-
tain a set of channels in common) and still gave promising results without any
pre-processing. It showed however that other features besides the fractal di-
mension may be needed to discriminate between different types of abnormal
EEG patterns.
Section 5.4 extended the work done in Section 5.3 and proposed an approach
to EEG similarity search based on several feature-based similarity measures.
The performance of the similarity search for 4 types of EEG patterns, some of
which are closely related, was studied and the influence of several parameters
on similarity search performance was considered, among others the influence
of EEG segmentation and normalization.
It was shown that the fractal dimension is not affected by normalization and
separates normal eyes closed segments very well from other patterns but is less
effective at discriminating between patterns that are not normal eyes closed
segments. Spectral entropy and high/low frequency ratio are better at distin-
guishing between patterns that are not normal eyes closed segments and their
performance is enhanced by applying normalization prior to feature and sim-
ilarity measure computation. Though perfectible, the performance achieved
with the current similarity search approach proves this approach to be already
useful since the current approach retrieves relevant and partially relevant in-
formation with regards to the EEG segment query in the top 10 results list.
This study is a first step towards designing a similarity measure suitable for
EEG similarity search. The proposed feature-based similarity measure can
compare EEG segments of different lengths provided they contain at least a
common subset of channels. The proposed similarity measure is also insen-
sitive to shifting and based on a compact representation (through feature ma-
trices) of the EEG segments to compare. If the feature representations of EEG
segments are stored alongside the original EEG segment values, then this may
make the computation of the similarity between EEG segments scalable.
In future work, it would be useful to investigate other features and in particu-
lar combinations of features and assess their discriminative performance with
regards to patterns that are not normal eyes closed segments. It would also be
worthwhile to evaluate the impact of artifact removal prior to feature and sim-
ilarity measure computation on the retrieval of classes other than normal eyes
closed segments. Another topic of research would be incorporating channel
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localization in the similarity measure so as to differentiate between localized
patterns.
A last subject of research may be assessing the relevance of retrieved segments
through user feedback (for example with the model introduced in Chapter
4), in particular the relevance of unlabeled segments and adding this rele-
vance feedback with the proposed similarity measure as an additional boost-
ing/penalizing term to improve the retrieval performance.
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CHAPTER 6

Conclusions

6.1 Summary of the problem: the misdiagnosis prob-
lem

"Errare humanum est" 1. Clinicians, however smart, caring and meticulous
they may be, are only human, all too human. So they are bound to occasionally
make mistakes, diagnosis errors (i.e delayed/missed or wrong diagnosis) in
particular. With a prevalence of misdiagnosis of 15% in most areas of medicine
([2]), of which about 32% are due to errors in clinician assessments, misdiagno-
sis is a major if overlooked problem which seems to have systemic roots rather
than just being the problem a few isolated "bad apples". Assigning blame to
individual health practitioners for diagnosis failures won’t solve the systemic
issues and will only ensure that the same avoidable mistakes are repeated. Un-
derstanding the root causes of systemic failures leading to misdiagnosis, how-
ever, can help devise solutions that minimize the occurrence of misdiagnoses
and/or their impact since, as stated in the landmark 2000 Institute of Medicine
report on medical errors,“Errors can be prevented by designing systems that make
it hard for people to do the wrong thing and easy for people to do the right thing” ([56]).
The main reason so many misdiagnoses occur is because diagnosis is a decision-
making process made under constraints that may conflict with the accuracy
requirement. Such constraints include the following:

• cost constraints

• clinician time/availability and energy constraints

• high data uncertainty

1To err is human
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• and the unavoidable fragmentation of the diagnosis process (ie several
agents-eg clinicians, nurses and lab technicians- involved in the diagno-
sis process) which is due to the necessarily finite amount of memory and
knowledge healthcare practitioners possess as a result of their human
condition and the amount of medical knowledge collected over the cen-
turies.

Those constraints lead to two main misdiagnosis risks factors:

• a fragmentation of patient data, in particular history, which means that
clinicians may not have all the clues and evidence needed to make the
correct diagnosis, and

• the reliance on reasoning shortcuts and heuristics, which, if applied cor-
rectly, minimizes the time and effort required to reach a diagnosis but
can on the contrary cause harm if they lead to making/confirming the
wrong diagnosis hypothesis, interpreting diagnostic clues incorrectly or
not considering other likely differential diagnoses too soon in the process.

6.2 Goals of the research

So how can we use database/data mining knowledge to support clinicians in
diagnosis process and obviate the risks posed by data fragmentation and cogni-
tive shortcuts and biases? In response to this question, we designed a medical
data sharing platform with the following objectives:

1. share patient data and make it easily accessible

2. help researchers help clinicians by providing a standard trove of data, to
ensure (semi)-automated medical data interpretation methods are more
easily comparable and reproducible, and by providing a data processing
platform

3. make it easy to browse the data with similarity search requests (useful
for differential diagnosis or diagnosis by comparison)

4. combine evidence at hand to provide a set of diagnosis hypotheses and
their attached likelihood
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Sharing patient data to make it accessible from one place (goal 1) would help
solve the problem of data fragmentation and help make sure clinicians can ac-
cess all the needed relevant data when forming their diagnosis hypotheses.
And because we would allow access to the data to researchers (under condi-
tions respecting patient privacy) so that they have standard data as well as a
processing platform to run experiments on (goal 2), we would make it easier
for them to develop and compare the performance of (semi)-automated medi-
cal data interpretation methods designed to alleviate clinicians’ workload and
let them focus on challenging cases.
Making it simple to browse the data with similarity search (goal 3) would al-
low researchers to easily build experimental datasets as well as allow clinicians
to easily make differential diagnoses or diagnoses by comparison.
By combining all the evidence at hand (goal 4) to provide a set of diagnosis
hypotheses and their attached likelihoods, several possible hypotheses would
be presented to the clinician at each step. Some of the evidence used in the
combination can, for example, be obtained from software that matches clin-
ical findings against a database of medical conditions, much larger than the
database held in a single clinician’s memory, to determine the likelihood of a
condition such as the software presented in [9]. Combining all the available
evidence would help reduce the incidence and impact of cognitive biases such
as premature closure, confirmation bias, zebra retreat, framing bias and diag-
nosis momentum as well as availability bias and representativeness bias since
the clinician would be prompted to consider several diagnosis possibilities in-
stead of just one, some of which may be zebras or diseases that have the clinical
evidence at hand as atypical presentation.

6.3 Contributions to minimizing the misdiagnosis
problem

To try and reach the goals outlined in the previous section (Section 6.2), four
main contributions have been made in this thesis:

1. Contribution 1: a feasibility study for Hadoop as medical sharing and
processing platform

2. Contribution 2: a similarity measure based on features extracted from
EEG data
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3. Contribution 3: a Dempster-Shafer based evidence combination frame-
work to deal with uncertainty in incremental decision-making processes
(eg diagnosis process)

4. Contribution 4: using contribution 2 to process similarity search requests
on EEG data and explaining how contribution 3 may be combined to
contribution 2 to improve EEG similarity search results

The feasibility study (Chapter 3) shows that technology to share data at little
expense and effort already exists. And because Hadoop can handle diverse
data formats, there is no need to standardize the existing data formats as long
as methods to read and/or visualize them exist and are made available. In that
sense, the only step needed to start sharing medical data is to start deploying
Hadoop in medical institutions and transferring data to the Hadoop platform.
The feasibility study in Chapter 3 also demonstrates that this platform is suit-
able for developing medical data interpretation methods. In the study, we
showed with a representative data set (ie EEG data) that the Hadoop platform
can perform one of the most computationally expensive data mining tasks (ie
exhaustive search feature selection) on national scale amounts of representa-
tive data, thus proving the readiness in performance and scalability for medi-
cal data interpretation methods.
So contribution 1 allows us to mostly reach goals 1 and 2.
Contributions 2 and 4 (Chapter 5) are a first step towards serving similarity
search requests targeting multidimensional time series data and are a first step
towards reaching goal 3.
Contribution 3 (Chapter 4) provides the theoretical framework needed to reach
goal 4.

6.4 Future work

We said earlier that all that was needed to start sharing medical data was de-
ploying Hadoop in medical institutions. An important concern that arises be-
fore deploying the data with Hadoop is its security and privacy given the sensi-
tive nature of the data. Research is ongoing to ensure data security on Hadoop
(eg [113, 114]) but more needs to be done on this topic.
Contribution 3 was made under the assumption that all sources of evidence
that provide a diagnosis hypothesis likelihood can be combined. The said
diagnosis likelihood can be precisely quantified or just specified loosely and
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qualitatively provided that a scheme is defined to convert the qualitative spec-
ification to a quantitative measure. As such, the evidence that can be used
is varied: previous clinician conclusions’, output of semi-automated medical
data methods, methods that match sets of clinical findings (physical findings
or test results) to corpora of medical conditions, etc. Going further, a prototype
that combines the previously cited sources of evidence should be built and then
experimentally validated through a user study that would in particular study
how the source reliability coefficients should be set and what impacts those co-
efficients have.
Contribution 3 has also focused on combining likelihoods of discrete vari-
ables. Contribution 3 could be expanded by building and evidence combina-
tion/feedback model for (continuous) variables defined by probabilistic den-
sity functions, eg a patient’s temperature or blood test results. Such a model
may be useful in assessing the reliability of test results for example.
This study should be extended to other types of medical data in particular im-
age data (eg MRI, CT scans). In particular, similarity search strategies should
be devised for such data. There is also a need to study the integration of results
from similarity search applied on different types of data.
Contributions 2 and 4 are a first step towards serving similarity search requests
for EEG-like data ie multidimensional time series. To improve the EEG similar-
ity search, the methods proposed in contributions 2 and 4 should be integrated
with other mature semi-automated EEG interpretation methods such as the
ones proposed in [13, 60, 54].



132 Conclusions



APPENDIX A

Proof of concept implementation

As a proof of concept, we have developed a small database storing EEGs,
pieces of evidence, the mass functions associated with each piece of evidence
as well as lineage and versioning. In this appendix, we provide some details
about this system. Note that the system is not completely consistent with the
described model in the paper, but rather with a predecessor model. Nonethe-
less we believe that it is illustrative of what a database implementation of the
model could look like.
In Section 4.8 we argued that such a system could be implemented with a prob-
abilistic database. Since probabilistic database prototype systems do not sup-
port all research results mentioned in literature, we decided to build our pro-
totype not on top of an existing probabilistic database prototype, but rather
in a conventional relational database (PostgreSQL 8.4). The system is heavily
inspired by the probabilistic database prototype Trio [81, 79, 80].
The schema of our proof of concept system contains the following tables.
• eeg_certain
• eeg_uncertain
• eeg_certain_versioning
• eeg_uncertain_versioning
• eeg_lineage

The eeg_certain table contains the certain attributes of EEGs such as file-
name, fileidentifier and xid (x-tuple id). The eeg_uncertain table, mean-
while, contains attributes with uncertainty such as the diagnosis evidence as-
sociated with the EEG (label attribute) and the confidence value associated
with that diagnosis (conf attribute). If an EEG has, for example, two possible
diagnoses associated to it (epilepsy with a confidence p1 and artifact with confi-
dence 1−p1), then a tuple is associated with the said EEG in the eeg_certain
table and two tuples are associated with the said EEG in the eeg_uncertain
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Table A.1: Example of EEG metadata storage

Table eeg_certain
xid filename
1 EEG1.edf

Table eeg_uncertain
aid xid label conf
1 1 epilepsy p1

2 1 artifact 1− p1

table (one for each alternative) as shown in Table A.1. Each alternative is iden-
tified with the unique identifier aidwhich is linked to the eeg_certain table
with the xid identifier.
Versioning support is given with the versioning tables eeg_certain_versioning
and eeg_uncertain_versioning. These tables keep track of modifications
to the source tables eeg_certain and eeg_uncertain. In the proof of con-
cept system, we identify each different version with a version identifier. In
this way, the versioning tables contain all but the current version of the source
information while the source tables contain only the current version.
The eeg_lineage table stores the provenance of each of the tuples stored in
the eeg_uncertain table and, in particular, the provenance of the confidence
values associated with each EEG diagnosis alternative recorded in that table.
It records, for instance, whether a particular diagnosis alternative and its con-
fidence value are derived, for example, by similarity of an EEG with another
which has a diagnosis attached. It also records whether or not a particular
diagnosis alternative has been subjected to meta-evidence.

A.0.1 Details of the tables’ implementation

The following tables include various details about each of the tables contained
in our proof of concept system.

Table "public.eeg_certain"

Column Type
xid integer
filename text
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Table "public.eeg_uncertain"

Column Type
aid integer
xid integer
label text
conf double precision

Table "public.eeg_certain_versioning"

Column Type
xid integer
filename text
version integer

Table "public.eeg_uncertain_versioning"

Column Type
aid integer
xid integer
label text
conf double precision
version integer

Table "public.eeg_lineage"

Column Type
aid integer
src_aid integer
src_tables text
parent_xids text
parent_aids text
type_feedback text
user_bpa double precision
user_id text
feedback_weight double precision
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