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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.




