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Abstract

This thesis is a result of a sandwich PhD that has been done in collaboration be-
tween the University of Groningen and the University of Cyprus. The research

work is presented here in two parts. The one comprises research on the applica-
bility of machine learning techniques for the early identification of chromosomal
abnormalities. The second part is focused on the application of these techniques on
folk music identification and recognition. The ultimate objective of this thesis is the
development of machine learning techniques that can be validated in real data in
medicine and musicology and that can have practical value.

Through the collaboration with the Fetal Medicine Foundation (FMF), the poten-
tial use of artificial intelligence techniques for the prognosis of fetal chromosomal
abnormalities in the first trimester of pregnancy is explored and reported in part I.
A dataset of more than 100000 cases of pregnant women that underwent in a pre-
natal screening was used to train Artificial Neural Networks (ANNs). This dataset
contains data for the normal cases (euploid) and five chromosomal abnormalities:
Trisomies 21 (T21), 18 and 13, triploidy and Turner syndrome. Standard cross vali-
dation techniques had been applied to test the performance and the generalization
abilities of the ANNs with unknown validation sets. It is shown in part I that the
ANNs achieve better results than other existing methods in terms of diagnostic rate
(DR) of chromosomal abnormalities (100% DR of T21) at a lower false positive rate.

The work presented in part II of the thesis has been done under a three-years re-
search project for the analysis of the folk music of Cyprus and the Eastern Mediter-
ranean Countries and it was funded by the Research Promotion Foundation of the
Republic of Cyprus. The COSFIRE filters that have been found effective for 2D and
3D signals, had been adapted for 1D music signals and their effectiveness in differ-
ent applications has been studied and the results are reported. More specifically, in
Chapters 5 and 6 we use the COSFIRE filters for melodic similarity and ornamen-
tation detection. We show that the proposed method using COSFIRE filters outper-
forms state-of-the-art methods such as the dynamic time warping that are used for
similar tasks.





Samenvatting

D
eze scriptie is het resultaat van een sandwich PhD die gedaan is in samenwerk-
ing met de universiteit van Groningen en de universiteit van Cyprus. Het on-

derzoekswerk wordt hier gepresenteerd in twee delen. Het ene deel bevat onder-
zoek naar de toepasbaarheid van zelflerende technieken voor de vroege identifi-
catie van chromosomale afwijkingen. Het tweede deel richt zich op de toepassing
van deze technieken op volksmuziek identificatie en herkenning. Uiteindelijk doel
van deze scriptie is de ontwikkeling van zelflerende technieken die in echte data
gevalideerd kunnen worden in medicijnen en musicologie en die van praktische
waarde kunnen zijn.

In samenwerking met de Fetal Medicine Foundation werd het potentiële ge-
bruik van kunstmatige intelligentie technieken voor de prognose van foetale chro-
mosomale afwijkingen in het eerste trimester van zwangerschap onderzocht en ger-
apporteerd in deel I. Een dataset voor meer dan 100.000 gevallen van zwangere
vrouwen die een prenatale screening kregen, is gebruikt om Kunstmatige Neurale
Netwerken (KNNet) te trainen. Deze dataset bevat data van de normale gevallen
en vijf chromosomale afwijkingen: Trisomieën (T21), 18 en 13, triploı̈de en Turner
syndroom. Standaard kruisvalidatietechnieken zijn ingezet om de prestatie- en gen-
eralisatiecapaciteiten van de KNNet te testen met onbekende validatiesets. In deel
I wordt aangetoond dat de KNNet betere resultaten behalen dan andere bestaande
methodes op het gebied van diagnostische nauwkeurigheid (DR) van chromoso-
male afwijkingen (100% DR of T21) tegen een lager vals-positief resultaat.

Het werk gepresenteerd in deel II van de scriptie is gedaan in een driejarig on-
derzoeksproject voor de analyse van de volksmuziek van Cyprus en de oostelijk
mediterrane landen en is gefinancierd door de Research Promotion Foundation van
de republiek Cyprus. De COSFIRE filters die effectief zijn gebleken voor 2D of 3D
signalen, zijn aangepast voor 1D muzieksignalen. Hun effectiviteit in verschillende
applicaties werd bestudeerd en de resultaten zijn gerapporteerd. Meer specifiek, in
Hoofdstuk 5 en 6 gebruiken we de COSFIRE filters voor melodische overeenkomst
en ornamentiek detectie. We tonen aan dat de voorgestelde methode, die gebruik
maakt van COSFIRE filters, beter presteert dan geavanceerde innovatieve methodes
zoals de dynamische tijdvervorming die gebruikt worden voor soortgelijke taken.
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Chapter 1

Introduction

Classification and data analysis techniques are nowadays applied in most of the
fields of science. In medicine, a significant amount of work has been done

for predicting or diagnosing diseases, using historical data from examinations of
previous patients (Fang et al. 2016).

For applications and tasks such as medical diagnosis, weather forecast, forex
prediction, pattern recognition in arts and culture, speech recognition, text identi-
fication and others, typically the information is digitally stored in databases and
processed computationally. In computer science, these datasets are used to build
systems that automatically perform actions and return results. In this thesis, I used
two different types of datasets to apply machine learning and signal processing tech-
niques for two tasks. In the first case which involves the early detection of chromo-
somal abnormalities, the data that I worked on contain medical observations from
pre-natal examinations, including both fetal and maternal characteristics. In the
second case, signal processing techniques and filter based methods for the identi-
fication of repeating patterns and ornamentations in ethnomusicological data are
proposed. These are presented in the second part of this thesis.

In medicine, data storage and health record of patients has been a common prac-
tice for medical doctors since the age of Hippocrates. Medical information related
to the evolution and the causes of a disease was stored. The modern health record
is structured in a more detailed way, including information from examinations such
as blood tests, heart rate, allergies, biophysical measurements, medicine taken and
many more. The advance of digital technology gave from one hand the opportu-
nity to develop specialized equipment for medical examinations such as ultrasound
screenings, MRI, automated systems for medicine control of patients, tools for surg-
eries etc, and on the other hand gave the ability of storing digital information from
many private doctors, networks of hospitals from several countries operating elec-
tronic health record systems.

The benefits of using an electronic health record system that ideally will be glob-
ally interoperable are many, both on a personal level, as well as on a social level.
Some of the benefits from the patients’ point of view are the opportunities for a bet-
ter health care, the safety of the personal data, the freedom of choosing more than
one doctor or hospital for a diagnosis and treatment among others. On a social level,
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the hospitals have digital libraries for the records of patients and there is substan-
tially reduced need for manpower, papers and storage rooms. There is also better
communication between the doctors of different hospitals. From the computer sci-
ence and machine learning points of view, we take advantage of the multitude of
data that are stored in such electronic health records in order to create systems that
identify and predict several diseases and thus for better health management.

What is important in machine learning, is to analyze with big data and extract
the knowledge and the usefulness through this analysis. In the last years, there
has been an attempt to analyze unstructured data and build models that are able to
identify patterns of interest. The Watson platform from IBM (Wolf et al. 2016) is an
example of such systems. In medicine, such unstructured data can be for example
the documents of the doctor.

The dataset I used for the identification of chromosomal abnormalities consists
of normal cases, called euploid, and five abnormal cases: trisomies 21 (T21), 18 (T18)
and 13 (T13), Turner syndrome and triploidy. More than 99% of the cases are euploid
and thus it is a highly imbalanced set. It is common in medical datasets that the pop-
ulations of the normal and the abnormal cases have an imbalanced relation due to
the fact that from the entire population of cases that are examined, only a small per-
centage will be positive to a disease. Examples of such datasets among others, are
described in (Klement et al. 2012) for computed tomography imaging of children, in
(Boughorbel et al. 2016) for breast cancer prognosis, in (Sheikhi and Altınçay 2016)
for type II diabetes detection and in (Dinov et al. 2016), for Parkinson’s disease pre-
diction.

The fact that in medical datasets typically the positive cases consist the minority
of the total population is encouraging for human nature and health, however it is
many times an obstacle for classification methods in terms of accurate generaliza-
tions. Every popular classifier such as Artificial Neural Networks (ANN), Support
Vector Machines (SVM), k-Nearest Neighbours (k-NN) and others have some draw-
backs in their methodology regarding the class imbalanced problem. In the litera-
ture, a lot of work has been done for creating balanced from imbalanced datasets
for classification (Mazurowski et al. 2008, Wilk et al. 2016, Hoens et al. 2013, Ste-
fanowski and Wilk 2008). This is typically done either by oversampling the minority
class (Pérez-Ortiz et al. 2015) or downsampling the majority class (Kubat et al. 1997).

In both approaches, it is important to make sure that the information that is
stored in the data that are used for training is not lost when downsampling the ma-
jority class or distorted when oversampling the minority class. One significant con-
tribution among others in this thesis, is the application of a method for downsam-
pling the majority class using the k-means algorithm. It is based on the assumption
that the euploid class can be represented with a number of subclasses. This assump-
tion rises from the large amount of cases that consist the euploid class and thus the
normality can be consisted with more than one pattern and it is difficult to be de-
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fined. It is also possible that subclasses exist in the minority class of the aneuploidy
cases, but it is difficult to safely drive such conclusion due to the limited number of
cases. Nevertheless, if the above assumption is valid, then the supervised methods
are forced to generalize a multi class feature space such as the euploid, into a single
class. In Chapter 3, it is shown that ANNs perform better when the populations in
both classes that are used for training are consisted with equal or similar number of
cases.

The findings in this thesis contributes also to the determination of the relative
significance that each feature has to the prediction or the diagnostic findings. This
has been facilitated through heuristic and through formal mathematical approaches.
In Chapter 3, I present the results of the ANNs that are built using different combi-
nations of input markers. In (Neocleous et al. 2016b), we applied the Generalized
Matrix Learning Vector Quantization (Biehl et al. 2006b) (GMLVQ) method to mea-
sure the relevances of the input markers. The results of the GMLVQ are in line with
the ones presented in Chapters 2 and 3.

Concerning the data in ethnomusicology, these are consisted of one for mono-
phonic or two for stereophonic dimensional feature spaces. These are typically the
sound pressure over time for the two channels left and right, that are converted
into electronic signal and stored in digital/audio format. Identifying specific fea-
tures that model and distinguish the folk music of non-Western countries requires
several adaptations of the existing algorithms in order to meet the particularities of
each country’s musical culture. Typically, for problems such as instrument identi-
fication, segmentation of important musical parts in a song and music similarity, a
set of low features, called descriptors are extracted directly from the audio signal
(Neocleous et al. 2014b). Then, by applying dynamic programming, higher level
features such as the scale of a song can be extracted and used for classification and
similarity measures (Gómez 2006). The contribution of this thesis in the field of the
Computational Ethnomusicology is presented in Chapters 5 and 6. An adaptation
of the COSFIRE filters (Azzopardi and Petkov 2013, Azzopardi and Petkov 2014) to
1D signals is proposed for tasks such as repeating pattern identification that is found
in melodies and for ornamentation detection. Further work was done for symbolic
representation of musical signals, tonal similarity, segmentation into important mu-
sical parts of songs and published in several conferences and workshops (Neocleous
et al. 2012, Neocleous et al. 2014a, Neocleous et al. 2014b). The COSFIRE filters out-
perform state-of-the-art methods in digital signal processing such as dynamic time
warping (DTW), as shown in Chapter 5.
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1.1 Scope

In part I of this thesis, the problem of the early diagnosis of fetal chromosomal ab-
normalities during pregnancy is addressed. The goal of this study is to explore the
potential use of machine learning techniques, such as ANNs, SVMs and k-NNs, in
order to generate classification models for predicting fetal chromosomal abnormal-
ities in the first trimester of pregnancy. The aim of the work done as presented in
Chapters 2, 3 and 4 is to achieve 100% diagnostic rate of the T21 at the lowest false
positive rate (FPR) possible.

Other equally important objective of this study include the optimization of a cut-
off value (threshold) that is applied to the output of the ANN of an unknown case
in order to binarize that value into a class between normal or abnormal. In most of
the classification methods, there is a need of using a cut-off value that separates a
similarity measure or a system output into a binary decision and that is in the range
between 0 and 1. In the identification of chromosomal abnormalities, we represent
the normal cases (euploid) with the number 0 and the abnormal cases with the num-
ber 1. A cut-off value that is closer to 0, returns high detection rates, at a cost of high
FPR.

The question here is how important is to identify the entire population of the
abnormal cases with respect to the number of the false positive classifications. These
are cases that will have to perform additional unnecessary examinations, including
invasive tests that may put a mother in risks for complications and the fetus in risks
for miscarriage.

In the optimization stage of the cut-off value, we consider several social and
financial aspects, such as the cost of a false positive classification with respect to the
cost of a false negative classification. There are several methods to optimize the cut-
off value as it has been discussed in (Neocleous et al. 2016). However, our criterion
is to use a cut-off value that will return a 100% detection rate (DR) for T21.

In addition to the objectives stated above, several other research questions of
equal importance are addressed that are related to practical aspects of the pre-natal
examination procedure. We attempted to minimize the number of parameters that
are needed as input to the system and at the same time to meet the above men-
tioned objective (100% DR for T21). In Chapter 3 we separate the available medical
markers into two groups that come from two different examinations. From the find-
ings of this study, we raised another question: is it possible to propose a two-stage
screening for reducing the number of unnecessary examinations? From the find-
ings in Chapter 4 it is shown that a two-stage approach can reduce dramatically the
number of invasive tests that are currently performed. The research questions are
summarized as follows:
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• How can we build an effective system that will require the least possible pre-
natal examinations?

• Which machine learning techniques are appropriate for the modelling of med-
ical data?

• How to deal with highly imbalanced datasets?

• How do ANNs contribute to the problem of the detection of chromosomal
abnormalities?

• How to determine the best cut-off value that guarantees a 100% DR of T21?

In the second part of this thesis, I propose a novel algorithm for the identification
of important patterns in 1D signals. This method is an adaptation of the COSFIRE
filters that are found effective in 2D and 3D signals such as in image processing. The
research questions in this part of the thesis are the following:

• Are the proposed COSFIRE filters effective and appropriate for applications
using 1D signals?

• How does their performance compare with other state-of-the-art methods?

• What differentiates the COSFIRE filters from other existing methods?

• How can the COSFIRE filters be used in other 1D signals than the ethnomusi-
cological data?

In Chapters 5 and 6 I first describe the proposed method and then I apply such
filters to ethnomusicological data for the identification of repeating patterns and
ornamentations. Particularly, in Chapter 5, I have applied the COSFIRE filters to a
dataset of 38 songs that I created and published online. From the results, it is shown
that COSFIRE filters outperform state-of-the-art methods. The COSFIRE filters are
found to be effective in the identification of patterns in signals that have temporal
variations, such as the singing voice. Similar to this idea is the well known method
DTW (Müller 2007). However, what differentiate COSFIRE filters from DTW is the
fact that the COSFIRE filters allow temporal tolerance that can be optimized with
parameters. Additionally, COSFIRE filters are more computationally efficient than
other methods. The COSFIRE filters proposed in this thesis can be applied in any
type of 1D signal. However, additional experiments need to be done to test their
performance on other tasks, such as the identification of k-complexes in EEG signals.
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1.2 Outline

The rest of the thesis is based on journal and conference papers that are either pub-
lished or accepted for publication or submitted to academic journals of high impact
factors. Some of the content in this thesis might be repeated in order to make the
chapters self contained.

In Chapter 2, the problem of the identification of chromosomal abnormalities is
introduced. In that Chapter, a two-stage approach for the detection of the T21 (stage
1) and the detection of the other chromosomal abnormalities (stage 2) is proposed.
A statistical analysis of the dataset is also presented and discussed with respect to
the discriminative power of every independent variable.

In Chapter 3, a more technical approach to the problem is introduced. In that
Chapter, an attempt is made to address questions such as whether to use normal-
ized or raw data for training the classifiers, and on whether a balanced training set
improves the performance of the models considering that the dataset is highly im-
balanced, like in many medical datasets. Finally, experiments have been done in a
heuristic way to explore the contribution of the parameters to the system.

In Chapter 4, a two-stage procedure is proposed for the detection of the chromo-
somal abnormalities. This is an extension of the work that is presented in Chapter
5. It is based on the premise that pregnant women perform the standard screening
in the first trimester of pregnancy which contains an ultrasound examination and a
blood test. In the first stage of our trials, when using 4 parameters (maternal age,
PAPP-A, β-hCG and the nuchal translucency), we achieve 100% DR of T21 at a rel-
atively high FPR of about 20%. In the second stage, all the cases that are ranked as
positive in stage 1, are further processed with another examination which includes
a specific ultrasonoghraphic scan to get information about the flow in two arteries
of the fetal cardio system. In stage 2, we achieve 100% DR of T21 and more than
80% of the other chromosomal abnormalities, at a FPR of less than 3%.

In Chapter 5, we apply the COSFIRE filters for the identification of repeating
patterns in ethnomusicological data. We have adapted the COSFIRE filters that are
found effective in 2D and 3D signals into 1D signals. It is shown in that Chapter
that the COSFIRE filters are effective for such problems and they can be applied in
signals of different scales.

In Chapter 6, I introduce another application for ornamentation detection in
singing folk music that is approached with the use of COSFIRE filters. It is shown
that the COSFIRE filters are able to capture such particular variations in 1D signals
and to identify similar patterns.

Conclusions and future work of this thesis are reported in Chapter 7.



Part I

Computational Intelligence in
Medicine





Published as:

A. Neocleous, K. Nicolaides, and C. Schizas, “First Trimester Non-invasive Prenatal Diagnosis:
A Computational Intelligence Approach,” IEEE Journal of Biomedical and Health Informatics, Vol. 20, 2015.

Chapter 2

First Trimester Non-invasive Prenatal
Diagnosis of Chromosomal Abnormalities

Abstract

The objective of the current study is to examine the potential value of using machine
learning techniques such as artificial neural network (ANN) schemes for the non-
invasive estimation, at 11-13 weeks of gestation, the risk for euploidy, trisomy 21 (T21)
and other chromosomal aneuploidies (OCA), from suitable sonographic, biochemical
markers, and other relevant data. A database1 consisted of 51208 singleton pregnancy
cases while undergoing first trimester screening for aneuploidies has been used for the
building, training and verification of the proposed method. From all the data collected
for each case from the mother and the fetus, the following nine are considered by the col-
laborating obstetricians as the most relevant to the problem in question: maternal age,
previous pregnancy with T21, fetal crown-rump length, serum free β-hCG in multiples
of the median (MoM), PAPP-A in MoM, nuchal translucency thickness, nasal bone, tri-
cuspid flow and ductus venosus flow. The dataset was randomly divided into a training
set that was used to guide the development of various ANN schemes, support vector
machines and k-nearest neighbours models. An evaluation set used to determine the per-
formance of the developed systems. The evaluation set, totally unknown to the proposed
system contained 16,898 cases of euploidy fetuses, 129 cases of T21 and 76 cases of OCA
The best results were obtained by the ANN system which identified correctly all T21
cases i.e. 0% false negative rate (FNR) and 96.1% of euploidies i.e. 3.9% false positive
rate (FPR), meaning that no child would have been born unexpectedly with T21 if only
that 3.9% of all pregnancies had been sent for invasive testing. The aim of this work is to
produce a practical tool for the obstetrician which will ideally provide 0% FNR, and rec-
ommend the minimum possible number of cases for further testing such as invasive. In
conclusion it was demonstrated that ANN schemes can provide an effective early screen-
ing for fetal aneuploidies at a low FPR with results that compare favorably to those of
existing systems.

1The data set can become available for academic purposes by communicating directly with the au-
thors.
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2.1 Introduction

The identification of chromosomal abnormalities in the early stages of pregnancy
can be achieved, with high confidence, by performing an amniocentesis test or

a chorionic villus sampling test (CVS) (Brambati et al. 1985). These methods how-
ever, are invasive and carry high risk for miscarriage or cause medical side effects
to the pregnant woman.

2.1.1 Invasive Methods

In the work of Tabor and Alfirevic (Tabor and Alfirevic 2009), it is reported that
amniocentesis and CVS have a miscarriage rate of 0.5 - 1.0%. Furthermore, the am-
niocentesis test should not be performed prior to the 15 weeks of pregnancy since
the miscarriage rate increases significantly, while there is also increased risk of de-
veloping talipes equinovarus (Sundberg et al. 1997).

Therefore, the amniocentesis or the CVS test should not be performed unless
there are serious indications of high risk for chromosomal aneuploidy in the fetus.
It is also emphasized that both of these methods carry additional costs to the family
which is not a trivial issue.

2.1.2 Non-Invasive Methods

There has been an increased interest and need of exploring non-invasive methods
for the prediction of chromosomal aneuploidies in the first trimester, or earlier, of
pregnancy. In the literature, several methods that were aiming at a non-invasive
prediction of chromosomal abnormalities had been reported. These methods can be
classified into three main categories, based on their methodology:

First-trimester pre-natal statistical screening

Statistical methods for appraising the probability of aneuploidy are properly ap-
plied on several markers that are obtained by an antenatal test. Typically, the mark-
ers used are the fetus crown ramp length (CRL), the fetal nuchal translucency (NT),
the maternal age (MA), the pregnancy-associated plasma protein-A (PAPP-A), the
serum free β-hCG, the ductus venosus flow (DV), tricuspid valve flow and oth-
ers (Nicolaides 2011, Spencer 2007, Dugoff et al. 2010). The risk for aneuploidies
increases with maternal age and it is higher in women with previous affected preg-
nancies. It also increases with fetal nuchal translucency thickness and is higher in
those with absence of the fetal nasal bone and with abnormal flow through the duc-
tus venosus and across the tricuspid valve. The maternal serum concentration of the
placental products free β-human chorionic gonadotropin and pregnancy associated
plasma protein-A also influence the risk for aneuploidy (Nicolaides 2011). Serum
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PAPP-A is decreased in trisomies 21, 18, 13 and the Turner syndrome, while serum
free β-hCG is increased in T21, decreased in trisomies 18 and 13 and not altered in
the Turner syndrome.

Most of these methods use posterior probabilities based on the median and the
standard deviation of the markers, or by using a suitable multivariate statistical ap-
proach. Typically, the models output a probability on the risk of fetus aneuploidy.
In the work of Nicolaides et al. (Nicolaides et al. 2005), a multivariate likelihood
approach is described for the identification of the T21 in the first trimester of preg-
nancy. A multiplication of the maternal age-related risk and each likelihood ratio
(LR) derived from the fetal NT and maternal weight-adjusted serum free β-hCG
and PAPP-A outputs the patient-specific risks for aneuploidy. More on this method
can be found in (Reynolds and Penney 1990).

Traditionally, screening for aneuploidies is done by estimating the patient-
specific risk for each aneuploidy. This is done by multiplying the a priori risk, by
a factor of approximately 1.75 in cases with a previous history of aneuploidy. The
likelihood ratio for each ultrasonographic and biochemical marker is used to cal-
culate the detection and FPRs by taking the proportions with risks above a given
risk threshold (Nicolaides 2011). The likelihood ratios for the categorical variables
such as the absence or presence of nasal bone and the abnormality of flow in the
tricuspid or ductus venosus valves, are ratios of prevalence of each marker in each
type of fetal aneuploidy to the prevalence in euploidy fetuses. In the case of con-
tinuous variables, such as fetal NT thickness and maternal serum free β-hCG and
PAPP-A, the likelihood ratios are derived from the overlap of the Gaussian distri-
bution of each marker in each type of fetal aneuploidy with the respective Gaussian
distribution in euploidy fetuses.

Maternal cell-free DNA screening

Schmorl’s experiment with women who died of eclampsia was the first study to
suggest that fetal cells circulate in the mother’s blood (Schmorl 1893). It is estimated
that 1 in 1000 to 1 in 10000000 nucleated cells in maternal blood are fetal (Bianchi
et al. 1990). The isolation of fetal DNA from the maternal DNA could give insights
for studying genetic diseases. For the problem under study, the isolation of the
fetus DNA is still extremely hard to achieve, it is labor intensive and requires highly
skilled operators. While the majority of the studies focused on the identification
of the T21 (Ehrich et al. 2011, Chiu et al. 2011), recently the trisomies 18 and 13
are also identified. In (Papageorgiou et al. 2011), Papageorgiou et al. claim a very
good prediction (100%) of 26 euploidy and 14 cases of T21 in the validation set,
by determining the DNA methylation ratio of 12 selected differentially methylated
regions (DMRs).
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Other studies used similar approaches, mainly for T21, trisomy 18 (T18) and T13
(T13) (Myers et al. 2004, Ashoor et al. 2012, Palomaki et al. 2011). Palomaki et al.,
(Palomaki et al. 2011) report a detection rate of 100% for T18 and 91.7% for T13
with a FPR of 0.28% and 0.97% respectively. However, the test was done in the
late first and early second trimester of the pregnancy which can be considered rel-
atively late for abortion. Most importantly, the circulating cell-free DNA fragments
are being presented as differentially methylated markers and not identified under
microscope. Then, the procedure for the prediction of the risk for aneuploidies is
done with simple statistical analysis of the methylated markers.

The above described non-invasive methodologies have their relative advantages
but at the same time have their disadvantages. The first methodology suffers in
the sense that one cannot combine and examine simultaneously all the relevant pa-
rameters of the case or visualize them in a multidimensional space. Visualization
of more than three parameters at a time is extremely difficult and not practical in a
medical environment. Also, parameters which are correlated can lead to unreliable
conclusions. In the second methodology, the parameters used (called markers) have
no relation to the phenotype of the fetus, such as for instance the CRL or the fetal
heart rate which for the certain problem is important. In the majority of the pub-
lished studies the population of their databases is very small for drawing reliable
conclusions for such a complex problem. For instance in (Papageorgiou et al. 2011),
they are dealing with 40 cases (euploidy and T21). Even though this work was
published in Nature Medicine, one can identify two important limitations of the
proposed method which imply lack of scientific confirmation. For such a complex
problem, it is not convincing whether a perfect prediction of a population of 40
cases is satisfactory for drawing robust conclusions. In contrast to this database,
we studied more than 51000 cases of pregnant women and validated 16,898 cases
of euploidy fetuses, 129 cases of T21 and 76 cases of OCA. Also, there is no infor-
mation in (Papageorgiou et al. 2011) whether the results were cross validated. It is
important to present cross validated results such as 10-fold or leave-one-out cross
validation. In this scenario, one can have a better insight about the generalization
ability of the method. Therefore, it is not explicit if their method will yield simi-
lar results by randomly selecting different training and test sets. Another serious
limitation of the study (Papageorgiou et al. 2011) is the fact that only euploidy and
T21 can be handled; what will the system predict if the unknown case in question
is T13 or OCA? Furthermore, the whole analysis even though is based on the exis-
tence of free DNA cells of the fetus in the mother’s blood no such cell is isolated for
singling out the pathological gene. The determination of a pathological existence in
the genes is done statistically and probabilistically.



2.1. Introduction 13

Computational Intelligence

In this study, we report a computational intelligent approach for the non-invasive
estimation of the risk of aneuploidies. This approach involves the development of
a system-predictor which takes as input a number of parameter values. These val-
ues have different origins and source, and they are collected at certain pre-specified
times during pregnancy. For example during the first-trimester screening for fetal
T21 and for OCA, certain parameter values are recorded which are a combination of
maternal and feto-placental nature (Nicolaides 2011).

The computational ANNs, which are a specific paradigm of computational
intelligence, had been used as effective classifiers and predictors for the last 25
years. Indeed, they had been extensively applied in medical and biological re-
search and applications (Patel and Goyal 2007, Schnorrenberg et al. 1997, Schizas
and Pattichis 1997, Neocleous et al. 2010).

ANNs are essentially mathematical algorithms implemented in software that
learn from data and capture the knowledge and the internal dynamics that are con-
tained in the data. Suitably trained models approach the functionality of small bi-
ological neural systems in a very fundamental manner that mimics human-like be-
havior. Thus, once they are properly trained they exhibit computational intelligence
in a simplistic mimicry of the biological intelligence. They constitute a very sim-
ple digitized model of the biological brain and in some cases can detect complex
non-linear relationships between dependent and independent variables in a dataset
which may be undetectable by a human brain. Indeed, they can execute certain
tasks, especially in classification and recognition that would be extremely difficult
to be done by the traditional and conventional computing techniques. They can
learn from data, even in self-organized manners.

In the medical field, ANNs proved to be a powerful method for medical di-
agnosis. As an example, Al-Shayea (Al-Shayea 2011) reports a medical diagnosis
system for acute nephritis disease and heart disease using feed forward ANN. A
correct classification of 99% has been reported. Hayashi and Setiono (Hayashi and
Setiono 2002) used a two level approach combining two ANN systems for the diag-
nosis of hepatobiliary disorders. In this study, the database consisted by 536 samples
with nine input features describing four hepatobiliary disorders: Alcoholic Liver
Disease (ALD), Primary Hepatoma (PH), Liver Cirrhosis (LC) and Cholelithiasis
(C). Their best ANN models classified 95% of the four diseases. A chest disease di-
agnosis system is reported in (Er et al. 2010). The database in this work consisted
of chest disease measurements of 357 samples and six classes, namely Tuberculo-
sis, COPD, Pneumonia, Asthma, Lung Cancer and Normal. All samples had thirty
eight features. The authors report 90.2% average classification accuracy for all the
six classes. Other studies that used ANN are referenced in (Khan et al. 2013, Maithili
et al. 2011) and (Stephan et al. 2008).
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The objective of our study is to examine the potential value of ANNs and other
computational intelligence techniques in the prediction of the risk for T21 and OCA
from ultrasonographic and biochemical markers at 11-13 weeks of gestation.

In section 2.2, computational intelligence approach and the proposed method
are presented and discussed. Furthermore, statistical analysis has been applied to
the non-binary features. This analysis is presented including the visualization of
the feature distributions, and the testing of the separability of the features in pairs.
In section 2.3 we present our experiments and results and in section 2.4 we discuss
further the results of the present work and how it is compared with other methods.
Finally, in section 2.5 we report our conclusions.

2.2 Methods

In this section we present the computational intelligence approach that has been
adopted, the procedure for data collection, the data grouping into cross-validation
sets, and two schemes for aneuploidy risk prediction. We have implemented models
with ANNs, support vector machines (SVM) (kernel 1 and 2) and k-nearest neigh-
bours (k-NN).

2.2.1 The artificial neural network diagnostic system

Many different ANN structures had been proposed and used by researchers in dif-
ferent fields. The most widely used ANN structure is the fully connected multilayer
feed forward structure (FCMLFF). Mathematically this is represented by Eq. 2.1 as:
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Where yrLsiL is the output value of each neuron i of layer L that has a total of nL
neurons. Typically, the function has a squashing form such as the logistic or the
hyperbolic tangent. WL´1,L is the set of weights associating neurons in layer L ´ 1

to neurons in layer L.
In this study, we used fully connected feed-forward ANNs as described in Eq.

4.2. The first layer is typically called input layer and it has as many neurons as the
input parameters. The weights in the ANN represent the intensity of the processes
in the synapses of the biological neural network. In a practical implementation of
ANNs, the initial values of the weights are typically set to random values.

Once the ANN topology is decided, an effective training and tuning procedure
needs to be implemented, so that the network will achieve the capability for gener-
alization as a risk estimator. Many training procedures had been proposed and are
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available for implementation. The most widely used for feed forward networks is
the backpropagation algorithm (Werbos 1974). In this work, we implemented fully
connected feed-forward neural networks with backpropagation learning. The justi-
fication for selecting this simple network is discussed further down. The activation
function for the input layer and the hidden layer was set to logistic. We have trained
and validated a large number of networks by changing different parameters in the
training procedure. The best results were obtained with the networks built with 20
to 40 neurons in the hidden layer as will be explained in the results.

2.2.2 Database and Parameters Used

The data set used was collected from women having singleton pregnancies while
attending the Fetal Medicine Centre at Kings’ College Hospital and University Col-
lege London Hospital in London, for aneuploidy screening at 11+0 to 13+6 weeks
of gestation. The maternal age and the previous history of the pregnancy, in partic-
ular on whether there was a previous case of T21 were recorded. Also, a trans-
abdominal ultrasound examination was performed for measurement of the fetal
CRL and the NT thickness, as well as an assessment of the fetal nasal bone and
the flow in the DV and across the tricuspid valve. These were done by sonogra-
phers who had received the appropriate Fetal Medicine Foundation Certificates of
Competency. The pregnancy was dated according to the measurement of the fetal
CRL (Robinson and Fleming 1975). Additionally, maternal blood was collected and
used to measure serum PAPP-A and serum free β-hCG concentrations through au-
tomated machines that provide reproducible results within 30 min (Delfia Express
System, Perkin Elmer). The measured PAPP-A and serum free β-hCG were con-
verted into multiples of the median (MoM). The measured fetal NT was expressed as
a difference from the expected normal mean for the specific CRL (Wright et al. 2008).
These maternal demographic characteristics, ultrasonographic measurements and
the biochemical results were recorded in a structured database.

The following nine parameters were used as suitable markers that could help
in establishing the risk for aneuploidies: maternal age in years, history of previous
pregnancy with T21, fetal CRL in mm, serum free β-hCG in MoM, PAPP-A in MoM,
delta NT in mm, nasal bone (present or absent), tricuspid flow (regurgitation or
normal) and ductus venosus flow (reversed a-wave or normal).

2.2.3 Statistical Analysis of the Data

In this section we present the results of a statistical analysis that has been applied
to the data. The aim of this analysis is to discover the significance of separability
between pairs of distributions for each feature, by means of their medians. That is,
to test for the statistical null hypothesis whether data who belong to same category
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share equal medians. Moreover, we have tested the normality of the distribution of
each feature. This was done to create a better understanding of our data, as well as
to avoid using methods that require normal distributions in the input feature space,
such as the gaussian mixture models and the Student’s t-test. The histogram of each
non-binary feature has been computed for all the classes of our database, namely
euploidy, T13, T21, T18, Triploidy and Turner. The normality of the data was tested
with the Kolmogorov-Smirnov test (Kolomogoroff 2013).

In Table 2.1 the results of the normality test are shown. In the first row the names
of the five non-binary markers are shown, while in the first column the names of
the classes (euploidy or aneuploidies). It should have been expected that the data
used in this study will not follow a normal distribution since the population under
study is not normally distributed by nature, since pregnancy occurs in a certain age-
range which is naturally skew to the right; in this large database used in this study
contains proportionally much more trisomy cases than reported statistically. For
example T21 occurs 1 in about 800 pregnancies, and thus in our database we should
have had 65 cases instead of 408. Similarly, T18 occurs 1 in 5000 pregnancies and
thus we should have had 10 instead of 145 cases, T13 1 in about 16000 pregnancies,
etc.

The results of the normality test confirm this reality. Another factor which may
had contributed to this is the fact that our database is highly imbalanced, ie. eu-
ploities are by far more than aneuploidies. In large sample sizes, the probability
that a normality test will reject the null hypothesis that the sample comes from a
normal distribution increases due to samples that depart from normality which are
statistically significant. Furthermore, the population in the classes of T13, Triploidy,
and Turner is relatively small pă 50q and therefore the rejection of the null hypothe-
sis may be because of insufficient number of samples.

A widely used method to measure the separability between two classes for a
given feature is the Student’s t-test. The Student’s t-test assumes that the testing
data follow a normal distribution and the population of the two classes is equal.
The t-test rejects the null hypothesis at a confidence level of 95% (p ă 0.05) where p
is the estimated probability of rejecting the null hypothesis.

Taking into consideration that a subset of the features does not follow a normal
distribution and the population between the classes is not equal, the t-test could not
be applied.

The significance of the difference between the medians of every class for the
non-binary features was computed by the paired-difference Wilcoxon Rank Sum
method (Wilcoxon 1945). The Wilcoxon Rank Sum method is a non-parametric
method in contrast with the widely used t-test method. It has been proposed by
Frank Wilcoxon in 1945 and popularized by Sidney Siegel in 1956 in applications to
behavioural sciences. The p-values of the Wilcoxon Rank Sum method are summa-
rized in Table 2.2. The pairs for testing the null hypothesis are shown in the first
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Table 2.1: Results from the Kolmogorov-Smirnov test (Normality test). “MA” stands
for maternal age, “N” stands for normal distribution while “NN” stands for non-
normal distributions.

MA CRL PAPP-A β-hCG delta NT

Euploidy NN NN NN NN NN

T13 N N NN N N

T18 N N NN NN N

T21 NN N NN NN NN

Triploidy N N NN NN NN

Turner N N N NN N

column in Table 2.2. The word “True” signifies rejection of the null hypothesis and
“False” acceptance. The null hypothesis that the medians of the data being com-
pared have no statistical significance is rejected with a p-value that is less than 0.05.
The method rejected the null hypothesis for all the features for the pairs “euploidy
& T13”, “euploidy & T18”, “euploidy & T21, T18 & Turner”, “T21 & Triploidy”, and
“T21 & Turner” and therefore the results were excluded from Table 2.2.

In Figs 2.1 to 2.5 we use the box-plots to present the median, the standard
deviation, the normality of the distribution and the outliers of each feature. The
total range of each feature is shown with a vertical dashed line while the lowest and
the highest values are shown with small horizontal lines at its ends. The box in the
middle represents the distribution of the feature in the range between the points of
the first quartile (Q1) and the third quartile (Q3), where Q1 is defined as the middle
number between the smallest number and the median of the data set. Similarly, Q3
is defined as the middle value between the median and the highest value of the data
set. The median of each feature is shown with a small horizontal line within the box.
In each figure, a box-plot of a feature is plotted against all the six classes. A dashed
and a solid horizontal lines show the median of the euploidy and the median of the
T21 respectively. These two lines were placed manually for visualization purposes.

The purpose of this analysis is to gain additional knowledge about the statistical
properties and the significance of the separability of every feature. For instance,
the medians of the populations of each class can be roughly compared by simply
observing the distance between them. Also, it is interesting to visualize how the
distribution around the median is spread. This can be done by observing the area
enclosed in the box around the median. The normality of the distribution can also
be observed if the median lies in the middle of the box. The outliers are also marked
by a cross allowing a rapid way to estimate their population and their statistical
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significance with respect to the distance from the median.
Fig. 2.1 shows statistical information of the fetal CRL parameter. The value

of the CRL is extracted during the ultrasound screening. The doctor is manually
annotating the preferred positions of the crown ramp by looking at the fetus on the
screen. The manual annotation of the CRL creates a possibility for human errors in
the measurement. Indeed, it may be that the high variance of the data for all the
classes can be explained due to this observer error. It is worth mentioning that the

Table 2.2: The significance of the difference between the medians of every class com-
puted by the paired-difference using the Wilcoxon Rank Sum method.

Pairs tested MA CRL PAPP-A β-hCG delta NT
Euploidy
Triploidy

0.89
True

ăă0.05
False

ăă0.05
False

ăă0.05
False

0.99
True

Euploidy
Turner

0.08
True

0.14
True

ăă0.05
False

ăă0.18
True

ăă0.05
False

T13
T18

0.14
True

0.28
True

0.02
False

ăă0.05
False

0.08
True

T13
T21

ăă0.05
False

ăă0.05
False

ăă0.05
False

ăă0.05
False

0.06
True

T13
Triploidy

0.04
False

0.3
True

0.03
True

0.05
True

ăă0.05
False

T13
Turner

ăă0.05
False

0.19
True

ăă0.05
False

ăă0.05
False

ăă0.05
False

T18
T21

0.13
True

ăă0.05
False

ăă0.05
False

ăă0.05
False

ăă0.05
False

T18
Triploidy

ăă0.05
False

0.79
True

0.07
True

0.35
True

ăă0.05
False

Triploidy
Turner

0.32
True

0.04
False

ăă0.05
False

0.03
False

ăă0.05
False
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median of the T21 is significantly higher from the euploidy while the median of the
OCA is lower. This fact also explains that a system which in the training procedure
takes all the trisomies as a single class may not achieve a robust generalization.

In Fig. 2.2 it is shown that the variance of the data for the serum free β-hCG fea-
ture is narrow with an exception on the data of the triploidy. As can be seen, there is
one extreme outlier that forces the data to a non-gaussian distribution. This is rea-
sonable, taking into account the small population of in this class. The feature serum
free β-hCG has high separability by means of their median, for the pair “euploidy
& T21” and low separability for the pairs “euploidy & Turner”, “T13 & Triploidy”
and “T18 & Triploidy”.

The analysis of the feature Delta NT is shown in Fig. 2.3. The variance of the
data in the classes T13, T18 and Turner is relatively higher with respect to the data
in the euploidy and triploidy classes. It is also shown that the separability between
the euploidy and the trisomies T13, T18, T21 and Turner has statistical significance.

It is well known that the maternal age plays a significant role for the classification
of the euploidy or T21. This can also be observed in Fig. 2.4. The mean maternal age
of the euploidy is 33 years while for the T21 is 38 years. It can be seen also that the
means of euploidy and triploidy do not have significant statistical differences. While
the mean of the materal age of T21, T13 and T18 is significantly higher,the mean for
Turner is significantly lower. This can be seen in Fig. 2.4 and mathematically by the
Wilcoxon Rank Sum method, shown in Table 2.2.

There is a statistical significance in the difference of the means between euploidy
and the rest of the trisomies for the feature PAPP-A. In Fig. 2.5 it is shown that the
mean of the euploidy has a higher value with respect to the means of the OCA The
variance of all the classes for this feature is relatively low. In addition to the statis-
tical analysis done in these data and the useful information regarding the nature of
the data, an expert obstetrician can use these graphs while examining a new case.
It can provide to him a tool for visualizing a new case with respect to thousands of
previously confirmed cases.

2.2.4 Cross validation

The systems and approach described in this chapter were tested with a 3-fold cross
validation. This was done by randomly dividing the data of 51208 (50517 euploidy,
408 T21, and 283 OCA) pregnancies into three training and evaluation sets contain-
ing proportionally the same numbers of euploidy and aneuploidy cases, as shown
in Tables 2.3 and 2.4.
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Figure 2.1: Visualization of statistical properties of the CRL feature.
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Figure 2.2: Visualization of statistical properties of the β-hCG MoM feature.
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Figure 2.3: Visualization of statistical properties of the Delta NT feature.
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Figure 2.4: Visualization of statistical properties of the Mother’s age feature.
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Figure 2.5: Visualization of statistical properties of the PAPP-A MoM feature.

Table 2.3: The number of cases that were used for training in the cross-validation
procedure.

Training Euploidy T21 T18 T13 Triploidy Turner

Fold 1 33,619 279 106 38 22 41

Fold 2 33,840 278 105 39 23 40

Fold 3 33,982 277 104 37 24 39

2.2.5 System 1: Classification into two classes: euploidy and T21

The dataset was split into a training and an evaluation set. The training dataset con-
sisted only of euploidy and T21 pregnancies (Fig. 2.6), whereas the evaluation set
contained also cases with OCA Various supervised models with ANN, SVM (kernel
1 and 2) and k-NN were developed and the best results in separating euploidy from
T21 pregnancies were achieved by using a standard multilayer feed-forward neural
network with one hidden layer. There were nine neurons in the input layer (9-input
model), representing the nine markers that were used for training the networks (Ta-
ble 2.5). The network output target was set to 0 for T21 and 1 for euploidy.
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Table 2.4: The number of cases that were used for validation in the cross-validation
procedure.

Validation Euploidy T21 T18 T13 Triploidy Turner

Fold 1 16,898 129 39 14 10 13

Fold 2 16,677 130 40 13 9 14

Fold 3 16,535 131 41 15 8 15

After completion of the learning process through the use of the training dataset,
the system was tested by the evaluation dataset which consisted of euploidy, T21
and OCA It is important to mention that system 1 can be considered as an au-
tonomous system where T21 cases are detected with considerably low FPR. The
drawback of this system is that the OCA are mostly predicted as euploidy. These
false negative predictions of the OCA are important to be identified as abnormali-
ties. While generally the OCA have an increased possibility of miscarriage during
pregnancy, and therefore the early diagnosis of such abnormalities are not consid-
ered to have equal importance to the T21, in some cases the embryo survives until
the late stages of pregnancy, or it is born and die few days later. This fact may cause
health complications to the mother, and generate additional psychological damage
to the relatives.

In order to predict correctly the OCA we propose system 2 that minimizes the
FNR with a cost of increasing the FPR and causing a false alarm to some families.
The doctors may use system 1 or system 2, having in mind the cost and the risk of
sending a euploidy for further invasive examinations or considering an abnormal
case as euploidy and let the pregnancy continue naturally.

2.2.6 System 2: Separate classification of three classes: euploidies,
T21 and all the OCA

The same approach followed in developing system 1 had been followed for gener-
ating suitable classification models that could separate not only T21 from euploidy
cases but also to test for the capability to separate the OCA from the euploidy cases.

In a first attempt we tried to build a neural network that could predict six situa-
tions. These were set as the outputs of the ANN. They were the euploidy, T21, T18,
T13, Turner syndrome and triploidy. Although the cases of T21 were separable from
euploidy, when the OCA were involved during the training phase of the network,
this separation deteriorated and most of the OCA were classified as euploidy. Thus,
this approach was abandoned.

A second approach that we tested was to build neural networks that were trained



24 2. First Trimester Non-invasive Prenatal Diagnosis of Chromosomal Abnormalities

Table 2.5: The parameters used as input vectors for the training models

Parameter Model of 6 inputs Model of 9 inputs

Maternal age Used Used

History of previous T21 Used Used

Crown rump length Used Used

Delta nuchal translucency Used Used

Serum PAPP-A Used Used

Serum free β-hCG Used Used

Nasal bone Not Used Used

Ductus venosus flow Not Used Used

Tricuspid flow Not Used Used

System 1
Trained: Euploidy - T21

Evaluated: Euploidy - T21 - OCA

9 Input

Euploidy T21

TN: 96.1% FN: 26.8%
(None T21)

TP (T21): 100.0%
TP (OCA): 27.0%

FP: 3.9%

Figure 2.6: System 1, distinguishing between euploidy and T21 for the 9 input ANN.
In this system the training set contained only euploidy and T21 cases. The evalua-
tion set contained euploidy, T21 and OCA

to separate euploidy from T21, euploidy from T18, euploidy from T13, euploidy
from Turner syndrome, euploidy from triploidy and T21 from OCA. This approach
was also abandoned since it failed to successfully separate the groups. It was ob-
served however, that most of the false positive cases (i.e. euploidy cases classified
as aneuploidy) were the same for all the models examined. Thus, it was decided to
exclude the models “euploidy & T13” and “euploidy & triploidy” from the overall
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System 2

Stage 1

Stage 2

Trained: Euploid - T21 - 9 input
Trained: Euploid - T18 - 6 input

Trained: Euploid - Turner - 6 input
Evaluated: Euploid - T21 - OCA

Combination of 9 input and 6 input

Euploid Aneuploid

TN: 93.6% FN: 4.4%
(None T21)

Stage 2

Trained: T21 - OCA - 9 input

Evaluated: Aneuploidy from Stage 1

T21 OCA

TP: 100.0% FP (Eupl): 3.9% TP: 95.5% FP (Eupl): 6.4%

Figure 2.7: System 2, distinguishing between euploidy, T21 and OCA It is a combina-
tion of four ANN trained with 1) euploidy and T21, 2) euploidy and T18, 3) euploidy
and Turner and 4) T21 and OCA

system due to very low performance and combine the results of the three systems
in a logical way (“euploidy & T21”, “euploidy & T18”, and “euploidy & Turner
syndrome”).

System 2 was therefore decided to involve two stages for distinguishing between
euploidy, T21, and aneuploidy pregnancies. In Stage 1, each case is assessed inde-
pendently by the three models explained above and classified as euploidy or aneu-
ploidy (T21, T18 or Turner syndrome). This is done with the logical statement ”If a
case is classified as euploidy by all three models then this case is given a final classi-
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fication as euploidy, otherwise is classified as OCA and is sent to Stage 2 for further
examination”. In Stage 2, all aneuploidies are reassessed by a 9-input model of “T21
& OCA” with a binary output (0 for T21 and 1 for OCA) and reclassified into T21 or
OCA as shown in Fig. 2.7.

2.3 Results

We present our results in terms of detection rate, the accuracy, and Matthews cor-
relation coefficient (MCC) (Matthews 1975). A correct classification of an abnormal
case is called true positive prediction (TP), while a false classification of an abnormal
case is called false negative prediction (FN). True negative (TN) and false positive
(FP) are the correct and false classification respectively, for a normal case. The de-
tection rate is defined as the correctly classified instances divided by the total pop-
ulation of each class. The accuracy is defined as the sum of true positives and true
negatives divided by the total population. The MCC is a balanced measure of the
quality of binary classifications in the range -1 and 1 and it is commonly used to
describe the results of highly imbalanced class populations. A value of -1 represent
a complete error of classification while a value of 1 represents perfect classification.
A value of 0 shows random classification. It was introduced by the biochemist Brian
W. Matthews in 1975 and it is defined as:

MCC “
TP ˚ TN ´ FP ˚ FN

a

pTP ` FP qpTP ` FNqpTN ` FP qpTN ` FNq
(2.2)

2.3.1 System 1: Classification into two classes: euploidy and T21

The results of System 1 for fold 1 and for ANN, SVM (kernel 1 and 2) and k-NN are
summarized in Table 2.6. The results of the three-fold cross validation for ANN are
shown in Table 2.7. In table 2.8 we present the histogram of the output of the 9-input
model where in the range 0 to 0.5 the system correctly identified as abnormal all 129
cases of T21 with a FPR of 3.9%. In the case of T21 pregnancies the average output
value was 0.029 (standard deviation 0.074) and in 123 (95.4%) of cases the output
was in the range of 0 to 0.2. In the euploidy pregnancies the average output value
was 0.95 (standard deviation 0.15) and in 15,604 (92.3%) of cases the output was in
the range of ą0.8 to 1. The overall diagnostic yield of the system was true negative
rate (TNR) of 96.1%, FNR of 0%, true positive rate of 100% and FPR of 3.9% (Fig.
2.6). Table 2.8 can become a practical tool because it can show for example that the
FPR can be reduced considerably to 1% by simply reducing the threshold to 0.2, if
the society is ready to support 4.6% of the undetected (FN) T21. This can also be
interpreted as roughly 50 cases of T21 in 1000000 births.
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Table 2.6: Accuracy and the Matthews correlation coefficient (MCC) of the ANN,
SVM and k-NN of System 1 for the first validation dataset. System 1 was trained
with euploidy and T21 cases. It was validated for the entire database including
euploidy, T21 and OCA.

System 1 Accuracy MCC

ANN 0.96 0.40

SVM 1 0.93 0.31

SVM 2 0.92 0.28

k-NN 0.92 0.28

Table 2.7: Detection rates of ANN of System 1 for the three validation datasets. Sys-
tem 1 was trained with euploidy and T21 cases. It was validated for the entire
database including euploidy, T21 and OCA.

System 1 Euploidy T21 OCA

Fold 1 96.1% 100.0% 27.6%

Fold 2 97.1% 93.9% 57.9%

Fold 3 97.2% 90.1% 65.8%

2.3.2 System 2: Classification into three classes: euploidy, T21 and
OCA

System 2 is consisted of two subsystems (Stage 1 and Stage 2). In Stage 1 the system
classifies an unknown case as euploidy or aneuploidy. In Stage 2, the aneuploidies
are being further classified as T21 or OCA. (Fig. 2.7).

Classification into euploidy or aneuploidy by three models.

The network combined the 9-input model “euploidy & T21” (used in system 1) and
the 6-input models “euploidy & T18” and “euploidy & Turner” syndrome. This
network correctly classified as euploidy (concordance in all three systems) 15820
(93.6%) of the 16898 euploidy cases and as aneuploidy (in any one of the three sys-
tems) 196 (95.6%) of the 205 aneuploidy cases, including all 129 cases of T21 (100%),
34 (87.2%) of the 39 cases of T18, 11 (78.6%) of the 14 cases of T13, 8 (80%) of the 10
cases of triploidy and 11 (84.6%) of the 13 cases of Turner syndrome (Fig. 2.7).

Therefore, at the end of Stage 1, 1274 cases were classified as aneuploidy, in-
cluding 1078 euploidy pregnancies (FPR 6.4%) and 15829 cases were classified as
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Table 2.8: Performance of System 1, the 9-input model “euploidy & aneuploidy”
where each case was quantified to a class between 0 and 1.

Output Euploidy n=16,898 T21 n=129 OCA n=76

0 to 0.1 104 (0.6%) 115 (89.2%) 12 (15.8%)

ą 0.1 to 0.2 80 (0.5%) 8 (6.2%) 3 (3.9%)

ą 0.2 to 0.3 129 (0.8%) 3 (2.3%) 1 (1.3%)

ą 0.3 to 0.4 138 (0.8%) 2 (1.6%) 2 (2.6%)

ą0.4 to 0.5 203 (1.2%) 1 (0.8%) 3 (3.9%)

ą0.5 to 0.6 192 (1.1%) - 2 (23.6%)

ą0.6 to 0.7 217 (1.3%) - 2 (23.6%)

ą0.7 to 0.8 231 (1.4%) - 5 (6.6%)

ą0.8 to 0.9 123 (0.7%) - 7 (9.2%)

ą0.9 to 1.0 15481 (91.6%) - 39 (51.3%)

euploidy, including 15820 (99.9%) which were truly euploidy and 9 of the OCA. The
detection rate of the euploidy of SVMs with kernel 1 and 2 in Stage 1 is 93.4% and
92.2% and for the aneuploidies 73.2% and 72.68% respectively. The k-NN classified
correctly 91.7% of the euploidy and 74.2% of the aneuploidies.

The TPR and TNR for the networks trained with “euploidy & T21”, “euploidy
& T18” and “euploidy & Turner” are shown in Figs 2.8, 2.9 and 2.10 for the three
evaluation datasets, labeled as fold 1, fold 2 and fold 3. We present the values of the
TPR and TNR for different values of the threshold that were used to quantize the
outputs of the networks and classify instances into the desired classes.

We tested several values of the threshold in the range between 0 and 1 with a
step of 0.1. The first plot in Fig. 2.8 shows the results of the network “euploidy &
T21”. The TPR for the T21 aneuploidies is plotted with black continuous line and
with black dashed line the TNR for the first evaluation dataset (fold 1). This network
was used individually to construct system one, while it is also used as a subpart in
system two.

The TPR reaches maximum rate 100.0% at a 0.48 threshold. The FPR at the max-
imum TPR is 3.9%. The results of the second and the third evaluation datasets are
shown in the next two plots respectively in Fig. 2.8.

The results of the network “eupoid & T18” for the three validation datasets are
shown in Fig. 2.9. The TPR of the T18 cases reaches maximum rate 89.8% at a FPR
of 2.6% and threshold 0.98 for the first evaluation dataset. The TPR of the second
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and third evaluation dataset at around 3% FPR is 92.5% and 90.2% respectively.
The results of the network “euploidy & Turner” for the three validation datasets

are shown in Fig. 2.10. The TPR for the first evaluation dataset of the Turner cases
reaches maximum rate 76.9% at a FPR of 1.3% and threshold 0.98. The TPR of the
second evaluation dataset reaches maximum rate 100.0% at a FPR of 1.7%. The TPR
of the third evaluation dataset reaches maximum rate 66.7% at a FPR of 3.0%.

Classification into T21 or OCA.

The 1274 cases classified as aneuploidy in Stage 1 were examined by the 9-input
model “T21 & OCA” in Stage 2 (Fig. 2.7). The output values for all cases of T21
were 0 to 0.1, whereas the values of the OCA were mostly distributed near to 1. In
64 (95.5 %) of the 67 OCA the output was more than 0.1 and therefore three of these
cases were wrongly classified as T21. The SVMs with kernel 1 and kernel 2 classified
98.5% and 97.7% of the T21 and 6.6% of the OCA k-NN classified 62.0% of the T21
and 32.9% of the OCA.

The accuracy and MCC of the ANN, SVM and k-NN for the System 2 in Stage 2
for the first fold validation are summarized in Table 2.9. The detection rates of the
first, second and the third validation sets for the ANN are summarized in Table 2.10.
It is shown from Table 2.9 that only ANN were able to separate T21 from the OCA
while SVM and k-NN failed.
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Figure 2.8: TPR (filled line) and TNR (dashed line) for the network “euploidy & T21”.
The three plots show the results for the three validation sets (fold 1, 2 and 3).
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Figure 2.9: TPR (filled line) and TNR (dashed line) for the network “euploidy & T18”.
The three plots show the results for the three validation sets (fold 1, 2 and 3).
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Figure 2.10: TPR (filled line) and TNR (dashed line) for the network “euploidy &
Turner”. The three plots show the results for the three validation sets (fold 1, 2 and
3).
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Table 2.9: Accuracy and the Matthews correlation coefficient of the ANN, SVM and
k-NN of System 2, Stage 2 for the first validation dataset. System 2 in Stage 2 was
trained with T21 and OCA. It was validated for the entire database including eu-
ploidy, T21 and OCA.

System 2 Accuracy MCC

ANN 0.94 0.88

SVM 1 0.64 0.13

SVM 2 0.64 0.11

k-NN 0.51 -0.05

Table 2.10: Detection rates of the ANN of the system 2 in phase 2. System 2 is con-
sisted by one neural network build with T21 and OCA.

System 2 phase 2 Euploidy T21 OCA

Fold 1 93.7% 100.0% 84.3%

Fold 2 96.7% 90.0% 57.9%

Fold 3 96.2 % 87.8% 44.3%

2.4 Discussion

The findings of our studies demonstrate the value of ANN schemes in the prediction
of T21 and OCA from ultrasonographic and biochemical markers at 11-13 weeks of
gestation.

A multitude of ANN structures, training procedures and evaluation strategies
have been tried. In this study we used multilayer feed forward neural systems be-
cause these are proved to be the most suitable from the point of view of satisfactory
generalization and diagnostic yield for such predictive systems. This was confirmed
empirically by the authors after running several ANN models with different struc-
tures and parameters and observing their performance. The various multilayer net-
works of neurons were build and adjusted according to a set of parameters for each
case of either euploidy or aneuploidy fetus in order to maximize the correct iden-
tification of each group. We have carried out a comparative study by using other
classification techniques such as the SVMs and the k-NNs. The higher accuracy
on the classification of euploidy, T21 and OCA was achieved with neural networks
structures.

In the traditional approach to first trimester screening for T21 the a priori risk
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is multiplied with the likelihood ratio of each sonographic and biochemical marker.
Algorithms combining six parameters, including maternal age, previous history of
aneuploidy, delta NT, serum free β-hCG MoM and PAPP-A MoM have been success-
fully applied to screening for T21 achieving a detection rate of about 90.0%, at a FPR
of 5.0% (Nicolaides 2011). In specialist fetal medicine centres the performance of
screening can be improved further, with an increase in detection rate to about 95.0%
and a decrease in FPR to less than 3.0%, by the inclusion the additional sonographic
markers of presence or absence of the fetal nasal bone and normal or abnormal blood
flow across the tricuspid valve and in the ductus venosus (Nicolaides 2011).

In this study we initially attempted to develop a supervised ANN systems with
six outputs: one each for the euploidy pregnancies and the five chromosomal abnor-
malities were included in the system. However, this was unsuccessful because the
cases of T21 were separable but when the OCA were in the system, this separation
was destructed and most of the aneuploidies were classified as euploidy.

Subsequently, we concentrated our efforts at developing neural network models
with the intention of separating euploidy from T21 pregnancies. One model utilized
six neurons representing the basic parameters of maternal age, previous history and
the other 9 neurons representing the parameters shown in Table 2.5 columns 1 and 2
respectively. A large database consisting of 33619 euploidy and 279 T21 pregnancies
was used to train the systems which were then used for testing the totally unknown
database which included 16898 euploidy, 129 T21 and 76 OCA. pregnancies. The
6-input model correctly identified 92.3% of the cases of T21 at a FPR of 3.9% and the
9-input model detected all cases of T21 at a FPR of 3.9%.

The 6-input and 9-input “euploidy & T21” models recognized that 63.2% and
27.6% respectively, of the aneuploidies other than T21 were different from euploidy
pregnancies. Subsequently, various attempts were made to improve the detection
rate of the OCA by building neural networks that were trained to separate euploidy
from each type of aneuploidy. The performance of neural networks attempting to
separate T13 and triploid from euploidy pregnancies was low and these models
were abandoned. A two-stage approach involving four neural networks was then
used to achieve the best overall performance. In Stage 1, each case was assessed
independently by three models (“euploidy & T21”, “euploidy & T18” and “euploidy
& Turner syndrome”). This two-stage approach correctly identified all cases of T21
and 84.3% of the OCA but at an overall FPR of 6.4%.

Like every methodology, ANN and the computational intelligence approach
have relative advantages and disadvantages. Some of the significant advantages,
when compared to the above methodologies the proposed approach are:

1. Every case is seen by the system as a string of parameter values and are thus
processed and assessed simultaneously. At the same time data related to the fetus
are seen and assessed together with data that is collected from the mother.

2. Each new case that has been observed during pregnancy can become a new
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definite case once child delivery takes place. This new case can add to the acumen
of the existing knowledge base by simply running the learning algorithm once the
new case enters the database.

3. In addition to the above, advantages such as fault tolerance, generalisation
handling, missing data handling, learning and inference mechanisms, are advan-
tages inherited from computational intelligence.

At present most medical centres providing first trimester screening for T21 mea-
sure fetal NT and CRL and maternal serum free β-hCG and PAPP-A. In such centres
the use of the proposed combined 6-input system, could correctly identify as ane-
uploidy about 93.0% of the cases of T21 and 63.0% of those with OCA, at a FPR of
3.9%. This performance of screening compares favourably with the 90.0% detection
rate of T21, at a FPR of 5.0%, achieved by the traditional algorithms for screening
(Nicolaides 2011). Nevertheless, in all cases classified by the neural network as be-
ing suspicious of T21 invasive testing by chorionic villous sampling or amniocen-
tesis would still be necessary to distinguish between the euploidy and aneuploidy
pregnancies and in the diagnosis of the exact type of aneuploidy.

In fetal medicine centres, with expertise in assessing the fetal nasal bone and
Doppler flow across the tricuspid valve and in the ductus venosus in addition to the
measurements of fetal NT and CRL and maternal serum free β-hCG and PAPP-A,
there are two options on the use of ANNs. The first is to use a 9-input “euploidy &
T21” model which could correctly identify as aneuploidy all cases of T21 and 27.6%
of those with other major aneuploidies, at a FPR of 3.9%. Alternatively, a two-stage
approach involving four neural networks can be used which could also correctly
identify as aneuploidy all cases of T21 and 84.3% of those with OCA, but at an in-
creased FPR of 6.4%. Since in all cases classified by the neural networks as being
suspicious of T21 invasive testing would be necessary to distinguish between the
euploidy and aneuploidy pregnancies it is likely that the first option, with a sub-
stantially lower FPR, would be preferred by the parents and would also be more
cost-effective. Although the second option identifies more of the OCA, unlike T21
these conditions are highly lethal either in utero or in the neonatal period and they
are associated with abnormalities that can be easily detected by ultrasonography.
These include holoprosencephaly, exomphalos and megacystis in trisomies 18 and
13 (Kagan et al. 2010), large cystic hygromas in Turner syndrome (Kagan, Wright,
Spencer, Molina and Nicolaides 2008) and either an enlarged partially molar pla-
centa or small placenta but severely growth restricted fetus with pronounced wast-
ing of the body and sparing of the head in triploidy. Since the prevalence of these
defects is less than 0.1% the effect on the overall proportion of pregnancies requiring
an invasive test would be minimal.
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2.5 Conclusion

We have presented a non-invasive prenatal diagnosis of chromosomal abnormalities
in the first trimester of the pregnancy. The collection of the database, took several
years and it covers a wide area of population such as age range, ethnicity, infor-
mation whether the mother is alcoholic, drug addicted, cases with previous history.
The population of the cases in our database, ensures statistical confidence of our
results, compare to databases used in similar work of other groups. We believe
that medical diagnosis systems that classify instances based on statistical methods
should provide representative databases with a convincing number of population.
Also, the results should be presented with cross validation, ensuring their robust-
ness. The most important however is the fact that our system identifies and predicts
OCA than T21, such as T18, T13, Turner syndrome and Triploidy. The diagnosis is
done in the presence of the pregnant woman with a computer system in the doctor’s
office by basically using routine examination data within a negligible time and with
low financial cost.

We achieved with ANN a 100.0% detection rate of T21 with FPR of 3.9% and
84.3% of the OCA with a FPR of 6.4%. These results do not yield percent classi-
fication neither 100% accuracy since there is still a FPR of 6.4%. Even though the
main purpose of this work was not to compare the various computational intel-
ligence paradigms, we have repeated the same experiments with SVM and k-NN
and it was experimentally concluded that the best results for this problem would be
achieved with the ANN. More precisely, SVM and k-NN yield similar results with
lower accuracy than the proposed ANN structure of both systems 1 and 2. It is also
prominent that both SVM and k-NN were not able to distinguish the T21 from the
OCA.

For future work we need to emphasise our investigations on exploring other
neural network schemes such as recurrent networks and the possibility of using pa-
rameters from the father. Preliminary results show that it is worth investigating the
substitution of the parameter values in MoMs with the actual raw values. It is also
worth mentioning that the maternal cell-free DNA screening method does not use
any information from the mother or the father; such as the age. This important in-
formation should be included in their methodology and the analysis of their results.
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Chapter 3

Non-invasive Diagnosis of Aneuploidy: Raw
Values and Highly Imbalanced Dataset

Abstract

The objective of this work is to introduce a non-invasive diagnosis procedure for ane-
uploidy and minimize the social and financial cost of prenatal diagnosis tests that are
performed for fetal aneuploidies in an early stage of pregnancy. We propose a method
using artificial neural networks trained with data from singleton pregnancy cases, while
undergoing first trimester screening. Three different datasets1 with a total of 122362 eu-
ploid and 967 aneuploid cases were used in this study. The data for each case contained
markers collected from the mother and the fetus. This study, unlike previous studies pub-
lished by the authors for a similar problem differs in three basic principles being, a) the
training of the artificial neural networks is done using the markers’ values in their raw
form (unprocessed), b) a balanced training dataset is created and used by selecting only a
representative number of euploids for the training phase, and c) emphasis is given to the
financials and suggest hierarchy and necessity of the available tests. The proposed arti-
ficial neural networks models were optimized in the sense of reaching a minimum false
positive rate and at the same time securing a 100% detection rate for Trisomy 21. These
systems correctly identify other aneuploidies (Trisomies 13&18, Turner, and Triploid
syndromes) at a detection rate ą80%. In conclusion, we demonstrate that artificial neu-
ral network systems can contribute in providing non-invasive, effective early screening
for fetal aneuploidies with results that compare favorably to other existing methods.

3.1 Introduction

The early diagnosis of fetal aneuploidies in the first trimester of pregnancy can
be achieved with amniocentesis or Chorionic Villus Sampling (CVS). However,

such methods are invasive and they carry a risk of infections, fetal damage during
the examination and miscarriage rates of about 0.4% for amniocentesis and 1.1% for
CVS (Enzensberger et al. 2012).

1The dataset can become available for academic purposes by communicating directly with the au-
thors.
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In Europe, the cost of an amniocentesis test varies between 300 and 1000 euros.
The cost of the loss of a life due to amniocentesis is tremendous. Therefore, it is
important to reduce the false positive rate (FPR) as much as possible, but at the
same time be able to detect all, or most of the aneuploidies. Previously, the overall
cost for the detection was much higher because pregnant women were advised to
go for amniocentesis based only on their age e.g ą 35; which not only increased the
FPR beyond 25% and the risk of unexpected aneuploidy births much greater than
zero since in many cases the cost for the invasive test could not be afforded and/or
the risk for miscarriage could not be taken by the parents.

As alternative, non-invasive methods have been proposed by Snijders et. al
(Snijders et al. 1999, Snijders et al. 1998), Kagan et.al. (Kagan, Wright, Baker, Sa-
hota and Nicolaides 2008, Kagan, Wright, Spencer, Molina and Nicolaides 2008)
and Spencer et. al. (Spencer et al. 1999, Spencer et al. 2003). Essentially, a risk
for aneuploidy is estimated based on a prenatal examination test that is performed
to every pregnant woman in the first trimester of pregnancy. In the literature, the
most relevant markers from the prenatal examination are the following: maternal
age, serum free β-hCG, pregnancy-associated plasma protein-A, nuchal translu-
cency thickness, nasal bone, tricuspid flow, and ductus venosus flow. A Statisti-
cal Mixture Model (SMM) is used in(Snijders et al. 1999, Snijders et al. 1998, Ka-
gan, Wright, Baker, Sahota and Nicolaides 2008, Kagan, Wright, Spencer, Molina
and Nicolaides 2008, Spencer et al. 1999, Spencer et al. 2003, Nicolaides 2005, Maiz
et al. 2009, Huggon et al. 2003) as an estimator for the risk of trisomy 21 (T21). Out-
comes that are rated as “high risk” are suggested to follow invasive test. Currently,
the detection rate for the T21 of the abovementioned methods is 95% at a 5% FPR.

In the last years, another non-invasive method has gained particular attention
in the scientific community. A sample from the maternal blood is used to isolate
the plasma via double centrifugation. Then, the circulating cell-free DNA is se-
quenced from the maternal plasma, using state-of-the-art equipment. The density
of the DNA sequences are normalized and distributed for every chromosome sepa-
rately for euploid, T21 and T18. A standard statistical classification technique such
as Z-transform or t-test is applied to the euploidy and aneuploidy distributions of
the chromosomes 21 and 18 to estimate the probability for aneuploidy of an un-
known case (Ashoor et al. 2012, Papageorgiou et al. 2011, Zhang et al. 2015, Sahoo
et al. 2006, Kagan et al. 2015).

In this work we propose the use of a computational intelligence approach using
artificial neural networks (ANNs) that have the ability to digitally store the infor-
mation from a training dataset, in a similar manner to the biological function of the
human brain (Levine 2000). In Section 1 we have showed that ANNs can achieve
0% false negative rate (FNR) for T21 at 3.6% FPR.
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3.1.1 Statistical Mixture Model

A prenatal examination is performed to the pregnant woman between the 9th + 3
and 11th week + 6 days of gestation. From the maternal blood, the concentrations of
the two biochemical markers a) pregnancy-associated plasma protein-A (PAPP-A)
and b) the serum free β -hCG are measured. Fetal ultrasonographic markers include
the levels of appearance of a subcutaneous collection of fluid behind the fetal neck,
called Nuchal Translucency (NT). The amount of the NT is statistically increased
in fetuses with trisomy 21 (Kagan, Wright, Baker, Sahota and Nicolaides 2008, Ka-
gan, Wright, Spencer, Molina and Nicolaides 2008, Spencer et al. 1999). Other sono-
graphic markers are measured such as the Crown Rump Length (CRL) and the
Nasal Bone (NB). The CRL is a physical measurement of the length in millimeters
between the neck and the bottom of the buttocks of the fetus. The NB indicates the
presence or the absence of the fetal NB and the obstetrician marks it at the time of
the examination as normal or abnormal respectively.

It has been proposed in (Kagan, Wright, Baker, Sahota and Nicolaides 2008, Ka-
gan, Wright, Spencer, Molina and Nicolaides 2008, Spencer et al. 1999, Maiz
et al. 2009, Huggon et al. 2003) that the biochemical markers β-hCG and PAPP-A
and the NT increase their separability strength between euploid and aneuploid. Ad-
ditionally, the values of the biochemical markers are normalized with their multiple
of their medians (MoM).

The MoMs is a data normalization method that has been found effective in medi-
cal data (Kagan, Wright, Baker, Sahota and Nicolaides 2008, Kagan, Wright, Spencer,
Molina and Nicolaides 2008) and is a measure of how many times an individual test
result deviates from the median. The term “multiples” refers to this measure. The
MoMs are calculated as follow: first the data are clustered in three categories based
on the gestational age at the time of the examination: a) 9-10, b) 10-11 and c) 11-12
weeks of gestation. Then, for every category the median value of the biochemical
markers for the euploid cases is calculated. Finally, the raw observation is divided
by the respective mean value of the specific gestation age. The NT did not respond
positively to the MoM values and it is transformed into the delta NT that is a mea-
sure of the deviation from its euploid zero median.

The classification is done as follow: for every marker, a risk is estimated based
on the Gaussian distribution of the respective marker values and it is multiplied
with the maternal age related risk to yield a final result. The Ductus Venosus Flow
(DV) and the Tricuspid Valve Flow (TF) may be used to increase the detection rate
and reduce the FPR (Maiz et al. 2009, Huggon et al. 2003).
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3.1.2 Cell-Free Fetal DNA Test

In the literature, the most promising results within the non-invasive methods are
achieved with the cell-free fetal DNA test. In (Ashoor et al. 2012), it is reported that
a perfect isolation of 300 euploid and 50 cases of T21 is achieved, together with a
98% detection rate for the trisomy 18 (T18). This method returned no result in three
euploid cases (about 1% of the population). Another recent study (Papageorgiou
et al. 2011) reports 100% detection rate of 14 cases of T21 at 0% FPR with 26 eu-
ploid. The results in (Zhang et al. 2015) show that significantly lower FPR can be
achieved compared to the SMM method that is currently used. Particularly 146958
cases have been studied including 726 T21, 170 T18 and 22 trisomy 13 (T13) for
which outcome data were available in 112,669 (76%). The overall Sensitivity and
Specificity are 99.02% and 99.86% respectively. Other studies (Sahoo et al. 2006, Ka-
gan et al. 2015) report similar results.

Even though the results of the cell-free fetal DNA approach are significantly bet-
ter than other non-invasive methods, we identify some drawbacks. First, the test
does not yield immediate results. It requires specialized doctors, expensive equip-
ment and laboratories. Therefore, it is a method that cannot be applied in one visit.
Another drawback of this method is that the DNA sequence is statistically visual-
ized and the classification is done using a threshold on the probability of aneuploidy
risk. This means that the results need to be cross-validated in several standard ways
e.g. 3-fold or leave-one-out cross-validation to make sure that are consistent. Fi-
nally, the identification of other chromosomal abnormalities (OCA) such as Turner
syndrome or triploidy are not identified. However, a combination between the ex-
isting non-invasive methods may yield to an optimized solution to the problem. A
combination of two non-invasive methods, the prenatal screening and the maternal
blood cell-free fetal DNA testing is proposed in (Kagan et al. 2015).

3.1.3 Machine Learning

ANNs have been widely used in medical applications for the prediction of
cancer(Schnorrenberg et al. 1997, Schizas and Pattichis 1997, Neves et al. 2015),
Parkinson disease (Er et al. 2016) and other serious diseases (Wang et al. 2015, Yoo
et al. 2016, Liu et al. 2015). The major difference between statistical methods and
ANNs in classification is that ANNs have the ability to learn and store information
by examples that are presented one by one. In other words, statistical information
such as the distribution, the mean and standard deviation values are not significant.
This is done in a similar process as the biological neural networks store and process
information in the brain.

The research question of study is to examine the potential value of ANNs in
the prediction of the risk for T21 and OCA from ultrasonographic and biochemical
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markers at the early stage of gestation. Additionally, we make experiments to test
the possible contribution of normalized data over the raw data. Furthermore, we
question if the use of balanced training sets between euploid and aneuploid achieve
more reliable and consistent results. Finally, we explore the contribution of different
combinations of input markers. The objective of this study is to build a system that
will identify 100% of the T21 at the lowest FPR possible, using the most reliable
type of markers for the training of the ANNs, being raw or normalized, balanced or
imbalanced training sets and the combination of the input markers.

In Section 5.2 we present our methodology which includes a description and
analysis of the available data, the ANN structures, the cross-validation approach
for testing the models, the normalization of the data and the procedure for creating
balanced training sets. In Section 3.3 we present our results and we conclude with
Sections 3.4, 3.5 and 3.6.
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3.2 Methods

Three different datasets are provided by the Fetal Medicine Foundation (FMF) and
used in this study. The first (Dataset A), consists of 51001 cases of pregnant women
that followed a prenatal examination within the first trimester of pregnancy, and
similarly the second (Dataset B) and the third (Dataset C) of 29999 and 42329 cases
respectively. All the samples were very carefully collected and thoroughly tested,
and they are maybe the largest complete dataset in existence today for this kind of
study.

We used part of Dataset A as training set for performing a grid search of ANNs
over a set of parameters such as the hidden units, activation functions and training
epochs, as shown in Fig. 3.1. Then, we selected the ANN that yielded the best results
on the remaining cases that formed the test set of Dataset A. All of our experiments
were then done using Datasets B and C that we call “testing datasets”. The ANNs
were built using the parameters of the ANN that was identified as the optimal in
the grid search.

We proceeded with our research approach by implementing three different ex-
periments. The first experiment was done for identifying the optimal combination
of markers that are needed as input to our system. We created eight groups of mark-
ers and we built an ANN for each one of them to compare their performance. The
second experiment was done for testing whether the use of normalized data values
for the markers outperform the use of raw values. The third experiment dealt with
a more technical question concerned with the imbalanced nature of the datasets,
which is due to the very low percentage of aneuploidies in the datasets. A data
reduction technique was carried out for reducing the population of euploid cases
during the training phase. Several representative ANNs were developed and tested,
both with balanced and imbalanced datasets and the results were compared.

3.2.1 Data

The populations of euploid and aneuploid of each dataset are shown in Table 3.1.
The vast majority of the cases are euploid creating a highly imbalanced situation
between the euploid and aneuploid cases.

The number of markers/features that were available for our dataset is 22. Most
of them are related to the physiological and historical data of the pregnant woman,
such as the history of aneuploidy in previous pregnancies, smoking or drug habits,
symptoms of hypertension, way of conception, ethnicity, etc. Other markers of ap-
parently greater importance since they are taken during pregnancy are the biochem-
ical PAPP-A and β-hCG and the ultra-sonographic markers, DV and the absence or
presence of the fetal NB.
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Figure 3.1: All of the three datasets are divided into training and test sets. The train-
ing set of the Dataset A is used to perform a grid search over different parameters
of the ANN. We use the parameters of the network that yielded the best results on
the test set of Dataset A to perform experiments using the Datasets B and C.

Table 3.1: Euploid and aneuploid populations of the three datasets used.

Dataset Euploid T21 T18 T13 Triploidy Turner

A 50517 408 39 14 10 13

B 29790 124 42 10 14 19

C 42055 152 60 22 14 26

3.2.2 Artificial Neural Networks

The major advantage of the use of ANNs compared to other statistical approaches
for classification tasks is their ability to learn by examples. A typical architecture
of an ANN has one input layer, one or more hidden layers and one output layer.
Each layer has a number of nodes that are connected to each other via a weight that
represents the synapse in the biological neural networks. The first layer consists
equal nodes to the number of input markers. The number of nodes in the hidden
layers is a parameter and it has to be optimized manually, according to the problem
under study. The last layer (output layer) contains one or more nodes, depending on
the number of classes. In tasks with two classes, it is commonly used one node. The
value of the output layer is finally passed through a step function where a cut-off
point binarizes the output into 0 or 1.

In the training phase of an ANN, all the examples are presented to the nodes
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Table 3.2: Cross validation. Training and validation sets for the three datasets used.

Training Validation
Dataset Euploid T21 Euploid T21 OCA

A 33619 279 16898 129 76
B 20782 87 9008 37 85
C 31225 100 10830 52 122

of the input layer one by one. The values of the input pattern are first multiplied.
Then, all the products between the input values and the weights of every node are
summed and passed to the nodes of the first hidden layer, through an activation
function. The information from the hidden layer to the next hidden layers and the
output layer is passed in a similar way as from the input layer to the hidden layer.
One epoch is considered when all the examples are seen by the network and pro-
cessed through the hidden layer(s) and the output layer. After every epoch, the
weights of the ANN are updated based on a cost function that is calculated as an
error function between the known target and the output value of the ANN. One
common error function that is used in feed-forward backpropagation networks is
the Mean Squared Error (MSE). The training of an ANN converges when the MSE is
below a certain threshold, or when the specified epochs are reached. In our experi-
ments we used feed-forward backpropagation networks with one hidden layer and
one node in the output layer. The weights are initialized randomly and the learning
rate was set at 0.3. We used 500 epochs for training the ANNs.

3.2.3 Cross Validation

The three datasets were split in two sets each of 70% and 30%. The first set is used
for training the ANNs. The second set is kept away from the training procedure as
the validation set. The number of cases in each training and validation sets for the
three datasets used are shown in Table 3.2.

3.2.4 Marker Selection

After the consultation of the doctors that are involved in this research, we have
made experiments with the aim of minimizing the required number of prenatal ex-
aminations that a pregnant woman is requested to perform. Two groups of markers
namely “short” and “long” were examined as a potential two-stage screening for
aneuploidy. The “short” group is consisted of the maternal age, the biochemical
β-hCG and PAPP-A, and the fetal NT. In the “long” group we included three ad-
ditional markers, the DV, the TF and the absence or presence of the NB that are
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Table 3.3: Short and long groups of input markers that are used as inputs to the
neural network. The abbreviations MA, CRL, NT, DV, TF and NB stand for maternal
age, crown rump length, nuchal translucency, ductus venosus, tricuspid flow and
nasal bone, respectively. The word YES indicates that the specific maker is used in
the respective group. Similarly, the word NO indicates that a marker is not used.

Long Short

Markers 9 8a 7 8b 6 5a 4 5b

MA Yes Yes Yes Yes Yes Yes Yes Yes

CRL Yes Yes No No Yes Yes 4 5b

PAPP-A Yes Yes Yes Yes Yes Yes Yes Yes

β-hCG Yes Yes Yes Yes Yes Yes Yes Yes

Prev. T21 Yes No No Yes Yes No No Yes

NT Yes Yes Yes Yes Yes Yes Yes Yes

DV Yes Yes Yes Yes No No No No

TF Yes Yes Yes Yes No No No No

NB Yes Yes Yes Yes No No No No

extracted from an additional special ultra sound examination.
From the two groups of markers, we created eight combinations that are used as

input to the ANN. In Table 3.3 we present the combinations used in both “short” and
“long” groups. In the second row we show the ID of every network that corresponds
to the figures in Section 3.3.

3.2.5 Data Normalization

The conversion of the biochemical markers PAPP-A and β-hCG into their MoMs,
and the NT into delta NT has been proposed by Kagan et. al (Kagan, Wright, Baker,
Sahota and Nicolaides 2008) as a step in their methodology for the patient-specific
risk for trisomy 21. The authors in (Kagan, Wright, Baker, Sahota and Nicolaides
2008) show that the values of the biochemical markers and the NT are correlated
with the gestational age at the time of the examination.

In Fig. 3.2, we superimpose the raw (black dots) and the MoM (grey dots) values
for the biochemical marker PAPP-A of all the cases of Dataset A. We note that the
data were first sorted based on the gestational age. In X-axis, we plot the gestational
age in days to better visualize the effect that the raw values of PAPP-A are correlated
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Figure 3.2: The Raw and normalized (MoM) values of the PAPP-A of all the cases
that consist the Dataset A. The values are sorted in ascending order based on the
gestational age. It is shown that the raw values of the PAPP-A increase with gesta-
tional age, while the normalized values are distributed around the average value of
2.5.

with gestational age. It is shown in Fig. 3.2 that the values after normalization are
distributed in a lower range and the correlation to the gestational age is lost.

3.2.6 Data Reduction

The datasets used in this study are highly imbalanced: the euploid cases occupy
more than 99% of the total population. In machine learning, the use of imbal-
anced populations for training may cause several technical problems. For instance,
Bayesian classification uses an a-priori risk that is based on the population of each
class. ANNs adjust their weights according to the MSE of each epoch, as explained
in Section 3.3. Since the MSE is global for both minority and majority classes, the
false predictions of the minority class are not influencing significantly the total MSE.
In Fig. 3.3 we present the MSE of two neural networks trained with a) imbalanced
(solid line) and b) balanced (dashed line) sets for 500 epochs. It is shown that the
MSE of the balanced training set is significantly lower.

Several approaches for creating balanced training sets are proposed in the liter-
ature. One way is to choose representative instances from the major class to reduce
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Table 3.4: Cluster map from the k-means algorithm.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
Input 5084 15479 1619 227 11210

Reduced 76 231 25 4 67

the population for training. Another way is to artificially create data to increase the
population of the minor class. Creating artificial cases for medical data is a difficult
task due to the unpredictable correlation of the markers. For instance, the CRL and
the NT are correlated with the gestational age at the time of the examination. This
relationship is not fully understood and we are uncertain if we can model artificial
data that will follow these specific pattern relations.

In this study, we choose the first approach to reduce the population of the major
class. First, we apply unsupervised clustering to the euploid cases using the k-
means algorithm with five prototypes. The number of the prototypes was selected
by applying the Elbow method (Thorndike 1953). Then, for every cluster we identify
the k-nearest neighbors of the respective prototype. The number of k is defined
automatically and it is proportional to the length of the respective cluster with the
length of the total euploid population:

k “ target population
Sizepclusterkq

Sizepeuploidq
(3.1)

In the second row of Table 3.4, we present the distribution of the k-means outputs
that were built with the combination of the biomarkers and the ultrasonographic
markers. In this example, we choose to reduce the euploid for training from 29790
to 503 cases. In the last row of Table 3.4 we present the number of the representative
cases that are collected from every cluster, using the Eq. 3.1.

In Fig. 3.4 we present a 2D plot of the biochemical markers β-hCG (x-axis) and
PAPP-A (y-axis) for the 5084 cases of the first cluster that are shown with black
dots. The prototype of the cluster is shown with a white star and the 76-nearest
neighbors to the prototype are shown with grey crosses. It is emphasized that in
this representation, the cases that are chosen as representatives are not necessarily
the ones that are closer to the prototype. This is due to the contribution of the other
markers used in the training of the k-means. That would be the case if k-means were
trained solely with the two biomarkers β-hCG and PAPP-A.

3.2.7 Evaluation Protocol

Choosing the best ANN architecture for a problem under study is not an easy task
and it is usually done empirically by the system designer (chapter 2). In an attempt
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Figure 3.3: Mean Squared Error (MSE) of the neural network that was trained for 500
epochs. Dashed and solid lines show the MSE of balanced and imbalanced training
sets.

to choose the optimal neural network architecture and parameters, we followed a
grid search approach using the training set of Dataset A to construct 24 neural net-
works by changing the number of neurons in the hidden layer from 5 to 60, with step
of 5 neurons, the logistic and the hyperbolic tangent transfer functions. The network
that returned the best results on the validation set of Dataset A was used to construct
the networks for the Datasets B and C that were used in all of our experiments. We
use 50 nodes in the hidden layer with logistic activation function.

3.3 Results

The findings of our experiments are summarized in Figs. 3.5, 3.6 and 3.7 and Tables
3.5, 3.6 and 3.7. In Fig. 3.5 we show the results of the Dataset B and we present the
FPRs at 0% FNR for T21 of the eight ANN models that were built using different
combinations of the input markers. Additionally, we visualize the difference of the
results between the networks trained with normalized and raw data with solid and
dashed lines respectively. The difference between the performance of the raw and
normalized ANNs is statistically significant for Dataset B but not for Datasets A and
C. In Dataset B, as shown in Fig. 5, the “short” marker group (ID: 4, 5a, 5b and
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Figure 3.4: 2D plot of the biomarkers β-hCG and PAPP-A. The euploid cases of the
first k-means cluster are presented with black dots. The prototype is shown with a
white star and the 76-nearest to the prototype are shown with grey dots.

6) returned relatively high FPR (ą20%) while the long group (ID: 7, 8a, 8b and 9)
yielded significantly lower FPR.

In Fig. 3.6 we present the FPRs of the same models as in Fig. 3.5 at the 75%
diagnostic rate of the OCA. The “short” group returned a FPR of 4.5% (in average
of four ANNs) and of 8.5% for the models built with the normalized and raw values
respectively. There is no significant difference between the FPRs (average of 0.2%)
of the “long” normalized/raw marker groups.

In an attempt to visualize the difference of the performance between the bal-
anced and imbalanced training sets, we calculate the sensitivity and the 1-Specificity
for different cut-off values as explained in Section and we present the results of the
network built with raw values and the marker set with seven inputs in a Receiver
Operating Characteristic (ROC) curve (Fig. 3.7). The sensitivity and the Specificity
are defined as shown in Eqs 3.2 and 3.3.

sensitivity “
TP

TP ` FN
(3.2)

specificity “
TN

TN ` FP
(3.3)
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Figure 3.5: FPRs of the ANNs built with normalized (black bars) and raw (grey bars)
values of Dataset B at a T21 DR of 100%. The results of the different input markers
combinations are shown in the x-axis.

Where: TP, FN, TN and FP are abbreviations of the true positive, false negative, true
negative and false positive respectively.

In Fig. 3.7 we superimpose the ROC curves for the networks built with raw
marker values for imbalanced and balanced training sets using the “long” feature
set with seven inputs. The results of the balanced and imbalanced training sets
are distinguished with solid (black for T21) and dashed lines respectively (grey for
OCA). It is shown that there is a significant difference between the DRs of the OCA
built with balanced and imbalanced datasets. The DR of the T21 has no statistical
difference.

In Tables 3.5, 3.6 and 3.7 we show the results of the networks built with the
balanced and imbalanced training sets and the raw and the normalized seven input
markers for the three datasets. In the first column of every table we present the
type of the network (balanced or imbalanced training sets, and raw or normalized
markers). In the second column we show the FPR and in the last two the DRs for
the T21 and the OCA respectively.

The best results of the experiments done with Datasets B and C were achieved
with the ANNs built with the 7 markers group and raw balanced data (8% and 4.8%
FPR). The performance of the ANN built with the normalized Dataset B is signifi-
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Figure 3.6: FPRs of the ANNs built with normalized (black bars) and raw (grey bars)
values of Dataset B at a OCA DR of 75%. The results of the different input markers
combinations are shown in the x-axis.

Table 3.5: FPR and DR for T21 and OCA for the networks built with Dataset A. The
data are referred to the 7 markers group and raw data.

Dataset A FPR T21 OCA

Imbalanced - Normalized 2.7% 100.0% 7.9%

Imbalanced - Raw 7.9% 100.0% 32.9%

Balanced - Normalized 10.0% 100.0% 73.7%

Balanced - Raw 8.3% 100.0% 69.7%

cantly weaker with a difference more than 10% of FPR, compared to the ANNs built
with the raw data. The same experiment was done with Dataset C with no difference
on the results between raw and normalized data. With the results of Dataset B, we
suggest that the normalization of the data could be avoided.
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Figure 3.7: ROC curves of the models build with balanced (solid lines) and imbal-
anced (dashed lines) datasets for the euploid-T21 (black lines) and euploid-OCA
(grey lines). The data are referred to the 7 markers group and raw data.

Table 3.6: FPR and DR for T21 and OCA for the networks built with Dataset B. The
data are referred to the 7 markers group and raw data.

Dataset B FPR T21 OCA

Imbalanced - Normalized 34.2% 100.0% 90.6%

Imbalanced - Raw 7.9% 100.0% 83.5%

Balanced - Normalized 17.4% 100.0% 94.1%

Balanced - Raw 8.0% 100.0% 89.4%

3.4 Discussion

In this work we demonstrate the effectiveness of the ANNs schemes as a potential
classifier for the diagnosis of the T21 and OCA, in the early stage of a pregnancy.
Our principle aim is to build models that ensure false negative classifications of T21
at the lowest possible rate. The best results were achieved with the 7 markers group
(Dataset A: 100% DR of T21 and FPR of 2.7%) with normalized imbalanced data.
However, the Dataset A was used as a training set to perform a grid search over



3.4. Discussion 53

Table 3.7: FPR and DR for T21 and OCA for the networks built with Dataset C. The
data are referred to the 7 markers group and raw data.

Dataset C FPR T21 OCA

Imbalanced - Normalized 4.1% 100.0% 85.2%

Imbalanced - Raw 4.3% 98.1% 84.4%

Balanced - Normalized 5.8% 100.0% 85.2%

Balanced - Raw 4.8% 100.0% 85.2%

several parameters and architectures of the ANNs, as explained in Section 3.2.7.
The same structure of ANN was used in Datasets B and C and we found that the
results are not consistent with Dataset A. Additionally, from Table 3.5 we observe
that the above mentioned ANN built with Dataset A returns the lowest DR of the
OCA.

Another objective of this study was to optimize the FPR with respect to the cost
of every examination that is necessary to be done for the estimation of the risk for
aneuploidy. In principle, the task is to determine the optimum number of markers
required as input to the classifier. We have examined the robustness of the ANNs
that are built with different combinations of input markers and we suggest two
groups namely the “short” and the “long”. The “short” group consisted of markers
that can be extracted in one visit to the doctor. We achieve 100% detection rate of
T21 at a relatively high FPR of 25%. The “long” markers group consists of three
additional markers that can be extracted in another examination that measures the
flow of the DV and the TF using a Doppler technique. The third marker is the NB
that can be visualized during the ultra scan. The “long” markers group achieves a
lower FPRs of 5%, at the same DR of 100% for T21 and ą80% DR of OCA.

The population under study is not normally distributed by nature since preg-
nancy takes place in a certain age range which is by nature skew to the right. In ad-
dition, the large database used in this study is highly imbalanced due to the very low
prevalence of aneuploidy cases in the general population, even though it contains
much more trisomy cases than reported statistically. For example trisomy 21 occurs
1 in 800 pregnancies, and thus in our database we should have had less trisomy 21
cases than we actually have. Similarly trisomy 18 occurs 1 in 5000 pregnancies and
thus we should again have even less cases.

One other possible reason of the non-normality distributions of the euploid may
be due to the increased significance of those values that depart from normality. This
is usually a case when there is a large population such as the population of the
euploid cases in our database. Any method that measures the normality of a distri-
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bution of large populations has high probability of rejecting the null hypothesis that
the sample comes from a normal distribution.

From our experiments, see Fig. 3.5 in Section 3.3, we conclude that marker CRL
does not contribute significantly to the diagnostics of the system and hence it can
be ignored. The CRL is a physical distance between the crown and the rump of
the fetus and the obstetrician measures it during the ultra scan. An accurate mea-
surement of the CRL requires a specific position of the fetus and other factors that
are unpredictable. Due to this fact, the distribution of the CRL values has a high
standard deviation.

The balanced ANNs shown in Fig. 3.7 yield lower FPRs compared to imbal-
anced ANNs for the detection of the OCA while no significant difference was found
for the detection of T21. Nevertheless, we suggest the use of a balanced training set
for the ANNs as the MSE reduces dramatically compared to the score of the imbal-
anced training set. From our results, we demonstrate that the networks trained with
balanced populations of euploid and aneuploid yield lower FPRs compared to the
imbalanced training sets and therefore we suggest this method as a pre-processing
step.

The estimation of the risk for T21 is currently done using a SMM from the com-
bination of the markers that are explained in this chapter and there is a performance
of 95% of T21 at 5% FPR. Our method outperforms the state-of-the-art method with
100% DR of the T21 at the same FPR. Additionally our method detects ą80% of
the OCA. From the two other non-invasive methods (SSM and cell-free fetal DNA)
for the diagnosis of aneuploidy that are found in the literature, the cell-free fetal
DNA test is the most promising. Several published studies report perfect separation
between the euploid and aneuploid. However, there is a practical problem of this
method being the cost, which is forbidding for general use. Moreover, the results are
returned after some considerable time. The proposed methodology demonstrated
in this chapter can be used as a first screening on the data for selecting the positively
ranked cases (100% T21, 85% OCA and 5% of euploid) which will be the only ones
suggested for a cell-free fetal DNA test. This will limit the overall cost for prenatal
test and at the same time guarantee zero undiagnosed T21 births.

3.5 Future work

The combination of the “short” and “long” markers groups could be a two-stage
procedure for a first and second screening for aneuploidy. The results of the “short”
marker group are returned immediately in the personal computer of the doctor in
one visit. These results assure that the negative prediction does not contain any T21.
All the positive cases will be re-evaluated with the “long” group to estimate the final
risk for T21 and OCA. This work will be validated and reported in a future work.
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3.6 Conclusion

Diagnosis of the T21 and OCA can be effectively achieved with ANNs and a combi-
nation of biomarkers and ultrasonographic markers in the early stage of pregnancy.
We have used three datasets to answer our research questions which include the de-
tection of all the T21 cases at the lowest FPR possible, the identification of an optimal
combination of input markers, the contribution of the normalized values of the data
over the raw and the possible use of training sets that are consisted with balanced
populations among euploid and aneuploid.

We have shown that the optimal combination of markers belongs to the “long
group” which requires ultrasonographic and maternal blood examinations. Fur-
thermore, the use of the raw data appear to be significantly more effective for the
networks built with the “long group” but less effective for the “short group”. An-
other contribution of this work is the proposed method for the data reduction of the
euploid using the k-means algorithm in an attempt to create populations balanced
in numbers among euploid and aneuploid. We have shown that the balanced sets
appear to be more effective for training the ANNs.

In this chapter we present a system that is able to identify the entire population of
T21 and the majority of the OCA such as T18, T13, Turner syndrome, and Triploidy.
We have used datasets with populations that ensure statistical confidence of our
results, compared to databases used in similar work of other groups. We achieved
with ANNs a 100.0% detection rate of T21 and 85.2% of the OCA with FPR of 4.8%.
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Chapter 4

Two Stage Approach for Aneuploidy Risk
Estimation

Abstract

Objective To estimate the risk for fetal chromosomal abnormalities during the first
trimester of pregnancy at the lowest possible cost.

Methods As a first step, we sort the cases into two categories of “no risk” and “risk”.
The cases of “no risk” are no further examined, while the cases with risk are forwarded
in stage 2 for further examination where we classify them in three types of risk, namely
“no risk”, “moderate risk” and “high risk”.

Results Of a total of 37237 unknown pregnancies examined by the system, in the first
stage, 13,270 euploid (33.1% FPR), 0 trisomy 21 and 47 other chromosomal abnormali-
ties (OCA) are classified as “no risk”. The remaining 6,568 cases are reassigned in stage
2 where 5,438 euploid, 0 T21 and 3 OCA are classified as “no risk”, 1,085 euploid, 28
T21 and 25 OCA as “moderate risk” and 45 euploid, 61 T21 and 132 OCA as “high
risk’.

Conclusion We propose a method that ensures that no T21 is classified as “no risk” in
any stage. From our experiments, the best results for a TPR of 100% achieved with a
FPR of 3.9%. These are euploid cases that will have to go through stages 1 and 2. Our
method is non-invasive, highly effective on aneuploidy identification and it outperforms
other existing statistical methods.

4.1 Introduction

Fetal chromosomal abnormalities (FCA) are diagnosed in the first trimester of
pregnancy with amniocentesis (AC) or the chorionic villus sampling (CSV)

tests. However, such methods are invasive and they carry risks for pregnancy com-
plications or miscarriages (Zelig et al. 2016).

To minimize the number of invasive tests, a prenatal examination is performed
to every pregnant woman. A risk for trisomy 21 (T21) is calculated with a sta-
tistical mixture model using the maternal age, the fetal nuchal translucency (NT),
and the serum biochemistry (PAPP-A and β-hCG) (Nicolaides 2004, Nicolaides
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et al. 1992, Spencer et al. 2000, Spencer et al. 2003). As recorded in the literature,
the non-invasive prenatal test (NIPT) can identify about 90% of the T21 cases at a
FPR of 3-5% (Nicolaides 2011, Maiz et al. 2009, Kagan et al. 2009). Furthermore, the
diagnostic rate (DR) for T21 increases from 93 to 96% at FPR of 2.5% when the ductus
venosus (DV), the tricuspid flow (TF) and the presence or absence of the fetal nasal
bone (NB) is added to the system (Spencer et al. 2003). Current practice, dictates
that all cases rank at high risk from the NIPT should go for invasive test in order to
diagnose beyond any doubts any possible fetal chromosomal abnormalities.

Recently, another non-invasive method has shown promising results that are
evaluated in big datasets (Norton et al. 2012, Norton et al. 2015, Zhang et al. 2015).
The circulating free fetal DNA is isolated from the maternal blood via double cen-
trifugation. Then, it is sequenced from the maternal plasma and distributed over the
chromosomes separately for euploid, T21 and T18. Statistical techniques for classi-
fication such as Z-transform or t-test are applied to the euploidy and aneuploidy
distributions of the chromosomes 21 and 18 respectively, to estimate the probability
for aneuploidy of an unknown case.

The cell-free DNA test (cfDNA) has been validated for the T21, and for other
chromosomal abnormalities such as trisomies 13 (T13) and 18 (T18) and some stud-
ies report perfect classification. However, some of the drawbacks are the following:
First, the result of a test may take a considerable time to be available. Additionally,
the maternal blood analysis requires high quality equipment and specialized doc-
tors resulting to an increment of the general cost. From a technical point of view,
there is some lack of scientific evidence on the generalization ability of this method.
The majority of the papers present the results on cases that were already ranked as
high-risk from the combined screening test. Therefore, 5% of the NIPT false nega-
tives were not evaluated to test the performance of the method on statistically diffi-
cult cases. In addition to this, the study population reported in several papers is not
statistically solid due to the fact that their analysis is based on small datasets (Chiu
et al. 2011, Nicolaides et al. 2013, Papageorgiou et al. 2011).

In the last years, there has been an attempt to combine the two abovementioned
non-invasive methods in a routine examination procedure (Nicolaides et al. 2012,
Nicolaides et al. 2005). In a first stage, a risk for T21 is estimated and “high risk”
cases are further examined with the cfDNA test.

The method proposed in this chapter will follow the same philosophy as above,
but instead of combining statistical method and cfDNA will combine an ANN
method and the cfDNA. We propose a routine examination using the markers from
the prenatal examination and the use of artificial neural networks as a classifier.

The aims towards the combination of the two non-invasive methods are to op-
timize the number of the invasive tests at the lowest FPR possible and to minimize
the cases that are suggested to perform a cfDNA test.

The proposed method is compared to the previous ones, achieves and identifies
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other chromosomal abnormalities (OCA) than T21 such as T13, T18, Turner syn-
drome and triploidy that none of the other methods reported satisfactory results.

4.2 Methods

In this chapter we propose a two-stage approach for the estimation of the risk for
aneuploidy in the first trimester of pregnancy. In Fig. 4.1, we present the overview
of our proposed methodology that is based on a routine examination suggested by
Nicolaides et. al (Nicolaides et al. 2012, Nicolaides et al. 2005). In the first stage,
we classify an unknown case into “no risk” or “high risk” using a cut-off value
(threshold) that is applied to the output of our classifier. We use four markers from
a standard pre-natal examination. The maternal age contributes significantly to the
discrimination of the euploid and aneuploid classes and it is used as a marker for
both stages. The serum biochemistry markers, the PAPP-A and the β-hCG are de-
rived from the maternal blood and the results are observed within few minutes us-
ing automated machines (DELFIA Xpress system, PerkinElmer Life and Analytical
Sciences, Waltham, MA). The nuchal translucency (NT) is a subcutaneous collection
of fluid behind the fetal neck and it is measured by transabdominal ultrasonogra-
phy.

All the “high-risk” cases from the first stage are reassigned in the second stage.
We use two cut-off values that we apply to the output of the system in stage 2,
to classify the unknown case as “no risk”, “moderate risk” or “high risk”. In this
stage we include three additional markers, the DV, TF and NB. The DV and the TF
are measured from a special ultrasonographic scan, using a pulsed wave doppler
technique. The NB is observed during the first scan. We propose that the “moderate
risk” cases are suggested for cfDNA test while the “high risk” to perform an invasive
test.

In the field of biological informatics, the use of computational intelligence
techniques such as artificial neural networks (ANNs), support vector machines
(SVM) and others have brought interesting results in the prediction of serious dis-
eases such as cancer, parkinson and others (Schnorrenberg et al. 1997, Schizas and
Pattichis 1997, Neves et al. 2015, Er et al. 2016, Yoo et al. 2016). The ANNs have the
advantage of “learning” by examples that are presented one by one in a similar way
to the brain process of learning. This ability of learning, differentiates them from the
standard statistical methods where the distributions, the mean and standard devia-
tions are significant.

The feed forward (FF) ANNs are consisted of a number of layers that are con-
nected to each other. The first layer is called input layer and it contains as many
nodes (neurons) as the input parameters. The last layer is called output layer and it
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Figure 4.1: Overview of the proposed methodology. Every case is suggested to per-
form the first stage of the prenatal examination for estimating the risk for fetal ane-
uploidy. The “high risk” cases are reassigned in stage 2 that are finally classified in
“no risk” and continue the pregnancy, “moderate risk” and suggested to perform
the cfDNA test or “high risk” and suggested for an invasive test for reaching diag-
nosis.
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contains one node. The rest of the layers that are between the first and the last,
are called hidden layers. A typical ANN architecture is consisted of one or two
hidden layers. In every connection, there is a weight and an activation function
that represent the process in the synapses of the biological brain cells. The weights
are optimized during the training procedure by presenting all the examples sev-
eral times and calculating the error, which consequently is used for adjusting the
weights through a learning algorithm. The number of repetitions is a parameter
called “epochs”. The number of layers and nodes, the activation functions and the
epochs are parameters that are pre-defined.

An unknown case is evaluated by an ANN by presenting the parameters to the
input layer. This information is passed through the layers by applying the appro-
priate weights and the transfer functions. The output value of the ANN in the last
layer takes values in the range between 0 and 1 due to the sigmoid transfer function.
To classify a case into negative or positive, we use a cut-off point. The output values
that exceed this point are considered positive.

4.3 Results

For our experiments, we used three different datasets that were provided by the Fe-
tal Medicine Foundation at different periods of time. The total number of euploids is
122362 while the aneuploids are 967, including 684 T21, 141 T18, 46 T13, 38 triploidy
and 58 Turner cases (table 4.1).

To ensure the robustness of the ANN models, we applied a three-fold cross val-
idation procedure. We first split our datasets into a training set of 70% of the total
populations and a test set (30%) that is kept unknown to the training phase. The
populations of the cases that consist the cross validation sets (training and tests) for
the three datasets A, B and C are shown in table 4.2.

To identify the optimal parameters of a neural network is generally done em-
pirically (chapter 2). The identification of the ANN that yield the best results, we
used the training set of the dataset A that we call the “training dataset” to perform a
grid search of 24 ANNs, by systematically changing different parameters. Then, we
performed our experiments in datasets B and C that we call the “testing datasets”
with the same parameters of the ANN from dataset A. In table 4.3, we present the
results of the grid search. We choose to use the parameters of the FF #18 (table 4.3),
to build the neural networks for our experiments using the datasets B and C .

In Tables 4.4, 4.5, 4.6 and 4.7 we present the results of the “testing datasets”
separately. The results of the cases in the test sets that were ranked with risk in
stage 1 are shown in Table 4.4. These are the cases that are suggested a further
examination and send for testing in stage 2. In tables 4.5, 4.6 and 4.7 we present
the results of stage 2 for the three categories “No risk”, “Moderate risk” and “High
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Table 4.1: Euploid and Aneuploid Populations of the Three Datasets Used.

Dataset Euploid T21 T18 T13 Triploidy Turner

A 50517 408 39 14 10 13

B 29790 124 42 10 14 19

C 42055 152 60 22 14 26

Table 4.2: Cross Validation. Training and Validation Sets for the Three Datasets Used.

Training Validation

Dataset Euploid T21 Euploid T21 OCA

A 33619 279 16898 129 76

B 20782 100 9008 37 85

C 31225 100 10830 52 122

risk”.
In order to evaluate both “testing datasets” using a unique cut-off point, we

concatenate the outputs of the test sets of datasets B and C and we present our
results in Figs. 4.2, 4.3 and 4.4. In Fig. 4.2, we present the ROC curves of the ANNs
built in stage 1 with dashed and stage 2 in solid lines. These curves are calculated
using different values of cut-off points that is applied to classify an unknown case
as euploid or aneuploid. For every case in the test sets, we compare the result of
the classification with the real karyotype to determine the result as true or false
poitive/negative. We calculate our results in terms of sensitivity and specificity:

sensitivity “
TP

TP ` FN
(4.1)

specificity “
TN

TN ` FP
(4.2)

The true positive (TP) is the total number of the aneuploid cases that are classi-
fied positive and false negative (FN) the ones that are classified as negative. Respec-
tively, the euploid cases that are classified as negative are called true negative (TN)
and as positive, false positive (FP).

In Fig. 4.3, we present analytically the classification results of the testing datasets.
From the total number of 20134 cases that were validated in stage 1, 33.1% of the
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Table 4.3: Architecture Structures of the Neural Networks built and the results of the
grid search.

Network Neurons # Activation FPR T21 # OCA

FF 01 5 Logistic 96.0% 100.0% 36.8%

FF 02 10 Logistic 93.9% 100.0% 47.4%

FF 03 15 Logistic 93.5% 100.0% 51.3%

FF 04 20 Logistic 94.4% 100.0% 43.4%

FF 05 25 Logistic 95.8% 100.0% 36.8%

FF 06 30 Logistic 92.0% 100.0% 52.6%

FF 07 35 Logistic 95.3% 100.0% 23.7%

FF 08 40 Logistic 93.1% 100.0% 43.4%

FF 09 45 Logistic 95.0% 100.0% 19.7%

FF 10 50 Logistic 93.3% 100.0% 43.4%

FF 11 55 Logistic 95.9% 100.0% 19.7%

FF 12 60 Logistic 96.3% 100.0% 30.3%

FF 13 5 Tanh 96.8% 100.0% 25.0%

FF 14 10 Tanh 94.0% 100.0% 35.5%

FF 15 15 Tanh 95.9% 100.0% 39.5%

FF 16 20 Tanh 95.2% 100.0% 40.8%

FF 17 25 Tanh 95.6% 100.0% 22.4%

FF 18 30 Tanh 96.3% 100.0% 32.9%

FF 19 35 Tanh 94.7% 100.0% 28.9%

FF 20 40 Tanh 93.0% 100.0% 39.5%

FF 21 45 Tanh 93.7% 100.0% 32.9%

FF 22 50 Tanh 96.6% 100.0% 32.9%

FF 23 55 Tanh 95.8% 100.0% 32.9%

FF 24 60 Tanh 94.9% 100.0% 30.3%

euploid were classified as positive together with the 100% of T21 and 77.3% of the
OCA that are reassigned in stage 2.
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Table 4.4: Results of stage 1 for the “Risk” category.

Dataset Euploid T21 OCA

B 26.9% 100% 82.4%

C 31.7% 100% 72.1%

Table 4.5: Results of stage 2: “No risk”

Dataset Euploid T21 OCA

B 93.7% 0.0% 2.4%

C 96.1% 0.0% 0.0%

Table 4.6: Results of stage 2: “Moderate risk”

Dataset Euploid T21 OCA

B 6.2% 35.1% 16.5%

C 3.7% 25.0% 13.9%

Table 4.7: Results of stage 2: “High risk”

Dataset Euploid T21 OCA

B 0.2% 64.9% 77.1%

C 0.2% 75.0% 58.2%

Each of the positive cases from stage 1 is classified from stage 2 into one of the
three categories of “no risk”, “moderate risk” or “high risk” based on the ANN
output value and two cut-off points. We set the lower cut-off point to the 11% of
risk to separate the “no risk” with the “moderate risk”. The cut-off point for the
“high risk” is set to 95% of risk.

From the total number of 6568 cases that were ranked positive in stage 1, the
82.8% of the euploid, 0% of the T21 and 1.8% of the OCA (1.4% of the total number
of OCA) is classified as “no risk” crating a total FPR of 5.7%. In the “moderate risk”
category, 16.5% of the euploid (5.5% of the total), 31.5% of the T21 and 15.6% of the
OCA (12.1% of the total) are suggested to perform a cfDNA test. In the “high risk”
category, 0.7% of the euploid (0.2% of the total), 68.5% of the T21 and 82.5% of the
OCA (63.8% of the total) are suggested to perform an invasive test.

In Fig. 4.4, we present the outputs of the 13270 euploid cases (upper plot) and the
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Figure 4.2: ROC curves of the neural network outputs of stage 1 (dashed line) and
stage 2 (solid line). The sensitivity and the specificity were calculate for different
values of cut-off points and are placed in a two-dimensional plot.

outputs of the 249 chromosomal abnormalities in the lower figure that are ranked
positive in stage 1. In the y-axis of each plot, we show the percentage of the risk for
every case that is based on the output of the ANN in stage 2. The continuous line
represents the cut-of point that separates the categories “no risk” and “moderate
risk”. The dashed line represents the cut-of point that classifies the cases as “high
risk”.

4.4 Discussion

In this work we present a two-stage approach for the estimation of the risk for ane-
uploidy. In both stages, we make sure by adjusting the threshold accordingly that
no trisomy 21 cases are classified as euploid (i.e. 100% TPR). At the same time, we
focus our studies to minimize the FPR to the lowest possible. We have validated our
results using two test sets from datasets B and C of a total number of 19838 euploid,
89 T21 and 207 OCA cases.

In stage 2, we use seven markers (MA, PAPP-A, β-hCG, NT, DV, TF and NB)
as inputs to the ANN. The important contribution of the last three parameters is
indicated by the steeper shape of the associate curve in Fig. 4.2. From the ROC
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Euploidy (Eupl.) T21 OCA

19838 89 207

No risk Risk

Eupl. T21 OCA

13270 0 47

Eupl. T21 OCA

6568 89 160

No risk Moderate High Risk

Eupl. T21 OCA

5438 0 3

Eupl. T21 OCA

1085 28 25

Eupl. T21 OCA

45 61 132

Stage 1

Do nothing Stage 2

Do nothing cfDNA test Invasive test

Figure 4.3: The results of the testing datasets A and B for stages 1 and 2.
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curves, it is shown that the ANNs built with seven markers perform significantly
better than the ANNs built with four markers.

We report higher classification results than the state-of-the-art statistical mixture
model that is currently used as a classifier. In order to make an accurate comparison
between our method and the NIPT test, we compare the 95% DR for T21 that is
reported in the literature at the 5% FPR. We use a cut-off point at the 45% of the risk,
as explained in the section Methods, and achieved 94.2% and 79.5% DRs for T21 and
the OCA respectively at FPR of 1.2%.

In addition to the diagnosis of T21, our method achieves high accuracy on the
detection of the OCA, as shown in Fig. 4.4. Below every plot, we annotate with
double arrows the cases that belong to datasets A and B. From the upper plot, we
observe that dataset C has better performance on the euploid cases. The same test
dataset identified 100% of the triploidy cases. From Fig. 4.4, we conclude that all
the T21, the triploidy and the Turner cases are ranked as “moderate risk” or “high
risk” with a cut-off point of 11%.

The FPR in the first stage kept relatively high for accommodating all the T21
and 77.3% of the OCA. In the second stage, we estimate another risk based on the
results of the ductus venosus, the tricuspid flow and the nasal bone. By including
the ductus venosus, the tricuspid flow and the nasal bone, the FPR is reduced from
33.1% to 5.7%.

In the literature, the cfDNA test has shown in many studies to be appropriate
for the estimation of the risk for T21 and T18 reporting almost perfect classification.
However, in the majority of these studies, the population that is used for testing
has already ranked as “high risk” from a previous non-invasive method. Therefore,
there is no statistical evidence about the 5% of the false negative T21 and the 5%
FPR that is left outside the test set. In addition to this, since the classification is done
using standard statistical classifiers such as t-test and z-scores, the results should be
cross-validated to ensure that the models are robust to pattern changes. Two other
drawbacks of the cfDNA test are a) the complexity of the method and the fact that
in about 1.0% of the population the test returns no results.

Our proposed methodology has the potential to be used in a real time application
in medical centers, since it returns immediate results during a regular visit of the
pregnant woman. Some of the drawbacks of our method are that it does not classify
perfectly the euploid from the aneuploid since we still report a cumulative FPR of
5.7%. Additionally, more work needs to be done for improving the DR of the OCA.

In this work, we make sure that no T21 will be born unexpectedly, while we
reduce the cases that nowadays unnecessarily undergo for the cfDNA test.

For future work, we will focus our research to build models that will associate
the risk for aneuploidy with pre-eclampsia and other pregnancy complications. We
currently have preliminary results that we aim to publish in high impact academic
journal.
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Chapter 5

Melodic similarity using COSFIRE filters

Abstract

The identification of repeating patterns in time signals - also known as motifs - has
been a challenge for many years in the area of digital signal processing. For instance, in
music, existing algorithms that detect similar motifs typically require multi-dimensional
features such as chromagrams, similarity matrices and the use of the computationally ex-
pensive dynamic time warping (DTW) algorithm. We propose a time-scale and transpo-
sition invariant method for identifying repeating motifs and demonstrate its effectiveness
in musical signals. We adapt the COSFIRE approach, which has been found effective in
2D signals, to 1D signals. Our method has a computational time complexity substan-
tially lower than DTW and achieves better effectiveness compared to DTW, Symbolic
Aggregate Approximation and cross correlation results. The proposed 1D COSFIRE
approach is highly effective and efficient for extracting a symbolic representation of the
melodies in a given song. Additionally, it is conceptually simple and versatile, in that it
can be applied to any 1D signal.

5.1 Introduction

The identification of similar or identical sub-sequences that appear in different
positions in 1D time series, has been a task for research in the fields of dig-

ital signal processing and pattern recognition for the last two decades. Such sub-
sequences are typically called motifs. Computational methods have been applied
in medical and biological signals (Abe and Yamaguchi 2005) and for tasks such as
weather prediction (McGovern et al. 2007), speech recognition (Payne 2006) and mu-
sic (Müller et al. 2011, Eronen 2007). In this work we propose a novel computational
method to identify similar 1D patterns and demonstrate its effectiveness in musical
signals. In the following, we therefore focus on the problems and literature relating
to music pattern recognition.

In music theory, a motif can be defined as the smallest melody with an important
thematic identity. Such a pattern can be a defining feature of a musical piece´ think
for instance of the sequence A-G-F-E-D-C#-D in Toccata and Fugue in D minor by J.
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S. Bach ´ and thus be of central importance in the context of intellectual property.
The verse of a song is an example of such a repeating pattern in popular music.

The term melody can be primarily defined as a sequence of musical tones and
silences of specific duration over time. In a first approximation, a melody can be de-
scribed mathematically by a sequence of fundamental frequencies over time called
pitch track, derived from the audio signal. The term pitch refers to a perceptual
property of a musical tone and is closely related to the fundamental frequency of
that tone. The complexity of the relation between the pitch and the fundamental
frequency has been described in (Butler 1989, Howell et al. 1991).

The identification of motifs leads to an explicit understanding of the musical
structure of a piece. The detection of such patterns is an essential step in musico-
logical analysis. In Fig. 5.1 we illustrate an example from a data set that we com-
piled for this work1. Fig. 5.1a shows the values of the microphone signal of a song.
In Fig. 5.1b, we show a representation of the melody short-term fundamental fre-
quency over time. In this case four motifs are present. The boundaries of the motifs
are indicated with vertical lines. Motif 3 is a repetition of motif 1 and they are both
indicated with the letter “A”. Similarly, the letter “B” is given to the motif 2 and
motif 4. The musical structure of the song in Fig. 5.1 has the form “A” - “B”.

In this work we focus on monophonic songs of Eastern Mediterranean folk mu-
sic. There are various differences between popular and folk music which have to be
taken into account in computational analysis. Popular music is typically recorded
in professional studios with high quality equipment and professional musicians. In
folk music, non-professional performers may perform singing with rhythmic vari-
ations and pitch drifts. However, generally, it is difficult to determine whether a
performer (professional or non-professional) is being expressive or hiding a mis-
take. In addition, recordings of folk music are often made in noisy environments.
From a technical point of view, the majority of the methods for similar problems
are using Musical Instrument Digital Interface (MIDI) information in their method-
ology. Folk music lacks from transcriptions since many times the composer is not
known and therefore similar melodies can be found in different songs. Therefore, in
the computational analysis of folk music it is preferable that the MIDI information
is avoided.

In this chapter we propose a method to identify repeating patterns using a single
feature, the short-time fundamental frequency, as a function of time. This method
can be applied to monophonic (i.e. with a single melody) vocal folk tunes. It is
based on a modification of the COSFIRE (Combination Of Shifted Filter Responses)
approach (Azzopardi and Petkov 2013), a technique that has been introduced for
trainable visual pattern recognition. So far, the COSFIRE method has been applied
in two-dimensional signals. In this work, we adapt the COSFIRE approach to 1D

1Data set can be downloaded from https://www.cs.ucy.ac.cy/projects/folk/
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Figure 5.1: Audio signal represented as (a) obtained by a microphone and as (b) a
sequence of fundamental frequencies coming from a short-term frequency analysis.
In this example, four motifs are present, whose starting and ending positions are
indicated by the vertical lines.

signals. We compare our results with other distance metrics that are widely used in
pattern recognition of 1D problems.

5.1.1 Related work

The majority of the applications in Music Information Retrieval (MIR) require the
extraction of low-level features derived from the raw audio signal. There has been a
significant amount of work in the research of audio feature representation (Peeters
and Rodet 2004, Mckinney and Breebaart 2003).

Depending on the application, different groups of features may be used. Tem-
poral features include the autocorrelation coefficients or the note duration. Spec-
tral information can be described by Fourier Transform (FT), spectral spread, spec-
tral centroid, Mel frequency cepstral coefficients (Zheng et al. 2001). These fea-
tures are usually used for other tasks such as instrument identification (Benetos
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et al. 2006, Giannoulis and Klapuri 2013), musical genre classification (Tzanetakis
and Essl 2001, Tzanetakis and Cook 2002) speech/music identification (Ramalingam
and Dhanalakshmi 2014, C and Chang 2012, Neocleous et al. 2014b), speech process-
ing and recognition (Wu and Li 2013, Saeidi et al. 2012, Lee et al. 2014, Ishizuka and
Nakatani 2006, Zade et al. 2006) and others.

In computational analysis of music structure, several methods have been pro-
posed for the automatic identification and segmentation of important musical parts.
These are often called audio thumbnailing (Bartsch and Wakefield 2005). Such parts
include the introduction, the verse and the chorus. Other methods require note seg-
mentation and the identification of repeating patterns is eventually achieved by cre-
ating a symbolic representation of the melody and the use of chromagrams (Bartsch
and Wakefield 2005, Gómez 2006, Goto 2006, Müller et al. 2011). The studies in (Qi
et al. 2007, Sandler and Aucouturier 2001) include audio segmentation using self-
similarity measures and hidden Markov models.

In (Bartsch and Wakefield 2005) the authors propose a method for audio thumb-
nailing of popular music. Their method includes a frame-based audio segmentation
where each audio frame is described with a set of features. Then, similarity ma-
trices of the extracted features are computed and used to identify motif repetitions
in the entire signal. The most common feature used for audio thumbnailing is the
12-dimensional chromagram proposed in (Gómez 2006).

Similar approaches to audio thumbnailing and automated identification of re-
peating musical aspects are described in (Goto 2006, Müller et al. 2011, Eronen 2007).
The majority of those papers report the use of Dynamic Time Warping (DTW) in
their methodologies. The extraction of chromagrams, the computation of simi-
larity matrices and the DTW result in a complex system with a high computa-
tional cost. The use of low-level features for audio thumbnailing is explained in
(Peiszer 2007, Aucouturier and Sandler 2002).

Other studies extract information from MIDI scores and correspond the musical
sequence with letters of the alphabet (Crochemore et al. 2001, Hillewaere et al. 2009).
Examples of such information include the duration and the fundamental frequency
of the notes, the frequency difference between the previous, current and subsequent
notes, temporal onsets, and others. The musical patterns and repetitions are identi-
fied with the use of string methods such as n-gram models.

In the last two decades, the query-by-humming (QBH) method has been widely
used for melodic similarity (Song et al. 2002, Hu et al. 2003, Zhu and Shasha 2003,
Dannenberg et al. 2004, Dannenberg and Hu 2004, Ryynänen and Klapuri 2008, Huq
et al. 2010, Kotsifakos et al. 2012). Commercial systems such as Shazam, MiDomi,
musipedia and SoundHound as well as academic systems such as Tunebot are ex-
amples of applications that use the QBH method. The procedure is as follow: the
audio signal is first converted into a MIDI information. This step requires pitch
track extraction and note segmentation that are still a challenging problem in the
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MIR. Then, the symbolic representation of the input signal is compared with a large
set of songs in a database. In each comparison, a similarity value is returned. The
best match between the input signal and a song in the database is chosen as the pair
with the lowest similarity value.

The constraint of the methodologies discussed above, is that the MIDI scores
have to be known. In the majority of the folk songs a MIDI score is not available,
and therefore these methods cannot be applied. Another limitation of this method-
ology is the inability of analysing non-Western music. This arises from the fact that
many cultures do not have a written language for describing their music, therefore
a protocol such as MIDI is not available.

Another approach that is reported in the literature for motif recognition and clas-
sification is the use of wavelets (Velarde et al. 2013, Jeon et al. 2009). The melody is
first represented with a single-scale signal that is derived from the continuous Haar
wavelet transform. Then, wavelet coefficients are used to form feature vectors and
processed for classification purposes with standard machine learning tools.

The Symbolic Aggregate Approximation (SAX) is a method that converts a time
series into a symbolic representation (Keogh et al. 2006). Its major novelty that
differentiates it with other established methods is that it allows for dimensional-
ity reduction and the ability of applying distance measures on the symbolic rep-
resentation. In (Lin et al. 2007) it is shown that this method had been applied for
several types of signals such as the analysis of protein unfolding data (Ferreira
et al. 2006), meteorological data (McGovern et al. 2006), telemedicine time series
(Duchene et al. 2005) and others.

While various methods for automatic segmentation into meaningful musical sec-
tions have been proposed for Western and popular music, little work has been done
on folk music (Dutta and Murthy 2014, Ishwar et al. 2013, Ross et al. 2012, Volk and
Van Kranenburg 2012, Rao et al. 2014). However, the data sets used in the aforemen-
tioned studies are not available, or they are encrypted with the MIDI protocol that
is not appropriate for the application at hand.

There are essential differences between these two categories. The structure of the
songs includes well defined repetitions with constant tempo and rhythm. In con-
trast, folk music is produced by non-professional performers and most of the times
these artists do not have formal musical education. This results in non-professional
performances, such as singing out of tune or rhythmical variances throughout the
song. Furthermore, the environmental conditions include low quality recordings in
noisy public places. Existing methods for the automatic identification of repeating
patterns are not equipped to deal with the mentioned aspects of folk music.

This chapter is structured as follows. In Section 5.2 we present our proposed
method, while in Section 5.3 we demonstrate its effectiveness and compare it with
existing methods on a new data set of monophonic folk songs. In Section 5.4 we
discuss certain aspects of the proposed approach and then we draw conclusions in



76 5. Melodic similarity using COSFIRE filters

Section 5.5.

5.2 Methods

5.2.1 Overview

In Fig. 5.2 we illustrate the whole pipeline of our method. It consists of a configura-
tion and an application stage.

In the configuration, we first divide the audio signal into overlapping frames of
30ms in length with 3ms overlap. For each such a frame, we extract the fundamental
frequency (Fig. 5.1b) using the YIN algorithm (de Cheveigné and Kawahara 2002)
as explained further in Section 5.2.2. Then, we manually segment the audio signal
into motifs as shown in Fig. 5.1b. After the segmentation is done, we take the first
motif which we denote by the letter “A” and use it to configure a set of COSFIRE
filters that describes its properties.

In the application stage we apply the configured set of COSFIRE filters to the
remaining motifs of the audio signal. In order to come to a single value for every
motif, we combine the responses of the set of COSFIRE filters by geometric mean.
We label with the letter “A” every motif that evokes a combined response that is
higher than a threshold, which is set experimentally. In the next iteration, we denote
by “B” the next motif that has not been labelled and use it to configure a new set
of COSFIRE filters. We then give the label “B” to motifs which exhibit responses
higher than some threshold. We repeat this procedure until all motifs in a given
audio signal are labelled.

These steps are explained in more detail in the sections below.

5.2.2 Fundamental Frequency Extraction

The fundamental frequency is closely related to the pitch of a musical note. The
melody can be represented and modelled as the pitch in a function of time. The fun-
damental frequency estimation for musical signals has been an important and chal-
lenging task in the research of music information retrieval. Several algorithms and
techniques have been proposed, some of them based on the time domain (Medan
et al. 1991, Talkin 1995, de Cheveigné and Kawahara 2002) and others based on
the frequency domain (Klapuri 2004, Dorken and Nawab 1994). We employed the
widely used YIN algorithm proposed by Cheveign and Kawahara (de Cheveigné
and Kawahara 2002) for the extraction of the fundamental frequency vector. The
YIN algorithm takes as input the raw observations of the sound pressure and out-
puts a vector with fundamental frequency candidates for each audio frame. The
algorithm is based on the autocorrelation function (ACF) of the audio signal where
a number of modifications and corrections are applied after the autocorrelation, as
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Figure 5.2: The main steps of the proposed methodology.

reported in (de Cheveigné and Kawahara 2002). The algorithm uses a frame-based
approach and it gives the fundamental frequency candidates for a sequence of over-
lapped audio frames. For our analysis we used 1470 bins with a window length of
30ms and 128 bins for hop size (3ms).

5.2.3 Configuration and response of a COSFIRE filter

A COSFIRE filter is configured by the values at certain positions in a given training
motif (also referred to as a prototype signal). We consider a regularly spaced set of
n points along the given signal where the midpoint of this set lies on the center of
the prototype. In Fig. 5.3a, we present a synthetic signal consisting of five different
patterns. The first pattern shows a sinusoidal signal that we use as a prototype along
which we consider seven points centered around the zero crossing. We describe
each point i by a pair pfi, tiq, where fi is the value of the signal at time point ti with
respect to the center of the filter support (labeled by the * marker). We denote by Pc
a COSFIRE filter that is defined as a set of such pairs:

Pc “ tpfi, ρiq | i “ 1 . . . nu (5.1)

where ρi “ δpi´ pn` 1q{2q, n is the total number of considered time points and δ is
the length of the interval between the time points.
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For the given prototype shown in Fig. 5.3a we use (n =) 7 time points uniformly
distributed in intervals of (δ =) 10 time points to configure a COSFIRE filter with
parameter values specified by the pairs in the following set:

Pc “
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The response of a COSFIRE filter is computed by first comparing the values in
a given test signal to the preferred ones defined by Pc. Thus, we obtain a similarity
value for each pair in Pc. Then we use a smoothing function to allow for some
temporal tolerance and finally we combine all the smoothed similarity values with
geometric mean.

Similarity measure

For a given point in time t of a test signal T we use a Gaussian kernel function to
compute a similarity value for each pair in set Pc that defines a COSFIRE filter:

Diptq “ exp´
pfi´Tt`ρi

q2

2σ2 , σ “ σ0 ` αp|ρi|q (5.2)

where fi is the preferred value of the i-th pair in set Pc, and Tt`ρi is the correspond-
ing value in the concerned neighbourhood of a signal T at time t. The standard
deviation σ of the Gaussian kernel function increases linearly with increasing dis-
tance from the center of the filter. In this way we allow more tolerance to the values
of time points that are on the periphery of the support of the filter than those that
are closer to the support center.

In Fig. 5.4 we present an example of the prototype explained in Section 5.2.3 that
comprises seven points. We use vertical lines to indicate the seven positions of the
time points that are considered in this COSFIRE filter. Their heights indicate the
standard deviation σ that we use in Eq. 5.2 for σ0 = 0.1 and α = 0.9.

Temporal tolerance

In order to allow for temporal tolerance we smooth the similarity signals Di of each
pair of a COSFIRE filter. We denote by S1iptq a smoothing function that we com-
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Distance from the support center of the COSFIRE filter
configured by the sinusoidal prototype in Fig. 5.3a.
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Figure 5.4: The value of the standard deviation increases for each point i away from
the support center of the filter.

pute by taking the maximum value of the neighbourhood of the resulting similarity
signals weighted by a Gaussian function with a standard deviation σ1:

S1iptq “ max
´3σ1ďjď3σ1

tDipt` jq exp
´

j2

2σ12 u (5.3)

In Fig. 5.5a we use the same prototype that we used in the example in Fig. 5.3a
to configure a COSFIRE filter with n “ 100, δ “ 1, σ0 “ 0.01 and α “ 0.001. The
test signal is a noisy sinusoidal signal similar to the prototype but with a lower fre-
quency. We use this example to illustrate the effectiveness of the smoothing function
to achieve temporal tolerance. The image in Fig. 5.5b is a matrix of (n =) 100 simi-
larity signals, one for each pair in the set Pc of the concerned COSFIRE filter. Due to
the boundary effect, we do not compute similarity values in the beginning and end
parts of the input signal. In Fig. 5.5c we show the smoothed similarity signals.
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Figure 5.5: a) 1D input signal. The sinusoidal signal on the left is used to configure
a COSFIRE filter with parameters n “ 100, δ “ 1, σ0 “ 0.01 and α “ 0.001. The
arrow indicates its support center. b) The similarity signals between the preferred
values of the COSFIRE filter and the values of the input signal. c) The geometric
mean of the similarity signals. d) The smoothed similarity signals. e) The COSFIRE
filter responses computed as the column-wise geometric from the matrix in (d).
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Response

We denote by Rptq the response of a COSFIRE filter (Fig. 5.5c) at time t that is
computed as the geometric mean of all the involved smoothed similarity values:

Rptq “

ˆ n
ź

i“1

S1iptq

˙
1
n

(5.4)

Configuration of one COSFIRE filter

In Fig. 5.6a we present an example of the audio signal of the song #22 from our data
set, which consists of four motifs. The start and end positions of the vocal pauses
are manually annotated with vertical lines. We connect consecutive motifs using
linear interpolation in order to fill in the gaps with real numbers and thus avoiding
numerical errors.

In this example, the first motif is similar to the third and the second motif to the
fourth. All of the four motifs are similar in their first half. This is common in such
singing data and it is important that the methods for the identification of melodic
repetitions identify them as dissimilar, since the second half is different. For in-
stance, in the example shown in Fig. 5.6a, the first two motifs should be classified
as dissimilar. The AND-type character of the COSFIRE filters allows the discrimi-
nation of two motifs even when they are similar in their first half. The product of
the low similarities in the second half of the motifs and the high similarities of the
first halve results in a low COSFIRE response. As a result, the two signals will not
be considered similar.

We use the training motif in Fig. 5.6a to construct one COSFIRE filter. In this
example we use the fundamental frequency and the time positions of the prototype
with n “ 1436 points, σ0 “ 0.05 and α “ 0.01 for the configuration. Then we apply
this COSFIRE filter to the entire input signal that consists of four motifs. In Fig. 5.6c
we plot the response of the COSFIRE filter for each point of the input signal. The
highest response is located in the middle of the training motif with a value of 1. For
this and in the remaining parts of the signal, the local maxima are marked with dark
spots. The second local maximum response is located in the middle of the third
motif. Significantly lower local maxima appear for motif 2 and 4. This is due to the
similarity of the motifs only in the first half.

Configuration of multiple COSFIRE filters

As an alternative to the above single filter approach, we split the prototype sig-
nal into small parts of equal length and configure a COSFIRE filter by each such
part. This is inspired by the hierarchical object recognition approach proposed in
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Figure 5.6: a) Audio signal of the song #22 - “Afkoritissa”. b) Fundamental frequency
of the audio file. Four motifs are manually selected. The first motif is used as a
prototype to construct a COSFIRE filter. c) The response signal of the configured
COSFIRE filter. The black spots indicate the local maxima points.

(Azzopardi and Petkov 2014). It turns out that the system becomes significantly
faster and more accurate when multiple COSFIRE filters with smaller areas of sup-
port are used. The advantage of having multiple filters selective for shorter signals
is that they allow for more deformation between different parts of the signals, yet
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Figure 5.7: Example of the fundamental frequency of a training motif of song #2 - “Tis
sousas 2”. Five COSFIRE filters are configured with n “ 30 and distance d between
prototype signals is equals to 120 points.

they keep certain rigidity within local parts. For a training motif, we construct a
COSFIRE filter every d points, a parameter that defines the distance between the
support centers of the concerned filters. In Fig. 5.7 we illustrate an example of a
training motif where pK “q 5 COSFIRE filters are configured. The filters are con-
figured with prototypes of width pn “q 30, the intervals between the time points of
length (δ =) 1 and the prototype centers separated with a distance of pd “q 120 time
points. The thick curve segments show the prototype signals that are used for the
configuration of the 5 filters.

In Fig. 5.8a we use the training motif in Fig. 5.6 to construct pK “q 15 COSFIRE
filters with n “ 20, δ “ 1 and d “ 90. The centers of the filters are shown with
black spots on the training motif. The response signals of the 15 COSFIRE filters
Rk“1..Kptq are illustrated in Fig. 5.8b.

The final response is the combination of all the response signals from the five
filters. For every time position t we obtain a similarity value that indicates the de-
gree of similarity between the input motif and the training motif. To achieve this
combination, it is necessary that all the response signals are aligned to the center
of the training motif as shown in Fig. 5.8c. This is done by shifting each response
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Figure 5.8: (a) Fundamental frequency of the song #22 - “Afkoritissa”. The centers of
15 COSFIRE filters are shown with black spots. (b) The responses of every COSFIRE
filter. (c) The shifted responses. (d) The blurred shifted responses. (e) The final
response.
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Figure 5.9: (a) Fundamental frequency of the song #22 “Afkoritissa”. 15 COSFIRE
filters are configured using the fundamental frequency of the second motif. (b) The
responses of every COSFIRE filter. (c) The shifted responses. (d) The blurred shifted
responses. (e) The final response signal.
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signal Rkptq by the distance from the corresponding prototype k to the center of the
training motif. Then, we apply the same smoothing function (with standard devi-
ation σ̂) explained in Section 5.2.3 to the shifted response signals defined as R1kptq.
The final response is computed as the geometric mean of the smoothed and shifted
responses:

Rptq “

ˆ n
ź

k“1

R1kptq

˙
1
n

(5.5)

The smoothed and shifted responses and the final response signals are shown
in Fig. 5.8d and 5.8e, respectively. It is shown in this example that, besides motif 1,
which was used for configuring this hierarchical COSFIRE filter, we obtain a local
maximum in the middle of the third motif. We label motifs 1 and 3 with the letter
“A”. In Fig. 5.9 we take the second motif as a prototype signal and label it with the
letter “B”. We follow the same procedure explained above to configure a hierarchical
COSFIRE filter and achieve the response signal in Fig. 5.9e. Motifs 2 and 4 are similar
and they are represented with the letter “B”.

In order to make the process more efficient we apply each low level COSFIRE
filter in a specific area of the test motif which we call the response area. First we
compute the relative position of the center of the filter in percentage with respect
to the normalized duration of the training motif. To find the response area, we
multiply this percentage with the duration of the test motif. Then, we apply the
COSFIRE filter in an area of three times the value of the n parameter around the
relative position in the test signal. Even if the training and the test motifs have
a considerable difference in duration but the melody is similar, the approach will
detect their similarity.

5.3 Experiments and Results

Here, we demonstrate the effectiveness of the proposed 1D COSFIRE filters in the
identification of melodic patterns in monophonic singing folk tunes.

5.3.1 Data

We have created a new data set that consists of 38 audio files of monophonic singing
folk tunes of Cyprus with a total duration of 89 minutes (average of 2.3 and stan-
dard deviation of 1.2 minutes) and 878 motifs. In all of the songs the performer is a
different person. In Table 5.1 we present the data used together with their proper-
ties sorted in ascending order of their durations. It is observed that the number of
motifs roughly increases linearly with the durations of the songs. The songs were
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performed by different persons in different locations and time periods. Of the 38
audio files, 12 were provided by Michalis Terlikkas2, who is a researcher and experi-
enced musician of the folk music of Cyprus. The remaining 26 songs were collected
from the freely available database that is provided by the Intercollege University3.
The full names of the songs are reported in footnote4.

The equipment used for the recordings remains unknown. The main character-
istic of these songs is that they are monophonic singing folk tunes of Cyprus. These
are melodies that were transmitted orally for more than 500 years. Considering the
geographical area of Cyprus that is an island in the Eastern Mediterranean sea and
the conquerors that influenced the people in several aspects through the years, it is
highly probable that cultural elements of those countries were also adapted to the
local folk music. Therefore, this data set has a particular value also in the field of
ethnomusicology.

5.3.2 Ground truth data

All of the songs in our data set were manually segmented into motifs by the afore-
mentioned researcher of the folk music of Cyprus, Michalis Terlikkas. We used the
annotation tool from the WaveLab software5 and exported the start and end posi-
tions of each motif in text format. Then we labelled the first motif of each song with
the letter “A”. All subsequent motifs that are similar to the first one of each song
also take the same label “A”. Then we gave the letter “B” to the next unlabelled
motif and all subsequent ones similar to it. We repeated this procedure until all the
motifs were labeled.

5.3.3 Pre-processing

We apply four pre-processing steps namely error correction, outlier removal, de-
trending and scaling.

The output of the YIN algorithm may contain two types of errors. The first is the
failure of fundamental frequency candidates for non-harmonic sounds. Typically,

2http://www.mousalyra.com.cy/en/cv-2/michalis-terlikkas
3http://www.cmn.intercollege.ac.cy
4S1) Tis sousas 1, S2) Tis sousas 2, S3) Nanourisma 1, S4) Nanourisma 2, S5) Tis sousas 3, S6 Ta mathkia

ta giallourika, S7 Sto mnima tou Giorkou, S8 Nanourisma 3, S9 Sto panw mana to xorko, S10 Erotika
distixa mavromata, S11 Manes, S12 Tis sousas, S13 Imoun Poulli petameno, S14 Nanourisma 4, S15 I
vrisi twn pegeiwtisswn, S16 T ai filipou, S17 Agapw tin je agapa me, S18 Agapisa tin pou karkias, S19
Gia tin kerinia, S20 Kotsini trantafilia, S21 Ise stillos tis karkias, S22 Afkoritissa, S23 Arodafnousa, S24
Nanourisma 5, S25 Makari na rtan oi lampres, S26 Na so tzio armatolos, S27 Karafkiotiki foni, S28 Stile
me mana sto nero, S29 Tessera tziai tessera, S30 Psintri vasilitzia mou, S31 Ploumisma fkiolaridon, S32
Armatolos, S33 Ta enia adelfia, S34 Arxi pou kamnw, S35 O Pramateftis, S36 To stolisma, S37 Tis Panagias
Tou Kykkou, S38 Nekalima panagias

5http://www.steinberg.net/en/products/wavelab/start.html
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Table 5.1: Details of the new data set composed of 38 monophonic songs.

Name Duration (s) # Motifs Name Duration (s) # Motifs
S1 53.3 14 S20 120.9 20
S2 65 6 S21 121.9 12
S3 67.6 15 S22 123.6 20
S4 67.7 14 S23 125.8 24
S5 70.9 8 S24 129 18
S6 74.9 18 S25 149.7 25
S7 75.2 15 S26 152.7 24
S8 78.2 10 S27 163.2 54
S9 78.7 16 S28 165.1 36
S10 80.6 16 S29 171.8 20
S11 84.6 8 S30 187.2 56
S12 84.6 6 S31 212.1 31
S13 89.5 14 S32 240.8 30
S14 98.6 17 S33 243.5 34
S15 106.6 8 S34 254.4 26
S16 106.6 21 S35 270.1 69
S17 106.6 16 S36 274.5 32
S18 112.3 24 S37 286.4 29
S19 116.6 18 S38 324.6 54

the first local maximum of the output of the ACF represents the fundamental fre-
quency of a periodic signal. For non-periodic signals, such as noise, no fundamen-
tal frequency exists and the ACF returns no local maxima. In monophonic songs,
non-periodic sounds appear within the vocal pauses. This fact results in the YIN
algorithm producing artefacts as candidates for fundamental frequency. In order
to correct such errors, we applied a method that was proposed in (Panteli 2011) to
remove the wrong values and replaced them with linear interpolation.

The second type of errors of the YIN algorithm are the octave or fifth errors and
they appear in situations where the algorithm erroneously outputs the frequency of
one of the harmonics of the fundamental frequency. In order to correct such errors,
we used the function FILTERF0.m from the MAKAM toolbox that is developed by
Bozkurt (Bozkurt 2008).

In folk monophonic music, it is common that singers gradually change the pitch
while singing. To illustrate an example, in Fig. 5.11a we show the fundamental
frequency of the song “O Pramateftis”, which has an upward trend. In order to
remove the trend in the signal, we subtract from it the best-fit polynomial of order 2.
As for outlier removal, we identify and remove those fundamental frequency values
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Figure 5.10: (a) The fundamental frequency of the song #20 “Kotsini trantafilia” be-
fore and (b) after the outlier removal.

that are three standard deviations away from the mean of the entire signal. Finally,
we apply min-max scaling such that the data points become in the range [0,1]. In
this way, the method becomes transposition invariant. The preprocessed signal is
shown in Fig. 5.11b.

5.3.4 Tuning of Parameters

We split the data set into an evaluation and a test set. The evaluation set con-
sists of the first 19 songs that are listed in Table 5.1, which we use to fine tune
the parameters of the proposed COSFIRE-based approach that is characterized by
six parameters; width of prototype sub-motifs n, distance between prototype sub-
motifs d, frequency tolerance parameters σ0 and α, as well as temporal parame-
ters σ1 and σ̂. In practice, we perform a grid search over the sets of parameter
values: n “ t30, 50, 70u, d “ t30, 50, 70u, δ “ t1, 10, 20u, σ0 “ t0.001, 0.005, 0.01u,
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Figure 5.11: (a) The fundamental frequency of the song #35 “O Pramateftis” before
and (b) after detrending.

α “ t0.001, 0.005, 0.01u, σ1 “ t0.001, 0.005, 0.01u and σ̂ “ t0.1, 0.5, 1u.
The output of the proposed algorithm to a given audio signal is a string of letters

and is obtained by the method explained in Section 5.2.1. Its length is equal to
the number of motifs in the given audio signal. Then, we compute the Hamming
distance between the resulting string and the string given in the ground truth and
divide with the length of the strings. The set of parameters n “ 30, d “ 50, δ “ 1,
σ0 “ 0.001, α “ 0.01, σ1 “ 0.01 and σ̂ “ 0.5 achieved the minimum mean Hamming
distance over the validation set.

5.3.5 Comparison to other methods

We compare our results with other popular methods in signal processing namely
cross correlation, Dynamic Time Warping (DTW) and Symbolic Aggregate approXi-
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mation (SAX) (Keogh et al. 2006). The DTW is widely used in MIR applications and
in similar problems such as the identification of melodic repetitions.

Cross Correlation

It slides one signal on the other and computes the dot product at each position. The
maximum value is used as a measure of similarity between the two signals. We
tune the threshold parameter for the dissimilarity classification. We compute the
Precision and the Recall for a set of threshold values and we choose the value that
returns the maximum F1 score.

Dynamic Time Warping (DTW)

The DTW method has been used in a variety of applications in signal processing,
particularly in MIR and in speech recognition (Peiszer 2007, Shiu et al. 2005, Jehan
2005, Muda et al. 2010). The main benefit of this method is that it allows for temporal
tolerance when comparing two time signals with different durations. Other meth-
ods, such as cross correlation, are less robust in this respect. The DTW calculates
the optimal path between two given time signals and it returns a value between 0
and 1. A value of zero indicates identical signals. This method has the threshold
parameter to tune for the dissimilarity classification.

Symbolic Aggregate Approximation (SAX)

The SAX method computes a symbolic representation of a 1D signal by assuming
that the data points are normally distributed. It uses two parameters, the size of
a vocabulary and the length of the resulting symbolic string. We standardize the
given signal to have a zero mean and a standard deviation of 1. For the technical
details on this method we refer the reader to (Keogh et al. 2006).

For the three above mentioned methods we use a similar procedure that is ex-
plained in Section 5.2.1 to obtain a string representation. For a given audio signal,
we take the first motif and use the concerned method (cross correlation, DTW and
SAX) to obtain a similarity value for the remaining motifs in the same signal. We
give the letter “A” to the first motif and to the motifs for which a similarity value
above a certain threshold is achieved. Then, we take the next motif that has not
yet been labeled and compare it with the remaining unlabelled motifs, and give the
letter “B” to the ones that evoke a response greater than the threshold. We repeat
this process until all motifs are labeled. For the SAX method we use the minimum
(lower-bounding) distance6 suggested in (Keogh et al. 2006) to compute the sim-
ilarity between the symbolic representations of the motifs. Moreover, we use the

6In practice we use the Matlab implementation provided in http://www.cs.ucr.edu/„eamonn/SAX.htm
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Figure 5.12: The precision and recall achieved by the proposed COSFIRE approach
in comparison to cross correlation, DTW and SAX, as a function of the involved
threshold that is common to all methods. The markers indicate the precision and
recall at the maximum f-score.

validation set to fine-tune the involved two parameters by a grid search. The pa-
rameters that achieve the minimum mean Hamming distance are a vocabulary of
8 letters and a length of 16 letters in the resulting symbolic string. The other two
methods have no specific parameters to tune other than the threshold parameter.

5.3.6 Results

The test set consists of the last 19 songs that are listed in Table 5.1. For the COSFIRE
approach that we propose and for the SAX method we use the parameter values that
returned the best results from the grid search on the validation set. For the other two
methods we tune the threshold that is applied for the dissimilarity classification. We
use a different threshold for each method that returns the maximum F1 score over a
set of threshold values.

We present the results of the four methods (COSFIRE, DTW, cross correlation
and SAX) that we applied to our data set in terms of Precision P=TP/(TP+FP) and
Recall R=TP/(TP+FN) and the harmonic mean also known as F1 score 2PR/(P+R).
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Figure 5.13: The sum of normalized Hamming distances achieved by the proposed
COSFIRE approach in comparison to cross correlation, DTW and SAX, as a function
of the involved threshold that is common to all methods. The markers indicate the
minimum point of each plot.

For the symbolic representation matching, we calculate the normalized Hamming
distance between the strings of the ground truth and the output of each of the four
methods. Then, we obtain the mean Hamming distance over the entire test set for
various values of the threshold th.

The TP, FP and FN are the abbreviations for True Positives, False Positives and
False Negatives, respectively. A classification is called TP if a pair of motifs that are
compared are annotated as similar in the ground truth and the method classified
them as similar. A FP is the wrong classification of the system that two motifs are
similar, while a FN is the wrong classification that two motifs are dissimilar.

The classification of a pair into similar or dissimilar has been done using a thresh-
old on the output of the respective method. We have computed results for 101 values
of the output threshold in the range 0 and 1 in intervals of 0.01. These results are
presented in a precision and recall plot in Fig. 6.8. In Fig. 5.13 we plot the mean
of Hamming distances over the test set for the four methods as a function of the
threshold th.

The proposed COSFIRE approach outperforms the other methods. The har-
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monic mean of the precision and recall reaches a maximum value of 0.83 at a recall
R of 0.80 and a precision P of 0.86. The precision and the recall of the SAX method
at its maximum harmonic mean of 0.46 is 0.41 and 0.52, respectively. The harmonic
mean of the precision and recall of the DTW reaches its maximum F1 “ 0.66 at a (R
= 0.74, P = 0.59). The maximum harmonic mean of the cross correlation is achieved
with F1 “ 0.60 at a (R = 0.75, P = 0.5).

For the symbolic representation, COSFIRE achieves a minimum mean of Ham-
ming distances of 0.13 with a threshold th = 0.74. On the other hand, the minimum
mean of Hamming distances of the cross correlation, DTW and SAX are 0.66 (th =
0.01), 0.38 (th = 0.85) and 0.39 (th = 0.46), respectively.

Additionally, we calculated the processing time that each method requires to
process every song. The execution time of the methods COSFIRE, SAX and cross
correlation to compute 38 songs were 51.5, 0.9 and 0.1 minutes respectively, while
that of the DTW was 729.6 minutes.

For each of the four methods and for each song, we present in Table 5.3.6 the F1

score, the execution time and the normalized Hamming distance for the threshold
that contributes to the minimum F1 score and mean of Hamming distances on the
test set. The execution time is calculated with sequential implementation of the
methods running on a personal computer with a 1.7 GHz processor and 8 GB of
RAM.

5.4 Discussion

The COSFIRE approach performs substantially better than the cross correlation,
DTW and SAX methods. Most of the existing methods for the identification of mo-
tifs make use of the DTW in their methodology. Therefore, we believe that replacing
DTW by the proposed COSFIRE approach may yield significant improvement in
several applications. While the SAX and the cross correlation methods are more ef-
ficient than COSFIRE, they are much less effective possibly due to the insufficient
robustness to temporal tolerance.

In contrast to the QBH method that has been a state-of-the-art for melodic simi-
larity tasks, COSFIRE filters compare pitch tracks that are derived directly from the
audio signal. In other words, the note segmentation and the database with the MIDI
transcriptions are avoided. Similarly, wavelets have been effective in applications
that are using the pitch tracks. Unlike COSFIRE, wavelets are linear functions and
are not intrinsically robust to temporal tolerance. They are typically used to extract
features that can be used in a classification model. This is in contrast to the pro-
posed COSFIRE filtering approach that can be used directly as a similarity function
without involving classification models.

Several data sets for folk music analysis are used in the literature, while not all
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of them are publicly available. We have tried to apply our method in the MTC-
ANN-2.0 data set from the Meertens Tune Collections7 that is used in (Rodrıguez-
López and Volk n.d., Janssen et al. 2015, van Kranenburg and Tzanetakis 2010) for
tasks such as melodic segmentation and motif identification. We have encountered
some difficulties related to the consistency of the data sets that are used in (Janssen
et al. 2015) and the publicly available data set, in order to compare our results. In
(Janssen et al. 2015), the experiments are done using a subset of the MTC-ANN-2
data set of 16 tune families while the published data set contains 28. The data are
stored in kern format and thus the music information is encoded with the MIDI
protocol. In addition to this, the melodic contour of some of the annotated motifs
that are used for training is significantly different than their similar ones that are
used for testing. Therefore, it is possible that the annotators used other features than
the melody for ranking the similarity of the motifs, such as the rhythmic pattern. For
the above mentioned reasons, COSFIRE does not seem to be an appropriate method
for that data set. In (Ross et al. 2012) the authors use data from a personal collection
and the annotation of the motifs was done manually.

In Fig. 5.14, we present the distribution of the fundamental frequency of the first
motif of the song #1 “Tis Sousas 1”. The values are concentrated around four fre-
quencies, the ones that represent the most common notes that were performed dur-
ing the analyzed song. The theoretical frequencies of these notes are C#4 (277.2Hz),
D#4 (311.1Hz) and F4 (349.2Hz), which are indicated with dashed vertical lines in
Fig. 5.14. This example demonstrates that the fundamental frequency of a song does
not follow a normal distribution. In this respect, the SAX method may not be suit-
able for such signals because it assumes an underlying normal distribution.

The benefit of converting a song into a symbolic representation is twofold. First,
it permits data compression and thus allows faster comparison between two musical
signals. The symbolic representation is a shorter sequence of musical events that
can be used as a higher level feature for classification. Second, from a musicological
point of view, the sequence of the repeating motifs is an important and interesting
feature in itself. It is very common in musicology to split a song into musical events
and report their sequence and the frequency of their appearance. The automatic
identification of such events allows the analysis of large data sets in relatively short
period of time.

A system that automatically analyzes folk music is very important since there are
no written musical scores for musicological analysis. In folk music, musicologists
mark manually every musical event for their research. Similar to other applications,
manual annotation may result in inaccuracies due to fatigue and is certainly much
slower than automated methods.

We present a novel filter based approach for the identification of motifs and a

7http://www.liederenbank.nl/mtc/
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Figure 5.14: The distribution of the fundamental frequency of the first motif of the
song #1 “Tis Sousas 1”. Dashed vertical lines show the frequencies of the notes C#4,
D#4 and F4.

method for representing a monophonic song into a symbolic string. We have shown
that the proposed COSFIRE filters allow temporal tolerance but are more effective
and more efficient than DTW. This is mainly attributable to the hierarchical structure
that COSFIRE uses. DTW gives the same temporal tolerance to every part of the
signal irrespective of its position. As demonstrated in our experiments, COSFIRE
filters can be configured to take input from other COSFIRE filters that are selective
for smaller parts of the signal. This arrangement provides the possibility to have
low tolerance in local parts and higher global tolerance between the involved parts.

The COSFIRE filters are trainable and easy to implement. Even though the data
set used to apply our method refers to ethnomusicological interest, the proposed
COSFIRE filters can be applied in any application that involves 1D signals, such as
the identification of k-complexes and spindles in EEG signals (Camilleri et al. 2014).

The computation of a COSFIRE filter response is parallelizable as it relies on in-
dependent operations defined in the concerned set of tuples. While this was beyond
the scope of this work, we speculate that such parallelization would largely improve
the efficiency of the algorithm by a factor that corresponds to the number of tuples.

In this work, we are not dealing with automatic segmentation in motif and note
level. Moreover, our data set is a simplistic representation of the general music that
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is available as data since we applied our method in monophonic songs. Therefore,
the major contribution of the COSFIRE filters that are proposed in this chapter is
their use as a distance metric between two sequences. For future work we aim to
use the nested COSFIRE filters in order to develop an automated system for motif
segmentation. Additionally, we will explore the potential use of other algorithms for
polyphonic melody extraction to expand the generalization ability of our method.

5.5 Conclusion

We propose an effective trainable filter approach for identifying motifs in 1D signals,
with application to acoustic signals. The transformation of a song into a symbolic
representation leads to data reduction and the identification of the most important
melodies in a song.

By means of experiments on a new data set of monophonic folk songs, we
demonstrated that the proposed method outperforms the existing cross correlation,
SAX and DTW methods with a time complexity that is higher than that of the former
two methods but substantially lower than that of DTW.
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Chapter 6

Ornamentation detection using COSFIRE
filters

Abstract

Ornamentations in music play a significant role for the emotion which a performer or
a composer aims to create. The automated identification of ornamentations enhances
the understanding of music, which can be used as a feature for tasks such as performer
identification or mood classification. Existing methods rely on a pre-processing step that
performs note segmentation. We propose an alternative method by adapting the exist-
ing two-dimensional COSFIRE filter approach to one-dimension (1D) for the automatic
identification of ornamentations in monophonic folk songs. We construct a set of 1D
COSFIRE filters that are selective for the 12 notes of the Western music theory. The
response of a 1D COSFIRE filter is computed as the geometric mean of the differences
between the fundamental frequency values in a local neighbourhood and the preferred
values at the corresponding positions. We apply the proposed 1D COSFIRE filters to
the pitch tracks of a song at every position along the entire signal, which in turn give
response values in the range [0,1]. The 1D COSFIRE filters that we propose are effective
to recognize meaningful musical information which can be transformed into symbolic
representations and used for further analysis. We demonstrate the effectiveness of the
proposed methodology in a new data set that we introduce, which comprises five mono-
phonic Cypriot folk tunes consisting of 428 ornamentations. The proposed method is
effective for the detection and recognition of ornamentations in singing folk music.

6.1 Introduction

A
common technique for expressing emotions in music performance is the addi-
tion of short notes to the main melody. These notes are called ornamentations

and can be arbitrarily or systematically inserted. A glissando, also known as vi-
brato, for instance, is a rapid alteration of a series of consecutive notes. It is one of
the most frequent ornamentations. Several other ornamentations are also used such
as amplitude variation called tremolo and stretching or shortening the duration of
notes, among others. In Fig. 6.1a we present the audio signal of the song Syrinx
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Figure 6.1: (a) The sound pressure signal of the song Syrinx for solo flute by Claude
Debussy. (b) Tremolo ornamentation that is characterized by amplitude modulation.

for solo flute by Claude Debussy. The vertical lines indicate a note with a tremolo
ornamentation, which is shown enlarged in Fig. 1b.

The importance of ornamentations in music has been researched and described
by music theorists (Taylor 1991). They are related to the feeling which a performer
or a composer aims to create. In the field of music information retrieval (MIR), it
has been shown that musicians have a unique way to perform their ornamentations
and that it is a distinctive feature for performer identification (Ramirez et al. 2007,
Ramirez et al. 2008, Ramirez and Maestre 2009).

The majority of these related studies are focused on applications in Western
music and they mainly analyse ornamentations of musical instruments rather than
singing voice (Boenn 2007, Casey and Crawford 2004, Gainza and Coyle 2007). Fur-
thermore, the methodology of these studies require note segmentation. This creates
additional computational difficulties since note segmentation is still a challenging
problem in MIR.

In (Köküer et al. 2014) the authors initially attempt to segment notes in tra-
ditional flute performances. Then they explore knowledge about ornamentations
within a segmented note. They propose to separate ornamentations into two cate-
gories namely single-note and multi-note, which in turn are composed of two and
three-sub categories, respectively.

In this work we are interested in ornamentation detection and recognition of folk
music of the Eastern countries. It is generally harder to process Eastern folk songs
than Western music from a signal processing point of view. Since folk music is fre-
quently recorded in an environment such as a public place, which may cause low
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quality recordings covered with background noise. Also, the singers in folk music
are usually not professionals and therefore they may sing out of tune, forgetting
melodies and others. One major difference between Eastern and Western music is
the frequency distance between consecutive notes. In Western music this difference
is strictly logarithmically equal into twelve notes per octave. In Eastern music and
especially in Makam this distance between notes is not equally distributed. An au-
tomated system that will be able to capture ornamentations from an audio signal
will help to accumulate additional knowledge of non-Western folk music, such as
Makam in Turkish and Arabic music.

We propose a novel filter-based algorithm for the automatic identification of
ornamentations in singing folk music of Cyprus. It is adapted from the two-
dimensional COSFIRE approach (Azzopardi and Petkov 2013, Azzopardi and
Petkov 2014), which has been demonstrated to be effective in object localization and
recognition in images.

This chapter is organized as follows. First we introduce the proposed type of
ornamentations in Section 6.2. In Section 6.3 we describe the proposed methodology
and demonstrate its effectiveness in Section 6.4. Finally, we discuss certain aspects
of the approach that we propose and draw conclusions in Section 6.5.

6.2 Types of ornamentations

Ornamentations in music have been precisely defined mainly in Western music
since the 17th century with extensive use in the Baroque period. Since then, the com-
posers have been annotating their desirable ornamentations in the so-called musical
score. A musicological study can gather significant information from such transcrip-
tions such as note frequency and duration, rhythm, tempo and others.

In folk music usually the composer is not known, hence there is no written score
or any similar information about a song. The music is transmitted orally and mu-
tates over time. Therefore, significant information about ornamentations is stored
in the available recordings.

In this chapter, we make an attempt to create meaningful categories that de-
scribe the type of each ornament. We adopt the terms “single-note” and “multi-
note” ornamentations from (Köküer et al. 2014) and we introduce some additional
sub-categories based on the music theory. We propose the following sub-categories
within the single-note category: linear positive, linear negative, glissando positive
and glissando negative (Fig. 6.2a). The major feature of this category is that only
one alteration of a small note is done. A multi-note consists of alterations of more
than one note and comprises two sub-categories: the vibrato positive and vibrato
negative (Fig. 6.2b).
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Figure 6.2: Ornamentations which belong to (a) single-note and (b) multi-note sub-
categories. The frequencies can take any values in the range of singing voice.

6.3 Methods

In this section we present the three main steps of the proposed methodology: feature
extraction, configuration and application of the proposed 1D COSFIRE filters for
ornamentation detection, followed by detection and recognition. In Fig. 6.3 we
present the main steps of our methodology.

6.3.1 Feature extraction

Initially we segment the audio signal in overlapping frames of 33ms duration and
3ms overlap. Then we use the YIN algorithm to extract the fundamental frequency
for each audio frame (de Cheveigné and Kawahara 2002). This method belongs
to the time-domain based algorithms. First, the Autocorrelation function (ACF) is
computed in each frame. Some of the peaks in the output of the ACF represent mul-
tiples of the period of the input signal. The repeating pattern of the audio signal is
identified by choosing the highest non-zero-lag peaks of the ACF output, and pro-
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Figure 6.3: The main steps of our proposed method. The audio signal is converted in
to its fundamental frequency (pitch track). 12 COSFIRE filters are configured using
the frequencies of the 12 western notes. The COSFIRE filters are applied to the pitch
track, returning 12 responses, one for each COSFIRE filter. The responses are then
binarized and post processed. Rule-based approach is used to identify and classify
ornamentations.
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cess them with a number of modifications to return a candidate for the fundamental
frequency. We refer to the output of the YIN algorithm as the “pitch track”. In Fig.
6.4 we show the pitch track extracted from one of the songs in our data set. The dis-
continuities in the pitch track are caused by the inharmonicity of the signal at vocal
pauses or other non harmonic sounds such as consonants.

We apply a post-processing step to the pitch track in order to correct some errors
of YIN. The most frequent error is the so called “octave error”. The algorithm er-
roneously chooses a candidate for a fundamental frequency that has a value in the
higher or lower octave. More information about this post-processing method can be
found in (Panteli 2011).

6.3.2 Configuration of a COSFIRE filter

Originally COSFIRE filters were proposed as trainable filters for computer vision
applications. Here we adopt that idea to 1D pitch tracks. A 1D COSFIRE filter uses
as input the frequency values at certain positions around a specific point in time of
an audio signal. The preferred frequency values and positions for which the result-
ing filter achieves a maximum value of 1 are determined in manual configuration
process. In theory, a note has a single frequency that is constant over time. In prac-
tice however, the frequencies of a singing note vary slightly over time as illustrated
by an example in Fig. 6.6a and the shape of the frequency signal is different every
time the note is performed. Since one note has a specific duration and the theoreti-
cal fundamental frequency of a note is constant over time, we consider the same fre-
quency value for a set of n points and we call this vector a prototype. The parameter
n is set experimentally. We choose to configure prototypes with shorter durations
as compared to the usual durations of performed notes. A COSFIRE filter which
is configured with such a prototype, will return multiple strong responses along a
note. This fact increases the chances of getting a strong response to the desirable
position which in this case is a performed note.

We denote by P “ tpfi, ρiq | i “ 1, . . . , nu a COSFIRE filter that is selective for
a given prototype of n points. Each point i of the prototype is described by a pair
pfi, ρiq, where fi is the frequency of the note at position (temporal shift) ρi with
respect to the midpoint of the prototype, where ρi “ i ´ pn ` 1q{2. For instance,
the COSFIRE filter that is configured by the note “A” of (n=) 5 points, results in the
following set P :

P “
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C C# D D# E F F# G G# A A# B

Figure 6.5: The twelve notes of the Western music theory. The Western classical
notation is shown first below the notes.

We configure 12 COSFIRE filters that are selective for the third octave of the 12
notes of the Western music theory as illustrated in Fig. 6.5. The frequencies in Hz
of those 12 notes are the following: 130.8, 138.6, 146.8, 155.6, 164.8, 174.6, 185, 196,
207.7, 220, 233.1, 246.9, 261.6, 277.2, 293.7, 311.1, 329.6, 349.2.

6.3.3 Response of a COSFIRE filter

We denote by rP ptq the response of a COSFIRE filter to a signal S at time t. We
compute it by taking the geometric mean of the similarity values, which we obtain
by a Gaussian kernel function, between the preferred fundamental frequencies fi
and the corresponding frequencies in the concerned neighbourhood.

rP ptq “

¨

˝

|P |
ź

i“1

exp
´pfi ´ St`ρiq

2

2σ2

˛

‚

1
|P |

, σ “ σ0 ` αp|ρi|q (6.1)

where σ0 “ 0.5 and α “ 0.1 are constant values that we set experimentally. In this
way, the tolerance with respect to the preferred frequency increases with increasing
distance from the support center of the COSFIRE filter at hand.

The signal in Fig. 6.6b shows the fundamental frequency of an original note
“A” of 92 audio frames covering frequencies in the range between 218 and 222 Hz
and we use it as a test signal. The COSFIRE filter P is applied in every position
of the test signal and the response is shown in 6.6b. The maximum value of the
response is achieved only at the point where the original note has the same values
as the prototype. High responses are also achieved for signals that are similar to the
prototype.

6.3.4 Post processing

In Fig. 6.7a we show a part of a pitch track that was extracted from one of the songs
in our data set. Below it, we illustrate the responses of three COSFIRE filters that are
selective for the notes B, C and C# and are shown with thin solid lines.
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Figure 6.6: (a) Fundamental frequency of an original ornamented note that is used as
a test signal. (b) The response of the A-selective COSFIRE filter when applied to the
test signal.

Then, we binarize the responses using an absolute threshold of 0.01. We call a
unit the consecutive binarized responses that have responses of 1. Such units are
shown Fig. 6.7 (b-d) with dashed lines. In case during a time interval between
two units there are no responses from other COSFIRE filters, we set all responses
between those two units to 1. There is only one such an example in Fig. 6.7 which
is obtained by the C-selective filter. If there is temporal overlap between units of
different filters we only keep the unit with the longest duration.

Then we transform the binarized responses signals for an input audio signal into
a symbolic representation of the sequence that every unit appears. In the example
presented in Fig. 6.7 the symbolic sequence is [C.217, B.16, C.6, C#.13, C.6, B.11,
C.5 C#.4]. The letters represent the names of the notes of the Western music and
the number following the dot is the duration of each unit in number of frames. A
vibrato is present at the second half with an alteration of short semitones around the
note “C” and it is emphasized in Fig.6.7a.

6.3.5 Ornamentation detection

In order to detect any type of ornamentation we first set a time threshold on the
duration of every unit of the symbolic representation. The units that exceed the
threshold are considered as notes and the remaining units are marked as parts of
ornamentations. Typically, there is a sequence of such short units that consists of
the entire ornamentation. In the example shown in Fig. 6.7 we present a note whose
second half is characterized by a vibrato. The evolution of the vibrato is emphasised
in the pitch track. The first unit which belongs to the note “C” has a duration of 217
time frames while the remaining 7 units have duration of 16, 6, 13, 6, 11, 5 and 4
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Figure 6.7: Post processing procedure. (a) A part of a pitch track. The automatic
detection and recognition of an ornamentation is emphasized in the second half of
the signal. (b-d) The responses of three filters that were configured to be selective
for the three Western notes C#, C and B. The binarized responses are shown with
dashed lines. The thick line in (c) shows how consecutive units of a filter response
are connected.

time frames. If we set a threshold of 30 time frames, the first unit will be considered
as a note and the following sequence of 7 short notes will be considered to form an
ornamentation.

6.3.6 Classification: single-note and multi-note ornamentations.

Each of the notes in Western music can be represented with numbers. For instance,
the note A is always the first, hence it is represented with the number 1. Therefore,
the symbolic representation shown in the example in Fig. 6.7 can be transformed as
[4.217, 3.16, 4.6, 5.13, 4.6, 3.11, 4.5 5.4] where the number preceding the dot repre-
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sents the respective note. In this example, the sequence of the notes that forms an
ornamentation is: [3, 4, 5, 4, 3, 4, 5]. The classification of an ornamentation into a
single-note or multi note is done with counting its peaks and its valleys. If an or-
namentation has more than one peak or more than one valley then it is classified as
multi-note. The ornamentation shown in Fig. 6.7 has two peaks and one valley and
therefore it is classified as a multi-note ornamentation.

If an ornamentation is single-note, then we use four additional rules to classify
it into four sub-categories shown in Fig. 6.2. The linear positive and the linear
negative do not have peaks or valleys in the sequence and we use the sign of the
derivative to decide. For instance, a linear positive ornamentation is detected by
the symbolic sequence: [3, 4, 5]. The glissando positive has only one peak while
the glissando negative has only one valley. The two subcategories of the multi-
note are the vibrato positive and the vibrato negative. They are identified if the
ornamentation starts with a positive direction or a negative direction respectively.
For example, a vibrato positive is described by the symbolic sequence: [3, 4, 3].

6.4 Experiments and results

6.4.1 Data set

We created a data set of five Cypriot folk songs with total duration of 403 seconds
containing 428 ornamentations. They are monophonic singing voice recordings en-
coded with 44.1kHz sampling frequency. We refer as the ground truth data the
positions that are around in the middle of an ornamentation. They are manually
annotated by the author of this thesis who is an experienced musician. The list of
the songs used to validate our method is given in Table 6.1. From the 428 ornamen-
tations, 270 are single-note and 158 are multi-note. The data set is available online1.

6.4.2 Results

The results are summarised in Table 6.2 in terms of precision, recall and F-measure.
The manual annotation was done by setting a marker in the middle of every or-
namentation. Then, we consider a true positive when this marker lies anywhere
between the predicted start and end positions of an ornamentation. The false posi-
tives are considered when there is no pre-annotated marker between the predicted
start and end positions and we count the false negatives when there is a marker with
no predictions around it.

In Fig. 6.8 we illustrate a precision-recall plot by changing the time threshold
that is used to identify ornamentations from notes. The value of the precision and

1https://www.cs.ucy.ac.cy/projects/folk/

https://www.cs.ucy.ac.cy/projects/folk/
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Figure 6.8: Precision-recall plot obtained by varying the time threshold used to dis-
tinguish notes from parts of ornamentations.

recall when F-measure reaches maximum is indicated with a dot marker and it has
a value of 0.76. We obtain the same results when we used COSFRE filters selective
for note signals of length 5, 11, 15, 19 and 21ms.

6.5 Discussion and conclusions

The COSFIRE filters are sensitive to amplitude tolerance, which is essential for non-
stationary signals such as the singing voice. They are conceptually simple and easy
to implement. They have been successful in pattern recognition of images in several
applications including traffic sign detection and recognition (Azzopardi and Petkov
2013). They can be used for other applications such as note segmentation since they
are able to capture note changes. The modelling of the pitch track with COSFIRE
filters can also be used for the identification of repeating melodies.

In order to compare the proposed 1D COSFIRE filters with an already estab-
lished method for the identification of similar signals, we cross correlate the same
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12 prototypes with the pitch tracks of our data set. We observe that this system
returns similar values for all the 12 prototypes and therefore it is not effective for
ornamentation detection. Also, the results shown in Table 6.2 are comparable to
the ones reported in (Casey and Crawford 2004). Even though the database used
in (Casey and Crawford 2004) is different than the one used in this study, we con-
sider that our method is less complex since we avoid the note segmentation which
is a challenging task itself. This study is a preliminary work on the ornamentation
detection and classification. The classification of the multi ornamentations did not
yield significant results, although this is due to the complexity of the problem. We
aim to improve the classification stage that is currently rule-based to more sophisti-
cated machine learning techniques. In future work we will attempt to compare our
method with other databases used in previous work of other people. The results
will be reported in another study. The above, demonstrate that there is a lot of work
to be done in this research topic.

The contribution of our work is three-fold. First, it avoids note segmentation
which is still a challenging and complex problem. Second, it uses only one feature,
the fundamental frequency and third it is effective with complex musical signals
such as singing voice. The use of the pitch track as the main input feature to our
method contributes to a system that is fast and less complex as compared to other
methods (Casey and Crawford 2004, Gainza and Coyle 2007, Köküer et al. 2014).
The results that we obtain for the ornamentation detection and recognition are
promising and a validation of additional folk music will be done in another study.





Chapter 7

Summary and Outlook

7.1 Summary

This thesis has been organised in two parts. The major objective of the first
part, is to use machine learning techniques for the task of the identification

of the chromosomal abnormalities during the first trimester of pregnancy. More
specifically, classifiers such as Artificial Neural Networks (ANNs), support vector
machines and k-nearest neighbours had been applied to a large dataset of pregnant
women that underwent for a pre-natal screening. The results of this study are pre-
sented in Chapter 2. Currently, in the literature it has been reported that a statistical
mixture model (SMM) is used as a classifier to estimate a risk for T21. In this thesis
it is shown that ANNs achieve better results than the SMM in both the diagnostic
rate (DR) of the T21 at a lower false positive rate (FPR). In addition to this, in the
proposed methodology, other chromosomal abnormalities (OCA) such as trisomies
13 and 18, triploidy and Turner syndrome are identified. In the literature, the iden-
tification of the OCA is not clearly reported and the commercial use of the pre-natal
diagnosis is done only for T21. In the same chapter, the data are visualized and
analyzed with standard statistical methods.

In addition to the goal of identifying the fetal chromosomal abnormalities, other
technical questions were addressed in Chapter 3. In the literature, it is shown that
biochemical parameters from the blood test improve their seperability when they
are normalized with the multiples of their medians. Several experiments were held
in order to explore the possible use of raw data for training the ANNs. Furthermore,
in the same Chapter 3, clustering techniques were used to split the normal (euploid)
cases in a number of subclusters and representative instances were collected around
the prototypes of the k-means for creating a balanced training set. We showed that
better results are achieved for the DR of the OCA, but the difference of the results for
the DR of T21 for the balanced and the imbalanced training sets is not significant.

In Chapter 4, a two stage approach for the identification of fetal chromosomal
abnormalities was proposed. Following the findings from Chapter 3, it is shown
that all pregnant women can perform at a first stage a pre-natal diagnosis test using
4 parameters from the ultrascan and the blood test. From the results in stage 1, all
the T21 (100% TPR) and 77% of the OCA are identified with a cost of a relatively
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high FPR of about 20%. In stage 2, all the cases that are ranked positive in stage 1
are advised to proceed with an additional examination to get the values of two ad-
ditional parameters, the ductus venosus and the tricuspid flow. The output of stage
2 is separated in “no risk”, “moderate risk” and “high risk” areas. The cases that
are ranked as “moderate risk” are suggested to perform another non-invasive test,
called cell-free fetal DNA, while the cases in “high risk” are suggested to proceed
with one of the invasive tests, the amniocentesis or the chorionic villus sampling.
In conclusion, in this work, we show that ANNs perform significantly better than
other existing non-invasive tests.

In the second part of this thesis, two applications in the field of computational
ethnomusicology had been presented. The first application identifies important mo-
tifs in 1D signals from melodic sequences and converts a song into a symbolic rep-
resentation that is based on the similarity and the repetition of the appearing motifs.
We introduce the concept of the two-layers COSFIRE approach that are configured
using properties from the fundamental frequency of the audio signal and are tuned
with several parameters. The COSFIRE filters have been effective in 2D signals and
particularly in images (Azzopardi and Petkov 2013, Azzopardi and Petkov 2014).
We adapted the 2D COSFIRE filters for 1D signals and we report their effectiveness
in a benchmark dataset of 38 songs (X motifs). The results are measured in terms of
precision and recall for the motif identification. For the symbolic representation we
use the minimum hamming distance between the string given in the ground truth
and the resulting string from the application. We compare our method with other
existing methods such as dynamic time warping (DTW) and cross correlation. The
COSFIRE approach as shown in Chapter 5 are more effective and more efficient than
the other existing methods that are compared with the same dataset.

In Chapter 6, the task of the identification of ornamentations in folk singing
songs is addressed. We have used the theoretical frequencies of the third octave
of the Western music theory to configure 12 COSFIRE filters that are applied to the
fundamental frequency of the audio signal of five Cypriot folk songs with total du-
ration of 403 seconds containing 428 ornamentations. A cut-off value is used to
binarize the response signals of the 12 COSFIRE filters and dynamic programming
is applied for the identification of ornamentations. The proposed method classifies a
detected ornamentation in one of six categories that are based on the literature and
in music theory. We applied the same procedure by using another similarity dis-
tance, the cross correlation, and is found that COSFIRE filters perform significantly
better.
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7.2 Outlook

The work presented in this thesis can be extended in several directions. It is dis-
cussed in the scientific community through the fetal medicine foundation world
congress and other relevant conferences that the use of characteristics coming from
the father could possibly contribute to the detection of chromosomal abnormalities.
So far, none of the biological or other features of the father is used in the existing
methods for the pre-natal diagnosis test for chromosomal abnormalities. Essen-
tially, this is an open question that has practical obstacles to be researched, such
as the doubt of the identity of the father.

The pre-eclampsia is a serious and at some cases fatal disease that can be devel-
oped to the mother during pregnancy. It is reported in the literature that the symp-
toms of pre-eclampsia are related to a fetus with chromosomal abnormality. For
instance, the two biomarkers that are extracted from the maternal blood respond in
a similar manner in both situations either the evolution of pre-eclampsia, either a
fetal chromosomal abnormality, either both. After several meetings with the collab-
orating doctors, we have made a model for future work that will use the parameters
of the pre-natal examinations and will predict whether a case is developing pre-
eclampsia, or carries a fetus with chromosomal abnormality.

Considering the second part of this thesis, it is shown that the use of COSFIRE fil-
ters in 1D ethnomusicological sequences is promising for solving several tasks such
as motif repetition and ornamentation detection. However, more work needs to be
done in order to improve the initial segmentation that is currently done manually.
Moreover, in both methods that are proposed in Chapters 5 and 6, the parameters
for tuning and optimizing the COSFIRE filters have to be done using a greed search
approach. Automated setup of the parameters can be achieved, depending on the
task. For instance, the parameters for the amplitude tolerance can be set according
to the mean and the standard deviation of the input signal.

From the experiments done in Chapter 6, it is shown that the filter approach
is promising for note-level segmentation. However, some limitations of this work
are identified. First, the dataset used is narrowed into monophonic songs by male
performers. In order to capture the melodic characteristics of these songs, we con-
figured COSFIRE filters that are selective only for the frequency range of a male
singer. It would be interesting to widen the dataset by including female singers and
make the method to be selective in the entire frequency range of the Western music
theory. Finally, the systems in Part II can be improved by extracting the fundamen-
tal frequency of polyphonic music. This can be done using existing algorithms such
as MELODIA (Salamon and Gómez 2012).

Another application where COSFIRE filters could possibly become applicable,
would be a pairwise similarity measure between two entire songs. For this task, a
lot of work has been done in the MIR community and it has a particular interest
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in the field of computational ethnomusicology. From the properties of the COSFIRE
filters as has been designed to allow temporal and frequency tolerance, it is expected
that they can achieve good results but not necessarily better than other methods.



Chapter 8

Discussion

The identification of the fetal chromosomal abnormalities in the early stage of
pregnancy is a difficult task. One needs to deal with a big medical dataset

where the ratio between the populations of the normal and the abnormal cases is
highly imbalanced. Moreover, in the data collection procedure, some of the mark-
ers are manually annotated by the doctor. One example of such marker is the fe-
tal crown rump length, a distance measurement between the upper and the lower
body of the fetus. It can frequently become complicated to make an accurate mea-
surement looking at the ultrasonographic screening. In some occasions the doctor
has to enforce the fetus into another position and look up again. From the statistical
analysis that is presented in Chapter 2 and from the figures in the Appendix, we ob-
served a higher variance compared to other markrers such as the PAPP-A and the
β-hCG. Therefore, even though the actual information of the statistical properties of
the data is not used to optimize the ANNs that are used for classification, the sta-
tistical analysis that is presented in Part I was done in order to understand, confirm
and visualize any statistical errors or other observations.

Nevertheless, from a practical point of view, some limitations of the work done
in Part I are identified. For instance, the most common questions that a researcher
has to give to himself, are which classifier should I use, and how to optimize its
parameters? It is indeed a hard question to answer and this is where the work pre-
sented in this thesis lacks. In this work, I have followed a heuristic approach to test
the most commonly used classifiers for similar medical applications and I chose to
continue my work with the one that yielded the best results, being the ANNs as
shown in Chapter 2. The optimization of the parameters of each classifier is done
in a similar manner. Therefore, the statement that “the forward neural systems are
proved to be the most suitable from the point of view of satisfactory generalization
and diagnostic yield for such predictive systems” may not include a clear justifica-
tion on how the specific architecture was selected as the best one.

As stated above, the number of the normal cases in our dataset is significantly
higher than the number of the abnormal cases. In Chapter 3, I propose a method for
creating a subset of the normal cases for training, that are chosen around some k-
means prototypes and can be think of representative cases of the entire population.
Here, a similar question with the one stated above is which one of the methods that
are proposed in the literature are the most suitable for dealing with the class imbal-
anced problem of this particular dataset? Here is another point that it possibly needs



better clarification for the use of the k-means algorithm, as described in Chapter 3.
It is based on the assumption that the normal cases are consisted with a number of
subclasses and one way to separate them is to use an unsupervised method, that
could be any other method. Nevertheless, in this thesis contributes to the fact that
there is an indication that data reduction of the normal cases in the training set is
preferred or needed.

What differentiates Part I with Part II is essentially the nature of the data. While
in Part I I deal with a classification problem where most or all of the variables are
independent, in Part II in the musicological data there is the factor of time playing a
significant role to the methodology which has to be approached. For the identifica-
tion of several musical higher level features, I introduced an adaptation of the COS-
FIRE filters that are well proven to be effective for the extraction of spatial patterns.
The adaptation of a filter that is implemented for 2D and 3D to 1D signal can be
considered simple. However, time signals typically include particularities in terms
of frequency, signal/noise ratio, scale of the pattern, and overlap between several
pattern instances. The results in Part II show the wider generalisability of COSFIRE
filters beyond spatial data. In the context of the adaptation of the COSFIRE filters
in a lower dimensional space, one may question what would be the performance
of such filters for tasks with higher dimensionality. What distinguishes COSFIRE
filters with other methods such as Gaussian Mixture Models, is that they incorpo-
rate tolerance between the expected values and the position with respect to the filter
support. So far, they are used in applications where data points have some type of
order. In image processing, the polar coordinates and the distance between the filter
support and the point of interest are important. In the ethnomusicological data and
the applications that are presented in this thesis, the time has similar importance.
The standard deviation of the gaussian function between the expected values and
the test signal is increased, allowing tolerance in the amplitude. In a second stage,
a blurring function is used for tolerating the similarity measure in temporal space.
Therefore, COSFIRE filters could possibly work for applications such as videos or
motion tracking that require more than 3 dimensional data.

One question here is whether would ANNs be effective for the identification of
repeating patterns and ornamentation detection as described in Part II and simi-
larly, if COSFIRE filters would successfully respond to chromosomal abnormalities,
given the feature vector of an unknown case. Regarding the first question, ANNs
and generally machine learning techniques are applied and reported in the liter-
ature for many applications. For instance, segmentation and annotation tasks for
musical information such as musical or vocal parts, note onset, genre detection and
others can be seen as classification problems and therefore can be approached by
machine learning methods. Applications for timbre analysis, instrument identifica-
tion, cover and genre detection, typically a number of global features are extracted
and each song is characterized by a number of descriptors. For the second ques-



tion, whether COSFIRE filters could be applied for the detection of chromosomal
abnormalities, we need to state some hypotheses. As mentioned above, COSFIRE
filters are applicable in applications where the data points that are away from the
filter support have some type of order. In the case of the chromosomal abnormali-
ties dataset, the markers are independent from the concept of time or position and
therefore COSFIRE filters would possibly become similar to other methods. The
most fundamental difference between ANNs and COSFIRE filters is the fact that a
COSFIRE filter is a feature detector and not a classification model. In the applica-
tions reported in Chapters 5 and 6, the COSFIRE filters can be considered as a high
nonlinear similarity function between a test pattern and the prototype (preferred)
pattern.
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