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ABSTRACT

PREDICTING THE PREFERENCE OF LIKING USING FNIRS AND MACHINE
LEARNING ALGORITHMS

Mehmet Yigit KOKSAL
M.Sc/MA in Information Technologies
Thesis Advisor: Asst. Prof. Dr. Tuna CAKAR

January 2023, 94 Pages

The fMRI method, which is generally used to detect behavioral patterns, draws
attention with its expensive and impractical features. On the other hand, the near-
infrared spectroscopy (fNIRS) method is less expensive and portable, but it is as
effective as fMRI in creating a good prediction model. With this method, a model has
been developed that can predict whether a person likes a visual stimulus or not, using
various classical machine learning algorithms including Support Vector Machines
(SVM), Random Forests, XGBoost, LightGBM and K-Nearest Neighbors (KNN).
With implementing tree-based and booster algorithms in addition to SVM and KNN
which have been frequently used algorithms in this fNIRS domain, it was aimed to do
a complementary comparison in addition to these acknowledged algorithms.
Moreover, various missing value imputation methodologies were used to find the best
suitable approach for this kind of classification problem. K-Means clustering, which
is an unsupervised learning method, was also utilized to cluster similar fNIRS
measurements of participants that may improve classification results by one-hot
encoding those groups. Furthermore, certain feature extraction and wrapper
methodologies were also applied for an attempt to enhance the performance of liking
prediction models as a secondary goal. PCA, Isomap and t-SNE methodologies were
implemented as feature extraction approaches, and forward selection wrapper design
was utilized as an additional step to further development of the model by comparing
their scores with each other. Cross-validation F1-scores of these models were used to
find out the best model among them. Leave-one-group-out cross validation was
exploited in comparison of the models. This meant that these cross-validation results

corresponded to each of participants' data i.e. testing every participants’ fNIRS



measurements alone in each fold. This way both every score specific to each
participant could be seen and it ensured models’ results were statistically reliable.
Following

evaluations also included permutation and Wilcoxon Signed-Rank tests to compare
each model's performance with each other by testing the statistical significance of

those results.

Keywords: machine learning, decision-making, optical brain imaging, fnirs, feature

extraction, feature selection.
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OZET
FNIRS VE MAKINE OGRENMESI ALGORITMALARI iLE BEGENI TAHMINI
Mehmet Yigit KOKSAL
Bilisim Teknolojileri Yiiksek Lisans Programi
Tez Danismant: Asst. Prof. Dr. Tuna CAKAR

Ocak 2023, 94 sayfa

Davranigsal oriintiileri tespit etmede genel olarak kullanilan fMRI yontemi
pahali ve pratik olmayan Ozellikleriyle dikkat ¢ekmektedir. Buna karsin yakin
kizil6tesi spektroskopi (fNIRS) yontemi daha ucuz ve portatif 6zelliklere sahip olmak
ile birlikte, iyi bir tahmin modeli olusturmada fMRI kadar etkilidir. Bu yontem ile
cesitli makine Ogrenmesi algoritmalari kullanilarak insanlarin bir gorsel uyarani
begenip begenmedigini tahmin edebilecek bir model gelistirilmistir. Kullanilan klasik
makine 6grenmesi metotlar1 Destekleyici Vektor Makineleri (SVM), Rastgele Orman
algoritmasi, XGBoost, LightGBM, k En Yakin Komsu (KNN) algoritmalaridir. SVM
ve KNN gibi fNIRS calismalarinda sik kullanilan ve basarilart onaylanmis
algoritmalarin yaninda, artirma ve aga¢ bazli algoritmalar da ek olarak kullanilarak
tamamlayici bir karsilastirma yapilmasi amaglanmistir. Bunun yaninda, verideki eksik
degerleri tamamlamak amaciyla ¢esitli eksik veri doldurma yontemleri kullanilmis ve
bu tarz bir smiflama problemi i¢in aralarindan en uygun olani seg¢ilmistir. Model
gelistirilirken ana odak olan 6znitelik indirgeme yontemleri arasinda karsilagtirma
yapilmistir. Gozetimsiz bir efitme yontemi olan K-means kiimeleme yaklasimi
kullanilarak benzer fNIRS o6l¢iimlerine sahip olan katilimcilar kiimelendikten sonra bu
kiimeler One-hot-encoding yoOntemi ile kodlanarak simiflama sonuglarinin daha
basarili ¢ikacag diisliniilmiistiir. Bunun yaninda, ikincil gorev olarak, ¢esitli 6znitelik
cikarim ve sarict (Oznitelik segme) yontemleri de uygulanarak begeni tahmini
modelleri performanslarinin artirilmasi adina denemelerde bulunulmustur. Kullanilan
Oznitelik ¢ikarim metotlari arasinda PCA, Isomap, t-SNE gibi yaklagimlar yer almakla
birlikte, sarict yontem olarak ileri se¢im sarict dizayni ek bir adim olarak kullanilarak
modellerin daha da gelistirilmesi amaglanmistir. Bu yontemlerin siniflama skorlari

kendi aralarinda karsilastirilarak sonuglar gosterilmistir. Modellerin ¢apraz dogrulama



yonteminden gelen F1 skorlar1 kullanilarak en iyi modeller aranmistir. Tek bir grubu
disarida birakan c¢apraz dogrulama yontemi kullanilarak modeller arasinda
karsilagtirma yapilmistir. Boylece bu ¢capraz dogrulama yontemi kullanilarak her katta
farkli bir katilimcinin verisi tek basina test edilecek sekilde bir kurgu yapilmistir. Bu
sekilde hem her katilimci O6zelinde skorlar goriilmiis, hem de model
performanslarindan ¢ikan sonucglarin istatiksel olarak daha giivenilir olmasi
amaglanmistir. Son performans degerlendirme ve karsilastirma yontemleri olarak
permiitasyon ve Wilcoxon Isaretli Siralama teknikleri kullanilarak modellerin skorlart

istatiksel olarak karsilastirilmis ve istatiksel anlamlari tespit edilmistir.

Anahtar Kelimeler: Makine 6grenmesi, karar verme, optik beyin gorlnttuleme, fnirs,

Oznitelik ¢ikarma, 6znitelik segcme.
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INTRODUCTION

1. Purpose of Thesis

Existing studies in neuroscience mainly use the fMRI method. However, it is
an expensive and impractical method for decision making studies, despite its more
advanced spatial resolution. Due to these aspects, this study makes use of the
functional near-infrared spectroscopy (fNIRS), which is a low-cost, non-invasive and
portable optical brain imaging methodology [1], [2]. The main aim of this study is to
come up with a model to predict whether an image is liked/preferred aesthetically or
not based on fNIRS measurements computed on various machine learning algorithms
and finally compare the performances of them. Therefore, the main goal is to develop
a binary classification model that best predicts each class. As a secondary goal, various
feature extraction methodologies will be investigated to further improve the predictive
power of the final model. Finally, a wrapper approach will be implemented to see if it

could make significant improvements to the model.
2. Related Work

There are few studies using fNIRS in neuroscience context, including purchase
behavior [1], identification of activation patterns in the prefrontal cortex during
product selection [3], and fewer using it an artificial intelligence context, such as
investigation of deep learning for fNIRS based brain computer interface [4],

neuromarketing study using machine learning for predicting purchase decision [5].

Brain imaging technologies have been used to better understand which state of
mind that an individual is in. Ramirez et al. [6] used various methods including these
brain imaging techniques such as electroencephalogram (EEG), and functional near-
infrared spectroscopy (FNIRS), with the help of other methodologies such as galvanic
skin response (GSR) and heart rate variability (HRV) to see the effect of different
colors of a product on consumer preferences. They acquired EEG and fNIRS signals
and processed them to obtain AW index and HbO, HbR concentrations. AW index is
calculated by taking the difference of alpha powers of two electrodes that correspond
to the left and right side of the frontal lobe. This calculation is based on frontal alpha

asymmetry theory, which states that the frontal lobes of left and right hemispheres



signify positive and negative emotions, respectively. Thus, it can be said that the
negative AW index indicates negative emotions whereas a positive AW index is a sign
of positive feelings. Later, these EEG and fNIRS data were combined with other GSR
and HRV sensor data into the final feature set, to be used in machine learning
algorithms. They stated that classification of EEG and FNIRS signals is difficult due
to their nonlinear characteristics, but they used Support Vector Machine (SVM)
classifier’s kernel functions to overcome this problem. They found that the Fine
Gaussian kernel obtained the best results, among others. Furthermore, Subspace k-
Nearest Neighbors (KNN) classifier is used to compare the results of SVM, and when
their average results among 4 subjects were compared, SVM’s is higher than KNN’s,
88.2% and 79.6% respectively. However, they added that due to the small number of
subjects (4) and low number of trials, the results are limited, thus further testing should

be made.

Another study also used EEG signals to find out which frequencies and
channels could be better indicators of liking preferences of individuals by making them
choose which shoe they like [7]. They stated although fMRI technique is used in
neuromarketing studies because of its superior spatial resolution, its lack of speed to
catch the blood flow to the activated locations and relevant stimulus, and being an
expensive method makes it unpreferable. Thus, they suggested using EEG owing to its
relatively cheapness, and its ability to capture high temporal resolution with inferior
spatial resolution. To achieve their goal, they used logistic regression in their model.
In their implementation of that model, they chose a generalized linear model (GLM)
as they stated that logistic regression is a special form of it. Their findings suggest that
by reducing the number of channels and focusing certain frequency values to predict
liking preference, the prediction process could be cheaper and less time consuming. In
addition, due to the high number of predictors regression models became ill-posed,
and data being imbalanced where there were 65 like and 144 dislike cases, they divided

data into low and high frequencies.

Cakir et al. [1] investigated credibility of fNIRS methodology on
neuromarketing studies by developing a neurophysiologically-informed model on
purchasing decision of individuals. This study claims that it is original in three ways,

one of which is using a newly emerged methodology, fNIRS to decode purchasing



decisions. Secondly, rather than measuring hypothetical preferences or choices,
subjects were asked to make a decision to purchase products in a realistic environment
with a predetermined budget. Lastly, it is suggested that the accuracy of the model
increased when subjects’ sensitivity to the budget value was included as an additional
feature. Products included in the realistic purchasing test consisted of food, cleaning
and personal care groups, having distinct 39, 17, 22 numbers of them respectively.
They were shown one by one for each product group to the subjects where they were
informed to make buy or pass decisions. Participants were forced to decide by telling
them if they do not spend more than 40 Turkish liras, they would only receive half of
the unspent money. During these decision-making processes, fNIRS continuously
measured oxygenation of the frontal lobe and results of these oxygenation signals were
averaged for each individual when they were being extracted, acquiring average
signals for buy/pass decisions. Discriminant analysis was used to build a classifier for
buy or pass decisions from 16 optodes that measures oxygenation signals, this led to
investigation of these optodes for their separate role in purchasing decisions. Their
findings suggest that fNIRS can provide practical biomarkers by improving
classification accuracy of purchasing behaviors up to 85%. Thus, it can be used as a
main or complementary method with traditional neuromarketing research methods. In
addition, 85% accuracy is obtained by separating participants into two groups
depending on their sensitivity to budget. It is stated that this may indicate a difference

in goal structures generated by participants that led to this separation.

Most relevant one to our study is Hosseini et al. [8]‘s, where they evaluate
whether one likes or dislikes a stimulus according to its fNIRS measurements. This
evaluation was made using machine learning, with linear Support Vector Machine
(SVM) algorithm. Various objects consisting of sceneries, foods, cars, and animals
were shown to subjects as stimulus to indicate their liking. Same as Yilmaz et al.[7]’s
suggestion for using EEG and Cakir et al. [1]’s suggestion of fNIRS, this study also
implies that although fMRI has high spatial resolution, fNIRS method offers relatively
good results while having low-cost and portable properties compared to fMRI. After
preprocessing of the fNIRS measurements, due to high dimensionality, having 114
attributes, they used Principal Component Analysis (PCA) to map the data to a lower
dimensional space while keeping 99% variance of the data. While applying PCA, they
utilized wrappers to find the best combination of principal components that best



explains the attractive/neutral/unattractive classes of preference [9]. In addition, they
indicate that SVM works best in low sample data compared to other linear classifiers
because it tries to maximize the distance between data points that are closest to the
boundaries. Since, their data has a small number of samples where five subjects had
participated in this study, they chose linear SVM to predict preference of participants.
Validation of the classifier was tested by stratified 10-fold cross validation and this
process was applied 10 times as a single cross validation might not be enough as a
reliable method. Then, the average of them was taken and final accuracy was acquired.
Their findings showed that for all five participants, accuracy of classification was
72.9% for attractive stimuli, and 68.3% for unattractive stimuli. In addition, signal
change in the channels related to medial orbitofrontal regions responded more to
positive stimuli. In other words, decoding attractiveness is more promising than

decoding unattractiveness, as their study suggested.
3. Outline/Overview

This paper is organized as follows. In chapter 1, theoretical background of
fNIRS, decision-making, liking preference and emotions, brain regions and machine
learning are given. Chapter 2 gives information about experimental design, and
methodologies used in data preparation, modeling, and evaluation steps in detail. In
Chapter 3, results of the methodologies and models are given and discussion of them

are made. Finally, conclusion and future work is given.



1. THEORETICAL BACKGROUND

1.1. Individual decision-making

Decision-making has been a vital part of human life since the beginning of its
existence. In particular, the primary characteristic of a human being involves decision
making, since it enables humans to be active by forcing it to make choices. Nearly in
every moment of an individual’s life, decision making takes place such as preferring
certain food for another or deciding where to go for a vacation. Even the most basic
things like moving one’s arm to reach a glass of water to quench his thirst involves
decision making. Thus, the absence of this neurological phenomenon could affect the
human's functioning, and even so to speak one could say that without it there would
not be any difference between a human and an inorganic matter. This neurological
phenomenon has been serving a great purpose to humans in various aspects throughout
history of its existence, from protecting itself against wilderness, choosing one thing
over another to have a greater benefit, to developing strategies to adapt to certain
conditions or to its surroundings, with the help of the emotions which is inextricably
intertwined with the decision-making phenomenon, due to the evolutionary process of
the human brain. Thus, with these neurological events, humans perceive the world

according to the certain cues surrounding them.

Decision theory tries to explain decision-making of individuals by concerning
the underlying reasons of a person’s choices. Daily or mundane decisions generally
are made with heuristics, which is a biased state of mind that is formed from an
individual's beliefs, values, or desires [10], [11]. There are two interrelated facets of
decision theory i.e., normative, descriptive theories. Normative theory concerns
finding prescriptions as what might an individual do to satisfy its rational needs.
Generally, those prescriptions conform to the decision maker’s beliefs and values [12].
Expected utility theory which is an orthodox normative theory states that people tend
to prefer the greatest desirable outcome in the situation of uncertainty [10]. On the
other hand, descriptive theory seeks how an individual makes the decision, hence
describing beliefs and values of the decision maker that ensures that decision to be

made.



1.2. Liking Preference and Emotions

The preference on liking or appraisal of a stimulus has been a fundamental
subject for psychological studies of human life from classical theories through the
transition to experimental psychology and to even present day, eliciting the question
how we conclude that something is likeable or not. Besides, there is an ambiguity how
this preference of liking is processed as an information and then becomes a meaning
to apprehend [13]. Most human decisions are never discrete according to both classic
and contemporary knowledge. It can be seen in human actions or decisions that follow
one another by affecting the next one. There are two main approaches which explains
the assessment of thoughts: (1) aesthetic evaluation of an object’s appearance or
goodness [14], [15], (2) and cognitive evaluation of understanding, meaning or
informational subject [13], [16]. These modes are argued to be core instruments for
our interaction with the environment [17], and it is still unknown if these are

functionally or behaviorally distinct [13].

Two main arguments have been presented to explain the relationship between
liking and understanding, one of which is a classical approach as these are discrete
phenomena, raised in context of aesthetics or taste by the likes of Plato, Aristotle and
Kant [13], [17], [18]. This approach originates from the thought that evaluation of
understanding and liking depends on different stimulus aspects. In brief, the former
one pertains to one’s socio-cultural position and subjective process of information that
is viewed as distinct from hedonic(liking) aspect, the latter one is thought to be more
non-cognitive assessment of an object’s appeal. These two are thought to be

interchangeable when making an assessment [13], [19].

Second argument pertains to easiness of perception for humans to better
understand and perceive its surroundings, with the content of perceptual fluency, a
subjective experience which facilitates the processing of information. While this
heuristic eases the recognition of physical identity of stimulus, it is accompanied by
various factors such as repetition, perceptual priming, clarification, display time, or
figure-to-ground contrast [20], [21]. In addition to perceptual fluency, a second factor
complements how the human brain handles information, conceptual fluency, which
avails facilitating mental operations regarding stimulus meaning and its relation to

semantic knowledge structures. These two forms the term processing fluency, which



can hedonically create a positive experience. It could be because if the fluency
amplifies, the recognition of the object gets easier, thus errors involving the
identification of the stimulus reduces. It may also have a beneficial effect on cognitive
systems because it cues the stimulus as a familiar object, meaning it cannot cause harm
[22]. Thus, a high processing fluency may make a stimulus more likeable and beautiful
[23].

Apart from the aesthetical aspect of decision-making, another interdisciplinary
field has emerged to better understand how neurobiological factors influence economic
decisions [24]. It elicits what variables, which are computed by the brain, affect human
decisions in different cases, and how those computations are involved in
neurobiological processes to build feasible models for decision-making. In this field,
various studies have been made covering hedonic food consumption such as choosing
one food over another and purchasing behavior according to the price and content of
the product [1]. Because of this field and its studies related to not just cognitive, but
also emotional processes, involving reward evaluation, value comparison,
ambiguity/risk management, which are all means to make a decision, they could be

linked to develop a tendency of liking, or aesthetical appreciation of a stimulus.

1.3. Brain Regions

Some parts of the human brain are related to decision-making, primarily
prefrontal cortex (PFC), which facilitates evaluation of perceptual content and reward
value of a task [25], [26]. Especially, medial prefrontal cortex and amygdala are
predominantly connected with each other to supervise representation of emotions [27].
Ventromedial prefrontal cortex (vmPFC) conducts selection of actions regarding to
their reward values while it is regulated by dorsolateral prefrontal cortex (dIPFC) to
control emotional values. [28], [29]. DIPFC also is an integral part of regulating
volitional actions [30], and perceptual decision-making [31], critically involved in
emotional processes, but the most important roles of it are the evaluation of an object’s
visual aesthetic and suppressing negative emotional states. In addition, aesthetically
satisfying images cause a rise in activity in the left dIPFC, mPFC and OFC regions
[32]. In addition, Frontal Alpha Asymmetry (FAA) , which explains the difference

between the right and left alpha oscillations over the prefrontal channels of the brain,



shows that the left frontal cortex activates more during positive emotional situations

[33]. This might make the FAA a strong indicator for liking preference of individuals.
1.4. Functional near infrared spectroscopy (fNIRS)

In the neuromarketing field, there are various methods that gather data from
the brain. Some of them collect data directly from the brain that are called
neurophysiological methods while biometric methods measure brain activity indirectly
through other organs activity. Examples for neurophysiological methods could be
given as functional magnetic resonance imaging (fMRI), electroencephalography
(EEG), functional near-infrared spectroscopy (fNIRS), magnetoencephalography
(MEG), and steady state topography (SST) whereas for biometric methods; galvanic
skin response (GSR), eye-tracker, heart rate, and respiratory rate could be given. Some
studies use a couple of these methods together to complement each other to come up
with a better analysis [33]-[35].

fNIRS is a low-cost and practical method compared to other brain imaging
techniques, especially compared to fMRI due to being a high-cost technology and
having a fixed setup rather than a portable one such as fNIRS has. EEG is also mobile,
but it is more sensitive to movements than fNIRS. In fact, EEG and fNIRS are mostly
used together to complement each other in brain studies. fNIRS measures brain activity
by assessing hemodynamic activity using near infrared lights. Neural activity is
measured with delay due to fNIRS being extremely limited to taking signals below
cortical surface. Its spatial resolution is in millimeters and comparable to fMRI’s
resolution, making it a finer choice in terms of cost effectiveness and portability and

lesser sensitivity to movements [36].
1.5. Data Mining

Data mining involves processes of extracting and gathering data, data
preparing and preprocessing to come up with a feasible solution for a problem using a
large data set. It contains statistics and machine learning in a way, in creating models
that find discoverable patterns. Several steps of the data mining process will be given

in the next sections.



1.5.1. Data preparation and data preprocessing

This step involves the preparation and processing of the data to get it to be
implemented on machine learning models. It can contain several sub-steps depending

on the problem at hand.

1.5.1.1. Collecting dataset

The very first step of a machine learning problem is to gather relevant dataset.
While gathering it, it is essential to collect the most informative features. It can be done
by using an expert’s knowledge in that domain. If an expert is not available, then the
only option is to use brute-force, using every feature available. The downside of this
method is that it comes with noise and missing values, which requires notable data

cleaning and preprocessing [37].

In most cases, the dataset at hand is full of noises and errors. Real-world data
does not come perfect, so it needs to be corrected. A hierarchy of problems has been
proposed to be dealt with to make the dataset ready to be used in algorithms. First thing
to look at is the presence of impossible values inputted in features [37]. For instance,
if the relevant feature is expected to have binary values, but one instance of it has a
discrete value, then we identify it as an impossible value. They can be solved ideally
while inputting phase of the data, so that they can be corrected. However, if it is
impossible to enter the correct values, they can be simply treated as a missing value
category to be removed from the dataset [37].

Next problem to be looked at is that no values have been inputted in an instance
of a feature [37]. There are several methods that solve this issue which most of them
will be mentioned in upcoming paragraphs. Finally, some features that are irrelevant

are present in the dataset [37]. They are simply ignored and left out of the dataset.

1.5.1.2. Data Cleaning

Data cleaning is one of the most important steps in data mining. Detecting and
repairing dirty data is the crucial part of data preprocessing. If dirty data left
unrepaired, it would lead to inaccurate analytics and unreliable models. Data cleaning

usually consists of two phases: error detection and error repairing. For detection of the



errors, quantitative and qualitative approaches exist in defining those errors. While
quantitative techniques employ statistical methods to be used in outlier detection,
qualitative techniques implement rules, constraints, and patterns to handle errors in the
data [38].

1.5.1.3. Outlier Detection

The next thing to look at is the values that seem not likely to be true [37].
Outlier values could be put into this category, where it deviates significantly from other
values of the sample in which it occurs [39]. Another way to describe an outlier is that
it is an observation which appears to be inconsistent with the remainder of that dataset
[39]. One way to look at it is by variable-by-variable data cleansing. These outliers can
be spotted by their suspicious presence in the relevant probability distribution that they
belong to. In other words, in a normal distribution they are further away than one
standard deviation from the mean, or more depending on the domain and also the
distribution at hand. Most of the time, these values are ignored and left out of the
dataset due to the fact that they could be caused by mechanical faults, changes in
system behavior, fraudulent behavior, human error, instrument error or natural
deviations in populations [39]. However, for the last cause stated, they could be likely
values and not wrong which lie at the tails of a distribution where it is more dispersed
than it was thought before, thus having a possible variability [37]. In other cases, they
could be veridical data that belongs to a cluster/label but situated inside another
cluster’s area [39]. Nevertheless, in most cases, they also left out to be able to come

up with an accurate model that appeals to the general population.

Outlier detection is essential in certain fields. One of them concerns safety
critical environments, where an outlier causes abnormal running conditions such as an
aircraft engine rotation defect or a defect caused in a nuclear power plant which may
have detrimental effects on the environment. Another one may detect an intruder in a
system which should be addressed quickly. An outlier may be spotted in a factory
production line by continuously comparing properties of a normal product with the
newly produced ones to detect faults, thus reducing error costs. Spotting an outlier in
a fraudulent act might be monitoring the usage of a customer’s credit card in order to

detect a swift change of usage pattern which may indicate that the card is stolen. This
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outlier detection is done by analyzing and comparing time series of usage statistics
[39].

Outlier detection is also utilized in loan application processing, where
fraudulent applications or potentially troublesome customers can be detected. This
way, a bank can spot a problematic customer early, and act accordingly to prevent
further loans to be given or cancel the customer's current limit to prohibit further usage
of the credit [39].

Networks can also have outlier detection systems, which can observe
performance of them to catch any network bottleneck. This ensures the system to run
properly by taking some preventive actions, averting critical failure of the network,

and also avoiding user dissatisfaction [39].

Detection of novelties in images for surveillance systems may also be
considered outlier detection, where maleficent acts can be caught before it becomes
critical [39].

Maybe one of the most important uses is in the medical field [39]. Recently,
the usage of smart watches has increased a lot, where it can monitor the heart rate of
its user. Thus, an outlier detection system may detect an anomaly in heart rate that may
warn its user to take it easy or see a doctor to check its condition. This way that system

may save many lives.

Last but not least, mislabeled data may be detected in a training dataset, which

may improve performance of a model [39].

Handling of these outliers differs depending on the application areas that have
been mentioned. If an outlier is caused by an instrument reading error, it could simply
be erased. If a survey on a certain population’s demographics is made, it could be seen
that it may have outliers of very tall people. Thus, it is a natural occurrence and may
not be excluded depending on the study that is going to be made. In fraudulent systems,
like surveillance cameras, outliers are used to give an alarm. If that alarm has been
correctly raised, that outlier data can be stored elsewhere to enhance the detection

system’s performance [39].
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When detecting an outlier, there are three fundamental approaches that try to
come up with a solution to that detection problem. First type is to detect outliers
without a knowledge of the data present. This type is especially related to unsupervised
clustering where the data at hand is unlabeled, so there is no prior knowledge of the
data. There is a requirement of availability of all of the data before processing, and
also data has to be static. Data is processed as a static distribution, spotting the most
isolated values, and finally marking them as outliers. This method assumes that the
errors are located outside of the cluster, meaning they should appear as an outlier. An
example is given in figure 1.1, where points V, W, X, Y and Z are located outside of
the centered cluster that they could be potential outliers. The approach is generally
backward-looking and mostly related to a batch processing system, where the input
data is prepared before processing. To compare new values with the existing ones, it
requires to accumulate sufficiently large data with good coverage. This approach can
be divided into two techniques, diagnosis, and accommodation. Diagnosis
methodology underlines potential outliers, so that the system may remove them from
future distribution. This can be an iterative approach where outliers are removed
continuously by fitting the model to the remaining data until no outliers are left. In
contrast, the accommodation approach integrates outliers into the distribution to come
up with a robust classification model. This robustness can resist any outlier in the data
where even with them it represents a normal behavior. However, this approach comes
with a price, it is computationally more costly than non robust methods. If the data is
thought to have few outliers, then it may not be feasible to use this costly method,

instead a non robust method is more adequate [39].
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Figure 1.1: Data distribution classified by type 1 outlier classifying. Data
comes from Wine dataset [40].

Second type of approach to outlier detection is to model both normality and
abnormality that can be compared to supervised classification. This method requires
pre-labelled data that is marked as normal or abnormal. In figure 1.2, three classes are
specified by pre-labeling with outliers outside of the normal data that is in the center.
Depending on the problem, either centered data points could be classified as a single
classification as representing normality and the outlying points as abnormal values, or
centered ones split into three classes as normal, and outliers are abnormal.
Classification methods best fits into stationary data which has a static distribution as
the classification needs to be refitted according to the new distribution. However, it
should be mentioned that in evolutionary neural networks, the model does not need to
be rebuilt as it is an incremental classifier. Second type can be used in online
classification, where a model is formed from existing data and then upcoming data is
classified as normal or abnormal (outlier) according to the learned model. It goes
without saying that the data at hand should cover all variability and distribution of the
true population to classify these outliers correctly [39].
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Figure 1.2: Data distribution classified by type 1 outlier classifying. Data
comes from Wine dataset [40].

Lastly, the third type focuses only on modeling normality. However, on a few
occasions, abnormality could be modeled. It is related to semi-supervised detection or
recognition where the normal class is taught whereas the model learns to recognize
abnormality. In other words, this approach only requires normal and pre-labelled data
with the aim of inducing a boundary of normality. It can learn the model incrementally
with each new data, thus tuning the model accordingly. Therefore, to reach this aim, a
full spectrum of normal data should be available to come up with a generalization.
Despite that, abnormal data is not needed for training unlike type 2. This brings some
benefits in certain cases, such as fault detection areas with an example of outlier
detection in an aircraft engine where it would be too costly to acquire abnormal data
by simply damaging the engine to train the model. Another case would be fraud
detection systems in which a new type of fraud could be encountered, making the
model not handling it correctly. However, by only modeling normality, the model can

detect that new fraud unless it lies in normality [39].
1.5.1.3.1. Methods of Outlier Removal

Before mentioning the methods that manage outliers, the simplest method is to
visualize a feature to see the bad values that occur in a regular pattern, which is also a
powerful and effective tool when handling outliers. There are two fundamental

considerations when selecting a suitable method for outlier detection. First one is to
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find an algorithm that can accurately model the distribution of the data and pinpoint
outlier regions for a clustering, classification, or recognition type of model. Second
one is choosing an appropriate neighborhood of interest. Whether user-defined or
autonomously induced, selection of neighborhoods should be applicable for all density

of distribution that could be encountered [39].

Most of the techniques used for detection of outliers come from the same
fundamentals but have different names. Some of these names are, outlier detection,
novelty detection, anomaly detection, noise detection, deviation detection or exception

mining [39].

It is observed that outlier detection methods come from three fields which are
statistics, neural networks, and machine learning. Some algorithms may have chosen
more than one of these fields to come up with a better model or only one [39].

1.5.1.3.2. Statistical Methods

Statistical methods were the earliest approaches to outlier detection problems.
Earliest ones are only applicable to single dimensional data sets, some techniques
being univariate at best. One example for a single dimensional technique is Grubbs’
method. It calculates a Z value by taking the difference between the mean value of
attribute and the query value and dividing it to the standard deviation of all these
values. This method requires no user parameters as all parameters are derived from the
data. In addition, it relies on the number of values as higher numbers makes the model

more statistically representative [39].

Statistical models have limited applicability as they are more suitable to
guantitative real-valued and quantitative ordinal data sets. This suitability also

increases processing time if complex data transformations are necessary [39].

Informal box plots can be applied to both univariate and multivariate data sets
to detect outliers. This method allows its user to pinpoint outliers by just looking at the
box plot. It can handle real-valued, ordinal and categorical attributes [39]. Box plots
display five-number summaries which are the lower extreme, lower quartile, median,
upper quartile and upper extreme points [41]. They are suitable to both symmetric and

skewed distributions, but they can also identify infrequent values in categorical data

15



sets. By just visual detection, the points beyond the lower and upper extremes can be
determined as outliers. But a better technique would be to pick upper and lower
thresholds as being 1.5 x interquartile range (IQR) away from the upper and lower
quartiles, beyond where the lower and upper outliers lie. In univariate outlier removal,
outlier identification is made for each variable. If there are too many univariate outliers
that correspond to a large portion of the data, they can be ranked by the frequency of
these univariate outliers and trim the most frequent ones [42]. In Laurikkale et al.’s
[42] study, they removed 10% of the worst examples within each class.

In univariate outlier detection identification, it is based on ordering of the data,
mostly in ascending order and the five-number summary can be found according to
that ordering. However, in multivariate data, there is no unambiguous total ordering
[42]. To solve this problem, a reduced sub-ordering method is suggested [43]. It is
done by transforming each multivariate observation into a set of scalars by using a
distance metric. Mahalanobis distance is probably the most suitable candidate to be
utilized in multivariate cases because it incorporates the dependencies between
attributes which accomplishes the goal of multivariate outlier identification being
detection of unusual value combinations. It is stated that many distance metrics,
including Euclidean distance, are not suitable for this kind of data sets as they only

include location information [42].

1.5.1.3.3. Machine learning outlier removal methods

Machine learning approaches can detect outliers in categorical data compared
to most statistical approaches that do not have a mechanism to detect that data type.
Some studies use the C4.5 decision tree to detect outliers for categorical data [44],
[45]. For decision trees, prior knowledge is not required to detect outliers which could
make the detection a bit faster than statistical methods that need information about the
distribution and parameters of the data. Moreover, rule-based systems are also
exploited for outlier detection, which are more flexible and incremental than decision

tree techniques as rules can be changed or replaced in detection of outliers [39].
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1.5.1.4. Methods to handle incomplete data

In most real-world data sets, incomplete or missing values are confronted
which need to be dealt with. These missing values might exist due to several factors
such as they are missing due to being forgotten or lost, it is not applicable to give a
value for that instance, and lastly the designer of the data set might not care to give a
value for that observation in the data set [37].

For the not applicable and lost values, randomness of the lost values should be
looked at to come up with a proper technique in dealing with those missing values.
When looking at randomness, three types come forward, missing completely at
random (MCAR), missing not at random (MNAR), and missing at random (MAR).
MCAR usually happens by accident such as accidentally losing the measurements
taken from a subject. Hence it means that probability of missingness is not related to
any other feature that belongs to the subject. This type of missing values can be
handled properly with various methods contrary to MNAR data where missing values
are related to unobserved information that belong to other characteristics of the subject.
For instance, errors in the setup of an experiment could cause missing values to appear
in a data set that cannot be resolved with a universal method [46]. MAR happens when
the missing values are conditionally dependent on the outcome or other predictor
variables. For example, if one feature has missing values in case of a device

malfunction while not in properly functioning instances, it is an example for MAR.

When dealing with missing values, there are various approaches that can
resolve incomplete data problems. For the MNAR cases, a solution could be to
resampling the feature or repeating the experiment with proper ways. On the other
hand, for MCAR and MAR situations, features having missing values can be imputed
depending on other features or within itself from its own characteristics. Usually single
and multiple imputation methods come into play to deal with these types of missing
values. The main reason for imputing data rather than deleting them is to reduce the
biases of the data set. It goes without saying that deleting the incomplete cases could

be the most proper way in some situations, especially for MNAR data [47].

There are numerous single imputation methods some of which are, mean

imputation, imputation with distributions, regression imputation and k-nearest
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neighbor (KNN) imputation. Mean imputation involves imputing missing values with
either mean, median or mode depending on the distribution of the data. This method
has some drawbacks, one of which is that if there are many missing values, it can
change the distribution of the data and make it biased. For imputation with
distributions, missing value are imputed according to that features’ distribution

without changing its shape [47].

Regression techniques apply imputation with exploiting other variables in the
data set, making it a more sophisticated technique compared to previous methods.
Linear relationship should be present between the imputed feature and other features
to have an unbiased imputation, especially in the presence of MAR and MNAR data
[47], [48].

Lastly for single imputation, KNN technique employs an evaluation of the
distance from k number of neighbors to impute similar values. Higher k value causes

this method to be computationally expensive as more computations will be made.

Multiple imputation is the process of averaging the results across multiple
imputed data sets. This resolves the possible biases that may be caused by single
imputation methods in the presence of uncertainty of imputed values. Therefore, it tries
to eliminate that uncertainty by implementing numerous feasible imputations, and in a
way reducing those single imputation error’s by averaging them. Three steps exist in
this approach which are, (1) imputing data set n times resulting in n data sets at hand,
(2) analyzing those data sets, (3) consolidation of all of these n data sets [47]. Most
notable technique for multiple imputation is multiple imputation by chained equations
(MICE), which exploits the correlation neighborhood between imputed features and

others to come up with a proper handling of missing values.

1.5.2. Applications Of Machine Learning

There are many applications of machine learning, most important of which is

predictive data mining [37].

A dataset is represented by a set of features which is used by machine learning

algorithms to make predictions. These features may be of type continuous, categorical,
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or binary depending on the given problem and data. There are two approaches as

learning methods in general, supervised, and unsupervised learning.
1.5.2.1. Supervised learning

If labels of any given instance of a dataset is present, then we call it supervised
learning. In supervised learning, the goal is to label unseen data that has just been
encountered. This is done by using labeled data by putting them into training to find
out the description of classes, which in turn is used to label newly encountered data
[37].

Supervised learning can be divided into two subcategories, which are
classification and regression problems. Classification involves training a prelabeled
set and trying to predict those labels in the unseen data. Popular algorithms for
classification problems are KNN, decision trees, random forests, and support vector
machines. On the other hand, regression is used to understand the relationship between
dependent and independent variables. Linear regression, logistic regression and

polynomial regression are the most basic regression algorithms.

There are various evaluation metrics to compare the performances of
supervised learning approaches, some of which are accuracy, fl-score, Receiver

Operating Characteristic (ROC), and confusion matrix.

The accuracy of a model is defined in equation below,

TP+TN
TP+ FP+FN+TN

Accuracy = (1.1)

where positive being 1 (liking) and negative being 0 (disliking),

TP is True Positive e.g., where the target value is 1 and it is predicted as 1,
FP is False Positive e.g., where the target value is 0 and it is predicted as 1,
TN is True Negative e.g., where the target value is 0 and it is predicted as 0,
FN is False Negative e.g., where the target value is 1 and it is predicted as 0.

In addition to the average F1-score, Receiver Operating Characteristic (ROC)
curve and area under that curve (AUC) were also plotted for all models. In figure 1.3,
a representation of ROC curve is given,
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True Positive Rate (TPR)

False Positive Rate (FPR)

Figure 1.3: ROC curve plot where blue line indicates a nearly perfect
classification, green line a good classification and dashed red line signifies random
guessing.

where,

TPR is True Positive Rate (Recall) i.e. liked stimuli that were predicted
correctly,

(1.2)

FPR is False Positive Rate i.e. liked stimuli that were predicted as disliked,

FP
FP +TN

FPR =

(1.3)

ROC curve is based on these two metrics that evaluates the model’s predictive
power on a binary classification problem. Bigger AUC represents a better classifier,

and the reference (the red line) in the figure 1.3 represents random guessing.

Finally, the confusion matrix that shows the values of TP, FP, TN, FN gives an

idea about the prediction vs actual values comparison in table 1.1.
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Table 1.1 : Confusion Matrix

Predicted Condition

Population=P + N Positive (PP) Negative (PN)

Positive (P) True Positive (TP) | False Negative (FN)

Actual
Condition
Negative (N) False Positive (FP) | True Negative (TN)

1.5.2.2. Unsupervised learning

In unsupervised learning, predictions are made in the absence of labels. Most
common unsupervised learning tasks are clustering, anomaly detection, and density
estimation [49]. Unsupervised learning such as clustering, uses unlabeled data to group
patterns at hand into meaningful clusters. Thus, it is done by a data driven manner, in
which labels are obtained through data [50]. Examples for clustering applications can
be given as recommendation engines, search engines, image segmentation and
dimensionality reduction. Most common algorithms exploited for these kinds of
problems are K-means, DBSCAN, agglomerative clustering and affinity propagation
[49].

Unsupervised learning algorithms such as K-means and DBSCAN can also be
used as an anomaly detection method. In addition to those algorithms, gaussian
mixture models (GMM), minimum covariance determinant (fast-MCD), isolation
forest, local outlier factor (LOF), and One-class SVM are another approach that detects

outlier in a particular problem [49].

Lastly unsupervised learning can be used in density estimation. It is generally
used in data visualization and analysis, by estimating the probability density function
of the random process that formed the dataset. GMM and DBSCAN can be used as a
density estimation method [49].
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1.5.2.3. Ensemble learning

Every algorithm has strengths and weaknesses according to certain types of
problems. These properties should be understood clearly to come up with a better
algorithm which uses multiple algorithms by using one’s strength to complement the
other’s weaknesses. In certain cases, it may be impossible to find a single algorithm
that achieves the best accuracy or any other chosen score metric, thus combining two
or more classifiers might be a good idea in these situations, and we call this method

ensemble learning [37].

Most popular ensemble methods are voting, bootstrap aggregating (bagging),
pasting, boosting, stacking approaches. Voting method includes more than one
classifier for classification problems which can dominate individual classifiers that try
to make a prediction alone. Diversity of the classifiers in this ensemble method is
important as independence between them leads to different types of error that benefits
the accuracy of the ensemble model. On the other hand, bagging technique uses only
one type of algorithm for every predictor but training them on different subsets taken
from the original dataset. There is one condition that should be satisfied for it to be
called bagging which is making sampling with replacement. However, when sampling
is done without replacement, it is called pasting [49], [51]. In boosting ensemble
learning methods, the idea is to train the predictors sequentially where each predictor
tries to correct its predecessor. Most popular examples are Adaptive Boosting,
Gradient Boosting, Extreme Gradient Boosting (XGBoost), LightGBM, and CatBoost
[49]. Lastly, stacking algorithms, which is short for stacked generalization, trains a
model from an ensemble of algorithms instead of aggregating those classifiers'
predictions. Final model is called a meta learner or blender, which takes the predictions

of those classifiers as input or training data to make the final prediction [49].
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2. EXPERIMENT DESIGN AND METHODOLOGY

In this section, design and methodology of the experiments will be elaborated
to answer the thesis question. Due to the nature of the problem, an iterative approach
has been followed to build the best model possible. When doing that, mainly, generic
CRISP-DM reference models will be abided by to implement a good structure for this
section. Thus, this part will consist of five phases i.e., business understanding, data
understanding, data preparation, modeling, and evaluation. The only differences
compared to the CRISP-DM model will be the exclusion of the development phase
and modifications of those five phases [52]. The main framework of the CRISP-DM
model can be found in figure 2.1.

Business Data
Understanding § Understanding

Data
Preparation

'

Deployment

r

Modelling

Evaluation

Figure 2.1: Phases of the CRISP-DM Process Model for Data Mining [52].

The main goal of this research is to build a model that predicts the liking
preference of individuals based on fNIRS measurements. Data mining processes will
be performed in Python language and following sections will provide detailed

information on these processes.
2.1. Business Understanding

The main goal of this research is the liking prediction of individuals using five
machine learning algorithms. To achieve that, first, various images of objects were
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shown to individuals and asked them to indicate their liking preference while
measuring their prefrontal hemodynamic activity with fNIRS. Then, these
measurements were trained using five supervised learning algorithms to achieve the

primary goal of implementing the best possible liking prediction model.

As a secondary goal, various feature extraction and methodologies were
implemented to further improve the best algorithm’s performance that was selected in

the first goal.

Finally, the last side goal was to apply the wrapper method on the best model

selected from the feature extraction step to come up with a better approach.
2.2. Experimental Setup
In this section, a brief explanation of the experimental setup will be given.

29 participants (18 female) in the age range 22 — 42 have participated in this
experiment. They were chosen randomly from a consumer database, being all right-
handed, which is tested by the Edinburgh handedness survey [53], for the purpose of
preventing any variation in functional response due to lateralization biases. The data
of two subjects has been removed due to not making any decisions of choosing his/her
preference of liking. This study was approved by MEF University human subjects
research ethics committee with the approval number E-47749665-050.01.04-1113 and

written informed consent has been obtained before the experiment.

The task included 60 trials where subjects were asked to give a response on
whether they like the image or not. One trial can be seen as a block, where participants
had 5 seconds to view the image, 3 seconds to decide according to their choice of liking
or disliking, followed by 8 seconds of fixation. Thus, each block lasted a total of 16
seconds, making the duration of the experiment to 16 minutes. There were two keys to
be pressed upon to indicate their preference of liking or disliking, which were
randomly switched in each block to avoid lateralization of brain function. The images
consisted of real-life objects. The participants were informed to press either of the
buttons to indicate their preference. One of the 60 stimuli is given in the figure 2.2

below.
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Figure 2.2: One of the 60 Visual Stimuli.
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Figure 2.3: Experimental Process Steps.




Figure 2.4: fNIR sensor pad placement on the forehead (left), projection of optodes
on the prefrontal lobe (right).

Prefrontal cortex of each subject was continuously recorded using a fNIRS
device made of a sensor pad that holds 4 light sources, 10 photodetectors to acquire
oxygenation measures and 16 optodes placed on the forehead of the subject (figure
2.4). The sensor is capable of measuring data from a depth of 1.5cm and receiving
frequency of 2 Hz from 16 optodes. Optode locations correspond to specific prefrontal
cortex regions such as optode 1-4 takes data from dIPFC, optodes 5-8 from medial
anterior PFC [54], optode 5-6 from left dorsomedial PFC, and lastly optode 7-8 from
frontopolar PFC regions. For the right lobe of the brain, optodes 9-16 are responsible
for the regions as defined for the left part, symmetrically. FNIRS takes these
continuous measurements with respect to the changes in oxygenation of these regions
to determine the neural activity, as hemodynamics pertains to functional brain activity
with the aid of a mechanism noted as neurovascular coupling [55]. Then, the acquired

fNIRS signals are preprocessed by COBI Studio Software.

For each participant, like/dislike decisions, response time and raw fNIRS
measurements were acquired for all 60 images. This raw data was put into a filtering
of high frequency noise due to respiration and cardiac pulsation with a finite impulse
response, linear phase filter with order 20 and cut-off frequency of 0.1 Hz [1], [54].
Then, motion artifacts were detected and removed following a sliding windows motion
artifact filter [56].

26



The average of HbO, HbR, Hbt and Oxy concentrations were calculated with
respect to each block which consists of image viewing and decision-making phases,
and since there were 16 optodes, total of 128 features were obtained by multiplying
these numbers and steps (4 x 2 x 16). Then, all data from 60 trials are put together into
a dataset for each participant as a Comma Separated Values (CSV) format. Then, this
csv file was imported into an IDE of python to further processing of the data to put

into machine learning algorithms.
The next chapter will further explain and analyze this CSV data at hand.
2.3. Data Understanding

As mentioned in the previous section, the dataset contains information of
fNIRS average oxygenation measurements which were taken from 28 participants.
There are a total of 128 of these oxygenation biomarkers, and additional features i.e.,
response time, sex, and liking preferences were also present. Other features such as
demographic ones (e.g., age, education) were also available. As 60 images had been
shown to participants to indicate their liking preference, with the participant count of
28, a total of 1.680 rows of data was at hand at the beginning of the data cleaning

process.

The liking preference was the dependent variable which could take either O or
1 binary values that represent ‘dislike’ and ‘like’ respectively. HbO, HbR, Hbt, and
Oxy features were predictors for liking preference which were continuous variables.
Each of these four feature categories have two instances of measurements where first
one measured when participant sees the stimuli and second one when participant
indicates his liking preference, which were denoted with G and K abbreviations at the
start of the feature’s naming, respectively. Below in table 2.1, a representation of all
features has been presented with their type and description. Following data preparation

and analysis steps will include:

1. Statistical analysis of the data: Basic and descriptive statistics i.e., average,
min, max values, distribution of all categorical and numerical features,

standard deviation, percentiles will be all presented.
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2. Missing values in the data: Analysis of missing percentage and count of each

feature will be given.

3. Outlier Detection and Analysis: Outlier detection will be made on each

feature to decide whether to remove some of them or not depending on their

value contribution to the dataset.

4. Correlation Analysis: Correlation heatmap matrix will be implemented to

see the relation between dependent variable liking preference with predictor

variables of fNIRS measurements. Besides, due to the size of the predictor

features, top highly correlated predictors (> 0.5 for positively correlated or < -

0.5 negatively correlated) will also be given.

Table 2.1 : Description and Types of Features

Feature Type | Description

Age N Between 22 - 42

Sex C Female, Male

Education C Through High School to PhD Degree

Participant No N Enumeration of participants through 1 to 29

Stim_ID N tEong(;neratlon of images that were shown to participants through 1

RespTime N Response Time of Participants indicating their liking preference

Response C Left, Right

Like OR Nolike C True, False

Goxvl-2-3...16 N Value of difference between HbO and HbR concentrations when

y viewing the stimulus through optodes 1 to 16

GHbr1-2-3...16 N Cpncentratlon changes in deoxy-hemoglobin when viewing the
stimulus through optodes 1 to 16

GHbO1-2-3...16 N Cpncentratlon changes in oxy-hemoglobin when viewing the
stimulus through optodes 1 to 16

GHDb1-2-3...16 N Cpncentratlon changes in total hemoglobin when viewing the
stimulus through optodes 1 to 16
Value of difference between HbO and HbR concentrations after

Koxy1-2-3...16 N deciding liking preference of the stimulus through optodes 1 to
16

. Concentration changes in deoxy-hemoglobin after deciding
2316 ) liking preference of the stimulus through optodes 1 to 16
P Concentration changes in oxy-hemoglobin after deciding liking
K Y preference of the stimulus through optodes 1 to 16
KHbt1-2-3...16 N Concentration changes in total hemoglobin after deciding liking

preference of the stimulus through optodes 1 to 16

Following section will provide a detailed explanation of how the data

preparation process has been handled.
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2.4. Data Preparation

This section will include all phases (i.e., data cleaning, outlier detection and
removal, imputation for missing values, data clustering, frontal alpha asymmetry
index, one-hot encoding, and standardization) that will make the data ready to be put

into prediction models.

2.4.1. Data cleaning

It was seen that data was erroneous that should be dealt with. Two participant’s
data had all fNIRS measurements values, but they had not indicated their liking
preference for any stimuli. For this reason, their data had been removed. In addition,
one response corresponding to a stimulus of a participant was invalid due to pressing

the wrong button, thus it had also been removed from the data.

2.4.2. Outlier detection and removal

Outlier analysis is essential while dealing with brain imaging measurements.
Furthermore, some machine learning methodologies are also sensitive to outliers,
meaning their predictive power reduces in presence of such values. Since fNIRS
measurements were used with several supervised learning methods to predict the liking
preference of participants, it was mandatory to exclude these outlying points from the
data set. There are various methods to deal with outliers which were mentioned in the

theoretical part.

In this study, as an initial method, boxplots had been used to spot outlying
values and the IQR method had been used to remove those outliers. Thus, the points
lay below lower boundary, and above upper boundary were masked as Not-Applicable
(NA) values according to the given formula of IQR and of those boundaries in the
equations below to be later imputed. They were not completely removed as looking at
all trials or records, at least one outlier was there for nearly half of the available

records. That meant removing half of the data, thus it was inconvenient in doing so.

IQR = 03 — Q1 (2.1)
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Lower Boundary = Q1 — 1.5 X IQR (2.2)

Upper Boundary = Q3 + 1.5 X IQR (2.3)

Later, as an attempt to improve the performance of the models, a different
approach was used as an application of outlier removal. Same as the first method,
outliers were spotted with the IQR method for each feature as explained above.
However, instead of masking those outliers, they were capped to the lower and upper
boundaries of IQR. This capping was thought to be more accurate as those outlier
values may have critical information by having those drastic measurements in

prediction of liking preference.

2.4.3. Imputation

Incomplete data is unavoidable in most cases, e.g., missing value was forgotten
or lost, value being not applicable meaning it does not exist for a given case. Because
certain algorithms require complete data and do not work in the presence of missing
values e.g., k-NN, neural networks [37]. To deal with this problem, one could remove
every row that has at least one missing value. However, this approach would result in
greatly reducing the data size which might be valuable even though it has missing
values, thus it is an unfavorable approach. Another method is data imputation which

is the process of statistically inputting missing values [57].

In this study, several imputation methods i.e., mean, median, multivariate
imputation by chained equations (MICE), iterative imputation and k-Nearest
Neighbors (KNN), neighbor imputation have been utilized in order to complete the
data. MICE was applied using “impyute” library [58], iterative, KNN and median
imputation was implemented using scikit-learn library [59], on the other hand mean
imputation was basically employed with Pandas library’s dataframe functions.
Neighbor imputation was a special one that was created only for this study that utilizes

the neighborhood of optodes to come up with an accurate imputation.

All of these imputations were compared with original incomplete data with
respect to their probability distribution functions by plotting them. Results will be

shown in the implementation and results section.
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2.4.4. Data clustering based on fNIRS features

Data clustering is an unsupervised method to find similar patterns between data
points to group them together [50]. In this study, in order to improve the models’
performances, K-means clustering was applied to group the hemodynamic responses
of participants by using scikit-learn library’s methods [60]. To find the optimal group
number, silhouette scores were calculated and visualized in a line graph with group

numbers ranging from 2 to 19.
2.4.5. Frontal-alpha-asymmetry Index

Frontal Alpha Asymmetry (FAA) is the difference in alpha power activity in
right and left prefrontal regions according to the effect of a stimulus, corresponding to
the negative and positive emotions respectively. Therefore, when an individual is
exposed to a positive stimulus, there is a tendency to respond more intensely that is
caused by activation of left regions of the brain, whereas being affected by a negative
stimulus increases the tendency to react more intensely with the right frontal activity

increasing.

The possibility of FAA effect has been considered by calculating a FAA index
from measurements of hemodynamic responses of the prefrontal regions. Ramirez et
al.[6] investigated this FAA effect by creating an index from EEG signals by taking
the difference of the left and right hemisphere’s alpha powers. Therefore, that study
has taken as the basis for creating a similar index but from fNIRS measurements,
taking the difference of left and right hemisphere’s relative change in oxygenation
signals i.e., oxy values (AHbO: - AHbR).

2.4.6. One-hot encoding

There was one categorical variable used in the prediction models, which was
cluster numbers based on fNIRS measurements. Since certain machine learning
algorithms only work on numeric variables such as SVM in this study, these
categorical variables needed to be converted into numerical form. One-hot encoding
comes in handy in this situation in conversion of these categorical variables due to

there not any ordinal relationship existing within these variables. If there was an
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ordinal relationship between them, in that case integer encoding would be more

adequate to use.
2.4.7. Standardization of the numeric data

Most of the machine learning algorithms struggle to perform well when the
numerical features have varied scales [49]. Therefore, it is mandatory to put those
values into the same scale before inputting them into the model. There are two ways
to achieve that: normalization or with its alternative name min-max scaling, and
standardization. In this study, standardization has been preferred due to being less
affected by outlier values compared to normalization and not dealing with any neural

network algorithms since some of them expect input values ranging from 0 to 1 [49].

Let denote the 128-dimensional feature set in this study as Y =

{X1,X,,...,X 8}, thus it has a data matrix such as given below,

Xl,Xz,...,Xd = [x11 > X1d Xn1 xnd] (24)

where, n is the number of trials that were shown to participants as stimuli which
will later be given in next chapter, and d = 128 which are all hemodynamic response

values taken from fNIRS measurements.

Therefore, to standardize these given 128-dimensional input features, standard
score or also known as Z-score of each value had to be calculated with the given

formula below,
Z(x;;) = f (25)
where,
x; is the mean of the jth sample,
o; is the standard deviation of the jth sample.

This scaling of the dataset had been done with StandardScaler of scikit-learn
library by first fitting the scalar to the train set, and then using the fitted scaler to

transform both train and test sets [59].
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2.5. Modeling

The major goal of this study was to investigate the use of various machine
learning algorithms which were Random Forest, SVM, KNN, XGBoost (XGB) and
lastly Light Gradient Boosting Machine (LGBM), in classification models for
determining the liking prediction of individuals based on fNIRS measurements. These
are all supervised machine learning algorithms. Therefore, there were a total of five
models that had been developed with these algorithms and were compared with each
other by their evaluation of performance. The comparison details will be given in the

evaluation section.

Another goal was to apply three feature extraction methods that were PCA,
Isomap and t-SNE, to an attempt to further improve the models’ score and compare
their results within each other and also with the result of models without feature
extraction. Thus, all five previously formed models were put into three feature

extraction, resulting in 15 models.

The third goal was to investigate the power of an ensemble learning model,
which was developed with algorithms that achieved the best results according to their
evaluation. The details of this ensemble learning will be mentioned in a future chapter.

In the next section, with these feature extraction methods and ML algorithms,

how the modeling framework was designed will be briefly given.

2.5.1. Modeling framework

In this section, an explanation of how the modeling framework was created
will be explained. Since there were five algorithms and three feature extraction
methodologies were used and additionally a wrapper method as feature selection, it
would have been a little bit complicated and unoriented to compare all their results
with each other, unless a modeling framework was designed. Therefore, there were six
main frameworks defined i.e., main model without feature extraction, model with
PCA, model with t-SNE and model with Isomap, model with frontal alpha asymmetry
transformation and model with feature selection. In the main model, all ML algorithms
were used and then the best algorithm was selected to be used in feature extraction
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models, and the best model among feature extraction and main models was chosen to

apply feature selection to further improvement of score.

In the next section, ML algorithms that were used in the main model will be

mentioned indicating their properties and their hyperparameter tuning.
2.5.2. Machine learning algorithms

Random Forest (RF) is an ensemble learning algorithm consisting of multiple
collections of decision trees. It is based on the concept of bootstrap aggregation, also
called in short bagging, which is the resampling of the instances of data with
replacement to reduce variance [51], [61]. Thus, with bagging shown in figure 2.5
below, instances of the data are randomly sampled multiple times for each predictor,

and then put into training for each predictor.
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Figure 2.5: Bagging sampling and Random Forest [49].

In random forest, multiple trees are used in averaging predictions coming from
them for regression problems, or in classification problems, taking the majority of the
votes coming from each decision tree predictors. Thus, the final prediction will be that
majority’s choice. One critical thing is that all decision trees should be de-correlated
with each other to produce a better prediction model, due to minimizing errors of those
uncorrelated decision trees. In other words, the accuracy of the model depends on the
strength of each tree classifier in a random forest, and also the dependency between all
these trees [62]. In this study, RandomForestClassifier of scikit-learn was used with

tuning different values of ‘n_estimators’ which represents the number of trees and
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tuning ‘max_depth’ of those trees with using two different loss function for measuring
the quality of the split of trees [59]. Tuned hyperparameters were shown below in table
2.2.

Table 2.2 : Random Forest Hyperparameter Tuning

max_depth

3,4,5,6,7,8,9

n_estimators

100, 300, 500

Criterion (loss function)

‘gini’, ‘entropy’

A Support Vector Machine (SVM) is an extremely strong and flexible machine
learning model that can do regression, outlier identification, and linear or nonlinear
classification [49]. It is based on statistical learning theory nominated by Vapnik [63]
and also developed by him and his colleagues. In a N-dimensional space, this algorithm
constructs a hyperplane or multiple hyperplanes that act as a boundary between two or
more classes which separates them, in a classification problem. In order to achieve the
best separation by minimizing the generalization error, the hyperplane with the largest
functional margin, i.e. the distance between the nearest points from each class which
are called support vectors, is selected as the boundary between those classes. Below in
figure 2.6, there is an example for a hyperplane constructed by SVM algorithm for two
classes that are linearly separable, with 3 support vectors sitting on each side of the
hyperplane with all having equal distance to it. Therefore, those support vectors are
critical in forming a hyperplane, and removal of them will lead to the alteration of the

hyperplane [64].
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Figure 2.6: Support Vector Machine Hyperplane and Support Vectors [59].
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Since 128-dimensional data was present at hand which cannot be linearly
separable like the example above in figure 2.6, the so-called kernel trick had to be
applied allowing nonlinear data to be separable by hyperplanes in a higher dimensional
space. SVM with linear kernel had been chosen for this study as another similar study
also used it and had satisfactory results with it [8]. Hyperparameters ‘C’ and “y’ of
SVM were tuned with grid search to find the optimal parameters to create a good model
(table 2.3).

Table 2.3 : SVM Hyperparameter Tuning

| C | 0.1,1, 10,100 |
| gamma | 0.1,1,5,10 |

K-Nearest Neighbor (KNN) may be called the simplest algorithm across all
supervised learning methods, especially compared to other algorithms used in this
study. Despite its simplicity, it has achieved satisfactory results in many classification
and regression problems. It computes the distance of a point to other points around it
to classify based on the majority vote looking at the nearest neighbors’ classes while
specifying the neighbor number. Euclidean distance was utilized as distance metric
and K-neighbors had been obtained through grid searching K from 2 to 20 (table 2.4).

Table 2.4 : KNN Hyperparameter Tuning

| n_neighbors | List(range(2,20)) |

XGB [65] and LGBM are optimized boosting techniques for gradient-boosted
algorithms. Like RF, they also utilize more than one decision tree, thus being also an
ensemble learning technique. The difference between RF and these gradient-boosted
tree algorithms is how the trees are built. In RF, all trees are built independently while
in gradient boosting, trees are built one at a time. In Gradient Boosting, an ensemble
of weak learners is utilized to enhance the model performance by filtering out the
instances that cannot predict well, and then form new weak learners based on that

filtering.

XGB abbreviation represents ‘Extreme Gradient Boosting” where gradient
boosting is based on the paper of Friedman [66]. Hyperparameters were tuned with
grid search as shown in table 2.5.
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Table 2.5 : XGBoost Hyperparameter Tuning

booster ‘dart’
learning_rate 0.03,0.05,0.1
max_depth 3,4,5,6,7,8,9
gamma 1,510
n_estimators (number of trees) 100, 300, 500
min_child_weight 3,4,5

LGBM uses leaf-wise tree growth contrary to level-wise tree growth of XGB.
This enables LGBM to achieve higher loss reduction, thus higher accuracy compared
to XGB, but this may cause higher overfitting on the training set. This may lead to
tuning parameters more carefully in LGBM, which makes XGB a more robust
algorithm than LGBM. Hyperparameter tuning for LGBM is given in the table 2.6
below. Num_leaves parameter was given 2”*(max_depth) for each max_depth value to
control the complexity of the tree. Leaf-wise trees are much deeper than level-wise
trees so to not cause overfitting, this formulation was taken as stated in LGBM’s

documentation [67].

Table 2.6 : LGBM Hyperparameter Tuning

boosting_type ‘dart’
learning_rate 0.03,0.05,0.1
max_depth 3,4,56,7,8,9
max_bin 10, 50, 100
num_iterations (number of trees) 100, 300, 500
path_smooth 3,4,5
min_child_samples List(range(20, 40))

In the next section, dimensionality reduction techniques that were used in

feature extraction models will be explained.
2.5.3. Dimensionality reduction models (feature extraction)

High dimensionality in the feature set of the data causes problems for
classification algorithms which are increased computational cost and memory usage.
Apart from hardware issues, high dimensional data also consists of inessential,
unnecessary, or deceptive features which makes it difficult to process data to come up
with a good learning outcome. In other words, it can include highly correlated features
that should be dealt with. Therefore, performance of the model could be diminished in
presence of noise-containing or highly correlated features. There are some techniques
to reduce the dimensionality of the dataset to provide some solution to these issues,
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one of them is feature extraction. This method reduces the dimensionality of the data
by transforming the original features into features that are more representative and
useful to be implemented in a model. The information of the former feature space is
retained mostly in this process. Feature extraction can reduce complexity of the data
and by linearly combining the original variables for each feature set, it can represent
each of those variables belonging to its feature space [68]. In addition, by representing
the data in a lower dimension, it could reduce the runtime of an algorithm which is

also crucial [69].

Maybe the most prominent feature extraction method is Principal Component
Analysis (PCA) which is also the most used one. It is a non-parametric technique to
reduce the dimensionality of the relevant dataset by extracting the most useful and
relevant information from it, eliminating the noisy and misleading features. It reduces
the redundancy, which is measured through covariance, and maximizes the

information obtained which is measured through the variance [68].

Thus, in this study, as a means to reduce the 128-dimensional data to improve
the performance of the models by removing irrelevant and noise-making data,
numerical features that consist of fNIRS measurements were transformed using PCA.
This was done by keeping %90 variance of the original feature set, to keep the
maximum statistical information from our extracted feature space. In the end, reduced
feature space consisted of few principal components that explains 90% variance of the
original data in which the first one represents nearly 40% of the variance and reducing
with each principal component added, totaling to 90%. These principal components
are actually eigenvectors of the data’s covariance matrix. 90% of variance is also kept
the same for other two feature extraction methodologies that will be mentioned next,

to properly compare their performances on the dataset.

Another feature extraction method used is Isomap whose main aim is to capture
the intrinsic degrees of freedom of input variables. In addition, this method was
developed to come up with a solution to nonlinear feature sets which are invisible to
both PCA and Multidimensional Scaling (MDS). It was built on top of classical MDS
but with maintaining the intrinsic geometry of a data manifold by calculating the
geodesic distance between all points and finally making an estimate with finding

shortest paths in a graph edge linking each data point’s neighbors on the manifold. If
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there is enough data present, this method is guaranteed to obtain the true geometric

structure and dimensionality from high dimensional nonlinear manifolds [70].

Lastly, t-Stochastic Neighbor Embedding (t-SNE) was used as a
dimensionality reduction method. The main usage or development of t-SNE is to
visualize high dimensional data in two- or three-dimensional space. However, in this
study, it was used as a feature extraction technique with a secondary goal to compare
its performance against PCA and Isomap. It is a variation of Stochastic Neighbor
Embedding that enables easier optimization and better visualizations. It can acquire
most of the local structure of the high dimensional data with a great effort. Same as
Isomap, it is a nonlinear dimensionality reduction technique that models the
probability distribution of similar objects that are assigned high probability and
dissimilar objects that are assigned low probability, and then does the same distribution
with the points in lower dimensional space with using Student’s t-distribution and
minimizing these two distributions with Kullback-Leibler divergence (KL divergence)
[71]. When calculating those conditional probabilities, the variance is set to 90% the

same as PCA and Isomap in this study.

In the next section, the application of the feature selection model will be
defined.

2.5.4. Wrapper model

As an attempt to improve predictive power, certain fNIRS features might be
more important than others in predicting the liking of a stimulus. Therefore, a wrapper
approach has been implemented as a model, which is a feature subset selection method
that uses an induction algorithm as a black box [9]. Black box signifies that no
knowledge of the algorithm is needed when searching for the best feature subset.
Greedy approach has been considered as the search algorithm for this model, and
feature subset size was taken as half of the number of hemodynamic features. Forward
selection was used as an initial state, meaning at the beginning of the search process,
the feature subset was empty. 2-fold cross validation was selected as an evaluation
method instead of higher fold approaches due to limited computational power. In each

iteration, the feature which gives the best results among others was added into the
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feature subset and the process continued until subset size reached half of the number

of original feature size.

In the next section, how the model performances were evaluated will be

explained.

2.6. Evaluation

In the evaluation of classification models, two methodologies were used in this
study. First one was using leave-one-group-out cross validation for tuning
hyperparameters for all models, and the second one being a permutation test to

evaluate if the final prediction on the test set is statistically better than by chance.

2.6.1. Leave-one-group-out cross validation

Cross-validation is an evaluation technique that analyzes a model if it is
generalizable on an independent data set. It iterates over the data to divide it into train
and test sets multiple times with a given random state, to be tested by a model. This
way, several evaluations are made by the stated number of times, making the model
more reliable by eliminating selection biases and also reducing the chance of
overfitting. All results of these validations are combined into the final score by taking
average, giving an estimate how a model could perform in a nearly real-life
environment. It is especially useful if the data set is too small, compared to making a

simple train/test split or so-called hold out validation.

In leave-one-group-out cross validation (LOGOCV), folding is made in such a
way that each group is selected alone as a test set for prediction. Therefore, with given
grouping information for all records, it is guaranteed that each group appears exactly
once in the validation set across all folds. Groups were set as participant ids to ensure
that the model generalizes well by avoiding a participant’s records to appear in both

sets. Taking that into consideration, data leakage was aimed to be kept at minimum.

In LOGOCYV, the number of folds was set as k = 27, meaning one of the k
subsets was taken as validation set in each iteration over 27 folds. Remaining 26

subsets were taken as training set. In each fold, each pair of parameters had been
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searched and obtained scores were recorded. For each of the pairs, average results in

all folds were taken and the highest one was selected as the best pair of parameters.

When k value gets close to the total record number, or in this version of cross-
validation being close to the number of groups, the statistical power of the evaluation
gets stronger. However, as k increases, the computational power also drastically
increases. This is one of the drawbacks of LOGOCV. In figure 2.7, there is a

representation of 5-fold cross validation, which might give an idea about LOGOCV.

All Data

Training data Test data

Fold 1 | Fold 2 Fold 3 Fold 4 ‘ Folds |\

Spitl | Foldl | Fold2 | Fold3  Fold4 | Folds

Split2 | Fold 1 ‘ Fold 2 Fold 3 Fold 4 ‘ Fold 5
] B B ' ' > Finding Parameters

Split 3 Fold 1 | Fold 2 ‘ Fold 3 Fold 4 ‘ Fold 5

Split 4 Fold 1 | Fold 2 Fold 3 Fold 4 ‘ Fold 5

Spiit5 | Fold1 || Fold2 | Fold3 Fold4 | Fold5

Final evaluation 4[ Test data ‘

Figure 2.7: 5-fold Cross Validation for Hyperparameter Tuning [59].

Following cross validation, 27 scores were gathered for each model. F1-score
metric was taken as an evaluation metric to compare the performance of the models.
All these scores were averaged and then the comparisons were made based on these

averages. In addition to F1-score, precision and recall scores were also reported.

The F1-score of a model is defined in equation 3.3, it can either be defined as
the harmonic mean of the precision and recall or in terms of the second equation that

its components are explained below.

precision X recall _ TP
precision + recall TP +% (FP + FN)

F1 —score = 2 X (2.6)

41



where positive represents liking and negative being disliking,

TP is True Positive e.g., where the target value is like and it is predicted as like,
FP is False Positive e.g., where the target value is dislike and it is predicted as like,

FN is False Negative e.g., where the target value is like and it is predicted as dislike.

Precision can be defined as the fraction of true positive among true positive
and false positive, i.e. accuracy of correctly predicting the positive class. On the other
hand, recall, also known as sensitivity, can be defined as the division of true positives
to the total number of positive records, meaning the accuracy of only predicting the

positive class.
2.6.2. Permutation test

Permutation test was applied on all F1-scores to show the significance of these
classification scores. Null hypothesis (Ho) assumes that the classifier cannot find a real
connection between the data and class labels i.e., they are independent from each other.
Therefore, standard permutation test [72] was applied by permuting ‘like” and ‘dislike’
labels 100 times randomly, showing if the classifier can reject Ho with low p-value that
tells the actual test score obtained is better than by chance alone. Probability
distribution of permuted classification scores and the actual test score will be plotted
and given such as in the figure 2.8 below, which states that the score obtained by the

original model is better than by chance (p=0.001).

12 4
Score on original
data: 0.97

10 4 (p-value: 0.001)

Probability

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Accuracy score

Figure 2.8: Histogram of the Null Distribution (Permutation Scores) and the actual
test score showed as a dashed red line [59].
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2.6.3. Wilcoxon signed-rank test

Final evaluation will be to use Wilcoxon Signed-Rank Test i.e., a non-
parametric test that assesses the null hypothesis that the two related samples come from
the same distribution. Therefore, statistical significance of each pair of models will be

tested by comparing the distributions of their F1-scores.
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3. RESULTS AND DISCUSSION

This chapter will give results of each part written in experiment design and

methodology by the same order with their analysis and discussion.
3.1. Business Understanding

To investigate the main goal and side goals stated in the previous chapter,
following steps and their results will be analyzed and discussed.

1. Exploratory Data Analysis including data cleaning, descriptive statistics,
missing value, outlier, and correlation analysis

. Outlier removal and imputing missing values

. Data clustering with K-Means

. One-hot encoding of categorical values

2

3

4

5. Standardization of train and test sets

6. Training with five algorithms on train and test sets

7. Comparison of those algorithms and answering primary research goal

8. Implementing three feature extraction methods and comparison of their
performance to answer secondary goal

9. Feature selection with wrapper approach and its performance evaluation on
the best algorithm with comparison to the original data set to answer secondary

goal.
3.2. Data Understanding

Before proceeding to the descriptive statistics, data was inspected if there were
invalid values. First observation was the minimum response time being zero.
Minimum response time for image stimuli can be seen as zero. When further
investigation was made by looking at the ‘Response’ categorical value, zero values of
‘Response Time’ belonged to NA values of ‘Response’ feature which means that
certain trials were ended without indication of any preference of liking of a participant
or pushing the wrong button when indicating their preference for the related stimuli.
Hence, these trials totaling 115 records were removed from the data. 60 of these
records belong to all trials of participant number 18, so with the initial exclusion of a

participant that were mentioned in the previous chapter, participant number reduced
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from 29 to 27 with this additional one. Final participant number can be seen in the
figure 3.1.

array([ 1, 3, 4, 5, 6, 7, 8, 9, 18, 11, 12, 13, 14, 15, 16, 17, 19,
20, 21, 22, 23, 24, 25, 26, 27, 28, 291)

Figure 3.1: Array of Remaining Participant Numbers

Descriptive statistics of the numeric values are given in table 3.1. These
statistics include number of records, mean, standard deviation, minimum, maximum
and quartile values for each feature. There are a total of 1.565 records in the data set
which was reduced from 1.680 due to invalid responses of participants in the
experiment. Age of participants ranges from 22 to 39 with a mean value of 29.

Table 3.1 : Descriptive Statistics of Numeric Features

Feature ' in. 50% 75% Max.
Age 1.565 | 29,0 51 22 24 29 32 39
RespTime | 1.565 | 1.115 430 413 799 1.016 | 1.315 2.994
Goxyl 1.451 | -0,03 0,34 -3,09 -0,19 | -0,03 0,13 2,77
Goxy2 1.469 | -0,02 0,33 -3,64 -0,17 | -0,03 0,11 4,27
Goxy3 1.434 | -0,05 0,35 -1,76 -0,24 | -0,04 0,16 1,52
Goxy4 1.495 | -0,02 0,31 -3,40 -0,17 | -0,02 0,12 2,15
Goxyb 1.563 | 0,00 0,29 -1,64 -0,17 | -0,01 0,18 1,10
Goxy6 1.557 | -0,01 0,32 -3,27 -0,16 | -0,02 0,13 2,69
Goxy7 1.561 | 0,00 0,37 -2,29 -0,21 | 0,00 0,22 1,52
Goxy8 1.495 | 0,01 0,28 -3,96 -0,11 | 0,00 0,12 2,48
Goxy9 1559 | 0,01 0,34 -1,98 -0,19 | 0,01 0,21 1,49
Goxy10 1.484 | 0,01 0,29 -1,58 -0,11 | 0,00 0,14 3,79
Goxyll 1.561 | 0,00 0,42 -2,30 -0,23 | 0,00 0,23 1,73
Goxyl2 1.533 | -0,02 0,30 -4,91 -0,16 | -0,02 0,12 2,94
Goxy13 1.538 | -0,03 0,53 -3,57 -0,30 | -0,04 0,24 3,43
Goxy14 1.458 | -0,03 0,31 -3,84 -0,17 | -0,03 0,11 2,44
Goxy15 1.117 | -0,01 0,42 -6,48 -0,20 | -0,01 0,18 4,44
Goxy16 1.064 | -0,01 0,29 -1,98 -0,12 | -0,01 0,10 2,12
Ghbrl 1.445 | 0,01 0,22 -4,16 -0,06 | 0,01 0,08 2,23
Ghbr2 1.469 | 0,02 0,31 -4,81 -0,08 | 0,02 0,11 4,36
Ghbr3 1.434 | 0,02 0,15 -0,75 -0,06 | 0,02 0,10 1,22
Ghbr4 1.495 | 0,01 0,25 -2,58 -0,07 | 0,01 0,09 3,93
Ghbr5 1563 | 0,01 0,15 -0,91 -0,07 | 0,01 0,08 0,99
Ghbr6 1.557 | 0,01 0,27 -3,01 -0,08 | 0,01 0,10 4,49
Ghbr7 1561 | 0,01 0,23 -1,62 -0,09 | 0,00 0,10 2,52
Ghbr8 1.495 | 0,00 0,33 -2,84 -0,10 | 0,00 0,10 4,78

45



Ghbr9 1559 | 0,01 0,17 -1,01 -0,09 | 0,00 0,10 0,97
Ghbr10 1.484 | 0,01 0,33 -4,19 -0,10 | 0,01 0,12 2,31
Ghbri11 1561 | 0,01 0,22 -1,18 -0,10 | 0,01 0,12 1,59
Ghbri12 1.533 | 0,02 0,30 -2,85 -0,08 | 0,02 0,13 5,38
Ghbr13 1.538 | 0,02 0,27 -1,99 -0,10 | 0,01 0,14 2,59
Ghbri14 1.458 | 0,03 0,30 -2,43 -0,08 | 0,02 0,14 4,13
Ghbri15 1.117 | 0,01 0,30 -3,58 -0,09 | 0,00 0,10 5,62
Ghbr16 1.064 | 0,03 0,40 -2,79 -0,10 | 0,02 0,16 3,08
Ghbol 1.445 | -0,02 0,26 -1,48 -0,15 | -0,02 0,11 1,93
Ghbo2 1.469 | 0,00 0,28 -1,24 -0,14 | -0,01 0,12 2,30
Ghbo3 1.434 | -0,03 0,28 -1,63 -0,16 | -0,02 0,13 1,27
Ghbo4 1.495 | -0,01 0,29 -2,63 -0,14 | -0,01 0,12 1,79
Ghbo5 1563 | 0,01 0,26 -2,55 -0,13 | 0,01 0,15 1,07
Ghbo6 1557 | 0,01 0,29 -1,41 -0,14 | -0,01 0,15 3,20
Ghbo7 1561 | 0,01 0,31 -3,53 -0,15 | 0,00 0,18 1,21
Ghbo8 1.495 | 0,01 0,26 -1,31 -0,12 | 0,00 0,14 2,04
Ghbo9 1.559 | 0,02 0,29 -1,76 -0,15 | 0,02 0,18 1,42
Ghbo10 1.484 | 0,02 0,28 -1,83 -0,12 | 0,01 0,16 2,07
Ghboll 1561 | 0,01 0,33 -2,28 -0,16 | 0,00 0,18 1,82
Ghbo12 1533 | 0,01 0,28 -3,12 -0,13 | 0,01 0,13 2,71
Ghbo13 1.538 | -0,02 0,36 -2,15 -0,20 | -0,02 0,15 1,78
Ghbol4 1.458 | 0,00 0,28 -3,19 -0,12 | -0,01 0,12 3,48
Ghbol5 1.117 | 0,00 0,28 -1,96 -0,15 | 0,00 0,14 1,58
Ghbo16 1.064 | 0,01 0,27 -1,77 -0,11 | 0,00 0,14 1,65
Ghbt1 1.445 | -0,01 0,34 -5,55 -0,14 | -0,02 0,11 3,11
Ghbt2 1.469 | 0,01 0,49 -5,35 -0,18 | 0,00 0,19 5,20
Ghbt3 1.434 | -0,01 0,28 -2,10 -0,12 | 0,00 0,12 1,62
Ghbt4 1.495 | 0,00 0,44 -4,91 -0,17 | 0,02 0,17 4,47
Ghbt5 1563 | 0,01 0,30 -3,47 -0,10 | 0,02 0,15 1,67
Ghbt6 1.557 | 0,02 0,46 -3,32 -0,18 | 0,01 0,20 5,71
Ghbt7 1561 | 0,01 0,40 -4,77 -0,14 | 0,00 0,17 3,62
Ghbt8 1.495 | 0,01 0,52 -3,20 -0,20 | 0,00 0,22 5,59
Ghbt9 1.559 | 0,02 0,34 -2,77 -0,14 | 0,01 0,17 1,76
Ghbt10 1.484 | 0,03 0,55 -4,59 -0,21 | 0,01 0,25 4,11
Ghbt11 1.561 | 0,02 0,36 -3,27 -0,11 | 0,01 0,14 2,53
Ghbt12 1533 | 0,03 0,49 -4,36 -0,17 | 0,01 0,24 5,85
Ghbt13 1.538 | 0,00 0,34 -2,74 -0,13 | -0,01 0,12 2,81
Ghbt14 1.458 | 0,03 0,48 -4,14 -0,15 | 0,02 0,22 5,00
Ghbt15 1.117 | 0,00 0,38 -2,71 -0,15 | 0,01 0,16 4,77
Ghbt16 1.064 | 0,04 0,62 -4,37 -0,19 | 0,03 0,29 4,18
Koxyl 1.442 | 0,00 0,46 -4,83 -0,22 | 0,00 0,22 4,28
Koxy2 1.465 | -0,01 0,43 -3,22 -0,20 | -0,01 0,18 3,41
Koxy3 1.434 | -0,03 0,47 -2,36 -0,28 | -0,02 0,25 2,09
Koxy4 1.499 | -0,01 0,41 -3,33 -0,20 | -0,02 0,17 2,49
Koxy5 1.562 | -0,02 0,39 -2,00 -0,25 | 0,00 0,22 1,43
Koxy6 1.558 | 0,00 0,42 -3,50 -0,21 | -0,02 0,19 2,87
Koxy7 1.564 | 0,00 0,49 -3,13 -0,29 | 0,00 0,29 2,01
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Koxy8 1.494 | 0,00 0,39 -4,07 -0,17 | -0,01 0,18 2,74
Koxy9 1.557 | 0,00 0,45 -2,52 -0,27 | -0,01 0,27 2,00
Koxy10 1.480 | 0,01 0,42 -3,11 -0,18 | -0,01 0,18 3,27
Koxy11l 1.559 | -0,01 0,53 -3,19 -0,31 | -0,01 0,28 2,71
Koxy12 1.534 | -0,01 0,42 -5,07 -0,21 | -0,02 0,17 3,96
Koxy13 1.536 | -0,03 0,68 -5,86 -0,39 | -0,02 0,33 3,93
Koxy14 1.459 | -0,03 0,43 -3,86 -0,22 | -0,03 0,16 2,50
Koxy15 1.111 | 0,00 0,50 -5,95 -0,25 | 0,01 0,25 2,49
Koxy16 1.062 | 0,00 0,46 -3,90 -0,17 | 0,00 0,15 4,91
Khbrl 1.442 | 0,00 0,30 -4,86 -0,08 | 0,00 0,10 3,37
Khbr2 1.465 | 0,01 0,41 -2,29 -0,14 | 0,00 0,15 4,17
Khbr3 1.434 | 0,02 0,21 -1,17 -0,09 | 0,02 0,12 1,34
Khbr4 1.499 | 0,01 0,36 -2,82 -0,10 | 0,01 0,13 3,99
Khbr5 1562 | 0,03 0,21 -1,23 -0,09 | 0,02 0,13 1,44
Khbr6 1.558 | 0,02 0,37 -3,14 -0,11 | 0,01 0,14 4,58
Khbr7 1564 | 0,01 0,31 -3,10 -0,12 | 0,02 0,14 2,53
Khbr8 1.494 | 0,01 0,46 -3,51 -0,14 | 0,01 0,17 4,92
Khbr9 1.557 | 0,02 0,23 -1,02 -0,10 | 0,02 0,14 1,52
Khbr10 1.480 | 0,02 0,49 -4,46 -0,13 | 0,02 0,18 4,27
Khbr1l 1.559 | 0,02 0,28 -1,46 -0,11 | 0,02 0,16 1,97
Khbri12 1.534 | 0,02 0,47 -4,32 -0,13 | 0,01 0,15 5,53
Khbr13 1.536 | 0,02 0,34 -2,07 -0,15 | 0,01 0,17 2,83
Khbr14 1.459 | 0,02 0,46 -4,71 -0,13 | 0,02 0,17 4,30
Khbr15 1.111 | 0,01 0,33 -1,67 -0,13 | 0,00 0,13 5,19
Khbr16 1.062 | 0,02 0,72 -8,83 -0,18 | 0,00 0,21 6,98
Khbol 1.442 | 0,00 0,35 -1,83 -0,17 | 0,00 0,17 2,42
Khbo2 1.465 | 0,00 0,40 -3,22 -0,19 | -0,02 0,19 2,70
Khbo3 1.434 | -0,01 0,36 -1,94 -0,20 | 0,00 0,19 1,51
Khbo4 1.499 | 0,00 0,39 -3,09 -0,18 | -0,01 0,16 2,76
Khbo5 1.562 | 0,01 0,34 -2,73 -0,17 | 0,02 0,19 1,59
Khbo6 1558 | 0,01 0,39 -1,71 -0,19 | 0,00 0,21 3,35
Khbo7 1564 | 0,01 0,42 -3,61 -021 | 0,01 0,23 1,84
Khbo8 1.494 | 0,02 0,37 -1,98 -0,18 | 0,01 0,20 2,80
Khbo9 1.557 | 0,02 0,40 -2,06 -0,20 | 0,02 0,23 191
Khbo10 1.480 | 0,03 0,42 -1,95 -0,17 | 0,02 0,21 3,80
Khboll 1559 | 0,01 0,43 -2,39 -0,21 | 0,01 0,23 2,25
Khbo12 1534 | 0,01 0,39 -3,93 -0,17 | 0,00 0,18 2,73
Khbo13 1536 | -0,01 0,46 -3,03 -0,25 | -0,01 0,23 2,37
Khbo14 1.459 | -0,01 0,39 -5,79 -0,18 | -0,02 0,16 2,58
Khbo15 1111 | 0,01 0,37 -1,87 -0,20 | 0,00 0,19 1,62
Khbo16 1.062 | 0,02 0,43 -3,92 -0,17 | 0,00 0,18 4,55
Khbtl 1.442 | 0,00 0,45 -6,45 -0,18 | 0,01 0,17 2,74
Khbt2 1.465 | 0,01 0,68 -5,51 -0,29 | -0,01 0,28 5,63
Khbt3 1.434 | 0,01 0,37 -2,22 -0,15 | 0,01 0,18 1,81
Khbt4 1.499 | 0,00 0,63 -5,14 -0,24 | 0,00 0,26 5,04
Khbt5 1.562 | 0,04 0,40 -3,46 -0,14 | 0,03 0,21 2,69
Khbt6 1.558 | 0,03 0,63 -3,42 -0,25 | 0,02 0,29 5,66
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Khbt7 1.564 | 0,03 0,54 -5,05 -0,18 | 0,03 0,24 3,70
Khbt8 1.494 | 0,03 0,74 -5,50 -0,28 | 0,01 0,33 5,77
Khbt9 1.557 | 0,04 0,47 -2,75 -0,17 | 0,03 0,23 2,97
Khbt10 1.480 | 0,05 0,81 -6,27 -0,25 | 0,04 0,36 5,44
Khbtl1 1.559 | 0,04 0,48 -3,01 -0,14 | 0,03 0,20 2,63
Khbt12 1.534 | 0,02 0,75 -7,07 -0,26 | 0,02 0,31 5,99
Khbt13 1536 | 0,01 0,45 -3,54 -0,16 | 0,01 0,18 3,14
Khbt14 1.459 | 0,01 0,75 -9,22 -0,26 | 0,01 0,29 5,26
Khbt15 1.111 | 0,02 0,48 -2,87 -0,19 | 0,01 0,23 4,44
Khbt16 1.062 | 0,04 1,09 -12,75 -0,31 | 0,00 0,38 11,53

For categorical features, bar plots are presented in figure 3.2 below, showing
frequencies of them for each of their distinct values against the target values of ‘Like’
and ‘NoLike’. There is not too much imbalance between two target values,
corresponding ~53% for ‘Like’ and ~47% for ‘NoLike’ of total records. Therefore, it
was thought that there was not any need for using balancing algorithms e.g., SMOTE.
Female participants are higher than male participants with ~67% and ~33% of total
data respectively. It is not expected that education and target values have any
relationship, but its plot is also given as an additional information. Since in every trial
buttons were switched to avoid lateralization of brain functions, there isn’t any clear
distinction between ‘left’ and ‘right’ values of ‘Response’ feature with respect to target

values as expected.

Lz OR Nalike:

a0

00 w01

Figure 3.2: Categorical Feature Plots Against Target Values.

Numerical variables distributions are given with respect to the target values in
figure 3.3. Skewness and kurtosis values also written on top right of all plots for like
and dislike classes separately. First chart shows the distribution of trials across ages

with respect to liking preferences, slightly different from other charts as the
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participant’s ages were predetermined compared to other features. There is a slight
difference in distributions of like and dislike targets around the age of thirties where
disliking tendency seems to dominate more, since there is a steep curve rising due to
increased liking samples. Response times (RespTime) of stimuli have highly skewed
distribution for both classes with around 1,3 skewness level. Most of the oxygenation
measurements seem to have normal distribution and when looking at table 3.1, mean
and median values are approximately equal within all these features. However, some
of them have too high kurtosis (much higher than 3) meaning they have double
exponential distribution rather than normal e.g., Goxyl, Goxy2, Goxy4.
Furthermore, some of them are too much skewed, negatively, or positively such as
Ghbr7, Ghbr4. Since ML algorithms work better with normal distributions, a
transformation may be needed to develop a better model.
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Figure 3.3: Frequency Plot of Age and Distributions of Numeric Features with
target.

As there might be differences between male and female subject’s
hemodynamic responses for like and dislike decisions, a statistical test was performed
to test the null hypothesis i.e., male and female average hemodynamic values are the
same. Therefore, for each of hemodynamic features, male and female differences were
tested by looking at like and dislike targets separately. For that purpose, Welch’s t-test
was used, and significance level was taken as 0.05 to test the null hypothesis. The
choice of this type of test was made because there would be unequal variances between
male and female subjects. Some resources and textbooks suggest using conditional
testing i.e Student’s t-test and Welch t-test depending on the power of rejection of
equal variances that is done via Levene’s test or others. Therefore, if there are equal
variances, Student’s t-test would be applied, on the other hand Welch’s test would be
preferred. However, that kind of conditional test does not perform better than Welch’s
test and even performs worse than Welch in terms of type | error if there is unequal
variance between classes in a population. Furthermore, sample sizes of female and
male classes are nearly 2:1 ratio, making Welch test a better option for this kind of
testing [73]. Looking at ‘Dislike’ decision, 19 features’ null hypothesis were rejected
meaning they have different mean values for male and female participants. In other
features, there wasn't such a rejection, emphasizing that the majority of the features
have the same mean values within sex classes. On the other hand, for the ‘Like’
decision, 7 features’ null hypothesis were rejected, less than the number for the
‘Dislike’ decision. In all of those features, only the ‘Ghbr’ feature is considered to have
a different average in female and male participants for both ‘Like’ and ‘Dislike’

decisions. Since most of the features are considered to have equal means according to
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these statistical tests, it might not be a good idea to include sex features into the training

process of models. All statistically significant tests were painted gray on the table 3.2.

Table 3.2 : Statistical Test on Mean Difference of Sex Feature Across All
Hemodynamic Measurements for Like and Dislike decisions with a = 0,05

Dislike Like
Male Male Female
Feature Tstats  P- Sample Female Tstats - Sample Sample
value si Sample Size value . b
ize Size Size
9(mean= 18(mean = - 9(mean= 17(mean =
Goxyl 156 0,13 0.0,sd= 0.05,sd = 0,42 068 -0.03sd= -0.05,sd =
0.07) 0.1) 0.13) 0.08)
8(mean= 18(mean = - 8(mean= 18(mean =
Goxy2 0,54 0,6 0.0,sd = 0.02,sd = 064 054 -0.02sd= -0.05,sd=
0.11) 0.07) 0.12) 0.08)
9(mean= 16(mean = - 9(mean= 16(mean =
Goxy3 0,85 041  -0.04,sd 0.07,sd = -056 059 -0.07sd= -0.04,sd=
=0.09) 0.08) 0.14) 0.08)
9(mean=  17(mean = - 9(mean = 17(mean =
Goxy4 0,48 0,64 -0.01,sd 0.02,sd = 056 058 -0.01,sd= -0.03,sd=
=0.09) 0.06) 0.09) 0.06)
9(mean = 18(mean = - 9(mean = 18(mean =
Goxy5 2 0,06 0.02,sd= 0.02,sd = 031 0,76 -0.0sd= -0.01,sd=
0.04) 0.08) 0.1) 0.06)
9(mean= 18(mean = - 9(mean = 18(mean =
Goxy6 2,36 0,03 0.02,sd= 0.02,sd = 1,32 0,21 0.01lsd= -0.02,d=
0.05) 0.06) 0.08) 0.05)
9(mean=  18(mean = - 9(mean=  18(mean =
Goxy7 2,33 0,03 0.04,sd= 0.03,sd = 081 044 0.02sd= -0.01,sd=
0.07) 0.08) 0.13) 0.07)
9(mean=  18(mean = 9(mean = 18(mean =
Goxy8 1,34 0,2 0.05sd= 0.0,sd = 2,2 0,05 0.04sd= -0.01,sd=
0.09) 0.07) 0.06) 0.05)
9(mean=  18(mean = - 9(mean=  18(mean =
Goxy9 161 0,12 0.03,sd= 0.02,sd = 1,05 031 0.04sd= -0.0,sd=
0.07) 0.1) 0.1) 0.06)
9(mean=  18(mean = 9(mean = 18(mean =
Goxy10 0,8 0,43 0.03,sd= 0.01,sd = 2,05 0,06 0.05sd= 0.0,sd =
0.06) 0.07) 0.06) 0.06)
9(mean = 18(mean = - 9(mean= 18(mean =
Goxyll 1,76 0,09 0.03,sd= 0.04,sd = 092 0,37 0.02sd= -0.02,sd=
0.09) 0.13) 0.12) 0.09)
9(mean= 18(mean = - 9(mean= 18(mean =
Goxyl2 152 0,14 0.0sd= 0.03,sd = 1,81 0,09 001lsd= -0.04,sd=
0.05) 0.07) 0.07) 0.08)
9(mean= 18(mean = - 9(mean= 18(mean =
Goxyl3 052 061 -0.03,sd 0.06,sd = 0,5 0,62 -0.01,sd= -0.04,sd=
=0.11) 0.1) 0.15) 0.12)
9(mean= 17(mean = - 9(mean = 17(mean =
Goxyl4 0,29 0,77 -0.03,sd 0.04,sd = 1,6 0,13 -0.0sd= -0.05,sd =
=0.05) 0.06) 0.07) 0.07)
9(mean= 11(mean = - 9(mean= 11(mean =
Goxyl5 -0,26 0,8 -0.03,sd 0.02,sd = 0,69 0,5 0.01,sd= -0.03,sd =
=0.04) 0.11) 0.12) 0.12)
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9(mean= 12(mean = - 9(mean = 12(mean =

Goxyl6 0,44 067 -0.02,sd 0.03,sd = 165 012 0.01sd= -0.05;d=
= 0.04) 0.08) 0.04) 0.13)

9(mean=  16(mean = 9(mean=  16(mean =

Ghbri  -097 0,34 -0.01,sd 0.01,sd = -0,26 0,8 0.0lsd= 0.02,5d =
=0.03) 0.04) 0.05) 0.04)

8(mean=  18(mean = - 8(mean=  18(mean =

Ghbr2 066 053 0.02,sd= 0.0,sd = -0,06 0,9 0.03sd=  0.03,sd =
0.08) 0.04) 0.05) 0.09)

9(mean=  16(mean = 9(mean=  16(mean =

Ghbr3  -0,42 0,69 0.02,5d= 0.03,sd = 0,38 0,71 0.03,sd=  0.02,5d =
0.05) 0.03) 0.06) 0.04)

9(mean= 17(mean = 9(mean = 17(mean =

Ghbr4  -1,08 0,3 -0.01,sd 0.01,sd = -181 0,09 -0.01sd= 0.02,sd =
=0.04) 0.04) 0.04) 0.04)

9(mean= 18(mean = 9(mean= 18(mean =

Ghbr5 0,24 081 0.01sd= 0.01,sd = 0,4 0,7 0.0lsd= 0.0l,sd=
0.05) 0.03) 0.06) 0.02)

9(mean=  18(mean = 9(mean = 18(mean =

Ghbr6 -2,6 0,02 -0.02,sd 0.02,sd = -252 0,02 -0.01,sd= 0.03,sd=
= 0.03) 0.06) 0.03) 0.05)

9(mean=  18(mean = 9(mean = 18(mean =

Ghbr7 051 0,62 0.01,sd= 0.01,sd = -0,12 0,9 0.0l,sd= 0.0l,sd=
0.05) 0.03) 0.07) 0.02)

9(mean=  18(mean = - 9(mean = 18(mean =

Ghbr8  -053 0,61 -0.03,sd 0.01,sd = -2,02 0,06 -0.05sd= 0.02,sd =
= 0.09) 0.08) 0.08) 0.07)

9(mean=  18(mean = 9(mean = 18(mean =

Ghbr9 0,22 0,83 0.02,sd= 0.01,sd = -099 034 -00sd= 0.01,d=
0.05) 0.04) 0.04) 0.02)

9(mean= 18(mean = - 9(mean= 18(mean =

Ghbr10 0,68 05 0.01sd= 0.01,sd = -1,18 0,25 -0.02,sd= 0.01,sd =
0.07) 0.1) 0.06) 0.09)

9(mean=  18(mean = 9(mean= 18(mean =

Ghbril1 0,02 0,98 0.02,sd = 0.02,sd = 0,01 1 0.01sd= 0.0l,sd=
0.06) 0.06) 0.04) 0.03)

9(mean= 18(mean = 9(mean = 18(mean =

Ghbr12 -0,42 0,68 0.02,sd = 0.03,sd = -2,71 0,01 -0.02,sd= 0.05,5d =
0.05) 0.07) 0.03) 0.1)

9(mean=  18(mean = 9(mean = 18(mean =

Ghbri3 -0,11 0,92 0.02,sd = 0.03,sd = -0,36 0,72 0.01sd=  0.02,sd =
0.07) 0.05) 0.06) 0.04)

9(mean= 17(mean = 9(mean = 17(mean =

Ghbri4 -0,57 058 0.03,sd = 0.04,sd = -281 0,01 -0.02sd= 0.05;sd =
0.04) 0.09) 0.05) 0.07)

9(mean= 11(mean = - 9(mean = 11(mean =

Ghbrl5 129 0,21 0.03,sd= 0.01,sd = -1,13 0,28 -0.0sd=  0.04,sd =
0.05) 0.07) 0.05) 0.12)

9(mean= 12(mean = 9(mean = 12(mean =

Ghbri6 -0,24 0,82 0.04,sd= 0.05,sd = -1,02 0,33 0.0,sd= 0.05,sd =
0.04) 0.1) 0.06) 0.15)

9(mean= 16(mean = - 9(mean=  16(mean =

Ghbo1l 153 0,14 -0.0sd= 0.04,sd = 0,13 09 -0.02sd= -0.03,sd=
0.05) 0.07) 0.1) 0.05)

8(mean= 18(mean = - 8(mean= 18(mean =

Ghbo?2 1,47 0,17 0.02,sd= 0.02,sd = 0,79 045 0.02sd= -0.01,sd=
0.07) 0.06) 0.1) 0.05)

9(mean= 16(mean = - 9(mean= 16(mean =

Ghbo3 093 037 -0.02,sd 0.04,sd = -0,54 0,6 -0.04sd= -0.02,sd=
= 0.06) 0.06) 0.11) 0.05)
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9(mean= 17(mean = - 9(mean = 17(mean =
Ghbo4 -0,15 0,88 -0.02,sd 0.01,sd = -035 0,73 -0.02sd= -0.0l,sd=
=0.07) 0.06) 0.08) 0.05)
9(mean=  18(mean = - 9(mean=  18(mean =
Ghbo5 2,35 0,03 0.04,sd= 0.01,sd = 0,44 0,67 0.01sd= -0.01,sd=
0.05) 0.06) 0.13) 0.05)
9(mean=  18(mean = - 9(mean=  18(mean =
Ghbo6 024 081 0.0,d= 0.0,sd = -0,17 0,87 0.0,sd= 0.01,sd =
0.04) 0.07) 0.07) 0.05)
9(mean=  18(mean = - 9(mean=  18(mean =
Ghbo7 3,19 0,01 0.05sd= 0.03,sd = 0,87 04 0.03sd=  -0.0,sd=
0.06) 0.06) 0.11) 0.06)
9(mean= 18(mean = - 9(mean = 18(mean =
Ghbo8 1,49 0,15 0.02,sd= 0.0,sd = -041 069 -00sd= 0.01,d=
0.04) 0.06) 0.11) 0.06)
9(mean= 18(mean = - 9(mean= 18(mean =
Ghbo9 152 0,15 0.05;d= 0.01,sd = 0,65 053 0.03sd= 0.01,5d=
0.1) 0.08) 0.1) 0.07)
9(mean= 18(mean = - 9(mean = 18(mean =
Ghbol0 1,18 0,26 0.04,sd= 0.0,sd = 0,47 0,64 0.03sd= 0.02,sd =
0.09) 0.08) 0.09) 0.07)
9(mean = 18(mean = - 9(mean = 18(mean =
Ghboll 1,87 0,08 0.05,d= 0.02,sd = 093 0,38 0.03sd= -0.01,sd=
0.1) 0.08) 0.13) 0.07)
9(mean=  18(mean = - 9(mean = 18(mean =
Ghbo12 0,9 0,38 0.02,sd = 0.0,sd = -064 053 -00lsd= 0.01,sd=
0.08) 0.06) 0.07) 0.06)
9(mean=  18(mean = - 9(mean = 18(mean =
Ghbol3 061 055 -0.01,sd 0.03,sd = 042 068 -0.01,sd= -0.03,sd=
= 0.08) 0.07) 0.14) 0.08)
9(mean= 17(mean = 9(mean = 17(mean =
Ghbo14 -0,37 0,72 -0.01,sd 0.0,sd = -0,78 045 -0.02sd= 0.0,sd=
= 0.05) 0.06) 0.07) 0.05)
9(mean= 11(mean = - 9(mean = 11(mean =
Ghbol5 1,02 0,32 -0.0sd= 0.03,sd = -016 0,88 0.0,sd= 0.01,sd =
0.06) 0.06) 0.12) 0.03)
9(mean=  12(mean = 9(mean= 12(mean =
Ghbo16 0,2 0,85 0.02,sd= 0.02,sd = 0,5 0,62 00lsd= -0.0l,sd=
0.05) 0.03) 0.08) 0.06)
9(mean=  16(mean = - 9(mean = 16(mean =
Ghbtl 098 034 -0.01,sd 0.03,sd = 0 1 -0.01,sd= -0.01,5d =
= 0.05) 0.06) 0.1) 0.05)
8(mean= 18(mean = - 8(mean= 18(mean =
Ghbt2 152 0,16 0.04,sd= 0.03,sd = 061 055 0.05sd= 0.02,sd=
0.11) 0.07) 0.09) 0.12)
9(mean=  16(mean = - 9(mean=  16(mean =
Ghbt3 064 053 0.0sd= 0.01,sd = -035 0,73 -00lsd= -0.0,sd=
0.06) 0.06) 0.1) 0.05)
9(mean= 17(mean = - 9(mean = 17(mean =
Ghbt4  -0,71 049 -0.03,sd 0.0,sd = -1,21 0,25 -0.02,sd= 0.01,5d =
=0.08) 0.09) 0.08) 0.07)
9(mean= 18(mean = - 9(mean= 18(mean =
Ghbt5 162 0,13 0.055sd= 0.0,sd = 047 065 0.03sd= -0.0,sd=
0.09) 0.06) 0.17) 0.05)
9(mean= 18(mean = 9(mean= 18(mean =
Ghbt6  -1,16 0,26  -0.02,sd 0.02,sd = -1,34 0,2 -0.01,sd= 0.04,sd =
=0.05) 0.12) 0.08) 0.09)
9(mean = 18(mean = - 9(mean = 18(mean =
Ghbt7 302 0,01 0.07,sd= 0.02,sd = 0,67 052 0.04sd= 0.01,5d=
0.08) 0.06) 0.13) 0.06)
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9(mean= 18(mean = - 9(mean= 18(mean =
Ghbt8 0,18 086 -0.0,sd= 0.01,sd = -1,19 0,26 -0.05sd=  0.04,sd =
0.11) 0.12) 0.19) 0.13)
9(mean=  18(mean = 9(mean=  18(mean =
Ghbt9 125 0,24 0.07,sd= 0.0,sd = 0,24 081 0.03sd= 0.02,sd=
0.14) 0.08) 0.12) 0.08)
9(mean=  18(mean = - 9(mean=  18(mean =
Ghbtl0 1,03 0,32 0.06,sd= 0.01,sd = -031 0,76 0.01,sd=  0.03,sd =
0.15) 0.16) 0.14) 0.15)
9(mean=  18(mean = - 9(mean=  18(mean =
Ghbt11 1,44 0,18 0.07,sd= 0.01,sd = 0,83 043 0.04sd= -0.0,sd=
0.15) 0.06) 0.15) 0.06)
9(mean= 18(mean = 9(mean = 18(mean =
Ghbtl2 0,34 0,74 0.04,sd= 0.03,sd = -196 0,06 -0.03,sd=  0.06,sd =
0.12) 0.11) 0.09) 0.15)
9(mean= 18(mean = - 9(mean= 18(mean =
Ghbt13 0,4 0,7 0.01,sd= 0.0,sd = 0,25 081 -0.0sd= -0.01,sd=
0.12) 0.05) 0.15) 0.07)
9(mean= 17(mean = 9(mean = 17(mean =
Ghbt14  -0,53 06 0.02sd= 0.04,sd = -2,05 0,06 -0.04sd= 0.05,sd =
0.08) 0.14) 0.1) 0.1)
9(mean=  11(mean = - 9(mean = 11(mean =
Ghbtl5 158 0,14 0.03,sd= 0.03,sd = -0,86 0,4 -0.0,sd=  0.05,sd =
0.1) 0.07) 0.14) 0.12)
9(mean=  12(mean = 9(mean = 12(mean =
Ghbtl6 -0,08 0,93 0.06,sd= 0.07,sd = -046 0,65 0.01sd=  0.04,sd =
0.08) 0.13) 0.13) 0.19)
9(mean = 16(mean = - 9(mean = 16(mean =
Koxyl 2,04 0,05 0.07,sd= 0.0,5d = 0.1) 0,2 0,84 -0.02,sd= -0.03,sd =
0.08) o ) 0.15) 0.09)
8(mean=  18(mean = 8(mean=  18(mean =
Koxy?2 1,37 0,2 0.06,sd = 0.01,sd = 0,71 049 -0.02sd= -0.04,sd=
0.1) 0.07) 0.09) 0.06)
9(mean=  16(mean = - 9(mean= 16(mean =
Koxy3 1,72 0,1 0.02sd= 0.05,sd = -047 065 -0.07sd= -0.04,sd=
0.08) 0.12) 0.18) 0.07)
9(mean=  17(mean = 9(mean= 17(mean =
Koxy4 1,06 0,31 0.04,sd= 0.0,sd = 1,07 031 -0.0l,sd= -0.05,sd=
0.09) 0.08) 0.11) 0.06)
9(mean=  18(mean = - 9(mean = 18(mean =
Koxy5 152 0,15 0.03,sd= 0.03,sd = 051 062 -0.02sd= -0.03,sd=
0.11) 0.08) 0.1) 0.05)
9(mean = 18(mean = - 9(mean = 18(mean =
Koxy6 1,76 0,11 0.06,sd= 0.02,sd = 1,42 0,18 0.01sd= -0.04,sd=
0.11) 0.07) 0.09) 0.07)
9(mean=  18(mean = - 9(mean= 18(mean =
Koxy7 2,4 0,03 0.06,sd = 0.04,sd = 1,38 0,2 0.03,sd= -0.02,sd =
0.11) 0.1) 0.11) 0.06)
9(mean= 18(mean = - 9(mean = 18(mean =
Koxy8 0,82 042 0.03sd= 0.0,sd = 2,27 0,04 0.04sd= -0.03,sd=
0.1) 0.08) 0.08) 0.08)
9(mean= 18(mean = - 9(mean= 18(mean =
Koxy9 1,71 0,11 0.05;d= 0.04,sd = 1,43 0,18 0.04sd= -0.02,sd=
0.14) 0.11) 0.12) 0.06)
9(mean= 18(mean = 9(mean= 18(mean =
Koxyl0 0,26 0,8 0.03,sd= 0.02,sd = 157 013 0.05sd= -0.0l,sd=
0.12) 0.1) 0.09) 0.1)
9(mean= 18(mean = - 9(mean= 18(mean =
Koxyll 185 0,09 0.07,sd= 0.04,sd = 0,87 04 0.01sd= -0.03,sd=
0.17) 0.11) 0.11) 0.08)
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9(mean= 18(mean = - 9(mean= 18(mean =

Koxyl2 0,77 0,46 0.02,sd= 0.02,sd = 1,29 0,21 0.01sd= -0.04,sd=
0.13) 0.1) 0.08) 0.1)

9(mean=  18(mean = - 9(mean=  18(mean =

Koxy13 2,1 0,05 0.04,sd= 0.07,sd = 081 043 -0.01,sd= -0.05,sd=
0.1) 0.17) 0.12) 0.13)

9(mean=  17(mean = - 9(mean=  17(mean =

Koxyl4 0,54 0,6 -0.01,sd 0.03,sd = 1,7 0,11 -0.01,sd= -0.06,sd=
=0.1) 0.11) 0.07) 0.08)

9(mean= 11(mean = - 9(mean= 11(mean=

Koxyl5 1,28 0,22 0.03,sd= 0.01,sd = 1,47 016 0.03sd= -0.06,sd=
0.08) 0.08) 0.09) 0.18)

9(mean = 12(mean = - 9(mean = 12(mean =

Koxyl6 152 0,15 0.04,sd= 0.03,sd = 1,04 031 -00sd= -0.05;d=
0.1) 0.1) 0.07) 0.11)

9(mean= 16(mean = - 9(mean= 16(mean =

Khbri  -0,22 0,83 -0.01,sd 0.01,sd = 0,09 093 0.01sd= 0.01,sd=
= 0.05) 0.07) 0.08) 0.07)

8(mean= 18(mean = - 8(mean=  18(mean =

Khbr2 0,28 0,78 -0.0,sd = 0.01,sd = -068 051 0.02sd= 0.03,5d =
0.05) 0.05) 0.04) 0.06)

9(mean=  16(mean = 9(mean = 16(mean =

Khbr3  -0,11 091 0.02,sd= 0.03,sd = 0,16 0,87 0.03,sd= 0.03,sd =
0.08) 0.05) 0.08) 0.04)

9(mean=  17(mean = - 9(mean = 17(mean =

Khbr4 -0,3 0,76  -0.01,sd 0.0,sd = -1,24 0,24 -0.01sd= 0.03,sd =
= 0.05) 0.08) 0.06) 0.06)

9(mean=  18(mean = 9(mean = 18(mean =

Khbr5 0,72 0,49 0.04,5d= 0.02,sd = 042 0,68 0.03,sd=  0.02,sd =
0.08) 0.03) 0.06) 0.04)

9(mean=  18(mean = 9(mean = 18(mean =

Khbré6  -0,61 055 0.0,sd= 0.02,sd = -245 0,02 -0.01,sd= 0.03,sd =
0.06) 0.08) 0.03) 0.06)

9(mean=  18(mean = 9(mean= 18(mean =

Khbr7 0,46 0,65 0.02,sd= 0.01,sd = -1,02 0,33 0.0,sd= 0.02,sd =
0.05) 0.03) 0.06) 0.04)

9(mean = 18(mean = - 9(mean = 18(mean =

Khbr8 1,46 0,17 0.04,sd= 0.0,sd = -2,07 0,05 -0.01,sd= 0.04,sd=
0.08) 0.07) 0.05) 0.09)

9(mean=  18(mean = 9(mean = 18(mean =

Khbr9 1,19 0,26 0.04,sd= 0.02,sd = -091 0,37 0.01sd= 0.02,sd =
0.07) 0.04) 0.02) 0.04)

9(mean = 18(mean = - 9(mean = 18(mean =

Khbr10 1,99 0,06 0.07,sd= 0.02,sd = 0,33 0,74 0.03sd= 0.02,sd=
0.09) 0.13) 0.07) 0.1)

9(mean=  18(mean = 9(mean= 18(mean =

Khbril1  -0,07 095 0.02,sd= 0.02,sd = -0,02 0,98 0.02sd=  0.02,sd =
0.06) 0.04) 0.05) 0.04)

9(mean= 18(mean = - 9(mean=  18(mean =

Khbr12 1,23 0,23 0.04,sd= 0.01,sd = -1,3 0,21 0.0sd= 0.05,sd =
0.08) 0.13) 0.06) 0.12)

9(mean=  18(mean = 9(mean= 18(mean =

Khbr13 -1,4 0,18 0.01,sd= 0.04,sd = -059 056 0.0,sd= 0.02,sd =
0.07) 0.07) 0.08) 0.05)

9(mean= 17(mean = 9(mean= 17(mean =

Khbrl4 1,01 032 0.04,sd= 0.0,sd = -151 0,14 -0.01,sd= 0.04,sd =
0.07) 0.12) 0.06) 0.11)

9(mean= 11(mean = - 9(mean= 11(mean =

Khbr15 1,6 0,13 0.03,sd= 0.01,sd = -1,47 0,17 -0.01,sd= 0.05,d =
0.05) 0.04) 0.04) 0.14)
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9(mean= 12(mean = 9(mean = 12(mean =
Khbrl6 -0,65 0,53 0.02,sd= 0.05,sd = -0,76 046 -0.0sd=  0.04,sd =
0.09) 0.18) 0.05) 0.17)
9(mean=  16(mean = - 9(mean=  16(mean =
Khbol 298 0,01 0.06,5d= 0.01,sd = 041 069 -0.01,sd= -0.02,sd=
0.06) 0.06) 0.09) 0.06)
8(mean=  18(mean = - 8(mean=  18(mean =
Khbo2 166 0,12 0.06,sd= 0.0,sd = 0,44 067 -0.0,sd= -0.01,sd=
0.09) 0.07) 0.06) 0.06)
9(mean=  16(mean = - 9(mean=  16(mean =
Khbo3 244 0,02 0.04,sd= 0.02,sd = -0,5 0,63 -0.03,sd= -0.01,sd=
0.05) 0.08) 0.13) 0.08)
9(mean= 17(mean = - 9(mean = 17(mean =
Khbo4 095 0,35 0.03,d= 0.0,sd = 035 0,73 -0.01,sd= -0.02,sd=
0.07) 0.09) 0.07) 0.05)
9(mean=  18(mean = - 9(mean= 18(mean =
Khbo5 2,72 0,02 0.07,sd= 0.01,sd = 0,54 0,6 0.01,sd= -0.01,sd=
0.08) 0.06) 0.15) 0.05)
9(mean= 18(mean = 9(mean = 18(mean =
Khbo6 1,78 0,09 0.06,sd= 0.0,sd = 011 092 -00sd= -0.0,sd=
0.07) 0.08) 0.09) 0.06)
9(mean=  18(mean = - 9(mean=  18(mean =
Khbo7 3.3 0,01 0.09,sd = 0.03,sd = 0,84 042 0.03sd= -0.0,sd=
0.09) 0.07) 0.11) 0.05)
9(mean=  18(mean = - 9(mean=  18(mean =
Khbo8 241 0,03 0.07,sd= 0.01,sd = 0,64 053 0.03sd= 0.01,sd=
0.08) 0.06) 0.08) 0.05)
9(mean=  18(mean = - 9(mean = 18(mean =
Khbo9 191 008 0.lsd= 0.02,sd = 13 0,22 0.05sd=  -0.0,sd=
0.17) 0.09) 0.11) 0.06)
9(mean= 18(mean = - 9(mean= 18(mean =
Khbo1l0 157 0,14 0.lsd= 0.0,sd = 1,76 0,11 0.08sd=  0.01,sd =
0.17) 0.11) 0.12) 0.04)
9(mean=  18(mean = - 9(mean= 18(mean =
Khboll 193 0,08 0.09,5d= 0.02,sd = 0,78 046 0.03,sd= -0.01,sd=
0.17) 0.08) 0.13) 0.06)
9(mean=  18(mean = - 9(mean =  18(mean =
Khbol2 1,64 0,13 0.06,sd = 0.02,sd = 0 1 0.0lsd= 0.0l,sd=
0.15) 0.08) 0.08) 0.06)
9(mean=  18(mean = - 9(mean = 18(mean =
Khbol3 1,62 0,12 0.05sd= 0.03,sd = 053 061 -0.01,sd= -0.03,sd=
0.11) 0.12) 0.12) 0.09)
9(mean= 17(mean = - 9(mean= 17(mean =
Khbol4 154 0,15 0.03,5d = 0.03,sd = 0,08 094 -0.02sd= -0.02,sd=
0.11) 0.08) 0.08) 0.05)
9(mean=  11(mean = - 9(mean=11(mean =
Khbol5 & 2,18 0,05 0.06,sd = 0.02,sd = 0,73 048 0.01sd= -0.01,sd=
0.09) 0.07) 0.09) 0.06)
9(mean= 12(mean = 9(mean = 12(mean =
Khbol6 067 051 0.05sd= 0.02,sd = 004 097 -00sd= -0.01,5d=
0.09) 0.1) 0.06) 0.08)
9(mean= 16(mean = - 9(mean=  16(mean =
Khbtl 2 0,06 0.05,sd= 0.02,sd = 046 065 0.01sd= -0.01,sd=
0.07) 0.08) 0.08) 0.1)
8(mean= 18(mean = - 8(mean= 18(mean =
Khbt2 1,46 0,17 0.06,sd= 0.01,sd = -0,11 0,91 0.02sd=  0.02,sd =
0.11) 0.1) 0.05) 0.1)
9(mean= 16(mean = 9(mean= 16(mean =
Khbt3 1,6 0,14 0.07,sd= 0.01,sd = -0,4 0,7 -0.0sd=  0.02,sd =
0.1) 0.06) 0.13) 0.1)
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9(mean= 17(mean = - 9(mean = 17(mean =
Khbt4 0,52 06 0.02sd= 0.0,sd = -062 055 -0.02sd= 0.0,d=
0.07) 0.15) 0.09) 0.08)
9(mean=  18(mean = 9(mean=  18(mean =
Khbt5 2,46 0,03 0.12,sd= 0.01,sd = 053 061 0.04sd= 0.01,sd=
0.11) 0.06) 0.2) 0.07)
9(mean=  18(mean = 9(mean=  18(mean =
Khbt6 087 0,39 0.06,sd = 0.02,sd = -095 0,36 -0.01sd= 0.03,sd =
0.07) 0.15) 0.11) 0.1)
9(mean=  18(mean = - 9(mean=  18(mean =
Khbt7 3,57 0 0.11,sd = 0.01,sd = 021 084 0.03sd= 0.02,5d=
0.09) 0.06) 0.14) 0.06)
9(mean=  18(mean = - 9(mean = 18(mean =
Khbt8 242 0,03 0.11sd= 0.01,sd = -0,76 046 0.02sd=  0.05,d =
0.13) 0.11) 0.11) 0.11)
9(mean= 18(mean = - 9(mean= 18(mean =
Khbt9 1,89 0,09 0.14,d= 0.0,sd = 1,07 0,3 0.07,sd=  0.02,sd =
0.22) 0.07) 0.11) 0.08)
9(mean= 18(mean = - 9(mean = 18(mean =
Khbt10 1,9 0,08 0.16,sd= 0.02,sd = 1,29 0,22 0.11sd= 0.03,sd =
0.25) 0.22) 0.17) 0.12)
9(mean=  18(mean = 9(mean = 18(mean =
Khbt11 1,77 0,11 0.12sd= 0.0,sd = 062 055 0.05sd= 0.01,sd=
0.19) 0.05) 0.16) 0.06)
9(mean=  18(mean = - 9(mean = 18(mean =
Khbt12 1,7 0,11 0.11sd= 0.03,sd = -083 041 0.01sd= 0.06,5d =
0.2) 0.19) 0.12) 0.17)
9(mean=  18(mean = 9(mean = 18(mean =
Khbt13 0,7 05 0.05sd= 0.02,sd = 0,09 093 -0.01sd= -0.01,sd=
0.15) 0.08) 0.16) 0.07)
9(mean= 17(mean = - 9(mean = 17(mean =
Khbt14 151 0,15 0.07,sd= 0.03,sd = -087 0,39 -0.02sd= 0.02,sd =
0.15) 0.17) 0.12) 0.15)
9(mean = 11(mean = - 9(mean = 11(mean =
Khbtl5 | 2,36 0,03 0.09,sd = 0.03,sd = -081 043 0.0,sd= 0.04,sd =
0.13) 0.08) 0.11) 0.12)
9(mean=  12(mean = 9(mean= 12(mean =
Khbtl6 -0,11 0,91 0.07,sd = 0.08,sd = -052 0,61 -0.0lsd= 0.03,sd=
0.15) 0.27) 0.08) 0.25)

A dependent t-test was also made for comparing average response times of 27

participants for like (mean = 1121 ms, sd = 223 ms) and dislike (mean = 1117, sd =

227) decisions, which was not statistically significant to reject the null hypothesis of

having same average response times, t (26) = 0.07, p > 0.05. These tests elicit that

deploying response time into models might not be a good idea to predict the liking

preference of individuals.

Correlation matrix was created for numeric and categorical features in the

figure 3.4 below. It is based on several correlation coefficients due to different types

of variables. Pearson correlation coefficient was used for numerical vs categorical and

numerical vs numerical pairs, which measures linear correlation between pairwise sets
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of these features. Result of this correlation is always between -1 and 1, representing
negative and positive correlations respectively. It requires data to be normally
distributed which is the case for features in this data. Second, Cramer V correlation
coefficient was performed on liking and sex pair due to both being dichotomous
variables. It came out to be 0.01 which indicates there is no relation between them.
Finally, Spearman’s correlation coefficient was used to calculate the correlation
between Education vs other features since it is an ordinal feature, whose correlation
values can be also interpreted from the figure 3.4. Some oxygenation features are
highly correlated which may catch one’s eye when looking at correlation heatmap. It
can be seen from patterns of light-yellow colors and darker stacks continuing
diagonally. This might indicate that there could be multicollinearity between those
features, and hence it could deteriorate the performance of machine learning models.
Fortunately, feature extraction methods will be implemented that may help eliminate
this multicollinearity in those features. On the other hand, it would be beneficial to
have highly correlated features while imputing missing values of them according to
those correlations.

Figure 3.4: Correlation Heatmap of Features.
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Top 15 correlated variables with respect to target is given in the figure 3.5
below. There isn’t any strong correlation between dependent target variables and
independent predictor variables. However, ensembles of predictors might have strong
predictive power on this dependent variable which will be seen in the modeling
phase. In addition, some features have high correlation between each other that
would be beneficial while imputing missing values according to those correlations.
On the other hand, highly correlated values can lead to multicollinearity which
causes the model to be statistically ineffective. It can also cause high overfitting in
models. Therefore, the best model can be defined as in which the predictor variables
are highly correlated with dependent variables and at minimum within each other.
Based on this, it is thought that feature extraction methods could eliminate this
multicollinearity between predictor variables and improve the performance of

algorithms that will be used.

Ko

ez

Figure 3.5: Top 15 Correlated Independent Variables for Target.

3.3. Data Preparation

In this section, the results and analysis of data preparation explained in the
methodology chapter will be given.

3.3.1. Data Cleaning

At the beginning, 1.680 records existed which consisted of 28 participants'
hemodynamic measurements. In some trials, several participants did not indicate any
preference on them, in addition one participant did not indicate any preference at all,

meaning all results of him were removed. Therefore, the record count was reduced
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from 1.680 to 1.546. Finally, in one trial, the wrong button was pushed and this result

was also excluded from the dataset, leaving 1.545 records available.

3.3.2. Missing value analysis

In table 3.3, missing value records and percentages for hemodynamic features
were given. Especially, measurements taken from optodes 15 and 16 have the highest
missing values compared to other optodes. It was seen that these missing values belong
to mostly female participants, hence it was thought that their hair might have blocked
the measurement process in these locations. On average, 6.9% of values were missing
for all hemodynamic measurements, and table 3.3 shows features that have missing

values above this threshold.

Table 3.3 : Missing Values of Hemodynamic Measurements

Feature ':/I/::ISJQ? % of Values
Khbt16 503 32,1
Khbri16 503 32,1
Koxy16 503 32,1
Khbol6 503 32,1
Ghbo16 501 32
Ghbtl6 501 32
Goxy16 501 32
Ghbr16 501 32
Koxy15 455 29,1
Khbt15 455 29,1
Khbo15 455 29,1
Khbr15 455 29,1
Ghbr15 449 28,7
Goxy15 449 28,7
Ghbo15 449 28,7
Ghbt15 449 28,7
Ghbo3 131 8,4
Goxys3 131 8,4
Ghbt3 131 8,4
Khbo3 131 8,4
Koxy3 131 8,4
Ghbr3 131 8,4
Khbt3 131 8,4
Khbr3 131 8,4
Khbol 124 7,9
Khbtl 124 7,9
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Khbr1 124 7,9
Koxyl 124 7,9
Ghbtl 121 7,7
Ghbol 121 7,7
Ghbrl 121 7,7
Goxyl 115 73

Moreover, trial based missing values were also investigated. Any record had
more than 25% of its values missing were removed from the data set as they might
cause negative effects on ML algorithms, or on the contrary may have caused biased
predictions because of imputations that would be put in their place. Imputed values
could be repetitive and that may cause this bias effect. There were 58 records that

had passed that missing value threshold and they were removed from the data set.
3.3.3. Outlier detection and removal

Outlier detection and removal had been done in an iterative approach. First, as
mentioned in the methodology chapter, outlier values were masked as Nan to be later
imputed. Since these imputations could cause biased results, a second approach was
developed and chosen as an outlier removal method, which was capping outlier values
to IQR boundaries. This way, both bias effects would be avoided and also important
information that indicates activation of certain parts of the prefrontal cortex would be

retained.

3.3.4. Imputation

As stated in the methodology chapter, various imputation methods were
utilized i.e. mean, median, MICE, iterative imputation and KNN imputer. MICE and
iterative imputation are in fact the same methodologies, but while MICE imputes
values by using all other features depending on their correlation with the imputed
feature, iterative imputation fills values by the closest three neighbor features in terms

of correlation.

Original/non-imputed data has very high kurtosis and significant skewness for
nearly every feature as it was stated in the data understanding section. Outlier removal
reduced those properties by a significant amount. However, the choice of imputation

was critical to avoid having a distribution other than or not close to gaussian.
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Furthermore, interpretation of the missing values was important to represent the real
properties of a feature which would significantly affect the predictive performance of

the models.

In figure 3.6, distributions of all imputation methods were plotted for the
Koxy16 feature which was one of the features that had the most missing values.
Therefore, comparison was made based on this single feature for simplification of
missing value analysis and also for the choice of imputation method. All of these data
were standardized before plotting to make a better choice as the chosen dataset will be
put into standardization before fitting it into the models. Skewness close to zero and
kurtosis close to 3 was targeted as these values represent normal distribution.
Original(baseline) dataset had not any skewness (0.06) but it had excess kurtosis (7.22)
which represents a leptokurtic distribution. Dataset with mean and median
imputations, which are on top of each other in figure 3.6, seem close to the original
dataset, with a slight decrease in kurtosis, which were 6.88 and 6.89 respectively.
Remaining methods seem close to each other, where neighbor imputation comes
forward with kurtosis of 2.82. KNN imputation follows it with kurtosis of 3.25 and
then iterative imputation with 3.32, and finally MICE with 4.38. Only iterative
imputation has a slight skewness while others have almost zero skewness.

== Baseline
16 urwsls: 7.22 —— Mean Imputation
urtosis: 6.85 —— MICE Imputation

urtosis: x:l.-sé Iterative Imputation
1.4 —— Median Imputation
Skewness: -0.08 KNN Imputation
Kurtosis: 6.89

— Neighbor Imputation

12 Skewness: -0.07
Kurtosis: 2.82

Density
o
=

o>

) L
0.0 E— —
T T T T T
-10 -5 0 5 10
Koxy16

Figure 3.6: Various Imputed Distributions of Koxy16.
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Since the distribution of the dataset belonging to neighbor imputation seems
closer to normal distribution, it was selected as the choice of imputation method. Its
closer competitors were KNN and iterative imputations, but they were not considered
to be the preferred choice compared to neighbor imputation as for KNN, while it
imputes values by looking at two neighbors same as neighbor imputation, it considers
the neighborhood of records rather than features in the dataset. On the other hand,
neighbor imputation depends on the neighborhood of optodes attached to fNIRS
devices. For instance, Koxyl’s two neighbors are Koxy2 and Koxy3, hence if the
Koxyl value of a trial was missing, it would be imputed with the mean of those two
neighbors. Therefore, the neighborhood of features within a trial might represent those
missing values in terms of closeness to their real measurements that we could not
measure. For iterative imputation, it is based on a divide and conquer approach where
several copies of a dataset are first created, then for each copy, each feature that has
missing values are filled depending on the top three highly correlated features with
that one. This is also a good approach, but it relies on the “neighborhood” of
correlation, hence, since it was thought that imputation by neighborhood of optodes
might represent the actual values of missing values better, hence neighbor imputation

was preferred over iterative imputation.
3.3.5. Data clustering based on fNIRS features

Since some participants’ hemodynamic responses might resemble each other,
K-Means clustering was applied to the dataset with given participant numbers. In
figure 3.7, silhouette scores of K-Means clustering with k ranging 2 to 19 are given.
The oscillation and the peak on cluster number of 4 suggest that there should be that
many groups where the participants are put into. However, it might be elicited that the
silhouette score of 0.35 indicates that the clustering achieved would not be a good one.
Nevertheless, since it was known that there might be a similarity of hemodynamic
measurements between participants, cluster numbers were added to the dataset as a

new feature.
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Silhouette Score of K-Means
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Figure 3.7: Silhouette Score Plot of K-Means Clustering with K from 1 to 19

3.3.6. Frontal-alpha-asymmetry Index

In order to form a FAA index, the left and right hemisphere’s relative change
in oxygenation signals have been calculated and formed as a new feature, raising the

feature amount to 129.
3.3.7. One-hot encoding

Cluster groups were one-hot encoded and four new features were formed from
that information. This was done due to some algorithms requiring categorical variables
that should be encoded into integer values. With this being done, the feature number

had risen to 133. Those four dummy features were named ‘cl 1°, ‘cl 2’, ‘cl 3’, ‘cl 4’.
3.3.8. Standardization of the numeric data

StandardScaler of scikit-learn library was used to standardize numeric values
which were hemodynamic responses. Therefore, with this scaling, the skewness and
especially excess kurtosis were highly eliminated which can be seen in figure 3.3. Also
looking at figure 3.6, with referencing ‘Koxy16’ feature, those elimination can be

clearly seen; that was also the case for other features, too.

66



3.4. Modeling and Evaluation

In this section, classification models were built to predict the liking preference
of individuals. For all models, leave-one-out cross-validation was applied to ensure
that the results have reliability and test all participants’ results. F1-score, precision and
recall scores were reported for every model. Firstly, the main model’s results were
given to find the best performing ML algorithm. Then, feature extraction models’
results were shown utilizing the best algorithm selected in the main model. Finally, the
result of a model with feature selection was given to see the effect of feature selection

on classification performance.
3.4.1. Main model results

For the main model, five machine learning algorithms were utilized to find the
best among them for prediction of liking. In table 3.4, average F1, precision and recall
scores are given for all of these algorithms with standard deviations in parentheses.
Each subjects’ trials were tested by leave-one out cross validation and the resulting
scores were averaged which can be found in the table 3.4 below. Thus, all algorithms’

scores consist of 27 individual’s scores. Highest scores for F1, precision and recall are
highlighted.

Table 3.4 : Average Scores of Algorithms

Algorithm F1-Score Precision Recall
k-Nearest Neighbor 0.55(0.1) 0.55 (0.16) 0.59 (0.11)
Support Vector Machines 0.65 (0.04) 0.51 (0.03) 0.92 (0.09)
Random Forest 0.62 (0.09) 0.52 (0.14) 0.82 (0.11)
XGBoost 0.6 (0.08) 0.53 (0.14) 0.74 (0.11)
LightGBM 0.66 (0.08) 0.53(0.13) 0.92 (0.08)

For KNN, the highest F1-score achieved is 75% and the lowest is 37% with
55% as average score. It has the lowest average F1-score compared to other algorithms.
Number of neighbor parameters was searched from 2 to 20 as stated in methodology
to optimize this algorithm, and n = 17 was found to be most frequently selected as the
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best number of neighbors. In figure 3.8, histogram of all participant’s F1-scores were
given to view the distribution of these scores.
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Figure 3.8: All Participants' F1-Scores for KNN algorithm.

Fourth highest average F1-score was obtained by RFC, with 62%. Its lowest
and highest scores are 47% and 79% respectively as can bee seen in the histogram in
figure 3.9. Best found parameters for the optimization of this algorithm are, criterion

= ‘entropy’, max_depth =5 and n_estimators = 500.

3.0 1 — ]

2.5

1.5 4

Amount

1.0 1 ]

054

0.0

T T T T T T
0.50 0.55 0.60 0.65 0.70 0.75 0.80
F1-Scores

Figure 3.9: All Participants' F1-Scores for RFC algorithm.

Lowest and highest scores obtained with XGB algorithm are 47% and 80%

respectively, and average score can be seen as 63%. Hyperparameter tuning for
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optimization of this algorithm was mentioned in the methodology part. Best and most
frequent parameters were found as; n_estimators(number of trees) = 100,
min_child_weight =4, max_depth =3, learning_rate = 0.03, gamma = 10. Distribution

of all participants’ F1-scores is given in figure 3.10.
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Figure 3.10: All Participants' F1-Scores for XGB algorithm.

SVM achieved the second best average F1-score, with 65%, and its lowest and
highest scores are 50% and 68% respectively (figure 3.11). Lowest score obtained
from a participant seems an outlier as it sits alone in that 50% range and the next score
comes after it stands at 60%. Among all validation results, most frequent parameters
were found as, C = 1 and gamma = 1.
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Figure 3.11: All Participants' F1-Scores for SVM algorithm.
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LGBM has the best F1-score among all algorithms. However, SVM’s score is
really close to LGBM’s, thus from these results alone, it cannot be said that either
algorithm is superior to the other. Therefore, the results of the permutation and
Wilcoxon test will be decisive to better compare these algorithms’ scores. LGB’s score
distributions are also given in figure 3.12 below. Its highest score is 82% whereas its
lowest is 46% within all participant scores. Best parameters that most frequently
appear in cross-validation results can be given as path_smooth =4, min_child_samples
= 28, max_depth = 3, max_bin =50, learning_rate = 0.03, and num_iterations(number
of trees) = 100.
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Figure 3.12: All Participants' F1-Scores for LGBM algorithm

Boxplots of all results of algorithms are given in figure 3.13 to better visualize
the performances of them. Green triangles are mean score, and vertical lines represent
median score. SVM’s variance seems the lowest and its scores look tight except the
outlier at 50%. KNN seems inferior compared to others when looking at these range
of scores and the remaining algorithms seem close to each other meaning statistical

tests will be more informative for a decision of superiority among them.
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Figure 3.13: Boxplot of All Algorithms' Scores.

Wilcoxon signed-rank tests were applied to every pair of algorithms to test the
statistical significance of the difference of F1-scores of all participants if there was any
superiority between each pair of algorithms. The cut-off was chosen as 0.05’, hence
any p-value lower than that would indicate that the higher scoring algorithm’s
superiority was statistically significant. All pairs’ p-values are given in the table 3.5
below. For p-values < 0.05, results have been made bold. It can be clearly seen that
KNN having the lowest average score (55%) has been statistically confirmed (p < .05).
XGB (63%) has a higher average score than RFC (62%), but statistical tests could not
find any difference between each algorithm’s participant scores (p = .055). Although
SVM’s average F1-score is better than XGB’s, their participant scores are statistically
indifferent (p = .31). Moreover, the same thing can also be said for the SVM-RFC pair,
even though SVM (65%) has a higher average score than RFC (62%). On the other
hand, LGBM seems the superior one compared to others (p < .05) except SVM (p =
0.56).

Table 3.5 : Wilcoxon Signed-Rank Test Results

p-values KNN SVM RFC XGB LGBM
KNN - -
SVM 0.000 -
RFC 0.004 0.088
XGB 0.002 0.313 0.055
LGB 0.000 0.564 0.000 0.004
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As a final evaluation for these five algorithms, permutation tests were
performed. Dashed red line represents the original dataset’s score on the distribution
of permuted scores. To say the original score is better than by chance alone, the cut-
off value has been taken as ‘0.05’. From figure 3.14 to 3.18, all five algorithms'
permutation plots are present. KNN, RFC and XGB have achieved indifferent results
by chance alone (p > .05). Therefore, it could be said that there is no dependency
between trained features and predicted classes i.e., there is no real connection between
them for these models. On the other hand, SVM and LGBM have statistically
significant results indicating a good connection between respective features and labels
(p < .05). In addition, their all-permuted classification results were lower than their
actual results which also states the robustness of these algorithms in predicting the

preference of liking using fNIRS data.
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Figure 3.14: KNN's Permutation Test Results.
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Figure 3.15: RFC's Permutation Test Results.
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Figure 3.16: XGB's Permutation Test Results.
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Figure 3.17: SVM's Permutation Test Results.
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Figure 3.18: LBGM's Permutation Test Results.

LGBM had the highest average F1-score compared to other algorithms with
SVM following it closely by 1% difference. Wilcoxon signed-rank test results also
show that LGBM has significantly higher scores than every other algorithm except
SVM, while its closest competitor SVM has significantly higher results only from
KNN. Their permutation test results do not add any value to further comparison of
them. However, there are enough results which indicate that LGBM might be a better

choice for this kind of experiment.
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3.4.2. Feature extraction models

For this section, the LGBM model has been selected as the best algorithm to apply
feature extraction methodologies. As a secondary goal for this study, it was aimed to
improve prediction scores of models by applying PCA, Isomap and t-SNE approaches
which help reduce feature dimensionality and eliminate multicollinearity and compare
these approaches’ performances between them. Same result format has been followed

to compare the implemented models as in the main model section.

In table 3.6., average F1, precision and recall scores of cross-validation results
with their respective standard deviations have been given for the main model which is
the base model selected in the previous main model section, and three models with

feature extraction methods. Highest scores were highlighted in bold.

Table 3.6 : Average Scores of Feature Extraction and Main Models

Models F1-Score Precision Recall
Main Model 0.66 (0.08) 0.53 (0.13) 0.92 (0.08)
PCA 0.62 (0.09) 0.52 (0.14) 0.82 (0.09)
ISOMAP 0.59 (0.09) 0.52 (0.15) 0.72 (0.1)
t-SNE 0.61 (0.09) 0.52 (0.14) 0.78 (0.11)

For LGBM models with Isomap applied, the highest F1-score achieved is
75% and the lowest is 43% with 59% as average score. It has the lowest average F1-
score compared to the other three models. Best parameter couples that appear most
frequently in cross-validation results are path_smooth = 4, min_child_samples = 23,
max_depth = 3, max_bin =50, learning_rate = 0.05, and num_iterations(number of
trees) = 100. In figure 3.19, histogram of all participant’s F1-scores is given to

visualize the distribution of these scores.
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Figure 3.19: All Participants' F1-Scores for Isomap Method.

t-SNE model comes second between feature extraction approaches in terms of
average F1-score with 61%. Its lowest and highest scores from cross validation results
are 45% and 79% respectively, which are slightly higher than Isomap’s results.
Histogram of these cross-validation scores is given in figure 3.20. Three scores for
respective participants are in 40% range and two of them are in 70% range. Most of
the results are stacked around 60%. Hyperparameter tuning with grid search shows
that the most frequent parameter couples for this model are path_smooth = 5,
min_child_samples = 33, max_depth = 3, max_bin = 10, learning_rate = 0.03, and

num_iterations(number of trees) = 100.
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Figure 3.20: All Participants' F1-Scores for t-SNE Method.
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As a final feature extraction model, PCA's cross-validation results are given in
figure 3.21 below. PCA has the highest average F1-score among feature extraction
methods with 62%. There is not much difference between t-SNE average score, hence
Wilcoxon signed-rank test results will be critical in deciding which might be a better
option. Lowest and highest scores of this model are 45% and 81% respectively. This
indicates that PCA also has the highest individual score. Three of its scores are higher
than 70% and its lowest score lies alone in the 40% range. Its score distribution has a
slight positive skewness due to some of the scores pile up at 50% range below average
score. Best parameters selected for this model are path _smooth = 3,
min_child_samples = 35, max_depth = 3, max_bin = 10, learning_rate = 0.03, and

num_iterations(number of trees) = 100.

4.0 1 —

3.5 1

3.0 4 I I

2.5

2.0 T M — =

Amount

1.5 A

T \_‘\

1.0 4 LA
0.5 1
0.0 T T

T ? T
0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.80
F1-Scores

Figure 3.21: All Participants' F1-Scores for PCA method.

Boxplot below in figure 3.22 enables better visual comparison between feature
extraction and main models. Main model and PCA have almost the same range in
terms of participants’ F1-scores, with the main model having the highest average score.
Isomap has the shortest range and also lower mean and median value for F1-scores
compared to other models. Although the main model has the highest average score,
Wilcoxon signed-rank test might give better idea by comparing it with other models
with their respective participant scores if there is statistical difference between those

results.
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Figure 3.22: Boxplot of Feature Extraction and Main Models' Scores.

Wilcoxon signed-rank results are given as a matrix in table 3.7 below where
upper diagonal results have been masked due to being symmetrical with lower scores.
Significant p-values are highlighted with bold indicating there is statistically difference
between their respective participant scores. Therefore, the highest average score
achieved with the main model (66%) is supported by this test with p < .05. Another
significant result is that the PCA (62%) model has statistically higher scores than the
Isomap (59%) model (p = .016). On the other hand, there aren’t any significant
differences between PCA (62%) and t-SNE (61%), and also t-SNE (61%) and Isomap
(59%) couples (p > .05).

Table 3.7 : Wilcoxon Signed-Rank Test Results for Feature Extraction and

Main Models
p-values Main Model PCA ISOMAP t-SNE
Main Model
PCA 0.003
ISOMAP 0.000 0.016
t-SNE 0.001 0.239 0.136

As final evaluation for this section, permutation test results are given in figures
3.23-3.25 below. All three feature extraction models have not significant results for
this test, indicating these models could not find a good relationship between features

and labels (p > .05). On the other hand, the permutation test for the main model was
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shown in previous section where it had statistically significant result meaning there is

a strong link between its features and labels.
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Figure 3.23: PCA Model's Permutation Test Results.
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Figure 3.24: Isomap Model's Permutation Test Results.
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Figure 3.25: t-SNE Model's Permutation Test Results.

Both average scores, and statistical test results show that LGBM without any
feature extraction applied might be the best binary classification model compared to
feature extraction models. On the other hand, feature extraction models training times
are lower than main models due to decreased feature dimension. PCA’s and Isomap’s
training times were respectively 70% and 40% lower than the main model’s training
time. t-SNE could only reduce around 10% of training time of the main model while
having lower scores. From these results, one might trade off performance over training

time by using PCA if that is necessary.

In the next section the wrapper method’s results will be shown by

implementing the main model due to its higher score.
3.4.3. Wrapper model

Another way of removing irrelevant features to improve predictive models is
using feature selection methods. A wrapper model has been formed in this study with
the best performing algorithm in the main modeling section. In the feature extraction
modeling section, it was found that the main model got a higher average score than
feature extraction models, therefore a wrapper approach was implemented on it.

In table 3.8, there are average scores for the main model with and without
wrapper method. Highest score for each evaluation metric was highlighted in bold.
Wrapper model got the highest score for precision while the main model got the
highest scores for f1-score and also recall. Therefore, the main model could predict
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most of the liked visuals correctly with 92% accuracy whereas the wrapper model
could only have 75% accuracy for positive class. Precision scores are close, hence
these results caused the main model’s f1-score to be higher than the fl1-score of the
wrapper model.

Table 3.8 : Average Scores of Main and Wrapper Models

Models F1-Score Precision Recall
Main Model 0.66 (0.08) 0.53 (0.13) 0.92 (0.08)
Wrapper Approach 0.61 (0.09) 0.54 (0.14) 0.75(0.1)

Half of the hemodynamic measurements were selected (64) in the feature
selection phase, and with the rest of the features which were FAA index, and cluster
features, cross-validation evaluation was made by testing every participant liking
preference separately in each fold. F1-score distribution belonging to all these scores
for the wrapper model is given in figure 3.26. Highest score achieved is 79% whereas
lowest is 39%. There are two scores lower than 50% and most of them lie above 55%.
Best parameters for this model were found as path_smooth = 4, min_child_samples =
39, max_depth = 7, max_bin =100, learning_rate = 0.03, and num_iterations(number
of trees) = 100.
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Figure 3.26: All Participants’ F1-Scores for Wrapper Model.

Main model’s median score is also higher than the wrapper model as can be

seen in figure 3.27. Mean scores are shown with a green triangle on the boxplot for
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each model. Main model achieved the highest score in terms of individual scores with
82% against the wrapper model’s 79%. Moreover, the wrapper model’s lowest score

lies at 39% against the main model’s 46% score.
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Figure 3.27: Boxplot of Wrapper and Main Models’ Scores.

Wilcoxon signed-rank test was applied on participant scores of main and
wrapper models to test if their respective scores differ, meaning if one’s scores
outperform others. Test result elicits that application of wrapper approach on main
model diminishes predictive power of the model, as seen in the table 3.9 (p < .05).
Therefore, it might be said that the main model’s mean score of 66% is confirmed to
be higher than the wrapper model’s average score of 61%. The reason the wrapper
approach could not deliver higher performance than the main model might be due to
unselected features being important in prediction of liking. Due to computational
power constraint, features to be selected could not be increased further to look into
those potential features, and it would also increase the dimension of the features,
getting it closer to the main model’s dimensionality which is not preferred for this

model.

Table 3.9 : Wilcoxon Signed-Rank Test Result for Wrapper and Main Models

Wilcoxon Signed Rank Test Main - Wrapper Models

p-value 0.00026
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Permutation result for the wrapper model is given in figure 3.28. Mean score
of 61% has been statistically tested if the model could find relevance between features
and classes when doing the classification. It appears that the wrapper model could not
find a good link between them, indicating the obtained mean score is not better than

by chance alone (p > .05).
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Figure 3.28: Permutation Test Result for Wrapper Model

As a summary for this thesis, firstly, studies related to classification models
that are formed by measuring hemodynamic activity by using fNIRS with the help of
machine learning algorithms are investigated. Following this, theoretical background
of decision-making and emotional processes, role of different brain regions related to

preference of liking, and machine learning approaches are explained.

In order to form a model, firstly measurements taken from experiment trials
were analyzed. Exploratory data analysis was made by deducing statistical properties
of the data set, analyzing missing values, presence of outliers and looking into
correlation between all features and labels, i.e., whether visual stimuli was liked or not.
After those analysis, data cleaning, outlier removal, missing value imputation were
done with this order. IQR method was used to spot and remove outliers that may
diminish the performance of the models, from the dataset. Two approaches have been
implemented for outlier detection, both using the IQR method but while one masks the
outliers, the other caps it to the lower and upper boundaries calculated by IQR. Later
one was selected as the outlier removal method as masking of the outliers meant
creating more NA values which may deteriorate the classification process. For the

imputation section, various imputation methodologies were applied and compared,
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such as mean, median, MICE, iterative, KNN and neighbor imputations. Neighbor
imputation was selected in this iteration as the most appropriate imputation approach
as its features’ overall distribution is closest to normal distribution compared to other
ones, which is considered to be important while implementing machine learning

algorithms.

Following those data engineering parts, as some of the individuals fNIRS
measurements might resemble each other, K-Means clustering was applied to cluster
those similar participant measurements. Due to the difference in activity of the left and
right hemispheres of the brain which could discriminate whether an individual felt
positive emotions that might be related to preference of its liking in this experiment,
an index was created from this phenomenon that is called frontal alpha asymmetry. As
the final data preparation processes, one-hot encoding and standardization of the

numeric data was applied.

Generally, precision score came lower compared to recall score which rises to
92%. For this study, predicting the positive class i.e., liking of a stimulus, might be
more important than predicting the negative class (dislike), hence making recall more
important than precision as for the future works that could make this fNIRS method to
be more applicable in a practical real-life environment, prediction of liking of a product
could be used as commercial or as recommendation engines to the specific groups.
This means that showing a product that is thought to be liked for that target group
could come out wrong as in the low precision cases but favoring higher accuracy for
liking class over predicting dislikes wrong might contribute more to the success of the

potential commercial.

For the main goal, results elicit that LGBM was the superior algorithm, hence
chosen for the next iteration as the main model. Both of its mean f1-score, Wilcoxon
signed rank test and permutation test made it to be the best model among others.
Proceeding to the feature extraction models, there was not enough proof that PCA or
t-SNE was better than one or other, whereas both outperform the Isomap model. On
the other hand, the main model without any of those methods applied, came out to be
a better model by looking at statistical tests. Therefore, wrapper model phase was done
without feature extraction methods, and wrapper approach also could not further

increase performance of the main model, which elicits that all hemodynamic
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measurements coming taken from different parts of prefrontal cortex, and their
multicollinearity might contribute to the predictive power of the model collaboratively,

making main model with the LGBM algorithm, the best choice.
3.4.4. VIF feature reduction model

An additional model has been developed with collinear features eliminated
with variance inflation factor (VIF). This model has been formed with the LGBM
algorithm and PCA. Due to data having multicollinear property, and from the results
of models with PCA, it was thought that this collinearity was not dealt with. Therefore,

an extra method that deals with this situation has been implemented before doing PCA.

VIF is a method that measures multicollinearity in a dataset. It is generally
applied to regression analysis. However, since classification problems might also be
negatively affected by multicollinearity, it was applied to this binary classification

problem.

As stated in the data understanding section, there was 128 hemodynamic
features that were used in previous models. Contrary to use all of them, average
hemodynamic measurements of image viewing, and decision-making parts were
calculated for only Hbo and Hbr features, since these two have been used more
extensively than Hbt and oxy parameters. Therefore, total of 32 features were left and
they were analyzed by calculating their respective VIF values to eliminate collinear
features. VIF value equal to 1 means that an independent variable is not correlated to
the remaining ones, where VIF between 1 and 5 means there is a moderate correlation
to others, and higher than 5 indicates that it is strongly correlated with others. In table
3.10, features with VIF lower than 5 has been given and selected as input for this

model.

85



Table 3.10 : Features Having Low Collinearity with Others (VIF < 5)

feature VIF

hbrl 1.70
hbr2 2.94
hbr3 2.84
hbr5 3.62
hbr7 2.93
hbr9 3.30
hbri1 4.02
hbrl3 3.92
hbrl5 3.05
hbol 4.96

With VIF, 10 features were selected and put into the model. Standardization
and PCA applied before putting into the LGBM classifier, with the same order as in
the PCA model in the feature extraction models section. Explained variance has been
taken as 85% in PCA, corresponding to selecting top five principal components. F1-
score appeared to be as 0.65, stating that there was no improvement in performance

compared to the best model with score 0.66.
3.4.5. Lasso feature reduction models

As a last model, a different approach has been implemented for feature
selection or reduction, called Least Absolute Shrinkage and Selection Operator
(Lasso). It is a regularization and also variable selection technique. Regularization
adds a penalty term to the loss function to avoid overfitting. It discourages the model
from learning overly complex relationships between features and labels, thus avoiding

poor generalization. Lasso uses L1 to achieve regularization.

All of 128 hemodynamic measurements have been put into Lasso to spot the
most important ones between them. First, all features have been standardized and then
Gridsearch with 5-fold cross validation was used to tune the ‘alpha’ hyperparameter
of the Lasso between the values 0.1 and 10 by increasing 0.1 each time. It is a
coefficient that determines L1 regularization. Therefore, a higher alpha value results
in stronger regularization, meaning a larger penalty for the magnitude of the model
coefficients, whereas lower alpha leads to a weaker regularization that makes the

model fit into training data more closely.

86



After searching for the best hyperparameter, it was found as 1.9, and with it 27
out of 128 features have been excluded from the dataset. Then, LGBM was used for
the binary classification of liking preference, with the same setup in the main model
I.e., same hyperparameter tuning with Gridsearch, and LOGOCV. On top of main
model setup (with 101 features), three other approaches were also implemented. Those
were PCA applied to the features selected by Lasso (14 features left after PCA with
keeping 85% of variance), PCA applied to the features selected by Lasso and then
additional selection of the principal components by wrapper method (15 features after
PCA and wrapper, with keeping 95% of variance), and finally after Lasso and PCA
additional feature selection has been made on principal components with Lasso again
(8 feature left after PCA and Lasso with keeping 85% of variance). Therefore, there
has been totally four models developed in this section and the corresponding average
f1-scores of the models from cross validation results came out to be 0.64, 0.65, 0.6,
and 0.62 respectively, indicating there has been still no improvement compared to the

best model i.e., the main model with LGBM that is in the main model results section.
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CONCLUSION

The main goal of this thesis was to create a model that predicts the preference
of liking of individuals who were shown various visual stimuli using various machine
learning algorithms i.e., k-Nearest Neighbor, Support Vector Machines, Random
Forests, XGBoost, and LightGBM. Comparisons of them were made using statistical
tests such as Wilcoxon signed-rank test and permutation tests. Secondary goal was to
apply feature extraction methodologies which were Principal Component Analysis, t-
Stochastic Neighbor Embedding and Isometric Mapping, to further improve the
predictive power of the model. Finally, the last goal was to implement a wrapper
approach to select the best features that come from the best model in the previous steps
to have a more solid performance. The goals mentioned were all iterative processes
which started from the main goal and continued to the last goal by selecting the best

approaches in each process.

After data preparation steps which include data cleaning, outlier detection and
removal, missing value imputation, adding FAA index as a new feature, data clustering
with K-Means algorithm, one-hot encoding transformation and standardization of
numeric features, the main model was formed using five ML algorithms. Among ML
algorithms, LGBM appeared to be the best choice which was confirmed with its
highest average f1-score compared to others that was tested with statistical tests such
as Wilcoxon Signed-Rank test that tested the statistical significance of the difference
in f1-scores of models, and permutation test that elicits if the models’ results are better
than by chance alone. Applying feature extraction and feature selection methods could
not contribute additional improvements to the model in terms of predictive power,

making the main model with the LGBM algorithm is the best approach.

As a future work, in addition to the usage of fNIRS devices,
electroencephalogram (EEG) and heart rate monitors might be used in the future works
for an attempt to enhance performance of the implemented models. Moreover, eye-
tracking devices could be taken advantage of which might be implemented as a
complementary approach to the fNIRS measurements to improve classification

performance in future works.
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