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Upper body power (UBP) is one of the most important factors affecting the
performance of cross-country skiers during races. Although some initial studies have
already attempted to predict UBP, until now, no study has attempted to apply
machine learning methods combined with various feature selection algorithms to
identify the discriminative features for prediction of UBP. The purpose of this study
Is to develop new prediction models for predicting the 10-second UBP (UBP;) and
60-second UBP (UBPg) of cross-country skiers by using General Regression Neural
Networks (GRNN), Radial-Basis Function Network (RBF), Multilayer Perceptron
(MLP), Support Vector Machine (SVM), Single Decision Tree (SDT) and Tree
Boost (TB) along with the Relief-F feature selection algorithm, minimum
redundancy maximum relevance (mMRMR) feature selection algorithm and the
Correlation-based Feature Subset Selection (CFS). Several models have been
developed to predict UBP;o and UBPgy of cross-country skiers using two datasets.
10-fold cross validation has been performed for model testing. The efficiency of the
prediction models has been calculated with their multiple correlation coefficients
(R’s), standard error of estimates (SEE’s) and mean absolute percentage errors
(MAPEs). The results emphasize that GRNN-based prediction models show higher
performance than the other regression methods. Also, using less number of predictor
variables than the full set of predictor variables can be useful for prediction of UBPg
and UBPg, with comparable error rates.

Key Words: Upper Body Power, Feature Selection Algorithms, Machine
Learning Methods
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NITELiK SECME ALGORITMALARIYLA BIRLESTIiRiLMIiS MAKINE
OGRENME YONTEMLERiI KULLANILARAK KROS KAYAKCILARIN
UST VUCUT GUC TUKETIMININ TAHMIN EDILMESI

Mustafa Mikail OZCIiLOGLU
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Jiiri : Prof. Dr. Ulus CEVIK
: Prof. Dr. Biilent TAVLI
: Doc. Dr. Zekeriya TUFEKCI
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Ust Viicut Giicii (UVG), kros kayakeilarin yaris esnasindaki performanslarini
etkileyen en dénemli faktdrlerden biridir. UVG tahmini igin bazi ¢alismalar bulunsa
da, simdiye kadar, makine 6grenme metotlariyla cesitli 6zellik se¢imi algoritmalari
birlikte kullanilarak UBP tahmininde ayrimci o6zellikleri tanimlamak igin higbir
calisma bulunmamaktadir. Bu tezin amaci, Relief-F, mRMR ve CFS nitelik sec¢imi
algoritmalariyla Genellestirilmis Regresyon Sinir Ag1 (General Regression Neural
Network —GRNN), Aga¢ Destekleme (Tree Boost), Cok Katmanli Algilayici
(Multilayer Perceptron- MLP), Destek Vektor Makinesi (Support Vector Machine -
SVM), Radyal Tabanli Fonksiyon Sinir Ag1 (Radial Basis Function Neural Network
— RBF) ve Tekli Karar Agact (Single Decision Tree - SDT) kullanilarak kros kayak
yaris¢ilarmm 10 saniye UVG (UVGyg) ve 60 saniye UVG (UVGgp) tahmini igin yeni
tahmin modelleri gelistirmektir. S6z konusu regresyon yontemleri kullanilarak, kros
kayakcilarinin UVGyy ve UVGg tahmini igin birgok ¢esitli tahmin modeli
gelistirilmistir. Model testleri i¢in 10 kath ¢apraz dogrulama uygulanmistir. Tahmin
modellerinin verimliligi, onlarin ¢oklu korelasyon katsayilari (R), standart tahmin
hatalar1 (SEE) ve mutlak yiizdelik hata ortalamalar1 (MAPE) ile hesaplanmustir.
Sonuglar gostermektedir ki, GRNN tabanli tahmin modelleri diger regresyon
yontemleriyle iiretilmis olan tahmin modellerinden ¢ok daha iyi performans (en
yuksek R ve en diisilk SEE) vermektedir. Ayrica, tahmin degiskenlerinin tamamini
kullanmak yerine daha az miktarda tahmin degiskeni kullanmak, benzer hata oranlari
ile UVGyo ve UVGgo tahmini i¢in yararli olabilir.

Anahtar Kelimeler: Ust viicut giic tiiketimi, Nitelik se¢imi algoritmalari, Makine
ogrenme yontemleri
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1. INTRODUCTION

1.1. Overview of Cross-Country Skiing and Upper Body Power

In cross-country skiing, skiers utilize their own condition to move across
snow-covered terrain, instead of utilizing ski lifts or other kind of special equipment.
Aided by arms pushing on ski poles against the snow, skiers propel themselves either
by striding forward (classic style) or side-to-side in a skating motion (skate skiing)
(Hindman, 2005). Figure 1 and Figure 2 show typical examples of classic style and

skate skiing, respectively.

CARTER PHOTOGRAPHICSD

Figure 1.1. The example for classic style of cross-country skiing

Cross-country skiing is a very strenuous sport because the cross-country
skiers intensively use all of upper and lower body musculature (Heil and Camenisc,

2014). Regardless of the style of skiing, the most important component that
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determines the performance of a cross-country skier in a race is his/her ability to
utilize the upper body power (UBP) (Marsland et al., 2012).

’ -

Figure 1.2. The example for skate skiing of cross-country'skiihg

UBP is the rate at which work can be performed using the arm, shoulder,
and trunk muscles. Power generated by the upper body during cross-country skiing is
transmitted through the poles and assists in forward motion. For instance, the upper
body has been appeared to contribute as much as half to the aggregate propelling
force during uphill skating and 15% to 30% during uphill classical skiing (Alsobrook
and Heil, 2009Db).

A custom-built ergometer is used to simulate a skier’s double-poling motion
on snow and measure UBP. Double-poling has recently become a popular technique
due to the improved preparation of tracks and technological advances in cross-
country ski equipment (Heil and Camenisc, 2014). Figure 1.3 shows an experimental

setup to measure UBP.
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Although measurement using experimental setup is the direct and most
accurate method to determine UBP, this method involves several limitations. First of
all, the equipment for measuring UBP is not yet usually accessible due to its high
cost. The tests of UBP have all been based upon custom-designed ergometers which
can only be found in specific sports research laboratories (Alsobrook and Heil,
2009a). In addition, the measurement of UBP hasn’t got standardized as it is still a
relatively new physiological construct. Also, measuring UBP is a time-consuming

process and it requires the presence of a qualified and experienced staff.

W

Figure 1.3. The laboratory of rﬁeasuring UBP
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1.2. Motivation, Purpose and Contributions of the Thesis

As mentioned in Section 1.1, determination of UBP through measurements
comes with several drawbacks. On the other hand, standard sports science and
research laboratories have been used by many cross-country skiers and most of these
laboratories are capable of measuring maximum oxygen uptake (VO,max), maximal
heart rate (HRmax), heart rate at lactate threshold (HRLT) and several other
physiological parameters (height, weight, BMI etc.) which are related to UBP. As a
result, it may be advantageous to predict rather than measure UBP using actual
training data previously collected by tests on ergometers specifically designed for
UBP measurements.

Daneshvar et al. (2013) was the first study in literature that proposed to
predict UBP of cross-country skiers by utilizing promising machine learning
methods. Although, since then, the problem of predicting UBP of cross-country
skiers has been studied in details, the identification of relevant and irrelevant features
affecting UBP is still an open area to research.

The objective of the current PhD thesis is to construct new prediction
models and determine the discriminative features for prediction of 10-second UBP
(UBP40) and 60-second UBP (UBPgp) by using General Regression Neural Networks
(GRNN), Radial-Basis Function Network (RBF), Multilayer Perceptron (MLP),
Support Vector Machine (SVM), Single Decision Tree (SDT) and Tree Boost (TB)
combined with several feature selection algorithms. The feature selection algorithms
include Relief-F, minimum redundancy maximum relevance (mMRMR) and the
Correlation-based Feature Subset Selection (CFS). Two versions of the same dataset
have been utilized in order to develop UBP prediction models. The first version of
the dataset (UBP-setl) involves the features protocol, gender, age, weight, height,
VO,max, HRmax, exercise time and HRLT. In the second version of the dataset
(UBP-set2), height and weight are replaced with BMI keeping the rest of features as
they are in UBP-setl. By using Relief-F and mRMR, the ranking of the features is
obtained. The least effective feature is removed at a time until the model includes a

single feature. With CFS, a subset of the important features has been obtained.
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Several models have been developed to predict UBPyy and UBPgy using the
mentioned regression methods. 10-fold cross validation has been performed for
model testing. Performance metrics including R, SEE and MAPE have been utilized
to measure the efficiency of the prediction models.

To the best of our knowledge, this is the first comprehensive study in
literature to determine relevant and irrelevant features and then predict UBPo and
UBPgo. The results show that utilizing smaller number of features instead of the full
set of features yields the most accurate predictions for UBP;o and UBPg. The models
involving height and weight in place of BMI give lower error rates for the prediction
of UBP1p and UBPg regardless of which regression methods have been used. Also,
GRNN-based models always outperform the other models for predicting UBP3, and
UBPgo.

1.3. Overview of the Dataset

The dataset was obtained from the Montana State University. The dataset
includes data of cross-country skiers ranging in age from 15 to 25 years. UBP-setl
includes 75 (38 females and 37 males) healthy skiers. UBP-setl includes Protocol,
Gender, Age, Weight, Height, VO,max, HRmax, Time, HRLT and also UBPy,
UBPg, Which are target variables. UBP-set2 includes the same subjects. In UBP-set2,
height and weight were replaced with BMI.

Brief statistical measures (minimum, maximum, median, mean and standard

deviation) of the dataset is given in Table 1.1.
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Table 1.1. Statistical information about the dataset

Feature Minimum Maximum Median Mean Star}da}rd
Deviation
Protocol 0.00 1.00 1.00  0.77 0.43
Gender (0: F, 1: M) 0.00 1.00 0.00 0.9 0.50
Age 15.00 25.00 18.00  18.52 2.29
BMI (kg/m2) 17.83 27.90 21.73  22.08 1.94
Weight (kg) 48.30 87.00 67.00 67.09 6.97
Height (cm) 158.30 196.60  173.00 174.40 8.04
VO,max (ml.kgt.min?)  46.00 79.01 61.70  62.33 8.38
HRmax (bpm) 180.00 213.00  197.00 196.70 7.34
Time (s) 5.10 13.70 12.00 1155 1.62
HRLT (bpm) 161.00 210.00  182.00 181.00 9.92
UBP1o (W) 110.00 350.00  207.00 22540  71.08
UBPg (W) 92.00 28500  170.00 17240  54.03

1.4. Literature Review

1.4.1. Measurement of UBP

For two different groups of skiers, Alsobrook (2005) investigated the
relationship between UBP and classical cross-country ski race performance. The first
group included 7 males and 3 females, whereas the second group included 10 males
and 5 females. The results show that classical race performance is closely related to
both long and short term UBP and that short and long term UBP's are affected by the
same factors.

Alsobrok and Heil (2009a) studied the relationship between short and long
duration measures of UBP and mass start classical cross-country ski performance.
Three different tests of UBP were completed by a group of skiers on a double poling
ergometer. The authors concluded that a strong correlation exists between short and
long duration UBP tests for mass start classical ski race performance.

Heil et al. (2004) evaluated the influence of the three ski pole grip systems
in common use by competitive cross-country skiers on UBP. Nine men who
experienced about cross-country ski racing in these systems performed three
successive UBP tests on a modified double-poling ergometer. All participants
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finished 15-s tests of UBP using stiff cross-country ski poles and a resistance
corresponding to 3% of body mass. During the last 10-seconds for every test, the
highest 5-seconds average power output was assessed as Peak UBP. Peak UBP with
the integrated system vyielded higher value than the ones produced by both the

modern and traditional systems.

1.4.2. Prediction of UBP without Feature Selection

Daneshvar et al. (2013) predicted UBP;o using a multi-layer feed-forward
artificial neural network (MFANN). Twelve prediction models were developed by
using combinations of different features. This study showed that the model including
the features age, gender, body mass and maximum heart rate yielded the lowest
SEE‘s (24.74 W) whereas the model including the variables age, gender, body mass
and time yielded the highest SEE‘s (33.06 W) for prediction of UBP.

Sanli et al. (2014) investigated the effects of VO,max and HRmax on UBP1q
and UBPg using SVM and compared the results with those obtained by multiple
linear regression (MLR). Two groups of common features combined with VO,max
and HRmax were used to create eight different models. First common group included
protocol, gender, age, height, weight, exercise time and second common group was
comprised of gender, age, BMI, exercise time. The results showed that the
combination of the common variables from both groups with VO,max comparatively
yielded the lowest SEE’s, while their combination with HRmax gave the highest
SEE’s. In more details, the model in the first group including the features protocol,
age, gender, weight, height, exercise time and VO,max yielded the lowest SEE’s and
similarly, the model in the second group including age, gender, exercise time,
VO,max and BMI yields the lowest SEE’s for UBP prediction.

Isoglu et al. (2014) aimed to predict UBP;y, and UBPg, using SVM and
MLR. The data set which included features (gender, age, body mass, height, HRmax,
relative maximum oxygen uptake (RVO,max), exercise time) and target variables
(UBP1p and UBPg) consisted of 57 healthy volunteers. Seven different models had

been developed to predict UBP1o and UBPgo. The performance of SVM models were
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much better than the ones obtained by MLR for prediction of UBP1o and UBPg.
Also, the performance of UBPg, prediction models was worse than the performance
of UBPy prediction models.

Akgol et al. (2015a) used TB, Gene Expression Programming (GEP) and
SDT for prediction of UBP1y and UBPgo. By using the combination of the variables
time, VO,max and HRmax with protocol, age, gender, weight and height seven
different prediction models were produced. As a result, TB-based models, in which
VO,max instead of time were used with age, protocol, gender, height and weight
performed better than the models developed by the other methods while GEP-based
models were more accurate than SDT-based models.

Akay et al. (2015a) developed prediction models for estimation of UBPy,
and UBPg using SVM, MLP and MLR. The first dataset consisted of gender, age,
weight, height, VO,max, HRmax and exercise time. The second dataset included
age, gender, BMI, HRmax, VO,max, exercise time and also, both datasets consisted
of the target variables UBPiy and UBPgs. SVM-RBF-based models yielded the
lowest SEE’s and the highest R’s for prediction of UBP1o and UBPg,. On the other
hand, MLR-based models yielded higher SEE’s but produced faster results for
prediction. In addition, adding BMI to the models significantly increased the
performance of models for prediction of UBP1p and UBPg. Error rates related to the
prediction of UBPg, were always lower than that of UBP; due to high standard
deviation of UBP1,.

Daneshvar et al. (2015) used Cascade Correlation Network (CCN), Decision
Tree Forest (DTF) and RBF to create new models for prediction of UBPy, and
UBPgo. The dataset consisted of the features gender, age, BMI, heart rate (HR),
exercise time, VO,max and the target variables were UBP1; and UBPg. 14 different
models had been created by using these features to predict UBP;y and UBPgy.
According to the results, the model consisting of the features gender, age, BMI and
VO,max gave the highest SEE’s for both predictions of UBP;o and UBPg, regardless
of whether CCN, DTF or RBF had been used. Also, CCN-based models consistently
showed the best performance in terms of the achieved SEE’s and R’s; whereas SDT-

based models outperform DTF-based models.
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1.4.3. Prediction of UBP with Feature Selection

Akgol et al. (2014) used SVM and MLR combined with feature selection to
develop several different models for prediction UBP;, and UBPg. The dataset
included age, gender, height, weight, exercise time, HRmax and RVO,max. The
ranks of each variable had been calculated by the Relief-F feature selection algorithm
combined with a ranker search method. The ranking (from highest to the lowest
score) of the features for UBPio is weight, height, age, gender, exercise time,
RVO,max, HRmax and the ranking of the features for UBPg¢, is weight, height, age,
RVO;max, gender, HRmax and exercise time. The models were created by
eliminating one variable at a time having the lowest rank score. According to the
results, SVM models were better than MLR models for prediction of UBP;, and
UBPg. The model which included weight, height, age, RVO,max and gender
yielded the lowest SEE’s and the highest R’s for prediction of UBPg independent of
which regression methods had been used. Additionally, the model comprising of
weight, height, age, gender, exercise time and RVO,max gave the lowest SEE’s and
the highest R’s for prediction of UBPy, regardless of whether SVM or MLR had
been used.

Ozciloglu et al. (2015a) built new feature selection based models for
prediction of UBP1p and UBPg, using CCN, MLP and SDT combined with feature
selection algorithm. The dataset consisted of the features age, gender, exercise time,
BMI, HRmax, VO,max and the target variables UBP1o and UBPg,. Relief-F feature
selection algorithm was used to calculate the ranks of features. According to these
calculations, the features exercise time and BMI had been evaluated with the highest
score for UBP1 and UBPg, respectively. Based on these ranking scores of features,
twelve different models had been developed for prediction of UBP1, and UBPgy. The
model involving age, gender, VO,max, BMI and exercise time gave the lowest SEE’s
and the highest R’s for prediction of UBPo, on the other hand for prediction of
UBPgo the model comprised of age, gender, VO,max and BMI yielded the lowest

SEE’s and the highest R’s, regardless of which regression methods had been used.
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CCN-based prediction models yielded better results than the ones obtained by MLP
and SDT regression methods.

Akgol et al. (2015b) used GRNN, RBF, DTF regression methods combined
with a feature selection algorithm to produce prediction models for predicting UBP1g
and UBPg of cross-country skiers. The rank of each feature has been calculated by
using the Relief-F feature selection algorithm. The dataset was produced by 57 skiers
whose ages between 16 and 24. Totally, fourteen different prediction models had
been created by removing the feature with the lowest rank at a time. The
performance of the prediction models had been evaluated by using 10-fold cross
validation. The results show that gender and VO;max were the most effective
variables for prediction of UBP;g and UBPgs. GRNN-based prediction models
performed better than the ones obtained by other methods. On the other hand, RBF-
based prediction models were more accurate than DTF-based models. In particular,
GRNN-based models yielded in average 9.69% and 24.17% lower SEE’s than the
SEE’s of RBF and DTF-based models for UBP1, and UBPg. Also, UBPg, prediction
models gave lower SEE’s than the ones of the models for UBP;, due to high standard
deviation of UBPy,.

Akay et al. (2015b) aimed to develop new prediction models to find out the
relevant predictors of UBP1o and UBPg. UBP1y and UBPgy were predicted using
SVM, MLP and MLR combined with Relief-F. The results showed that UBP was
highly correlated with age and gender, therefore the prediction models including
these features gave much lower SEE’s and higher R’s than other models. In addition,
the SVM-RBF-based model comprising of the features age, weight, gender, exercise
time and height gave the lowest SEE’s (27.81 W) and highest R’s (0.92) for
prediction of UBPjo. The model including the features age, gender, weight, height
and VO,max yielded the lowest SEE’s (18.73 W) and highest R’s (0.94) for
prediction of UBPg.

Ozciloglu et al. (2015b) developed new prediction models for predicting
UBP1p and UBPg by using GRNN, SDT and Tree Boost along with the mRMR
feature selection algorithm. 18 different models had been developed for prediction of

UBPo and UBPg by the ranking scores of features assigned with the mRMR. The

10
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results showed that the model including the features gender, weight, height, VO,max,
time, age and HRmax yielded the most reduced SEE’s for prediction of UBP3, while
the model including the features gender, age, weight, VO,max, HRLT, height and
HRmax led to the most reduced SEE’s for prediction of UBPgy. Using these two
models instead of the full set of features yielded up to 8.80%, 5.20% and 8.26%
decrement rates on the average in SEE’s for GRNN, Tree Boost and SDT,
respectively. Additionally, the feature time provided a significant improvement for
prediction of UBP;p. A same case for UBPgy, the feature VO,max improved
significantly about prediction of UBPg.

Ozciloglu et al. (2016a) determined the effect of features and developed
new prediction models on UBP by using different tree based methods including DTF,
SDT and TB combined with the Relief-F feature selection algorithm. 16 prediction
models had been developed by using Relief-F which calculated the ranks of features.
The results emphasized that the features gender, age, BMI and time play an
important role for predicting UBP1p and UBPg, regardless of which tree-based
method has been used. As opposed to the model included full set of features; the
model comprising of only 3 features (gender, BMI and time) yielded 5.68%, 3.12%
and 7.41% lower SEE’s for TB, DTF and SDT-based UBPi, prediction models,
respectively. As for UBPg prediction models, the model consisted of less number of
features (gender, age and BMI) instead of full set of features led to 6.48%, 12.94%
and 6.83% lower SEE’s for TB, DTF and SDT, respectively. So, the feature BMI and
age significantly improved the performance of models for prediction of UBP;o and
UBPgo. Additionally, UBPg prediction models gave lower SEE’s than the ones of the
models for UBP;o due to high standard deviation of UBP1o.

In Ozciloglu et al. (2016b), MLP and SDT combined with mRMR feature
selection algorithm were used to produce sixteen prediction models for predicting
UBP1 and UBPg,. The results showed that MLP-based models gave in average
16.00% and 14.49% lower SEE’s than the ones given by the SDT-based models, for
predicting UBP1, and UBPg, respectively. The prediction model consisting of
gender, BMI, VO,max, HRLT and time led to the lowest SEE’s and highest R’s for
prediction of UBP1o, while the model comprising of gender, age and BMI yielded the

11
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lowest SEE’s and highest R’s for prediction of UBPg, regardless of which artificial
intelligence methods had been used. Applying these two models instead of the full
set of features yielded up to 4.95% and 6.83% decrement rates in SEE’s for MLP and
SDT based UBP prediction models, respectively.

12
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2. OVERVIEW OF METHODS

2.1. Overview of Regression Methods

2.1.1. Generalized Regression Neural Network

A GRNN includes four layers, the names of which are given in Figure 2.1.
A typical GRNN architecture is illustrated in Fig. 2.1.

Input layer Pattern layer Summation layer Output layer

Figure 2.1. A typical GRNN architecture

Total number of features specifies the number of input structures. As shown
in Figure 2.1, each layer is directly connected to next layer without having any
feedback loops. The summation layer is comprised of a single division unit and
summation units. A normalization of the output set is performed by both the
summation and output layer.

GRNN can be considered as a technique to predict the joint pdf of x and vy,
when only a training set is given. Let f (x, y) represent the joint pdf of a vector

13
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random variable, x and a scalar random variable, y. In this case, the conditional

expected value of y given X, is calculated by (2.1.).

[0 v (X,y)dy
Ely|X] ==—"7T"— 2.1.
[yIX] = iy (2.1)
In case f (X, y) is not known, a sample of observations of x and y has to be

used to predict f (x, y). Let /°(X, Y) (given by (2.2.)) be the probability estimator. (X,
Y) includes sample values X' and Y' of the random variables x and y. In (2.2.), n is the
number of sample observations, o is the width and p is the dimension of the vector

variable x.

] _ 1 1 (X—Xi)T(X—Xi) (v-v?)
f'XY) = o mmmgm y i Pl lexp[- 5] (22)

The scalar function D? is given by (2.3.) and (2.4.) is obtained after carrying

out the necessary integrations.

D? = (X — x1)" (X — x) 2.3)

2
S, Yiexp(—
Y’(X) = L(ngz) (24)

" .
Ty EXP(— )

It should be noted that the final equation given by (2.4.) is applicable to

problems involving numerical data.
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2.1.2. Support Vector Machines

SVM is one of the most promising statistical learning methods for
classification and regression. (Vapnik, 1995) developed the principles of SVM. Since
then, SVM have gained enormous popularity owing to the fact that SVM having
many effective features, and providing good performance. Instead of the ERM
principle, which is used by artificial neural networks, SRM has been adopted in SVM
(Gunn et al., 1997). The error in the training set is minimized in the ERM, whereas
the expected risk is minimized in SRM. The generalization ability, which is one of
the main aims of statistical learning, of SVM comes from this difference. Although
SVM were originally designed to solve classification problems, they have been lately
restructured to solve regression problems (Vapnik et al., 1997).

A. Linear SVM

We are given the training data (x,V;),(i=1...,¢), where x is a d-

dimensional input vector with X & R and the output vector is y e R . (2.5.) shows

the linear regression model (Vapnik, 2000):

f(X)=<a),X>+b, @, xR, beR, (2.5)

In (2.5.), the target function is represented by f(X) and (,.) gives the dot

product inR*?.

To measure the empirical risk, some sort of loss function definition is
required. The e-insensitive loss function, which is proposed by Vapnik (Vapnik,
2000), is the most frequently used function. (2.6.) defines the e-insensitive loss
function:

Lg(y):{o for|f (x) - y|<e

[f()—y|-¢ otherwise (2.6.)
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The optimization problem given in (2.7.) (Gunn, 1998) should be solved to

find out the optimal » and b values

R T :
min E||a>|| +CZ(§;+§;)
E (2.7)

with constraints:
y,—{@o.%)-b<e+&,
(o,%)+b-y, <e+&,

ENLE >0, il N4 2.8)
In (2.8.), there exists toleration for the deviations larger than o and the

tradeoff between the flatness of f (X) is determined by C. The deviations from the -

tube are represented by the variables &~ and &7

The dual optimization problem given in (2.9.)

mag—EZZ(ai -a;)(a; —Olj)<Xi,Xj>—ZYi(ai _ai)_gZ(ai +a)
@ i1 -1 i=1 i=1 (2.9.)
with constraints:

O<a,a <C, i=1,./7,
Z(ai ~o;)=0
i=1 (2.10))

has to be solved, which in turn gives the optimum values of the Lagrange multipliers

ecand @', while » and b are given by

¢

g)=Z(05i* -

b= —%<a_),(xr + X3)> ,

where X and X, are support vectors (Gunn, 1998).

(2.11.)
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B. Nonlinear SVM

Nonlinear SVM can be constructed using a nonlinear mapping ¢ of the input

space onto a higher dimension feature space. (2.12.) shows the nonlinear regression

model
f ) =(w,4(X))+b, oxeR' ,beR, (2.12)
Where
o= z(a o W),
<w, 5(x)> = Z(a — ) (%), 9(x)) = Z(a —a)K (%, X),
B:-%Z(ai—a:)(K(xi,xr)+K(xi,xs)) 213)

the support vectors are represented by x and X, . A Kernel function K satisfying

Mercer’s conditions has been used to explain dot products (Vapnik, 2000).

After b is integrated into the kernel function, (2.12.) becomes:

Z[: (a; — ) )K (X, X)
i=1 (2.14))

Many different kernel functions including the radial basis function (RBF),
the polynomial function and the sigmoid function exist. However; RBF, as defined in

(2.15.) is the most commonly used Kernel function:

K(x,x") = exp(—u).
20 (2.15)

In (2.15.) the width of the RBF function is defined by ,.

17
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2.1.3. Tree Boost

Tree Boost is some sort of a machine learning algorithm used for the
solution of both regression and classification problems, which creates an estimation
model that has the shape of a group of low estimation models. Boosting Tree
algorithm is calculated by using boosting methods for regression trees. The common
idea is to evaluate an order of simple trees, where every progressive tree is
constructed for the estimation leftover of the former tree. This method will construct
binary trees. It is assumed that the complexities of the trees are limited with only 3
nodes. These are two child nodes and a root node. Therefore, at each step of the
boosting, a basic dividing of the data is specified, and the deviations of the noted
values from the individual means are calculated. The following 3-node tree will be
fitted to those residuals, in order to find alternate partition that will further decrease
the residual variance for the data, given the former a group of trees (Hastie et al.,
2009).

A boosted classifier (or regressor) has the form

HO)=>" ath (x) (2.16.)

This form can be trained by optimizing scalar ¢ and weak learner N (X) at
each iteration t. Before training begins, each data sample X is assigned a non-

negative weight W (which is derived from L). After each iteration, misclassified

samples are weighted more heavily thereby increasing the intensity of misclassifying
them in next iterations. Regardless of the type of Boosting used (i.e. AdaBoost,
LogitBoost, L2Boost, etc.), each iteration requires training a new weak learner given

the sample weights (Appel et al., 2013).
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2.1.4. Multilayer Perceptron

Several problems in different fields including control, function
approximation, pattern recognition and associative memory (Haykin, 1994) can be
solved by the biologically inspired intelligent systems called Artificial Neural
Networks (ANN’s). ANN’s are comprised of many simple processors interconnected
by many interconnection networks. The use of ANN’s provides the following
advantages: learning ability, generalization ability, fault tolerance, input—output
mapping, low energy consumption, nonlinearity, distributed representation and
computation (Huang, 2009).

Multi-layer feed-forward ANN’s (i.e. MLP) including one input layer, one
output layer, and some hidden layers are one of the most useful and popular
structures. The back propagation algorithm that relies on minimization of a
convenient cost function is used for training the MLP.

A typical MLP is shown Figure 2.2. A general L-layer FNN includes input
hidden and output layers. The layers are connected in a feed-forward style. There are
no connections between the neurons of the same layer. Also, there is no feedback in
the network structure. In Figure 2.2., the inputs are donated by x,, ..., x;, the neurons
of the hidden layer are donated by y;,..,y;,, and the outputs are denoted by
04, ..., 0. The weights in the input layer are shown by V whereas the weights in the
hidden layer are shown by W.
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Xi

Bias Unit : Bias Unit

Figure 2.2. A typical MLP structure.

The most commonly used training method for the MLP is the back-
propagation, which is basically used to determine the final weights of network. (Li et
al., 2012). In the back-propagation algorithm, the error calculated in the output layer
neurons is back-propagated to the hidden layer using the gradient-descent method for
minimizing the squared-error cost function in neurons according to the formula given
in (2.17.)

1
E,= Ezfﬂ(dkp +0,,)*+E, (2.17)

In (2.17.), the count of training patterns is given by p, o is the real output,
the term E, corresponds to the sum of the squared errors of the cost function and d
represents the desired output matrix with size of K, o is an actual output. Different
training functions including Quasi-Newton, Fletcher—Reeves and Levenberg—

Marquardt can be used for back propagation.
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2.1.5. Radial Basis Function Network

RBF’s appeared as a variant of artificial neural network in the last years of
1980. Nonetheless, their roots are settled in much more pattern recognition
techniques. These techniques can be clustering, mixture models, potential functions,
spline interpolation and functional approximation.

RBF network includes several layers and the first layer has input neurons.
These neurons feed the feature vectors into the network. The second one is the
hidden layer that calculates the result of the main functions. The last layer is the
output layer that calculates a linear combination of the main functions (Park and
Sanberg, 1991). Simple structures of these networks give a decreasing for training
time and make possible learning in stages.

RBF has the feed-forward structure. It has one layer that consists of hidden
units. These units are completely adjusted with the output units. (2.18) indicates the

output units (,/,j ) from a linear combination of the main functions (Ghosh-Dastidar

et al., 2008).

X‘CJH
Vi (x) = K(—z) (2.18.)

O .

J

f :R" >Rl is estimated by using an RBF network. xeR" is an input,

:th

l//(x.cj,crj)is the j= function with centre ¢, eR", width o;, and

W= (W, W,,...,W, ) € RMis the vector of linear output weights. M represents the

main number function. The M centres CjeR”are connected to obtain

c=(c.,c,,...c,)eR™ . Lastly, the widths are connected to obtain

0’=(c71,0 ,-..,UM)eRM. The output of the network for XeR"and ogeRY is

shown by (2.19).
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M
F(x,c,o,w)= Y (a)jl//(X,Cj,Gj)) (2.19)

j=1
Suppose that y=(y1,y2,...,yn) is the weighted output vector and

(%,¥;):1=12,..,N is a series of training pairs. For eachCe R™ »eR" oeR"and

N , which are taken as positive numbers to point

for random Weights,g,I i=12

out importance of definite domains of the input space, set (2.20) (Wright et al.,
2013).

2
M (v, - F(x,.¢.0, m))} (2.20.)

M2

E(C,a,a))zl
2j=1

2.1.6. Single Decision Trees

Classification and prediction problems can be solved by decision trees,
which are powerful data mining methodologies (Kantardzic, 2003). In general, a
decision tree can be seen as a predictive model, whereas a tree structure represents a
similar behavior to that of a flowchart. Target values can be obtained by decision
trees by utilizing classification and analysis (Han et al., 2006).

The classification made by decision trees is based on sorting instances. The
sorting is carried out by traversing the tree starting from the root node on top and
ending at some intermediate leaf node. Classification of the instance is acheived by
this process. There exist several popular tree-growing and tree-pruning algorithms.
Quinlan's ID3 algorithm, its extended version C4.5 and C5.0 algorithms all utilize

Greedy search methods for tree-growing and tree-pruning.
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2.2. Overview of Feature Selection Algorithms

2.2.1. Relief-F

Relief-F is an instance-based algorithm: Instances are tried randomly and
checked whether to have neighborhood of the same or different classes by this
algorithm. The algorithm works on continuous and discrete class data. The
parameters determine the number of neighbors to check as well as the number of
instances to sample. (Witten et al., 2011).

The Pseudo code of the Relief-F algorithm is given in Figure 2.3. Initially,
all weights are set to zero (line 1). Then, at each iteration, an instance R; is randomly
selected (line 3). k nearest neighbors of R; which are called nearest hits Hj and
having the same class, are searched (line 4). On the other hand, k nearest neighbors
of R; which are called nearest misses M; (C) and having different class, are searched
(lines 5 and 6). W[A] is updated for all attributes with respect to the values of R; and
H; (Robnik-Sikonja et. al, 2003).

Input: for each training instance a vector of attribute values and the class
value
Output: the vector W of estimations of the qualities of attributes
1. setall weights W[A] :=0.0:
2. fori:=1tom do begin
3. randomly select an instance R;:
4. find k nearest hits H;:
S5: for each class C # class(R;) do
6. from class C find k nearest misses M ;(C);
7. for A:=1toado
k
8. WI[A]:= W[A]- X diff(A, R;. Hj)/(m - k)+
P((‘_l -
9. Z I-ITPT(_T(I\—:'—R,—'—) diff( A, R(.IW}(C))]/(I” -k):
C#class(R;) 7=1
10. end:

Figure 2.3. Pseudo code of Relief-F algorithm
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2.2.2. Minimum Redundancy Maximum Relevance

The first idea behind mRMR is simple: Highly correlated features should
not be taken into account. In other words, the redundancy among the selected
features should be as large as possible (Acid, et. al, 2011). In order to achieve this
goal, first of all, redundancy among features must be measured somehow.

Assume that {X1, X»,..., Xn} are discrete random variables and U consists of
a set of these random variables. Also, assume that C is a class variable that takes the
values {c;, ¢;,..., cx}. Any subset of U is represented by S < U. The redundancy

among features is determined by (2.21.)

1

WI(S) = WZX,:,X]'ESMI(XL'!)(]) (221)

In (2.21.), the measure of mutual information between the variables X; and
Xj is given by (Xi, ).

The second idea behind mRMR is as follows: Maximum relevance criterion
of the features with respect to the class variable must be considered. The relevance of
the features regarding the class variable C is given by
Vi(S) = 1 B s MI(C, X)) (2.22.)
(2.23.) shows a simple but efficient formula to obtain the combination of redundant

and relevant features.

§* = argmaxscy (Vi(S) = W;(S)) (2.23)

It should be noted that the best subset cannot be found by utilizing an
exhaustive search. Therefore, an incremental technique, which starts with the feature
having maximum value of (C; X:) (So={Xio }) and adds to the current subset Sn,; the

feature, is required for this purpose. The related formula for this process is given by

max 1
X;€U\Sm_1 (MI (C. X)) = — Bxiesp M1 (X,-,Xi)) (2.24)
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2.2.3. Correlation-Based Feature Selection

In this algorithm, a subset of features is selected depending on a heuristic
given by (2.25.),

) kr
Merit, = (2.25))

ke (k-1

In (2.25), Merit,shows how much value a subset containing K features has.
The average feature class correlation is designated by v~ whereas the average
feature-feature intercorrelation is given by r_ . The numerator gives a sign of the

class a group of features and determines the redundance among them is determined
by the denominator. The heuristic processes non-relevant features since they are
weak estimators of the class. Excess attributes are differentiated as they are the most
related with one feature (Hall et al., 1997).
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3. DEVELOPMENT OF PREDICTION MODELS

The Relief-F and mRMR feature selection algorithms have been utilized to
find out the ranking of each feature affecting UBP1 and UBPs, for all datasets. More
specifically, a score has been assigned to each feature with the help of Relief-F and
MRMR and these scores have been used to sort the features in descending order. The
ranking of the features obtained by applying Relief-F and mRMR for UBP-setl and
UBP-set2 is given in Table 3.1 through Table 3.8. Sixty-eight UBP prediction
models have been created by keeping the features with higher scores and removing
the ones with lower scores. In contrast to Relief-F and mMRMR algorithms, the CFS
algorithm which is combined with diffirent search methods such as BestFirst,
GeneticSearch, GreedyStepwise and RandomSearch gives a set of selected features
to develop four different models for UBP-setl and five different models for UBP-
set2.

Table 3.1. Features' Relief-F scores regarding UBP;, in UBP-set1

Feature Relief-F Score
Time 0.04982
Weight 0.03119
Gender 0.02179
Height 0.01217

Age 0.00982

HRLT 0.00530
VO,max -0.00192
HRmax -0.00342
Protocol -0.01735
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Table 3.2. Features' Relief-F scores regarding UBPg in UBP-set1

Feature Relief-F Score
Weight 0.0314

Age 0.0208

Gender 0.0182

Height 0.0071
VO,max 0.0062

HRmax 0.0016

Time 0.0012

HRLT -0.00112
Protocol -0.02521

Table 3.3. Features' Relief-F scores regarding UBP;o in UBP-set2

Feature Relief-F Score
Gender 0.0391

Time 0.0377

BMI 0.0189

HRLT 0.0070

Age 0.0048
VO,max 0.0047

HRmax -0.0035
Protocol -0.0176

Table 3.4. Features' Relief-F scores regarding UBPg in UBP-set2

Feature Relief-F Score
Gender 0.0300

BMI 0.0217

Age 0.0180
VO,max 0.0071

Time 0.0039

Hrmax 0.00004

HRLT -0.0008012
Protocol -0.0116566
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Table 3.5. mMRMR scores of the features regarding UBPy, in UBP-setl

Feature MRMR Score
Gender 0.79
Weight 0.40
Height 0.39
VO,max 0.34
Time 0.28
Age 0.24
HRmax 0.23
Protocol 0.19
HRLT 0.09

Table 3.6. MRMR scores of the features regarding UBPg, in UBP-setl

Feature MRMR Score
Gender 0.94
Age 0.89
Weight 0.87
VO,max 0.74
HRLT 0.73
Height 0.69
HRmax 0.68
Protocol 0.54
Time 0.49

Table 3.7. mMRMR scores of the features regarding UBP;o in UBP-set2

Feature MRMR Score
Gender 0.79
BMI 0.44
VO,max 0.38
HRLT 0.37
Time 0.26
Age 0.22
HRmax 0.21
Protocol 0.16
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Table 3.8. mMRMR scores of the features regarding UBPg, in UBP-set2

Feature mMRMR Score
Gender 0.93
Age 0.89
BMI 0.80
VO,max 0.75
HRLT 0.75
HRmax 0.68
Protocol 0.53
Time 0.48

For each model, UBP1g and UBPg, have been predicted using GRNN, SVM,
MLP, TB, RBF and SDT. SEE, R and MAPE, the formulas of which are given in
(3.1), (3.2) and (3.3), respectively, have been used to evaluate the performance of the
developed prediction models. 10-fold cross validation has been utilized to reduce the

generalization errors of the prediction models.

SEE = 2(-v) (3.1)
N
R ) 62)
2.(v-Y)
npe LYY 53)

In (3.1.), (3.2.) and (3.3), Y is the measured UBP value, Y is the predicted
UBP value, Y is the mean of the measured UBP values and N is the number of

samples in a test subset.
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Table 3.9 through Table 3.16 show the prediction models for UBP19, UBPg

and the features that each model contains.

Table 3.9. Overview of UBP;o models produced by Relief-F scores for UBP-set1

Models  Features

Model 1 Time, Weight, Gender, Height, Age, HRLT, VO,max, HRmax,
Protocol

Model 2 Time, Weight, Gender, Height, Age, HRLT, VO,max, HRmax

Model 3  Time, Weight, Gender, Height, Age, HRLT, VO,max

Model 4  Time, Weight, Gender, Height, Age, HRLT

Model 5 Time, Weight, Gender, Height, Age

Model 6  Time, Weight, Gender, Height

Model 7 Time, Weight, Gender

Model 8  Time, Weight

Model 9  Time

Table 3.10. Overview of UBPg, models produced by Relief-F scores for UBP-setl

Models

Features

Model 10

Model 11
Model 12
Model 13
Model 14
Model 15
Model 16
Model 17
Model 18

Weight, Age, Gender, Height, VO,max, HRmax, Time, HRLT,
Protocol
Weight, Age, Gender, Height, VO,max, HRmax, Time, HRLT

Weight, Age, Gender, Height, VO,max, HRmax, Time
Weight, Age, Gender, Height, VO,max, HRmax
Weight, Age, Gender, Height, VO,max

Weight, Age, Gender, Height

Weight, Age, Gender

Weight, Age

Weight
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Table 3.11. Overview of UBP;; models produced by Relief-F scores for UBP-set2

Models Features

Model 19  Gender, Time, BMI, HRLT, Age, VO,max, HRmax, Protocol

Model 20  Gender, Time, BMI, HRLT, Age, VO,max, HRmax

Model 21  Gender, Time, BMI, HRLT, Age, VO,max

Model 22  Gender, Time, BMI, HRLT, Age

Model 23  Gender, Time, BMI, HRLT

Model 24 Gender, Time, BMI

Model 25  Gender, Time

Model 26 Gender

Table 3.12. Overview of UBPgy models produced by Relief-F scores for UBP-set2

Models Features

Model 27 Gender, BMI, Age, VO,max, Time, HRmax, HRLT, Protocol

Model 28  Gender, BMI, Age, VO,max, Time, HRmax, HRLT

Model 29  Gender, BMI, Age, VO,max, Time, HRmax

Model 30  Gender, BMI, Age, VO,max, Time

Model 31  Gender, BMI, Age, VO,max

Model 32  Gender, BMI, Age

Model 33  Gender, BMI

Model 34  Gender

Table 3.13. Overview of UBP;, models produced by mRMR scores for UBP-setl

Models Features

Model 35 Gender, Weight, Height, VO,max, Time, Age, HRmax, Protocol,
HRLT

Model 36  Gender, Weight, Height, VO,max, Time, Age, HRmax, Protocol

Model 37 Gender, Weight, Height, VO,max, Time, Age, HRmax

Model 38  Gender, Weight, Height, VO,max, Time, Age

Model 39  Gender, Weight, Height, VO,max, Time

Model 40  Gender, Weight, Height, VO,max

Model 41  Gender, Weight, Height

Model 42 Gender, Weight

Model 43 Gender
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Table 3.14. Overview of UBPg, models produced by mRMR scores for UBP-setl

Models Features
Model 44 _(I%iemnger, Age, Weight, VO,max, HRLT, Height, HRmax, Protocol,
Model 45  Gender, Age, Weight, VO,max, HRLT, Height, HRmax, Protocol
Model 46  Gender, Age, Weight, VO,max, HRLT, Height, HRmax
Model 47 Gender, Age, Weight, VO,max, HRLT, Height
Model 48  Gender, Age, Weight, VO,max, HRLT
Model 49  Gender, Age, Weight, VO,max
Model 50  Gender, Age, Weight
Model 51  Gender, Age
Model 52 Gender
Table 3.15. Overview of UBP;o models produced by mRMR scores for UBP-set2
Models Features
Model 53  Gender, BMI, VO,max, HRLT, Time, Age, HRmax, Protocol
Model 54  Gender, BMI, VO,max, HRLT, Time, Age, HRmax
Model 55  Gender, BMI, VO,max, HRLT, Time, Age
Model 56  Gender, BMI, VO,max, HRLT, Time
Model 57  Gender, BMI, VO,max, HRLT
Model 58  Gender, BMI, VO,max
Model 59  Gender, BMI
Model 60  Gender
Table 3.16. Overview of UBPg, models produced by mRMR scores for UBP-set2
Models Features
Model 61  Gender, Age, BMI, VO,max, HRLT, HRmax, Protocol, Time
Model 62  Gender, Age, BMI, VO,max, HRLT, HRmax, Protocol
Model 63  Gender, Age, BMI, VO,max, HRLT, HRmax
Model 64  Gender, Age, BMI, VO,max, HRLT
Model 65  Gender, Age, BMI, VO,max
Model 66  Gender, Age, BMI
Model 67  Gender, Age
Model 68  Gender
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Table 3.17. Overview of UBP;; and UBPgy models produced by CFS for UBP-setl
Models Features

Model 69  Gender, Weight, Height, VO,max, Time

Model 70  Gender, Weight, Height, HRmax, Time, HRLT

Model 71 Protocol, Gender, Weight, Height, VO,max, Time

Model 72 Gender, Weight, Height, HRmax, Time, HRLT

UBP1o

UBPeo

Table 3.18. Overview of UBP;, and UBPg, models produced by CFS for UBP-set2
Models Features
Model 73 Gender, BMI, VO,max, Time, HRLT
Model 74  Gender, BMI, Time, HRLT
Model 75  Protocol, Gender, VO,max, HRmax, Time, HRLT
UBPg Model 76  Protocol, Gender, VO,max, Time, HRLT
Model 77  Gender, HRmax, Time, HRLT

UBP1o

3.1. GRNN-based Prediction Models

The flow chart of the GRNN-based UBP prediction model is shown in
Figure 3.1. The first step includes the assignment of the scores to each feature and
ranking of the features based on the assigned scores. In the GRNN part, the total
number of features directly determines the number of input units in the input layer.
The input layer is followed by the pattern layer, in which each neuron presents a
training pattern and its output. The summation layer comes right after the pattern
layer. The summation layer includes a single division unit and summation units. A
normalization of the output set is performed by both the summation and output layer.
In training of network, radial basis and linear activation functions are used in hidden
and output layers. With respect to the cross validation process, UBP is predicted for
each fold and also performance measures including SEE and R are calculated. This
process is repeated ten times. Finally, the feature having the minimum score has been
removed. At the end of the flow, if the number of features equals zero, the process is

terminated, otherwise, the flow returns to the part of dataset partitioning.
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The list of intervals for values of the utilized parameters for GRNN-based

prediction models is given in Table 3.19.

Table 3.19. Values of the utilized parameters for the GRNN models

Parameter Value
Number of neurons [0, 100]
Hidden layer kernel function Gaussian
Weight range [1, 5]
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Figure 3.1. Flow chart of GRNN-based model
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3.2. SVM- based Prediction Models

Building an efficient SVM regression model requires to get the best values
of the parameters cost (C), epsilon (¢) and y, which is the parameter of the RBF
kernel. Hence, one needs an effective search algorithm to find the best values of
these parameters. There exist many techniques, which include genetic algorithm
(Friedrichs and Igel, 2005), particle swarm optimization (Guo et al., 2006), grid
search (Hsu et al., 2003), grid search and cross validation, that can be used to obtain
the best values of the mentioned parameters. In grid search, the values of the
parameters are varied within a pre-defined range in grid search and the triple yielding
the maximum performance is selected. The performance can be represented using
several metrics including the minimization of root mean square error, the
maximization of correlation coefficient or mean absolute error. The problem of
generalization can be overcome using cross validation. The original data set is
randomly split into k subsets in the case of k fold cross validation. The training data
is formed using k - 1 subsets whereas the rest of the data is used as the validation
data. This procedure is carried out exactly k times (known as the folds) so that the
validation data includes every k subsets. The final performance measure is obtained
by averaging or combining the results of each fold.

The flow chart of the SVM-based UBP prediction model is shown in Figure
3.2. The first step includes the assignment of the scores to each feature and ranking
of the features based on the assigned scores. The data set is then preprocessed using
standardization so that the predictor variables and the target variable have zero mean
and unit variance. This process created new train and test sets. The advantage of
applying the standardization process is that the predictor variables with high values
get scaled hence the computational power regarding creating the SVM prediction
model is reduced. 10-fold cross validation has been applied on the data set to
overcome the problem of generalization and improve the reliability of the presented
results. The optimal values of the C, ¢ and y have been found implementing grid
search along with. The root mean square error is used as the performance metric for

10-fold cross validation. The triple yielding the lowest value of the root mean square
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error has been selected for building the prediction model, which in turn is utilized for
predicting UBP values in the test set.

Finally, the feature having the minimum score has been removed. At the
end of the flow, if the number of features equals zero, the process is terminated,

otherwise, the flow returns to the part of dataset partitioning.

Table 3.20. The intervals for values of the parameters for the SVM model

Parameter Value

Cost (C) [0.1, 5000]
Gamma (y) [0.0001, 100]
Epsilon (g) [0.001, 50]
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Figure 3.2. Flow chart of SVM-based model
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3.3. TB- based Prediction Models

The Tree Boost algorithm is given by (3.4.).

F(x) = Fy + A1 *T1(x) + A2 * T2(x) + - + AM = TM (%) (3.4)

In (3.4.), F(x) represents the predicted target value, FO is the initial value, x
IS a vector representing the residuals, the first tree of the series that fits the residuals
is represented by T1(x) and the coefficients of the tree nodes are Al, A2, etc. The
following rules have been applied to build TB-based UBP prediction models:

1. The mean of the target variable (i.e. the coefficient of Fy) has been found.

2. The rows feeding the next tree have been selected.

3. Huber’s Quantile Cutoff factor has been used to transform the residuals
(i.e. pseudo-residuals) that have been sorted.

4. The first tree (T1) has been fitted to pseudo-residuals.

5. The mean of the pseudo-residuals in each of the terminal nodes (i.e.
predicted variable) has been calculated.

6. The residuals between the predicted variable and the pseudo-residuals
that fed the tree were calculated and Huber’s Quantile Cutoff factor has been applied
again to obtain the mean of these residuals.

7. The boost coefficient (Al) has been calculated.

8. The boost coefficient has been multiplied by the shrink value to terminate
the learning process.

The search intervals for values of the parameters for the TB models are

given in Table 3.21.

Table 3.21. Values of the utilized parameters for the TB models

Parameter Value
Maximum number of trees used in series [200, 550]
Depth of individual trees [5, 7]
Minimum size node to split [8, 23]
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3.4. MLP- based Prediction Models

UBP prediction models have been developed with the help of MLP utilizing
the back propagation algorithm. The performance of an MLP based prediction model
is affected by many factors including preprocessing, the number of hidden layers, the
type of activation functions used in the hidden and output layers and the number of
hidden layer neurons.

The inputs and outputs are normalized so that they have zero mean and
unity variance. The tansigmoid activation function is used in the hidden layers
whereas the pure-linear activation function is used in the output layers. The
Levenberg—Marquardt algorithm is utilized for training the network. There is no
specific rule for determining the number of hidden layers and the number of neurons
in each hidden layer. The numbers can change from one problem to another. For
developing UBP prediction models, multilayer feed-forward neural networks with 1
to 4 layers have been implemented. The number of hidden layer neurons has been
varied within specific intervals and the number vyielding the lowest SEE in the
training phase has been chosen to develop UBP prediction models.

The search intervals for values of the parameters for the MLP models are

given in Table 3.22.

Table 3.22. Values of the utilized parameters for the MLP models

Parameter Value
Number of hidden layers [1, 4]
Number of neurons in the hidden layer [2, 20]
Hidden layer activation function Tansigmoid
Output layer activation function Linear
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3.5. RBF- based Prediction Models

The flow chart of the RBF-based UBP prediction model is shown in Figure
3.3. The first step includes the assignment of the scores to each feature and ranking
of the features based on the assigned scores. Then, a neuron is added to the network
at each step until the desired error has been reached in the training stage. After the
weight for output layer is computed, the error at output of network is calculated. If
the error is acceptable, the performance of the network is measured for the test set.
Otherwise, the process goes back to the section of adding a new neuron. Once the
error is acceptable, the SEE and R values are calculated. Finally, the feature having
the minimum score has been removed. At the end of the flow, if the number of
features equals zero, the process is terminated, otherwise, the flow returns to the part
of dataset partitioning.

The parameters affecting the performance of RBF based models are the
number of neurons, radius and lambda. Table 3.23 lists the ranges for values of the
utilized parameters for RBF based prediction models.

Table 3.23. Values of the utilized parameters for the RBF models

Parameter Value
Number of neurons [3, 100]
Radius [0.01, 400]
Lambda [0.001, 10]
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3.6. SDT- based Prediction Models

There are three important parameters that affect the performance of SDT-
based prediction models. One of the parameters is known as the minimum rows in a
node and the others are known as the minimum size node to split and maximum tree
levels. The list of intervals for values of the utilized parameters for SDT-based

prediction models is shown in Table 3.24.

Table 3.24. Values of the utilized parameters for the SDT models

Parameter Value
Minimum rows in a node [2, 10]
Minimum size node to split [6, 8]

Maximum tree levels [7, 10]
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4. RESULTS AND DISCUSSION

As described in Section 1, two datasets have been used in this thesis. The
first data set comprises the features Protocol, Gender, Age, Weight, Height, VO,max,
HRmax, Time and HRLT. The second data set includes Protocol, Gender, Age, BMI,
VO;max, HRmax, Time and HRLT. Both datasets have the two target variables
UBP;o and UBPg. The prediction models have been developed on these two datasets
with the integration of Relief-F and mRMR feature selection algorithms and CFS
feature subset selection algorithm in GRNN, RBF, MLP, SVM, SDT and TB.

4.1. Results and Discussion for Prediction Models with Relief-F

The SEE's related to the prediction of both UBP1, and UBPg, for UBP-setl

are listed in ascending order Table 4.1 and Table 4.2, respectively.

Table 4.1. SEE’s for Relief-F-based UBP;, prediction models (UBP-setl)
SEE

GRNN SVM MLP B RBF SDT
Model 5  24.73 27.80 29.26 29.34 30.92 38.83
Model 6  25.23 28.73 29.57 32.85 33.03 39.30
Model 1 26.76 28.81 29.91 33.20 34.47 39.83
Model 2 26.91 29.22 30.25 33.26 37.25 40.19
Model 3 27.80 29.42 30.68 33.87 38.63 40.46
Model 4  28.42 29.58 31.13 33.88 38.71 40.51
Model 7 28.47 30.67 31.38 34.09 40.13 40.52
Model 8  43.19 43.50 44.87 45.69 50.84 51.68
Model 9  57.80 59.36 60.94 61.16 63.05 63.45

Models
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Table 4.2. SEE’s for Relief-F-based UBPg prediction models (UBP-setl)
SEE

GRNN SVM B MLP RBF SDT
Model 14 14.94 18.73 19.51 20.42 22.15 24.59
Model 13 15.66 18.75 19.59 20.57 22.48 25.11
Model 15 17.14 19.47 19.79 20.66 23.08 26.28
Model 12 17.38 19.64 20.49 20.98 23.38 29.43
Model 10 17.62 20.19 20.69 22.49 23.94 29.75
Model 11 18.34 20.43 20.79 22.71 24.85 30.06
Model 16 19.93 20.69 21.47 23.90 25.24 30.59
Model 17 36.96 40.85 41.93 42.41 42.65 43.78
Model 18 40.88 42.68 43.49 45.17 45.32 48.42

Models

The R's related to the prediction models of both UBP3, and UBPg, for UBP-
setl are listed in descending order Table 4.3 and Table 4.4, respectively.

Table 4.3. R’s for Relief-F-based UBP;, prediction models (UBP-setl)
R

GRNN SVM MLP B RBF SDT
Model 5 0.937 0.919 0.910 0.909 0.899 0.835
Model 6 0.934 0.914 0.908 0.885 0.884 0.831
Model 1 0.925 0.913 0.906 0.883 0.873 0.826
Model 2 0.925 0.910 0.904 0.882 0.849 0.822
Model 3 0.919 0.909 0.901 0.878 0.837 0.820
Model 4 0.915 0.908 0.897 0.877 0.836 0.819
Model 7 0.915 0.901 0.896 0.876 0.823 0.818
Model 8 0.791 0.787 0.772 0.762 0.694 0.681
Model 9 0.574 0.541 0.505 0.499 0.450 0.438

Models
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Table 4.4. R’s for Relief-F-based UBPg, prediction models (UBP-setl)
R

GRNN SVM B MLP RBF SDT
Model 14 0.960 0.937 0.932 0.925 0.911 0.889
Model 13 0.956 0.937 0.931 0.924 0.908 0.884
Model 15 0.948 0.932 0.929 0.923 0.903 0.872
Model 12 0.946 0.930 0.924 0.920 0.900 0.836
Model 10 0.945 0.926 0.923 0.908 0.895 0.832
Model 11  0.940 0.925 0.922 0.906 0.886 0.828
Model 16 0.929 0.923 0.917 0.895 0.882 0.822
Model 17 0.725 0.649 0.624 0.613 0.607 0.578
Model 18 0.648 0.606 0.586 0.540 0.536 0.431

Models

The MAPE's related to the prediction models of both UBP;o and UBPg, for
UBP-setl are listed in ascending order Table 4.5 and Table 4.6, respectively.

Table 4.5. MAPE’s for Relief-F-based UBP;, prediction models (UBP-setl)

el MAPE (%)

Models * “SrRNN svm MLP TB RBF SDT
Model 5 8.63 9.79 10.87 11.05 11.05 13.80
Model 6  8.98 9.89 10.90 11.17 11.84 13.89
Model 1 951 10.65 11.06 11.44 12.42 14.72
Model 2 9.60 10.73 11.35 11.68 12.71 14.78
Model 3 9.75 10.81 11.37 11.94 1351 14.84
Model 4  9.92 10.90 11.38 11.96 14.41 14.85
Model 7 9.97 11.05 11.81 11.99 14.62 14.86

Model 8  11.54 16.06 16.28 16.77 16.91 17.35
Model 9  15.50 23.64 23.93 24.78 25.67 26.49
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Table 4.6. MAPE’s for Relief-F-based UBPg, prediction models (UBP-setl)

ol MAPE (%)

00 "GRNN svM MLP 1B RBF SDT
Model 14 6.83 784 8.6 8.96 9.60 11.66
Model 13 7.26 7.01 9.13 9.64 9.73 11.74
Model 15 7.58 9.01 9.15 1051 1052  12.29
Model 12 7.71 9.33 9.43 1060 1061 1338
Model 10 7.85 9.61 9.98 1085 1105 1353
Model 11 8.16 9.66 1002 1106 1140  13.61
Model 16 8.88 9.95 1048 1158 1167  13.66

Model 17 16.61 19.71 19.92 20.07 21.34 22.42
Model 18 20.07 20.57 20.96 21.53 21.65 22.61

The following points can be stated for UBP prediction models developed
using UBP-setl:

e With respect to the ranking of the Relief-F algorithm, the features exercise
time and weight exhibit the highest scores for UBP1y and UBPg, predictions,
respectively. On the other hand; the feature, having the minimum Relief-F
score for both UBP;y and UBPg prediction, is protocol.

e Using less number of features than the full set of features yield lower SEE’s
and higher R’s for UBP1p and UBPg predictions. In more details; Model 5
and Model 14, which include less number features, lead up to 13.16% and
20.98% reductions in SEE’s for prediction of UBP1p and UBPg, in the order
given.

e The prediction model including just the feature exercise time yields the
highest SEE’s for UBP; prediction. On the other hand; the model containing
the feature weight only yields the highest SEE’s for UBPg prediction. In
particular, SDT based models give the highest SEE’s (63.45 W, 48.42 W) and
the lowest R’s (0.438, 0.431) for prediction of UBPj; and UBPgy,
respectively.

e Observation of the SEE’s of Model 7 including the features time, weight,
gender and Model 8 including the features time and weight suggests that the
feature gender has significant effect for UBP1 prediction. In more detail, the
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inclusion of gender in the aforementioned model leads in average 36.30%
reduction in SEE for predicting UBPo. A similar case is observed when the
SEE’s of the Model 16 including weight, age, gender and the Model 17
including weight and age are compared. In particular, the addition of gender

in the related model causes in average 75.28% decrement in SEE for
prediction of UBPg.
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Figure 4.1. Percentage decrease rates in SEE values of UBP1, for GRNN-based
models compared to SEE values obtained by SVM, MLP, TB, RBF
and SDT-based models using Relief-F on UBP-setl
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Figure 4.2.

Percentage decrease rates in SEE values of UBPg, for GRNN-based
models compared to SEE values obtained by SVM, TB, MLP, RBF
and SDT-based models using Relief-F on UBP-setl
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Figure 4.3.

Average SEE's of prediction models for UBP;o using Relief-F on
UBP-setl
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Figure 4.4.  Average SEE‘s of prediction models for UBPg using Relief-F on
UBP-setl

e As compared to the SEE’s obtained by SVM, MLP, TB, RBF and SDT, the
maximum percentage decrement rates in SEE’s obtained by GRNN are in
average 7.06%, 11.02%, 18.77%, 29.57% and 41.20% for prediction of
UBP;o, respectively.

e Similarly, as compared to the SEE’s obtained by SVM, TB, MLP, RBF and
SDT, the maximum percentage decrement rates in SEE’s obtained by GRNN
are in average 13.89%, 16.38%, 22.88%, 31.69% and 52.30% for prediction
of UBPg, in the order given.

e For UBPy, and UBPgy, prediction models including the features weight,
height, gender and age give lower SEE’s than other models. This in turn
means that the correlation of UBP with these four features is quite high.
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The SEE's related to the prediction models of both UBPy, and UBPg, for
UBP-set?2 are listed in ascending order Table 4.7 and Table 4.8, respectively.

Table 4.7. SEE’s for Relief-F-based UBP;, prediction models (UBP-set2)
SEE

GRNN SVM MLP B RBF SDT
Model 24 32.00 32.37 33.64 35.53 37.54 39.81
Model 22 32.01 32.84 34.13 35.84 38.67 40.45
Model 23 32.67 33.11 34.34 37.52 39.24 40.91
Model 19 32.83 33.91 34.43 37.55 39.28 42.76
Model 20 32.96 34.05 35.77 38.07 39.35 42.89
Model 21  33.35 34.14 37.93 39.14 40.29 43.29
Model 25 36.15 36.16 39.71 39.85 40.32 43.77
Model 26  40.02 40.11 40.17 40.20 40.39 45.09

Models

Table 4.8. SEE’s for Relief-F-based UBPg, prediction models (UBP-set2)
SEE

GRNN SVM B MLP RBF SDT
Model 32 18.45 21.40 21.92 23.44 24.71 26.51
Model 31 19.90 21.72 22.52 23.95 24.86 26.92
Model 30 20.23 21.73 22.77 24.54 25.19 27.53
Model 27 20.36 21.88 23.34 24.60 25.94 28.32
Model 28 21.61 21.89 24.02 25.61 26.86 29.68
Model 29 21.70 21.99 24.29 26.84 27.77 29.85
Model 33 24.69 24.87 25.16 27.16 28.54 30.02
Model 34 28.86 29.24 29.25 29.26 29.46 31.14

Models
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The R's related to the prediction of both UBP1, and UBPg, for UBP-set2 are
listed in descending order Table 4.9. and Table 4.10, respectively.

Table 4.9. R’s for Relief-F-based UBPy, prediction models (UBP-set2)
R

GRNN SVM MLP B RBF SDT
Model 24 0.891 0.889 0.879 0.864 0.847 0.826
Model 22 0.891 0.885 0.875 0.861 0.837 0.820
Model 23 0.886 0.883 0.874 0.847 0.831 0.815
Model 19 0.885 0.877 0.873 0.847 0.831 0.796
Model 20 0.884 0.876 0.862 0.842 0.830 0.794
Model 21 0.881 0.875 0.843 0.832 0.821 0.790
Model 25 0.859 0.859 0.827 0.825 0.821 0.785
Model 26 0.824 0.823 0.822 0.822 0.820 0.769

Models

Table 4.10. R’s for Relief-F-based UBPg, prediction models (UBP-set2)
R

GRNN SVM B MLP RBF SDT
Model 32 0.939 0.917 0.913 0.900 0.888 0.869
Model 31 0.929 0.914 0.908 0.895 0.886 0.865
Model 30 0.926 0.914 0.905 0.889 0.883 0.858
Model 27 0.925 0.913 0.900 0.889 0.875 0.849
Model 28 0.915 0.913 0.894 0.879 0.866 0.833
Model 29 0.914 0.912 0.892 0.866 0.856 0.831
Model 33 0.888 0.886 0.883 0.862 0.847 0.829
Model 34 0.843 0.838 0.838 0.838 0.836 0.814

Models
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The MAPE's related to the prediction of both UBP1; and UBPg, for UBP-

set2 are listed in ascending order Table 4.11. and Table 4.12, respectively.

Table 4.11. MAPE’s for Relief-F-based UBPy, prediction models (UBP-set2)
MAPE (%)

GRNN SVM MLP B RBF SDT
Model 24  10.96 11.56 12.16 12.72 13.94 14.40
Model 22 11.19 12.28 12.29 13.35 13.95 14.58
Model 23 11.42 12.31 12.40 13.81 14.45 15.39
Model 19 11.42 12.36 12.48 13.82 14.45 15.44
Model 20 12.09 12.43 12.62 13.87 14.47 15.55
Model 21 12.14 12.44 12.87 14.67 14.67 15.55
Model 25 13.82 14.26 14.91 14.92 15.20 15.90
Model 26 15.46 15.50 15.53 15.74 15.75 16.51

Models

Table 4.12. MAPE’s for Relief-F-based UBPg, prediction models (UBP-set2)

MAPE (%)

Models

GRNN SVM MLP B RBF SDT
Model 32 8.01 9.59 9.86 11.24 11.26 12.51
Model 31 9.36 9.98 10.29 11.52 12.10 12.66
Model 30 9.39 10.49 11.09 11.63 12.21 12.82
Model 27 9.46 10.52 11.17 11.92 12.25 13.04
Model 28 9.73 10.61 11.20 12.07 12.64 13.74

Model 29 10.41 10.63 11.74 12.37 14.00 13.94
Model 33 12.13 12.20 12.26 12.55 15.33 13.94
Model 34 14.28 14.37 14.43 14.62 15.34 15.50
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In a similar fashion, the following statements are valid for UBP prediction

models developed using UBP-set2:

e With respect to the ranking of the Relief-F algorithm, the feature gender
exhibits the highest scores for UBP;o and UBPg predictions, respectively. On
the other hand; the feature, having the minimum Relief-F score for both
UBP;o and UBPg prediction, is protocol.

e Using less number of features than the full set of features yield lower SEE’s
and higher R’s for UBP1o and UBPg predictions. In more details; Model 24
and Model 32, which include less number features, lead up to 7.41% and
10.35% reductions in SEE’s for prediction of UBP1g and UBPg, in the order
given.

e The prediction model consisting of only the feature gender (i.e. Model 26 and
Model 34) yields the highest SEE’s and lowest R’s for both prediction of
UBP1o and UBPg. In particular, SDT based models yield the highest SEE’s
(45.09 W, 31.14 W) and the lowest R’s (0.769, 0.814) for prediction of UBP1y
and UBPg, respectively.

e As compared to the SEE’s obtained by SVM, MLP, TB, RBF and SDT, the
maximum percentage decrement rates in SEE’s obtained by GRNN are in
average 1.79%, 6.78%, 11.97%, 16.32% and 24.99% for prediction of UBP1j,
in the order given.

e Similarly, as compared to the SEE’s obtained by SVM, TB, MLP, RBF and
SDT, the maximum percentage decrement rates in SEE’s obtained by GRNN
are in average 5.59%, 10.69%, 17.89%, 22.59% and 32.32% for prediction of
UBPgo, respectively.
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Figure 4.5.  Percentage decrease rates in SEE values of UBP1, for GRNN-based

models compared to SEE values obtained by SVM, MLP, TB RBF
and SDT-based models using Relief-F on UBP-set2
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Figure 4.6.  Percentage decrease rates in SEE values of UBPs for GRNN-based
models compared to SEE values obtained by SVM, TB, MLP RBF
and SDT-based models using Relief-F on UBP-set2
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Figure 4.8.  Average SEE‘s of prediction models for UBPg using Relief-F on
UBP-set2
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As compared to the SEE’s obtained by SDT, the maximum percentage
decrement rates in SEE’s obtained by GRNN, SVM, MLP, TB and RBF are
in average 24.99%, 22.75%, 17.09%, 11.64% and 7.55% for prediction of
UBP, respectively.

Also, as compared to the SEE’s obtained by SDT, the maximum percentage
decrement rates in SEE’s obtained by GRNN, SVM, TB, MLP and RBF are
in average 32.32%, 25.31%, 19.37%, 12.11% and 7.86% for prediction of
UBPg, in the order given.

When all results are taken into consideration, Model 24 including the features
gender, time, BMI and Model 25 including the features gender and time
suggests that the feature BMI provides a significant improvement for
prediction of UBPi. In more detail, the inclusion of BMI in the
aforementioned model leads in average 11.89% reduction in SEE for
predicting UBP;o. However, when the SEE’s of the Model 32 including
gender, BMI, age and the Model 33 including gender and BMI are compared,
the addition of gender in the related model causes in average 17.60%
decrement for prediction of UBPgo.

In general, prediction models including the features gender, time and BMI
lead to much lower SEE’s than other models for UBP1o. Similarly, for UBPg
prediction models including the features gender, BMI and age lead to much
lower SEE’s than other models, suggesting that UBP is highly correlated to
these three features.
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4.2. Results and Discussion for Prediction Models with mRMR

The SEE's related to the prediction of both UBP1, and UBPg, for UBP-setl

are listed in ascending order Table 4.13 and Table 4.14, respectively.

Table 4.13. SEE’s for mRMR-based UBP;, prediction models (UBP-setl)
SEE

GRNN SVM MLP TB RBF SDT
Model 37 25.23 27.12 28.34 31.15 32.78 37.42
Model 39 26.15 27.50 28.59 31.40 32.85 38.75
Model 36 26.67 27.89 28.74 32.08 33.79 38.88
Model 38 26.74 28.18 29.48 3251 34.24 39.47
Model 35 26.76 28.81 29.91 33.20 34.47 39.83
Model 41 30.34 31.29 32.39 33.69 35.67 40.65
Model 42 31.32 32.24 32.48 33.87 38.63 40.89
Model 40 31.39 32.27 33.49 34.24 40.32 41.19
Model 43 40.02 40.11 40.17 40.20 40.39 45.09

Models

Table 4.14. SEE’s for mRMR-based UBPg, prediction models (UBP-set1)
SEE

GRNN SVM B MLP RBF SDT

Model 46 17.10 18.01 19.52 20.24 21.05 24.59
Model 44 17.62 20.19 20.69 22.49 23.94 29.75
Model 45 17.86 20.21 20.84 22.84 24.18 29.82
Model 49 17.92 20.35 20.93 22.93 24.85 29.91
Model 48 18.21 20.39 21.02 23.42 25.10 30.10
Model 47 18.93 20.54 21.26 23.85 25.17 30.48
Model 50 19.93 20.69 21.47 23.90 25.24 30.59
Model 51 24.62 24.66 25.05 25.25 28.20 30.75
Model 52  28.86 29.24 29.25 29.26 29.46 31.14

Models
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The R's related to the prediction of both UBP1, and UBPg, for UBP-setl are
listed in descending order Table 4.15 and Table 4.16, respectively.

Table 4.15. R’s for mRMR-based UBPy, prediction models (UBP-setl)
R

GRNN SVM MLP B RBF SDT
Model 37 0.934 0.923 0.919 0.897 0.884 0.842
Model 39 0.929 0.921 0.917 0.896 0.881 0.839
Model 36 0.926 0.919 0.911 0.888 0.878 0.834
Model 38 0.925 0.916 0.908 0.885 0.876 0.828
Model 35 0.925 0.913 0.906 0.883 0.873 0.826
Model 41 0.903 0.896 0.889 0.866 0.827 0.780
Model 42 0.896 0.890 0.888 0.837 0.825 0.778
Model 40 0.895 0.889 0.823 0.824 0.824 0.770
Model 43 0.824 0.823 0.822 0.822 0.820 0.769

Models

Table 4.16. R’s for mRMR-based UBPg, prediction models (UBP-set1)
R

GRNN SVM B MLP RBF SDT
Model 46 0.959 0.942 0.932 0.926 0.920 0.889
Model 44 0.945 0.926 0.923 0.908 0.895 0.832
Model 45 0.952 0.937 0.930 0.924 0.902 0.875
Model 49 0.951 0.932 0.929 0.916 0.886 0.873
Model 48 0.943 0.931 0.928 0.915 0.884 0.860
Model 47 0.936 0.926 0.924 0.908 0.883 0.833
Model 50 0.929 0.923 0.917 0.895 0.882 0.822
Model 51 0.888 0.887 0.884 0.882 0.859 0.820
Model 52  0.843 0.838 0.838 0.838 0.836 0.814

Models
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The MAPEs related to the prediction of both UBP;, and UBPg, for UBP-

setl are listed in ascending order Table 4.17 and Table 4.18, respectively.

Table 4.17. MAPE’s for mRMR-based UBP,, prediction models (UBP-setl)

ol MAPE (%)

00 "GRNN svMm MLP _ TB RBF SDT
Model 37 9.02 9.88 9.04 1085 1114 1350
Model 39 9.03 9.98 1039 1101 1116  13.92
Model 36 9.30 1034 1075 1123 1128 1436
Model 38 9.41 1059 1089 1123 1129 1467
Model 35 9.51 1065 1106 1144 1242 1472

Model 41 10.88 10.96 11.35 1151 12.98 14.81
Model 42  10.93 11.05 11.44 11.99 13.76 14.86
Model 40 11.04 11.60 12.31 14.62 15.13 15.84
Model 43 15.46 15.50 15.53 15.74 15.75 16.51

Table 4.18. MAPE’s for mRMR-based UBPg, prediction models (UBP-set1)

Models MAPE (%)

GRNN SVM B MLP RBF SDT
Model 46 6.84 7.84 9.21 9.60 9.96 11.66
Model 44 7.85 9.61 9.98 10.85 11.05 13.53
Model 45 7.88 9.68 10.01 10.96 11.47 13.55
Model 49 7.98 8.75 10.20 11.01 11.55 13.59
Model 48 8.38 8.82 10.31 11.39 11.65 13.62
Model 47 8.60 9.84 10.42 11.51 11.66 13.65
Model 50 8.88 9.95 10.48 11.58 11.67 13.66

Model 51 11.47 11.66 12.14 12.57 14.10 14.46
Model 52 14.28 14.37 14.43 14.62 15.34 15.50
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The following statements are valid for UBP prediction models developed
using UBP-set1.:

e With respect to the ranking of the mRMR algorithm, the features HRLT and
time exhibit the highest scores for UBP1o and UBPg predictions, respectively.
On the other hand; the feature, having the minimum Relief-F score for both
UBP;o and UBPg prediction, is gender.

e The prediction models including gender always yield the highest SEE’s for
UBP3, and UBPg.

e As compared to the SEE’s obtained by SVM, MLP, TB, RBF and SDT, the
percentage decrement rates in SEE’s obtained by GRNN are in average
4.37%, 7.66%, 15.35%, 23.26%, 38.57% for prediction of UBP;, on UBP-
setl, respectively.

e Additionally, compared to the SEE’s obtained by SVM, TB, MLP, RBF
Network and SDT, the percentage decrement rates in SEE’s obtained by
GRNN are in average 8.04%, 11.51%,20.03%, 27.45%, 51.01% for
prediction of UBPgy, on UBP-setl, in the order given.

e With regard to UBPyg prediction models for GRNN, SVM, MLP, TB, RBF
and SDT, adding the feature time to Model 40 yields an average decrement
rate of 15.43% for UBP-setl. As for UBPg prediction models for GRNN,
SVM, TB, MLP, RBF and SDT, adding the feature VO,max to Model 50

yields an average decrement rate of 3.92% on UBP-set1.
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Figure 4.9.  Percentage decrease rates in SEE values of UBP1, for GRNN-based
models compared to SEE values obtained by SVM, MLP, TB, RBF
and SDT-based models using mMRMR on UBP-setl
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Figure 4.10. Percentage decrease rates in SEE values of UBPs for GRNN-based
models compared to SEE values obtained by SVM, TB, MLP, RBF
and SDT-based models using mMRMR on UBP-setl
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The results show that UBP;o and UBPg, can be predicted with lower SEE’s
and higher R’s by using less number of features instead of the full set of
features. In particular, for UBP-setl, Model 37 and Model 46 yield up to
6.58% and 6.22% lower SEE’s than the ones comprising the full set of
features.

In a similar fashion, the following statements are valid for UBP prediction

models developed using UBP-set2:

With respect to the ranking of the mRMR algorithm, the features protocol and
time exhibit the highest scores for UBP1g and UBPgg predictions, respectively.
On the other hand; the feature, having the minimum Relief-F score for both
UBP;o and UBPg prediction, is gender.

The results show that UBP1g and UBPgy can be predicted with lower SEE’s
and higher R’s by using less number of features instead of the full set of
features. In particular, Model 56 and Model 66 yield up to 6.10% and
10.35% lower SEE’s than the ones including the full set of features for UBP-
set2.

As compared to the SEE’s obtained by SVM, MLP, TB, RBF and SDT, the
percentage decrement rates in SEE’s obtained by GRNN are in average
1.84%, 7.97%,12.55%, 15.82% and 25.20% for prediction of UBP1, on UBP-
set2, respectively. Also, as compared to the SEE’s obtained by SVM, TB,
MLP, RBF and SDT, the percentage decrement rates in SEE’s obtained by
GRNN are in average 6.93%, 11.56%, 16.45%, 23.59% and 33.31% for
prediction of UBPgy, on UBP-set2, in the order given.

With regard to UBP;, prediction models for GRNN, SVM, MLP, TB, RBF
and SDT, adding the feature time to Model 57 yields an average decrement
rate of 8.50% on UBP-set2. As for UBPg, prediction models for GRNN,
SVM, TB, MLP, RBF and SDT, adding the feature BMI to Model 67 yields

an average decrement rate of 16.80% on UBP-set2.
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The SEE's related to the prediction of both UBPy; and UBPg, for UBP-set2
are listed in ascending order Table 4.19 and Table 4.20, respectively.

Table 4.19. SEE’s for mRMR-based UBP, prediction models (UBP-set2)
SEE

GRNN SVM MLP TB RBF SDT
Model 56 31.88 32.84 33.56 35.84 39.14 40.30
Model 53 32.83 3391 34.43 37.55 39.28 42.80
Model 54 32.96 34.05 35.77 38.07 39.35 42.90
Model 55 33.35 34.14 37.93 39.14 40.29 43.30
Model 57 34.71 35.08 38.14 39.85 40.32 43.31
Model 59 35.10 35.49 38.87 40.04 40.35 43.37
Model 58 36.07 36.20 39.82 40.18 40.37 44.73
Model 60 40.02 40.11 40.17 40.20 40.39 45.09

Models

Table 4.20. SEE’s for mRMR-based UBPg, prediction models (UBP-set2)
SEE
GRNN SVM MLP B RBF SDT

Model 66 18.45 21.40 21.92 23.44 24.71 26.50
Model 64 19.35 21.50 22.47 23.74 24.75 26.65
Model 65 19.90 21.72 22.52 23.95 24.86 26.90
Model 61 20.36 21.88 23.34 24.60 25.94 28.30
Model 62 20.84 21.94 23.78 24.79 27.09 28.94
Model 63 21.35 22.41 24.02 25.14 27.31 29.68
Model 67 24.62 24.66 25.05 25.25 28.20 30.75
Model 68 28.86 29.24 29.25 29.26 29.46 31.14

Models
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The R's related to the prediction of both UBPy, and UBPg, for UBP-set2 are
listed in descending order Table 4.21 and Table 4.22, respectively.

Table 4.21. R’s for MRMR-based UBP, prediction models (UBP-set2)
R

GRNN SVM MLP TB RBF SDT
Model 56 0.892 0.885 0.879 0.861 0.832 0.820
Model 53 0.885 0.877 0.873 0.847 0.831 0.796
Model 54 0.884 0.876 0.862 0.842 0.830 0.794
Model 55 0.881 0.875 0.843 0.832 0.821 0.790
Model 57 0.871 0.868 0.841 0.826 0.821 0.788
Model 59 0.868 0.864 0.840 0.825 0.820 0.777
Model 58 0.860 0.859 0.827 0.823 0.820 0.773
Model 60 0.824 0.823 0.822 0.822 0.820 0.769

Models

Table 4.22. R’s for mRMR-based UBPg, prediction models (UBP-set2)
R

GRNN SVM MLP B RBF SDT
Model 66 0.939 0.917 0.913 0.900 0.888 0.869
Model 64 0.933 0.916 0.908 0.897 0.887 0.868
Model 65 0.929 0.914 0.908 0.895 0.886 0.865
Model 61 0.925 0.913 0.900 0.889 0.875 0.849
Model 62 0.922 0.912 0.896 0.887 0.863 0.847
Model 63 0.921 0.909 0.894 0.885 0.861 0.833
Model 67 0.888 0.887 0.884 0.882 0.859 0.820
Model 68 0.843 0.838 0.838 0.838 0.836 0.814

Models
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The MAPEs related to the prediction of both UBP;, and UBPg, for UBP-

set2 are listed in ascending order Table 4.23 and Table 4.24, respectively.

Table 4.23. MAPE’s for mRMR-based UBP,, prediction models (UBP-set2)
MAPE (%)

GRNN SVM MLP B RBF SDT
Model 56 10.96 11.58 12.16 12.72 14.38 14.39
Model 53 11.42 12.36 12.48 13.82 14.45 15.44
Model 54 12.09 12.43 12.62 13.87 14.47 15.55
Model 55 12.14 12.44 12.87 14.67 14.67 15.55
Model 57 12.16 12.45 13.42 14.68 14.92 15.55
Model 59 12.22 13.25 13.81 14.92 14.96 15.55
Model 58 12.45 13.97 15.20 15.46 15.53 15.55
Model 60 15.46 15.50 15.53 15.74 15.75 16.51

Models

Table 4.24. MAPE’s for mRMR-based UBPg, prediction models (UBP-set2)

MAPE (%)

Models

GRNN SVM B MLP RBF SDT
Model 66 8.54 9.59 9.86 11.24 11.26 11.26
Model 64 8.83 9.98 10.12 11.63 11.67 12.40
Model 65 8.86 10.29 10.36 11.65 12.64 12.92
Model 61 8.92 10.39 11.12 11.68 12.81 13.29
Model 62 9.99 10.52 11.16 11.86 13.26 13.89

Model 63 10.04 10.53 11.37 12.07 13.89 14.36
Model 67 11.47 11.66 12.14 12.57 14.10 14.46
Model 68 14.28 14.37 14.43 14.62 15.34 15.50
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Percentage decrease rates in SEE values of UBPs, for GRNN-based
models compared to SEE values obtained by SVM, TB, MLP, RBF
and SDT-based models using mMRMR on UBP-set2

71

Mustafa Mikail OZCILOGLU




4. RESULTS AND DISCUSSION Mustafa Mikail OZCILOGLU

45
z |
40 - o
y
35 = GRNN
w 30 - = SVM
L
(gj 25 - = MLP
g 20 - = TB
25 = RBF
u SDT
10 -
5 .
0
Models
Figure 4.15. Average SEE"s of prediction models for UBP1, using mRMR on
UBP-set2
30 - A
A
25 - P
/- ——  mGRNN
w 20 - = SVM
Lu —
» / = TB
D
g 15 -  mMLP
[<5]
> /
< 10 - = RBF
/ ——— =SDT
5 .
0
Models

Figure 4.16. Average SEE s of prediction models for UBPg, using mRMR on
UBP-set?

72



4. RESULTS AND DISCUSSION Mustafa Mikail OZCILOGLU

4.3. Results and Discussion for Prediction Models with CFS

By using the CFS feature selection algorithm, nine prediction models have
been created for both data sets. In contrast to Relief-F and mRMR algorithms, the
CFS algorithm which is combined with diffirent search methods such as BestFirst,
GeneticSearch, GreedyStepwise and RandomSearch gives a set of selected variables
to develop four different models for UBP-setl and five different models for UBP-
set2.

The BestFirst search method has produced Model 69 that includes gender,
weight, height, VO,max and time for UBP1y on UBP-setl. The GreedyStepwise has
created Model 70 comprising of gender, weight, height, HRmax, HRLT and time for
UBP3p on UBP-setl. Also, the BestFirst search method has produced Model 71
consisting of protocol, gender, weight, height, VO,max and time for UBPg, on UBP-
setl. The GreedyStepwise has developed Model 72 including gender, weight, height,
HRmax, HRLT and time for UBPg, on UBP-set1.

The SEE's related to the prediction of both UBP1, and UBPg, for UBP-setl

are listed in ascending order Table 4.25 and Table 4.26, respectively.

Table 4.25. SEE’s for CFS-based UBPq prediction models (UBP-setl)
SEE
GRNN SVM MLP B RBF SDT
Model 69 26.15 27.50 28.59 31.40 32.85 38.75
Model 70 29.60 31.57 34.72 35.44 38.82 46.88

Models

Table 4.26. SEE’s for CFS-based UBPg, prediction models (UBP-set1)
SEE
GRNN SVM TB MLP RBF SDT
Model 71  18.16 20.96 21.92 22.17 29.97 30.75
Model 72 22.83 23.96 25.82 30.68 33.78 37.01

Models
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The R's related to the prediction of both UBP1, and UBPg, for UBP-setl are
listed in descending order Table 4.27 and Table 4.28, respectively.

Table 4.27. R’s for CFS-based UBP;, prediction models (UBP-setl)
R
GRNN SVM MLP B RBF SDT
Model 69 0.929 0.921 0.917 0.896 0.881 0.839
Model 70 0.908 0.894 0.871 0.865 0.835 0.748

Models

Table 4.28. R’s for CFS-based UBPg, prediction models (UBP-setl)

R
GRNN SVM B MLP RBF SDT
Model 71 0.941 0.921 0.913 0.911 0.829 0.819
Model 72 0.905 0.895 0.877 0.821 0.777 0.724

Models

The MAPE's related to the prediction of both UBP1, and UBPg, for UBP-

setl are listed in ascending order Table 4.29 and Table 4.30, respectively.

Table 4.29. MAPE’s for CFS-based UBP, prediction models (UBP-set1)

Models MAPE (%)
GRNN SVM MLP B RBF SDT
Model 69 9.03 9.98 10.39 11.01 11.16 13.92

Model 70 11.03 11.29 11.75 11.90 12.45 13.96

Table 4.30. MAPE’s for CFS-based UBPg, prediction models (UBP-setl)

MAPE (%)
Models
GRNN SVM B MLP RBF SDT
Model 71 9.51 9.83 10.06 10.41 12.38 14.29

Model 72 10.10 10.53 10.68 12.23 13.88 14.15

74



4. RESULTS AND DISCUSSION Mustafa Mikail OZCILOGLU

The following statements are valid for UBP prediction models developed

using UBP-setl.

The SEE’s of UBPg prediction models are in average 26.50% lower than the
SEE’s of UBP;g prediction models.

The features protocol and age were eliminated by using either the BestFirst or
GreedyStepwise search method for UBP1.

Samely, the feature age was eliminated by using both the BestFirst and
GreedyStepwise search method for UBPg.

Model 69 including the features gender, weight, height, VO,max and time
yields lower SEE’s than Model 70 for prediction of UBPy,. In particular, the
SEE of Model 69 is in average 17.16% lower than the SEE of Model 70 for
UBP.

Model 71 comprising of the features protocol, gender, weight, height,
VO;max and time leads to lower SEE’s than Model 72 for prediction of
UBPo. In particular, the SEE of Model 72 is in average 20.95% lower than
the SEE of Model 71 for UBPgy.

As compared to the SEE’s obtained by SVM, MLP, TB, RBF and SDT, the
percentage decrement rates in SEE’s obtained by GRNN are in average
5.91%, 13.31%,19.90%, 28.39% and 53.28% for prediction of UBPy, on
UBP-setl, respectively. Also, as compared to the SEE’s obtained by SVM,
TB, MLP, RBF and SDT, the percentage decrement rates in SEE’s obtained
by GRNN are in average 10.18%, 16.90%, 28.23%, 56.50% and 65.72% for
prediction of UBPgy on UBP-setl, in the order given.
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Figure 4.20. Average SEE‘s of prediction models for UBPg, using CFS on UBP-setl

e Upon observation of Figure 4.19 and Figure 4.20, one can claim that the
average SEE of GRNN based models is lower than the ones obtained by other
regression methods for both UBP1pand UBPgo.
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In a similar fashion, the following statements are valid for UBP prediction
models developed using UBP-set2:

The GeneticSearch method has created Model 73 consisting of the features
gender, BMI, VO;max, HRLT and time for prediction of UBPiy on UBP-set2.
Additionally, the BestFirst search method has produced Model 74 including the
features gender, BMI, HRLT and time for prediction of UBP1y on UBP-set2.

The GeneticSearch method has developed Model 75 including the features
protocol, gender, VO,max, HRmax, HRLT and time for prediction of UBPg on
UBP-set2. Also, the RandomSearch method has created Model 76 comprising of the
features protocol, gender, VO,max, HRLT and time for prediction of UBPg, on UBP-
set2. The BestFirst search method has developed Model 77 consisting of the features
gender, HRLT, HRmax and time for prediction of UBPg, on UBP-set2.

The SEE's related to the prediction of both UBP1, and UBPg, for UBP-setl

are listed in ascending order Table 4.31 and Table 4.32, respectively.

Table 4.31. SEE’s for CFS-based UBP, prediction models (UBP-set2)
SEE
GRNN SVM MLP TB RBF SDT
Model 73 31.88 32.84 33.56 35.84 39.14 40.30
Model 74  32.67 33.11 34.34 37.52 39.24 40.91

Models

Table 4.32. SEE’s for CFS-based UBPg, prediction models (UBP-set2)
SEE
GRNN SVM B MLP RBF SDT
Model 75 27.07 27.59 28.46 28.57 29.52 30.83
Model 76 27.22 27.71 28.57 28.75 30.28 34.01
Model 77 28.09 29.26 29.35 30.32 32.38 35.17

Models
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The R's related to the prediction of both UBP1, and UBPg, for UBP-setl are
listed in descending order Table 4.33 and Table 4.34, respectively.

Table 4.33. R’s for CFS-based UBP, prediction models (UBP-set2)
R
GRNN SVM MLP TB RBF SDT
Model 73  0.892 0.885 0.879 0.861 0.832 0.820
Model 74 0.886 0.883 0.874 0.847 0.831 0.815

Models

Table 4.34. R’s for CFS-based UBPg, prediction models (UBP-set2)
R
GRNN SVM B MLP RBF SDT
Model 75 0.863 0.858 0.848 0.846 0.835 0.818
Model 76 0.862 0.856 0.846 0.844 0.826 0.773
Model 77 0.837 0.852 0.825 0.838 0.797 0.755

Models

The MAPE's related to the prediction of both UBP1; and UBPg, for UBP-
setl are listed in ascending order Table 4.35 and Table 4.36, respectively.

Table 4.35. MAPE’s for CFS-based UBP, prediction models (UBP-set2)
MAPE (%)

GRNN SVM MLP TB RBF SDT

Model 73 10.96 11.58 12.16 12.72 14.38 14.39

Model 74 11.42 12.31 12.40 13.81 14.45 15.39

Models

Table 4.36. MAPE’s for CFS-based UBPg, prediction models (UBP-set2)
MAPE (%)

GRNN SVM TB MLP RBF SDT

Model 75 13.64 13.98 14.11 14.58 15.71 15.29

Model 76 14.24 14.40 14.42 15.49 16.98 15.77

Model 77 14.43 14.80 15.12 15.61 16.98 16.89

Models
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e The SEE’s of UBPg prediction models are in average 21.36% lower than the
SEE’s of UBPq prediction models.

e The features protocol, age and HRmax were eliminated by using either the
GeneticSearch or BestFirst search method for UBP1g.

e The features age and BMI were eliminated regardless of which search
methods are utilized for UBPg.

e The prediction model comprising of the features protocol, gender, VO,max,
HRmax, HRLT and time (Model 73) yields the lowest SEE’s and highest R'’s
for prediction of UBP;y.

e Model 75 comprising of the features protocol, gender, VO,max, HRmax,
HRLT and time leads to the lowest SEE’s than the ones for prediction of
UBPgo. In particular, the SEEs’of Model 75 are in average 2.62% and 7.29%
lower than the ones for UBPg resperctively.

e As compared to the SEE’s obtained by SVM, MLP, TB, RBF and SDT, the
percentage decrement rates in SEE’s obtained by GRNN are in average
2.18%, 5.19%,13.63%, 21.44% and 25.82% for prediction of UBP;9 on UBP-
set2, in the order given. Also, as compared to the SEE’s obtained by SVM,
TB, MLP, RBF and SDT, the percentage decrement rates in SEE’s obtained
by GRNN are in average 2.63%, 4.86%, 6.37%, 11.85% and 21.35% for
prediction of UBPg, on UBP-set2, respectively.
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Figure 4.21. Percentage decrease rates in SEE values of UBP1, for GRNN-based
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Figure 4.24. Average SEE ‘s of prediction models for UBPg, using CFS on UBP-set2
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4.4. General Discussion

For both UBP1p and UBPg predictions, GRNN shows superior performance
and SDT exhibits the poorest prediction performance. In particular, the order
of the regression methods in terms of their prediction performance, from the
highest to the lowest, is GRNN, SVM, MLP, TB, RBF and SDT on UBP-
setl. Similarly, the order of the regression methods, from the highest to the
lowest, is GRNN, SVM, TB, MLP, RBF and SDT on UBP-set2.

It can be deduced from the SEE’s of all prediction models that UBP;, and
UBPgo can be predicted with lower SEE’s, MAPE’s and higher R’s using
smaller number of features instead of the full set of features.

In general, inclusion of height and weight in place of BMI in the prediction
models give lower error rates for the prediction of UBPi; and UBPg
regardless of which regression methods have been used.

According to the ranking given by Relief-F and mRMR selection algorithms,
the feature “gender” generally has the highest score, whereas the feature
“protocol” generally has the lowest score.

The prediction models in average having the lowest SEE’s and MAPE’s, also,
the highest R’s were produced by the mMRMR feature selection algorithms.
This statement is true for both UBP1o and UBPg predictions on UBP-setl and
UBP-set2.

The order of the feature selection algorithms in terms of their contribution to
the performance of the prediction models, from the highest to the lowest, is
MRMR, Relief-F and CFS.
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5. CONCLUSION

The application of machine learning methods in sports science has long
been an active research area. Although machine learning methods have been applied
on different problems in various sports branches, some of the problems require
further investigation. One such sports field is cross-country skiing. More specifically,
predicting the UBP of cross-country skiers and identifying the discriminative
features affecting UBP are the two important problems in this field.

In this thesis, various UBP1, and UBPg, prediction models have been
developed by using Relief-F, mMRMR and CFS feature selection algorithms, which
have been integrated into GRNN, SVM, MLP, TB, RBF and SDT. The effects of the
features on UBP have also been investigated. In more details, utilization of Relief-F
and mRMR feature selection algorithms produced the ranking of the features. Then,
based on these ranking scores, several models have been developed by removing the
feature with the lowest score at a time. In contrast to Relief-F and mRMR
algorithms, the CFS algorithm gave a set of selected features to develop a single
UBP prediction model for each search algortihm. Using 10-fold cross validation, R
and SEE have been used to assess the performance of all prediction models.

Several conclusions can be deduced with respect to the obtained results. In
the first place, using less amount of features than the full set of features is feasible for
prediction of UBP1, and UBPgo. Secondly, the model comprising of the features time,
weight, gender, height and age in general yields the minimum SEE (24.73 W) and
maximum R (0.937) for UBP;, prediction. On the other hand, the model including the
features weight, age, gender, height and VO,max in general gives the minimum SEE
(14.94 W) and maximum R (0.960) for UBPg prediction. These both statements are
valid independent of the regression method utilized. Using these two models instead
of the full set of predictor variables yields up to 13.16% and 20.98% decrement rates
in SEE for prediction of UBPyp and UBPgo, respectively. Thirdly, error rates related
to the prediction of UBPg, are always lower than that of UBPy, because of the high
standard deviation of UBP1o. In particular, when all results are investigated, the SEE

of UBPg prediction is in average 27.74% lower than the SEE of UBP;q prediction.
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Fourthly, GRNN outperforms the other regression methods whereas SDT has the
lowest ranking in terms of prediction performance among the utilized machine
learning methods. Lastly, the prediction models that are comprised of the features
height, gender, weight and BMI show the highest correlation with UBP1o and UBPsg
as these models have the best prediction performance.

Although this is a detailed study, further research can be carried out in
various aspects. Several other machine learning methods and feature selection
algorithms can be combined to further analyze the effects of features on UBP. Upon
collaboration with scientists from the sports field, new data sets can be created. The
effect of questionnaire variables on UBP prediction also deserves further
investigation. Development of hybrid models for prediction of UBP is definitely
another challenging area to make research on.
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