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ABSTRACT

MASTER THESIS

PREDICTION OF HAMSTRING AND QUADRICEPS MUSCLE
STRENGTH OF ATHLETES USING MACHINE LEARNING METHODS

Boubacar Sow

CUKUROVAUNIVERSITY
INSTITUTE OF NATURAL AND APPLIED SCIENCES
DEPARTMENT OF COMPUTER ENGINEERING

Supervisor : Assoc. Prof. Dr. Mehmet Fatih AKAY
Year: 2017, Pages 97
Jury : Assoc. Prof. Dr. Mehmet Fatih AKAY
: Asst. Prof. Dr. B. Melis OZYILDIRIM
: Assoc. Prof. Dr. Serdar YILDIRIM

The success of athletes is closely related to the muscles of the thigh, namely
the hamstring and quadriceps. Among the different techniques used for measuring
the hamstring and quadriceps muscle strength, the use of isokinetic equipments is
the most accurate. However, their utilization is associated with several difficulties
and limitations. The aim of this study is to build new and more comprehensive
models for predicting the hamstring and quadriceps muscle strength of athletes
using four main machine learning methods, namely Support Vector Machine
(SVM), Multilayer Perceptron Neural Network (MLP), Radial Basis Function
Neural Network (RBFNN) and Single Decision Tree (SDT). The root mean square
errors (RMSE’s) and the multiple correlation coefficients (R’s) have been used for
computing the prediction errors. On the basis of the results obtained, it has been
proved that machine learning methods especially SVM can be used for the
hamstring and quadriceps muscle strength prediction with an acceptable accuracy

Key words: Machine Learning, Prediction, Hamstring, Quadriceps
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YUKSEK LiSANS TEZi

FARKLI MAKINE OGRENME YONTEMLERI ILE HAMSTRING VE
KUADRISEPS KAS GUCU TAHMINI iCIN EGZERSIZE DAYALI
OLMAYAN YENI MODELLERIN GELISTIRILMESI

Boubacar Sow

CUKUROVA UNIVERSITESI
FEN BIiLIMLERI ENSTITUSU
BiLGiISAYAR MUHENDISLiGi ANABILIiM DALI
Danigman : Dog. Dr. M. Fatih AKAY
Yil: 2017, Sayfa: 97
Jiiri : Dog. Dr. M. Fatih AKAY

: Yrd. Dog. Dr. B. Melis OZYILDIRIM
: Dog. Dr. Serdar YILDIRIM

Hamstring ve Kuadriseps isimli iki tiir {ist bacak kasi, atletlerin spor
performanslartyla yakindan ilgilidir. Hamstring ve Kuadriseps kaslarinin iistiin
izokinetik test teknikleriyle Ol¢limiinden gercege vyakin sonuglar elde
edilebilmesine ragmen bu yontemlerin belirli zorluklari ve sinirlamalart vardir. Bu
calismanin temel amaci, iiniversite ¢agindaki atletlerin Hamstring ve Kuadriseps
kas gii¢lerinin Destek Vektor Makineleri (SVM), Cok Katmanhi Algilayicilar
(MLP), Radyal Temel Fonksiyon Yapay Sinir Aglar1 (RBFNN), ve Tekli Karar
Agaclar1  (SDT) kullanilarak daha yeni ve kapsamli tahmin modelleri
olusturulmasidir. Tahmin hatalarinin hesaplanmasi i¢in Ortalama Hata Kareleri
Toplam1 Karekokii (RMSE) ve Coklu Korelasyon Katsayist (R) degerleri
kullanilmistir. Temel olarak elde edilen sonuglara bakildiginda basta SVM olmak
iizere makine 6grenme metodlarinin kabul edilebilir ve dogru sonuglar vermesi
nedeniyle Hamstring ve Kuadriseps kas giicii tahmininde kullanilabilecegi
kanitlanmustir.

Anahtar Kelimeler: Destek Vektor Makineleri, Tahmin, Hamstring, Kuadriseps
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GENISLETILMIS OZET

Kas giicii, bir kasin belli bir dirence karsi tek seferde tiretebildigi maksimum
giic miktaridir. Kaslar insan viicudunun hareket etmesinden ve viicudun dik
durusunun saglanmasindan sorumludur. Bacaklarda bulunan hamstring ve
kuadriseps gibi giiclii kaslar biinyeye viicudun dik durmas: i¢in gerekli gii¢ ve
dayaniklilig1 saglar. Kas giiciiniin giinlitk aktiviteler gereken performans icin ve
kronik rahatsizliklarin 6nlenmesi agisindan 6nemli bir rol oynadigi gorilmiistiir.
Ozellikle atletlerin, yapmis olduklar1 spor dallarinda basarili sonuglar elde
edebilmeleri icin yiiksek seviyede bir kas giicline sahip olmalari 6nemlidir.
Hamstring ve Kuadriseps isimli iki tiir iist bacak kasi, atletlerin spor
performanslariyla yakindan ilgilidir. Ust bacagin arka kisminda yer alan Hamstring
ve 0n kisminda yer alan Kuadriseps kaslarinin giinliik aktiviteler i¢in de biiyiik
onemi vardir. Kuadriseps kaslar1 ziplama ve tekmelemede onemli rol oynarken,
Hamstring kaslar1 ise kosu aktivitelerini kontrol eder ve doniisler ve darbeler
esnasinda diz bolgesinin stabilizasyonuna yardimci olur.

Giliniimiizde Hamstring ve Kuadriseps kaslarmin giiciiniin  dogrudan
dlgiilebilmesi adina cesitli teknikler uygulanmaktadir. izokinetik testler bu alandaki
en popiiler dlglim teknigi olmustur. Hamstring ve Kuadriseps kaslarmin iistiin
izokinetik test teknikleriyle Olglimiinden gercege yakin sonuglar elde
edilebilmesine ragmen bu yontemlerin belirli zorluklar1 ve sinirlamalart vardir.
Ornegin bu dlgiimler i¢in kullanilan aletler ¢ok zor bulunabilmeleriyle birlikte
oldukca maliyetlidirler. Ayrica bu yolla yapilan 6l¢iimlerin kalabalik test gruplar
iizerinde uygulanmasi, ayn1 zamanda sadece bir adet Ol¢iim yapilabildiginden
dolay1 olduk¢a zordur. Bununla birlikte bu teknikler yardimiyla dogru sonuglar
elde edilebilmesi icin profesyonel olarak egitilmis personeller ve uzun zaman
dilimleri gerekmektedir. Verilen durumlar degerlendirildiginde, arastirmacilar
direkt Ol¢lim yontemlerinin yerine makine O6grenmesi metodlar1 kullanilarak

Hamstring ve Kuadriseps kas giicliniin tahmin edilebilmesini saglamay1
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onermiglerdir. Bu konuda bazi g¢aligmalar yapilmistir. Ancak bu c¢aligmalar,
kullanilan makine 6grenmesi metodu sayisi ile ilgili kisitlamalar icermektedir. Bu
kisitlamalar, tahmin modellerinde kullanilan her bir tahmin degiskenine ait
performansin ayrintili bir sekilde kavranmasini engellemistir. Bu sebepten dolay1
Hamstring ve Kuadriseps kas giicii 6l¢limiinde kullanilan tahmin degiskenlerinin
sonuca etkilerinin kapsamli bir sekilde kavranabilmesi i¢in daha yeni ve fazla
sayida tahmin modeli iireten ¢alismalarin yiiriitiilmesine ihtiya¢ duyulmustur.

Bu calismanin temel amaci, iiniversite cagindaki atletlerin Hamstring ve
Kuadriseps kas gli¢lerinin Destek Vektor Makineleri (Support Vector Machines,
SVM), Cok Katmanli Algilayicilar (Multilayer Perceptron, MLP), Radyal Temel
Fonksiyon Yapay Sinir Aglar1 (Radial Basis Function Neural Network, RBFNN),
ve Tekli Karar Agaclar1 (Single Decision Tree, SDT) kullanilarak daha yeni ve
kapsamli tahmin modelleri olusturulmasidir. Klasik ve Statik Egitim olarak bilinen
iki adet popiiler egitim metodunun kullanilmasiyla, Hamstring ve Kuadriseps kas
giicleri Cinsiyet (Sex), Yas (Age), Boy (Height), Agirlik (Weight), Viicut Kitle
Indeksi (Body Mass Index, BMI) ve Spor Dali (Sports Branch, SB) olmak iizere 6
adet bilimsel olarak ilgili tahmin degiskeninden yararlanilarak tahmin edilmistir.
Bu tez ¢alismasinda kullanilan veri seti, Gazi Universitesi Beden Egitimi ve Spor
Yiiksekokulu bilinyesindeki 70 adet atlete ait bilgileri icermektedir. Caligsma igin
secilen atletler izokinetik dinamometre kullanilarak degerlendirilmistir. 10-fold
Cross Validation yonteminin kullanilmasiyla tahmin modellerine ait genel hata
oranlar1 hesaplanmistir. Tahmin hatalarinin hesaplanmasi i¢in Ortalama Hata
Kareleri Toplami Karekokii (Root Mean Square Error, RMSE) ve Coklu
Korelasyon Katsayis1 (Multiple Correlation Coefficient, R) degerleri kullanilmistir.

Bu calismalardan elde edilen sonuglara gére SVM tabanli tahmin modelleri
ile MLP, RBFNN ve SDT tabanli tahmin modellerine kiyasla daha yiiksek
performans saglanmistir. Bir bagka deyisle, Hamstring ve Kuadriseps kas
giiclerinin tahmin edilmesinde SVM tabanli modeller ile atletler iizerinde

kullanilan egitim metodlarimdan ve kullanilan tahmin modeli kategorisinden
v



bagimsiz olarak en diisik RMSE degerleri bulunmustur. Daha ayrintili olarak,
SVM tabanli modeller ile Hamstring kas giicliniin tahmini sonucunda RMSE
degerleri ortalama olarak Klasik Egitim yonteminde 20.25 Nm, Statik Egitim
yonteminde ise 20.19 Nm elde edimistir. Bunun yaninda RMSE degerleri
Kuadriseps kas giicliniin tahmininde ortalama olarak Klasik Egitim metodu i¢in
30.62 Nm, Statik Egitim metodu i¢in ise 29.40 Nm seklindedir. Bunun yani sira,
tahmin degiskeni olarak boy ve agirlik yerine BMI kullanilarak olusturulan SVM
tabanli tahmin modelleriyle Hamstring kas grubu i¢in RMSE degerleri ortalama
olarak Klasik egitim metodunda 21.60 Nm ve Statik egitim metodunda 21.89 Nm
degerlerini alirken, ayn1 degiskenler i¢cin Kuadriseps kas grubunda RMSE degerleri
Klasik egitimde 32.98 Nm ve statik egitimde 31.62 Nm seklindedir.

Hamstring kas giiciiniin tahmin edilmesinde kullanilan makine 6grenme
metodlarinin performans agisindan siralanmasi, kullanilan kas egitim metodu ve
tahmin modeli tiirii hesaba katilmaksizin, en diisiik RMSE degerinden en yiiksek
RMSE degerine dogru olacak sekilde SVM, MLP, RBFNN ve SDT bigimindedir.
Bununla birlikte bu siralama Kuadriseps kas giicii 06l¢iimiinde BMI tahmin
degiskeninin kullanildig1 ve kullanilmadigi, ayrica hem Klasik hem de Statik
egitim metodlarinin kullanildigi toplam durumlarda ise SVM, MLP, SDT ve
RBFNN seklindedir. SVM tabanli ve diger tahmin modellerine ait RMSE
degerlerinin karsilastirilmast sonucu, SVM tabanli modellerde RMSE degerinin
azalma miktarinin yiizdelik oranlar cinsinden degerleri ortalama olarak Klasik
egitimde %7.24, %14.32 ve %20.61, Statik egitimde ise %7.89, %14.48 ve %20.14
olmaktadir. Ayni oranlar Kuadriseps kas giicii Ol¢limlerinde Klasik egitimde
%S5.65, %11.19 ve %15.47, Statik egitimde ise %6.21, %11.34 ve %16.11
degerlerini almaktadir. Bunun yaninda Hamstring kas giicli tahmininde tahmin
degiskeni olarak boy ve agirlik yerine BMI kullanildiginda SVM tabanli modellerle
RMSE azalma oranlar1 ortalama olarak Klasik egitimde %6.44, %13.04 ve %19.51
iken Statik egitimde %6.33, %12.29 ve %18.21 olmaktadir. Ayni degerler
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Kuadriseps kas giicii 6l¢limiinde Klasik egitimde %6.29, %12.28 ve %16.15 iken
Statik egitimde ise %7.03, %13.16 ve %17.72 seklindedir.

Temel olarak elde edilen sonuglara bakildiginda basta SVM olmak iizere
makine 6grenme metodlarinin kabul edilebilir ve dogru sonuclar vermesi nedeniyle

Hamstring ve Kuadriseps kas giicii tahmininde kullanilabilecegi kanitlanmistir.
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1. INTRODUCTION

1.1. Overview of Hamstring and Quadriceps Muscle Strength

Muscular strength is the maximum amount of force that a muscle can
produce against some form of resistance in a single effort. Muscles are responsible
for the movement of human body and maintaining posture. The creation of force,
stabilizing and balancing the skeleton or generating movement are the main roles
of skeletal muscles. Strong muscles in the legs such as hamstrings and quadriceps,
but also muscles of back, chest, and abdomen give a person the necessary strength
to stand up straight and maintain good posture. The vital role of muscular strength
in the performance of daily activities of life and sport field, as well as in the
prevention of chronic disease, is widely recognized (Ruiz et al, 2008).

In sport fields, in order to remain competitive, athletes must optimize their
muscular strength. Therefore in order to achieve success in their respective sports,
besides certain very important parameters such as endurance, flexibility and speed,
athletes must also develop a high level of muscular strength that is considered to be
in close relation with the mentioned parameters. As an example of the close
relation between muscular strength and the above mentioned parameters, in
addition to speed practices, performing training exercises in order to enhance the
ability of fast-running include muscle strength exercises as well, because there is a
close relation between the muscle strength of athletes and their speed (Di Michele
et al, 2012). Also, a good follow-up of the muscular strength of an athlete has a
capital role in setting up an adequate training program, attaining defined objective
in term of performance, avoiding possible injuries that occur because of the
vulnerability of athletes and identifying appropriate medical therapy to treat them.
It is important to mention that certain well-known factors such as gender, age and
level of physical conditioning can affect muscular strength (Faigenbaum et al,

2010).
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The success of athletes is closely related to the muscles of the thigh,
namely the hamstring and quadriceps (Aginsky et al (2014), Greco et al (2012) &
Jordan et al (2015)). Taking place respectively on the back and the front of the
upper leg, the hamstring and quadriceps muscles play a crucial role in many daily
activities. Although working together, every muscle performs a specific function.
The functions of quadriceps muscles are to flex the leg at the knee, to allow
jumping and kicking ,whereas the functions of hamstring muscles are to extend the
knee joint, straightening the leg, to control running activities. Figure 1.1 shows the

hamstring and quadriceps muscles.

Figure 1.1. Hamstring and quadriceps muscles
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Nowadays various techniques are proposed for directly measuring the
hamstring and quadriceps muscle strength such as certain tests performed by the
use of isokinetic technique (Ustun et al, 2013), dynamometer (Ford-Smith et al,
2001) and tensiometer (Clarke, 2013). Nevertheless, tests with isokinetic
techniques have become the most widely known. The usual purpose of isokinetic
testing is to assess muscle function during different intervals of exercise using a
computer-driven device. Isokinetic exercise is usually conducted by using
dynamometers which maintain a constant speed during movements. Before doing
the isokinetic exercises, the participant is stationed in such a way that the body
movement to be measured is isolated. The dynamometer is then adjusted at
different speed and the force exerted by the participant can be measured over the
entire range of movement (Kiling et al, 2015). Particularly muscle performance
testing is realized safely because muscles or group of muscles can be targeted at
different angle options and speeds by isokinetic techniques. Due to numeric
measurements they give for the performance of muscles, isokinetic techniques are

widely used for monitoring of athletes’ performance (Manca et al, 2015).

1.2. Motivation and Purpose of this Thesis
Although isokinetic equipments give the most accurate results, their
utilization is associated with several difficulties and limitations. Some of these

difficulties and limitations are listed below:

e  The necessary equipment normally used to perform the measurements
is costly and not easily available. More particularly, it is within the
research projects at educational institutions or in certain sports
research centers that this kind of measurement is carried out.

e The required equipment is voluminous, i.e. it is not easily movable.
Therefore it is extremely difficult to use the equipment at different

places for measurement purposes.
3
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e Due to the fact that only one individual can be assessed at a time,
measuring directly the muscle strength for a large population is almost
impossible. On the other hand, the data obtained from a direct
measurement via isokinetic devices demands qualified staff and time

consuming practices in order to be interpreted.

Considering the above mentioned drawbacks, rather than directly
measuring the hamstring and quadriceps muscle strength, researchers have recently
used empirical equations for the hamstring and quadriceps muscle strength
prediction. In that respect, some studies have been carried out. However, these
previous studies have important limitations in terms of number of models used and
they did not use the promising machine learning algorithms for the prediction of
hamstring and quadriceps muscle strength. These limitations prevent having
detailed comprehension of the performance of each predictor variable used for the
hamstring and quadriceps muscle strength prediction. Therefore additional studies
that develop new and more comprehensive prediction models are absolutely needed
in order to determine the predictor variables that have greater impact on hamstring
and quadriceps muscle strength prediction and to have more precise results for
hamstring and quadriceps muscle strength prediction.

The aim of this study is to build new and more comprehensive models for
the prediction of hamstring and quadriceps muscle strength of young athletes using
four main machines learning methods, namely Support Vector Machine (SVM)
Multilayer Perceptron Neural Network (MLP), Radial Basis Function Neural
Network (RBFNN) and Single Decision Tree (SDT). Using two well-known
training methods, namely classic muscle training and static muscle training, the
hamstring and quadriceps muscle strength have been predicted by utilizing six
scientifically relevant predictor variables which are: body mass index (BMI), sport
branch (SB), age(A), height(H), weight(W), and gender(G). These predictor

variables have been proved in literature to be in a correlation with hamstring and
4
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quadriceps muscle strength (Lemmer et al (2016) & Lindle et al (1997)). By
carrying out 10-fold cross-validation, the generalization error of the prediction
models has been calculated. The root mean square errors (RMSE’s) and multiple

correlation coefficients (R’s) have been used for computing the prediction errors.

1.3. Literature Review

In the related literature, to the best of our knowledge, there is no study that
used machine learning methods to predict hamstring and quadriceps muscle
strength. However, to the best of our knowledge, there exists only one study
(McNair et al, 2011) that estimates the quadriceps muscle strength using several
empirical equations (1-repetition maximum equations). Although directly related to
this thesis because predicting quadriceps muscle strength, these equations are not
derived from machine learning algorithms.

As mentioned above in (McNair et al, 2011), authors used prediction
equations known as 1-repetition maximum (1-RM) equations which are listed in

the table below:
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Table 1.2. 1-RM prediction equations

Equations Formula

Adams, 1993 W/(1-0.02 xR)

Berger, 1970 W/(1.0261e—0.00262 x R)
Brown, 1996 (R x0.0328 +0.9849) x W
Brzycki, 1993 W/(1.0278 — 0.0278 x R)
Epley, 1985 (0.033 xR x W)+ W
Kemmler et al, W x (0.988 — (0.0000584 x R3 + 0.00190 x R2 + 0.0104
2006 x R))

Lander, 1985 W/(1.013 — 0.0267123 x R)
Lombardi, 1989 RO.1 x W

Mayhew et al, 2004 | W/(0.522 + 0.419¢—0.055 X R)
O'Conner et al, | 0.025 x (W xR)+W

1989

Wathen, 1994 W/(0.488 + 0.538¢—0.075 x R)

Where W = weight used for repetitions to failure; R = repetitions to failure.

Eighteen Individuals with osteoarthritis (OA) of the knee joint who
attended a rehabilitation gymnasium participated to the tests. The participants
performed two exercises, namely the leg press extension and the knee extension.
Eleven prediction equations have been utilized for the prediction of the maximal
strength of the quadriceps muscle. The Poliquin chart which is widely utilized in
fitness and exercises centers has also been utilized. The results of their study have
shown that the Brown, Brzycki, Epley, Lander, Mayhew et al, Poliquin, and
Wathen prediction equations showed the highest prediction accuracy for the knee
extension exercise with typical errors varying between 3% and 4%. Whereas for
the knee press exercise, the Adams, Berger, Kemmler et al, and O'Conner et al
equations showed the highest accuracy for predicting maximal strength of

quadriceps muscle with the typical errors ranged from 5.9-6.3%. Therefore authors
6
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concluded that prediction equations can be used to assess quadriceps maximal
strength in individuals with a knee joint with OA.
The following studies have been carried out and published as part of the

thesis using the material included in this thesis:

e  The first preliminary study that compares the performance of different
machine learning algorithms for predicting hamstring and quadriceps
muscle strength was in (Akay et al, 2015). In the Study, SVM,
RBFNN and SDT have been applied to develop a single model for
hamstring and quadriceps muscle strength prediction. The authors
have concluded that SVM-based model yields lower RMSE's than the
ones obtained using RBFNN-based and SDT-based prediction models.
In more detail, the results they obtained show that the SVM-based
quadriceps muscle strength prediction model yields an RMSE value of
24.16 W and an R value of 0.89 for classic training; and an RMSE
value of 22.40 Nm and an R value of 0.90 for static training,
respectively. Similarly, the hamstring muscle strength prediction
model gives an RMSE value of 15.54 Nm and an R value of 0.90 for
classic training; and finally an RMSE value of 15.74 Nm and an R
value of 0.90 for static training, respectively.

e The second study was in (Akay et al, 2016). The authors used SVM,
RBFNN and SDT to develop two categories of hamstring and
quadriceps muscle strength prediction models. For the first category,
predictor variables weight, height, gender, age and SB have been used.
The second category included the same predictor variables except that
in place of predictor variables height and weight, sport branch has
been utilized. The authors also used four different muscle training
methods including classic training(CT), static training(ST), static

training followed by a rest of 5 minutes (ST-5MIN) and static training
7
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with a rest of 15 minutes(ST-15MIN) directly after the static training
for the hamstring and quadriceps muscle strength prediction. In
summary their study shows that the SVM-based models show the best
performance among the machine learning methods used, regardless of
which muscle training method has been performed by the participants
or whether quadriceps or hamstring muscle strength is predicted. The
hamstring muscle strength prediction models give better result than
the quadriceps muscle strength prediction models, independent of
which machine learning method or muscle training method has been
utilized. The performances of classic training and static training
models for the prediction of the hamstring and quadriceps muscle
strength are comparable. Whereas ST-5SMIN and ST-15MIN models
show lower performance than CT and ST models. All prediction
models that have predictor variables height and weight in place of
BMI exhibit relatively higher performance regardless of the regression
method or training type utilized.

e The third study has been carried out in (Sow et al, 2016). In this study
SVM, MLP and SDT have been applied and thirty prediction models
have been developed for only the hamstring muscle strength using the
classic training. The thirty prediction models have been divided in
four categories depending on the number of predictor variables
employed in the prediction model. The results have shown that SVM-
based prediction models outperform MLP-based and SDT-based
prediction models independent of the category of prediction models
applied. Besides, the authors concluded that among the thirty
prediction models developed, prediction models including predictor
variables gender and weight show relatively the best performance
whereas prediction models including age and sport branch give lower

performance for the hamstring muscle strength prediction. The
8
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category of models with four predictor variables on the average leads
to the best results whereas the category of prediction models with one

predictor variable shows the worst results.

1.4. Contributions of the Thesis
The major differences between this thesis and the previous study can be

listed as follow:

1. This study is the first that propose to use machine learning methods
for hamstring and quadriceps muscle strength prediction.

2. In this thesis, new, and more comprehensive models for the hamstring
and quadriceps muscle strength prediction have been developed.

3. In this thesis, several predictor variables including gender, weight,
height, age, SB and BMI have been utilized. On the contrary, in
(McNair et al, 2011) I-repetition maximum prediction equation with
only two predictor variables, namely repetitions to failure and weight
have been used.

4. 70 young athletes participated in the creation of the dataset used in
this thesis, whilst in (McNair et al, 2011) only 18 subjects attended the

study.

1.5. Overview of the Dataset

The dataset used in this thesis included 70 athletes from the College of
Physical Education and Sport at Gazi University. The athletes who participated in
the experiments have been assessed by the use of an isokinetic dynamometer

(Figure 1.2).
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Figure 1.2. Isokinetic dynamometer

The right upper leg hamstring and quadriceps muscle strength of all
athletes have been measured by the use of an isokinetic dynamometer. The classic
training which is a light run for 5 minutes and the static training which involved a
light run for 5 minutes followed by an active static stretching for 4 minutes, have
been performed in order to measure the hamstring and quadriceps muscle strength.
The variables age, gender, height, body mass index (BMI), weight and sport branch
as predictors, but also the variables hamstring and quadriceps muscle strength as
targets have been used for the dataset creation. In Table 1.3, the maximum,
minimum, average and standard deviation values for each predictor and target

variables are given.

10
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Table 1.3. Statistics of the dataset

training)

Standard
Variables Minimum | Maximum Mean
Deviation
Gender 0 1.00 0.36 0.48
Age (Year) 19.00 38.00 21.79 3.06
Height (m) 1.57 2.02 1.71 0.08
Weight (kg) 45.00 93.00 62.04 11.27
BMI (Kg/m2) 16.46 26.31 21.06 2.57
SB 1.00 17.00 9.31 5.03
Hamstring Muscle Strength
50.10 195.90 111.84 36.10
(Nm)(classic training)
Hamstring Muscle Strength
72.2 285.2 154.77 54.80
(Nm)(static training)
Quadriceps Muscle
Strength (Nm)(classic 61.2 197.7 111.62 36.45
training)
Quadriceps Muscle
Strength (Nm)( static 85.2 278.1 157.01 54.41

11




1. INTRODUCTION Boubacar Sow

12



2. OVERVIEW OF METHODS Boubacar Sow

2. OVERVIEW OF METHODS

In this thesis as mentioned above, in order to predict the hamstring and

quadriceps muscle strength, SVM, MLP, RBFNN and SDT have been used.

2.1. Support Vector Machines

SVM is a supervised machine learning algorithm invented by Vladimir N.
Vapnik and Alexey Chervonenkis in 1963 and introduced by Boser, Guyon and
Vapnik in 1992. Founded on the intuitive geometric concepts of large margin
separation and regularized risk minimization, SVM’s are well embedded into
statistical learning theory (Dogan et al, 2016). Nowadays, among the machines
learning methods, SVMs are among the most widely used methods. The popularity
of SVM’s is due to its remarkable accuracy in both prediction and classification.
SVM, in general, has been reported to be superior to other machine learning
methods especially in the field of sport physiology (Akay et al (2016), Abut &
Akay (2015)). Because of these reasons, in this study SVM has been chosen as the
main regression method for the prediction of hamstring and quadriceps muscles

strength.

2.1.1. Linear SVM

Considering a training set of N data points, S = {x, y;} where x;, € R™ is
an input vector and y, € R is an output vector. SVM outputs an optimal
hyperplane which categorizes new examples. A vector w and a bias b define the
equations of hyperplanes. Decision function for the hyperplanes is wt —x + b =

0. In order to maximize the margin of separation © , an optimal hyperplane is

created. SVM constructs a classifier

f(x)=sign(w x+b) @2.1)
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The limit of parameters w and b are given in (2.2):

min|w.x, +b| > 1.
l

2.2)

If it does not result any problem after the vectors dividing process, then as a
result of this process, if the distance separating the nearest vector and the
hyperplane is maximum, it is again divided by a hyperplane. Therefore, a dividing
hyperplane must satisfy the constraints given in (2.3) in order to be in a standard

form.

(2.3)

An input point x; that has the distance d from the hyperplane (w,b) is,

. (x.w+b 1
d((w,b),xi) = M >— (2.4.)
T
P can be calculated as
2
P = (2.5.)
[#]
Hence, SVM searches for a separating hyperplane by minimizing
1

D (w) ZE(W.W) (2.6.)

14
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d)(w) in (2.6) can be minimized by performing the structural risk minimization

principle,

||w||2 <c.

2.7.)

h is the series of standard hyperplanes in space that has n-dimension and is limited

by,

hsfnin[(ch),d]Jrl 2.8.)

where R is a radius of a hypersphere that surrounds all training vectors.
Consequently, minimizing (2.6) is equal to minimization of the upper bound.

The limitations of (2.3) can be reduced by presenting slack variables

& 20, i=1,2,...,n; therefore (2.3) can be rewritten as
y.(wx, +b)=1-¢&, i=12,...,n. (2.9.)
Under these circumstances, the problem of optimization becomes

q)(w,f):%(w.w)+ci§i. (2.10))

In (2.10.) C is a user specified positive fixed constant. The saddle point of

Lagrangian function is utilized in the solution of the problem given in (2.10).

15
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1 n n n
L(wba ) =L (waw) + €8 = Fan |y, (o +b) -1+ -3,
i=1 i=1 i=1

2
(2.11.)

In (2.11), &, 20, & 20,i=1,2,...,n are Lagrange multipliers. (2.11) must

be solved in terms of w, b,and¢, . Classical Lagrangian duality empowers the first

issue, turning (2.11) into a dual problem of it and this makes the solution easier.

(2.12) shows the dual problem to be solved

n 1 n
m(?x Zai—EZaiajyiyj (xi.xj) (2.12)
i=1

i, j=1

with constraints

> ey, =0,0<e,<C, i=12,..,n (2.13)

i=l1

There is a unique solution for this classic quadratic optimization problem. In

respect of the Kuhn-Tucker theorem of optimization theory (2.16.),

o[y, (wx, +b)-1]=0, i=12,...n. (2.14)
if X; satisfy (2.15), then (2.14) will have non-zero Lagrange multipliers

y,(wx, +b)=1. (2.15.)

16
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The points in (2.15.) are called support vectors (SV’s). Small subset of the

training vectors of the SV’s determines the hyperplane. Therefore, if the optimal

solution % does not take a value of zero, the classifier function can be represented

as

i=1

f(x)=sgn {ia;yi (xi.x)-i-b*} (2.16.)

In (2.16.) b is the solution of (14) for any non-zero a,ﬁ* .

2.1.2. Non-linear SVM

In general it is not possible to divide the datasets accurately using a linear
separating hyperplane. However, they can be divided linearly if mapped into a
higher dimensional field using a nonlinear mapping. Therefore, z = ¢(x) that
converts the input vector x that has a dimension d into a vector z that has a
dimension d is defined and ¢() is selected so that {¢(x;, y;)} (new training data) is
divisible with a hyperplane.

The data points from the input space into some space of higher dimension

are mapped by using the function
o():R"—>R". (2.17)

Optimal function (2.9) transforms (2.18) using the same constraints,

max iai—%iaiajyiyjlf(x[,xj) (2.18.)

“ | a i,j=l

17
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where
K(xi,xj):{ga(xi).go(xj)} (2.19.)

is the kernel function.

The exponential kernel function is given by

2
K(X X ) - _ﬂ (2.20.)
X, )=exp 5,2 .20.
whereas the polynomial kernel function is given by
q
K(x.x;)=(xx,+1)', ¢g=12,.. 221.)

where the parameters © and q in (2.20) and (2.21) have to be prearranged.

Then, the classifier function is specified as

f(x)=sgn {i a; y,K (x,,X) +b*} (2.22)

i=1

and b" is the solution of (2.22) for any non-zero , .

18
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2.2. Multi-Layer Perceptron

An MLP is a feed-forward neural network with one or more layers between
input and output layer. It is called Feedforward because data moves from input to
output layer in one direction.

An MLP consists of a system of simple interconnected neurons, or nodes,
which is a model representing a nonlinear mapping between an input vector and an
output vector. In MLP the computation is carried out using a set of simple units
with weighted connections between them. An MLP includes multiple layers of
nodes in a coordinated graph and each layer is completely connected to the
following one. Only the input neurons do not have an activation function. Each of
all other nodes node is a neuron with a nonlinear activation. In order to train the
network, a technique called back propagation which is also known as a handled
learning technique is used. It has been shown that an MLP with a hidden layer can
approximate nonlinear functions accurately (Goyal et al, 2016). The complexity of
the MLP network can be changed by varying the number of layers and the number

of units in each layer. An MLP can be represented as given in Figure 2.1.

il

;!< s

"y
Output Layer

Input Layer | Hidden Layer
- Laft Fad

Figure 2.1. A typical MLP Structure
19
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In the figure above, the network has an input layer (on the left, one hidden
layer (in the middle) and an output layer (on the right) with three neurons for each
layer respectively.

Input Layer: A vector of predictor variable values (xi...Xp) arrives at the
input layer. The input layer standardizes these values so that the range of each
variable is -1 to 1. The input layer forwards the values to each of the neurons in the
hidden layer.

Hidden Layer: Arriving at a neuron in the hidden layer, the value from each
input neuron is multiplied by a weight (wj), and the resulting weighted values are

added together producing a combined value u;.

p
Uj:z Wii Xi (2.23.)
i=0
The weighted sum (u;) is fed into a transfer function, o, which outputs a
value h;. The outputs from the hidden layer are distributed to the output layer.

The transfer function may be a logistic function or a hyperbolic tangent.

o =(1+e¢*)" (logistic function)
6 = = tangh(x) (hyperbolic tangent)
hi=f (w)= (1 + ")’ (2.24.)

Output Layer: Arriving at a neuron in the output layer, the value from each
hidden layer neuron is multiplied by a weight (wy), and the resulting weighted

values are added together producing a combined value v;.

A. Non-Linear Activation/Transfer Function
The values of the logistic sigmoid function range from O to 1. The standard

sigmoid is basically used with the hyperbolic tangent.
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It has the feature,
f(x) =tanh(x) = 2Sigmoid 2x)—1 f(-x)=—f(x) (2.25)
and its derivative is given by
f0)=1-f(x)*. (2.26.)

B. Learning

For training N-Layer neural networks as well as the networks having a single

layer, the same steps are used. The network weights wl.(j”) are set to make the output

cost function given in (2.27) minimum.

Egg =%ZZ(targ§’—out§.N)P)2 (2:27.)
P

or

Eqp=—p. > [rargh Jog(out"?)+(1—rarg?).log(1—out™?)] (2.28.)
p J

and once again this can be done by a series of gradient descent weight changes

E({w"})

AW =—n W (2.29.)
kl

(N)

OI/tl‘j

is the only output of the last layer. This becomes apparent in the error

function E of the output. However, outputs of the final layer are related with all the
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weights of the previous layers. This learning algorithm automatically sets our\”
g p y g alg y ]

of the previous layers.

C. Training

The training for MLP is realized following the steps below:

1. Let’s suppose that we have the series of training patterns given below

in (2.30)

{inf,out? :i=1...ninputs, j =1...noutputs, p =1...npatterns} (2.30.)

2. Network is set up with N inputs, N—1hidden layers of nhidden™

nonlinear units, and N outputs in layer N. Each layer is completely

. . . ( )
connected with the previous layer by weight w;" .
3. First weights are generated randomly in the range [—smwt,+smwt].
4. The learning rate 7] and a convenient error function E(W!’) are

selected.

5. For each training pattern p, the weight update equation
AW =—noEW') 1 ow' is applied to each weight Wi

6. Step 5 is repeated until the network’s error function gives negligible

error rates.

2.3. Radial Basis Function Neural Network
The RBFNN is a feed-forward neural network model with good
performance, global approximation, and is free from the local minima problems. It

is a multi-input, single-output system consisting of an input layer, a hidden layer,
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and an output layer. During the data processing, the hidden layer performs
nonlinear transforms for the feature extraction and the output layer gives a linear
combination of output weights. The advantage of RBFNN is its fast learning
algorithms (Koriirek & Dogan, 2010). As mentioned above, RBFNN has the feed-
forward structure. It has one layer that consists of hidden units. These units are

completely adjusted with the output units. (2.31) indicates the output units (y/j)
from a linear combination of the main functions (Ghosh-dastidar et al, 2008).
X—C

J
o2
J

!//j(X)=K( ) (2.31)

f:R" > Rl (a function) is estimated by using an RBFNN. xe R™ (a vector) is

an input, y(x, cj,aj) is the j™ function with centrec; € R", widtho,, and
w=W,W,,...W,,) € R™ is the vector of linear output weights. M represents the
main number function. The M centers C; € R" are connected to obtain
c=(¢,Cp,..sCp) € R™ Lastly, the widths are connected to obtain

az(al,a ,...,O'M) eRM . The output of the network for x € R" and oceR” is

shown by (2.32).

M
F(x,c,o,0)= >

1(co jw(x, €j0 J-)) . (2.32)
] =

Suppose that y:(yl’y2”"’yn) is the weighted output vector and
(xi,yi):i:I,Z,...,N is a series of training pairs. For eachceR™,

23



2. OVERVIEW OF METHODS Boubacar Sow

weR" 0 e R"and for random weights A i=12,...N, which are taken as

positive numbers to point out importance of definite domains of the input space, set

(2.33) (Wright et al, 2013).

N | =

N 2
Ee.o.0)=> 3 |40, ~F(x,.c.0.0)| 233)
i=1

2.4. Single Decision Trees

A decision tree can be defined as a graphical representation of possible ways
to make a decision that depends on certain conditions. It's called a decision tree
because it is a tree-like graph that consists of nodes with a starting node called root.
The root node does not have any incoming edges. All other nodes have one
incoming edge. A node with outgoing edges is called an internal node. All other
nodes which are also known as decision nodes are called leaves. In order to split
the instance space into two or more sub-spaces, a discrete function of the input
attributes values is used.

In most of the cases, the instance space is divided considering a single
predictor variable and according to the value of the predictor variable. If the
predictor variables are numeric, a range is utilized. The most relevant target
variable represented by one class is linked to each leaf. An alternative way is that
the leaf holds a probability vector showing the probability of the target variable
having a certain value. Instances are classified according to the results of the tests
along the path (from the root to a leaf). Figure 2.2 from (Rokach & Maimon, 2005)
is an example of a decision tree, in which the response of a customer to direct
mailing is predicted. In this example the decision tree includes nominal and
numeric predictor variables. The response of a customer can be predicted using this
classifier. It is also possible by the use of this classifier to understand the behavior
of the entire population of customers regarding direct mailing. Each node is labeled
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with the attribute it tests, and its branches are labeled with its corresponding values.
If predictor variables are numeric, decision trees can be seen as a collection of
hyperplanes. Since decision trees with less complexity are easier to comprehend,
they are preferred in most of cases. Furthermore, as noted in (Breiman et al, 1984)
the accuracy of a decision tree is highly associated with its complexity. It is clear
that the tree complexity is in turn controlled by the stopping criteria employed and
the pruning method applied.

The tree complexity is generally determined by certain parameters which
include the total number of nodes, total number of leaves, tree depth and number of
attributes used. The induction of a decision tree is related to rule induction. A rule
may be created by putting together the tests in different paths from the root of a
decision tree to one of its leaves and using the leaf's estimation as the target value.
In Figure 2.2 mentioned above, one of the paths can give the rule: If the age of a
customer is below 30 and the customer is male — then the customer will respond to
the mail”. The comprehensibility of the resulting rule set to a human user can be
improved by making the resulting rule set as simple as possible and if possible by

improving also its accuracy (Quinlan, 1987).
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<=30
i - Gender 5.'
7 \Female
.~ LastR.

VAN

Figure 2.2. Decision tree example
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3. DEVELOPMENT OF PREDICTION MODELS

3.1. Support Vector Machine Prediction Models

In order to have an effective SVM in terms of accuracy, certain principal
parameters such as the cost C, the e-insensitive loss function and gamma must have
their optimal values. The parameter C affects the tradeoff between proportion and
complexity of nonseparable samples. In other words, the parameter C controls the
tradeoff between errors of the SVM on training data and margin maximization. A
low value of C tends to make decision surface smooth (increment of the training
error quantity). On the other hand if the value of C is large, a high misclassification
cost is observed. For measuring the quality of estimation and quantifying the
empirical risk, the loss function of Vapnik (Vapnik, 2000) called also e-insensitive
is generally the most utilized function. In order to control the width of the e-
insensitive zone used to fit the training data, the € parameter is utilized. Since the
number of selected support vectors is affected by the value of ¢, therefore a large
value of € implies that the number of selected support vectors is small.

The type of the kernel including linear, polynomial, radial basis function
(RBF) and sigmoid has also an important impact on the accuracy of SVM.
However in this thesis RBF that has been found to do best job in the majority of
cases has been utilized. The regularization parameter gamma is necessary for the
optimization of the RBF kernel function. The gamma parameter is defined as the
inverse of the standard deviation of the RBF kernel function, which is used as
similarity measure between two points. If gamma is small, the variance of the
kernel function is large. Consequently, even if the distance between two points is
large, they can be seen as similar. On the other hand, if gamma is too large, the
variance is small, thus two points are similar only when they are close to each
other.

In order to minimize the error, it is necessary to have the optimal values of

the above mentioned parameters. Several techniques such as swarm optimization
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and grid search are employed to find these optimal values. However the grid
search technique has been used in this thesis. The grid search has been proved to
be very efficient for the optimization of values of C, g, and gamma on medium
dataset. In grid search the values of the parameters are changed within a specific
interval and the three parameters showing the lowest error rate are retained. Figure
3.1 shows the flow chart of the SVM-based prediction models. As a first step, the
dataset is standardized in order to have zero mean and unity variance of the
predictor variables. Applying the standardization process on the dataset gives new
test and train sets. For the validation of models and the enhancement of the
reliability of the results, 10-fold cross validation has been applied on the dataset.
Therefore, the training data comprised 63 elements and the test data had 7
elements for each fold. Table 3.1 shows the list of the intervals for values of the

parameters for SVM models.

Table 3.1. List of the intervals for values of the parameters for the SVM model

Parameter Value
Cost (O) [26-219]
Epsilon(g) [0.01-150]
Gamma (y) [2-10- 28]
Kernel Function RBF
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Dataset partition

V‘ \ 4
Train subset Test subset

A 4 A 4
Standardize predictor variables to have zero mean and unity variance

\ 4 A
New train subset New test subset

Grid search to find optimized
(C. &)

A4

Train the new train subset with
the optimized parameters to
obtain the SVM-based
prediction model

A\ 4

Use the SVM-based prediction
model to predict the muscle
strength

A

Calculate the performance
metrics

Figure 3.1. Flow chart of SVM-based models

3.2. Multilayer Perceptron Prediction Models
The MLP based hamstring and quadriceps prediction models have been

created using the so-called back-propagation. The accuracy of an MLP based
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prediction model is improved by varying the number of layers and the number of
units in each layer. There is a close relationship between the number of neurons in
the hidden layer and the performance of an MLP based prediction model. Using a
small number of neuron may cause a loss of information, whereas using a large
number of neurons increases the complexity of the model. However, the number of
neurons in a hidden layer cannot be determined in advance. Generally, the optimal
number of neurons is obtained with try and error process depending on the
complexity of the problem. The tansigmoid function and the pure-linear function
have been utilized in the hidden layer and output layer respectively. The flow chart
of SVM-based models is given in Figure 3.2. Table 3.2 shows the list of the values

of the parameters for MLP models

Table 3.2. List of intervals for the values of the parameters for MLP models

Parameter Value
Number of neurons in the hidden layer [2-20]
Learning rate (0-1)
Momentum (0-1)
Maximum iteration 10000
Number of epochs 500
Number of convergence tries [2-20]
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Figure 3.2. Flow chart of MLP based prediction models
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3.3. RBFNN Prediction Models

An RBFNN consists of an input layer, a hidden layer and an output layer.
In the hidden layer, the neurons utilize the Gaussian transfer function whose
outputs are inversely proportional to the distance from the center of the neuron. In
order to create an efficient RBFNN-based prediction model, several steps have to
be followed. Reading the content of the dataset is the first step, afterwards the
variables are standardized. The addition of a new neuron to the network and the
adjustment of weight for the output layer is the following step. Then calculation of
the output error of the network is performed. If the error is too large, the addition of
a second neuron and the calculation process of the error are reproduced. The
performance of the RBFNN for the training and test data is determined when an
acceptable error occurs. The processes of addition a neuron and the error
evaluation are performed again if a low performance of the network is observed.
The main parameters that are related to the performance of an RBFNN-based
prediction model include the population size, radius of the RBFNN, the maximum
number of neurons and the regularization parameter (A). Table 3.3 sows the list of

the values of the parameters for RBFNN prediction models.

Table 3.3. List of the values of the parameters for RBFNN prediction models

Parameter Value
Regularization parameter (A) [0.001 - 25]
Population size [100 - 400]
Radius of RBFNN [0.001- 450]
Maximum nomber of neurons [95-100]
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Reading of all the dataset information

A 4
Standardization of predictor variables

>
<

A\ 4
Adding a neuron to the Network

Weight adjusting process

A
Computing the error
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Acceptable error? >
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Performance measurement
v
Low performance Yes
v No
END

Figure 3.3. Flow chart of RBFNN based prediction models

3.4. Single Decision Tree Prediction Models
The performance of SDT-based prediction models is related to three main
parameters, namely the minimum rows in a node, the minimum size node to split

and the maximum tree levels. The minimum rows in a node specify the minimum
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number of rows that may fall in a node after splitting. The minimum size node to
split indicates that a node or a group of nodes should never be split if it contains
fewer rows than the specified value. The maximum tree levels specify the
maximum number of levels in the tree that are created when the tree is being built.
In order to have an efficient SDT-based prediction models, the above mentioned
parameters must have their optimal values. Table 3.4 shows the list off intervals

values of the parameters for SDT prediction models.

Table 3.4. List of intervals values of the parameters for SDT-based prediction

Parameter Value

Minimum size node to split [2-15]
Minimum rows in a node [2 - 25]
Maximum tree levels [5-10]
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4. RESULTS AND DISCUSSIONS

4.1 Approach of this Thesis

Using the combinations of predictor variables height, weight, gender, age,
sport branch and BMI, two categories of hamstring and quadriceps muscle strength
models have been created. The first category includes predictor variables height,
weight, gender, age and SB. In the second category, predictor variable BMI has
been used instead of predictor variables weight and height. Thus the second
category includes predictor variables BMI, gender, age and sport branch. In order
to evaluate the performance and the accuracy of the different models, the values of
RMSE and R have been computed using 10-fold cross validation method. The
equations of RMSE and R are given in (3.1) and (3.2) respectively.

1 P
RMSE = \/52?21(1/ —Y)? (3.1)

?zl(Y_Y,)Z
?zl(y_ 7 )2

R= |1-

(3.2)

In (3.1) and (3.2), Y is the measured value, Y’ is the predicted value, Y is
the mean of the measured values and n is the number of samples in a test subset.

Table 4.1 through Table 4.5 show the prediction models with one, two,
three, four and five predictor variables respectively for the hamstring and

quadriceps muscle strength prediction.
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Table 4.1. Overview of prediction models with one predictor variable

Model Name Abbreviation Predictor variables
Model 1 Ml Gender

Model 2 M2 Weight

Model 3 M3 Height

Model 4 M4 Sport Branch
Model 5 M5 Age

Model 32 M32 BMI

Table 4.2. Overview of prediction models with two predictor variables

Model Name Abbreviation Predictor variables
Model 6 M6 Gender, Weight
Model 7 M7 Gender, Height
Model 8 M8 Gender, Sport Branch
Model 9 M9 Gender, Age

Model 10 MI10 Weight, Height
Model 11 MIl1 Weight, Sport Branch
Model 12 Mi12 Weight, Age

Model 13 M13 Height, Sport Branch
Model 14 M14 Height, Age

Model 15 M15 Sport Branch, Age
Model 33 M33 Gender, BMI

Model 34 M34 Sport Branch, BMI
Model 35 M35 Age, BMI
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Table 4.3. Overview of prediction models with three predictor variables

Model Name | Abbreviation Predictor variables

Model 16 M16 Gender, Weight, Height
Model 17 M17 Gender, Weight, Age

Model 18 MI18 Gender, Weight, Sport Branch
Model 19 M19 Gender, Height, Age

Model 20 M20 Gender, Height, Sport Branch
Model 21 M21 Gender, Sport Branch, Age
Model 22 M22 Weight, Height, Age

Model 23 M23 Weight, Height, Sport Branch
Model 24 M24 Weight, Sport Branch, Age
Model 25 M25 Sport Branch, Height, Age
Model 36 M36 Gender, Sport Branch, BMI
Model 37 M37 Gender, Age, BMI

Model 38 M38 Sport Branch, Age, BMI

Table 4.4. Overview of prediction models with four predictor variables

Model Name | Abbreviation Predictor variables

Model 26 M26 Gender, Height, Weight, Age

Model 27 M27 Gender, Sport Branch, Height, Weight
Model 28 M28 Gender, Sport Branch, Weight, Age
Model 29 M29 Gender, Sport Branch, Height, Age
Model 30 M30 Sport Branch, Height, Weight, Age
Model 39 M39 Gender, Sport Branch, Age, BMI
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Table 4.5. Overview of prediction models with five predictor variables

Model Name | Abbreviation | Predictor variables
Model 31 M31 Gender, Height, Weight, Sport Branch, Age
4.2. Results

Table 4.6 through Table 4.25 show the test results for models without the

predictor variable BMI, whilst Table 4.26 through Table 4.41 show the test results

for prediction models with the predictor variable BMI.

Table 4.6. Test results for hamstring-CT prediction models with one predictor

variable
SVM MLP RBFNN SDT

Models

RMSE R RMSE R RMSE | R RMSE R
Model 1 19.04 0.72 21.58 0.70 | 23.29 | 0.64 | 24.51 0.53
Model 2 19.63 0.70 22.15 0.65 | 23.53 | 0.59 | 24.80 0.55
Model 3 25.91 0.48 28.54 045 | 30.19 | 032 | 31.79 0.29
Model 4 31.15 0.24 33.99 0.10 | 35.78 | 0.08 | 36.95 0
Model 5 35.87 0 37.74 0 39.46 0 40.81 0
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Table 4.7. Test results for hamstring-CT prediction models with two predictor

variables
SVM MLP RBFNN SDT
Models
RMSE R RMSE R RMSE R RMSE R

Model 6 15.31 0.82 | 16.29 079 | 17.37 |0.77 | 18.88 | 0.72
Model 7 17.26 0.77 | 18.49 0.73 2031 |0.68 |23.89 |0.56
Model 8 19.05 0.72 | 20.81 066 |2322 |064 |24.75 |0.52
Model 9 18.69 0.73 | 19.79 0.70 |22.03 |[0.62 |2495 |0.52

Model 11 18770 | 0.73 | 19.78 0.70 | 2098 |0.66 |2242 | 0.61

Model 10 1932 | 0.71 | 2094 |0.66 |22.08 |0.62 |2540 |0.50

Model 12 20.05 0.69 |21.34 |0.65 |22.53 |0.60 |23.70 | 0.56

Model 13 2293 1059 | 2484 |052 |2620 |047 |28.53 |0.37

Model 14 25.68 | 049 | 2744 |041 |2897 |0.35 3095 |0.25

Model 15 30.62 | 0.27 |32.64 |0.17 |[35.11 |0.04 |37.14 |0
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Table 4.8. Test results for hamstring-CT prediction models with three predictor
variables

SVM MLP RBFNN SDT
Models

RMSE R |RMSE| R |RMSE| R | RMSE | R

Model 17 15.48 0.81 | 16.81 | 0.78 |18.11 |0.74 | 20.15 | 0.68

Model 16 15.36 0.82 |16.53 |0.79 |17.57 |0.76 | 1893 | 0.72

Model 18 15.68 0.81 | 17.39 |0.76 |19.23 | 0.71 | 22.41 | 0.61

Model 20 17.33 0.77 119.03 |0.72 |23.93 |0.55 2570 |0.49

Model 19 16.78 0.78 | 1797 |0.75 |19.02 |0.72 | 20.03 | 0.69

Model 21 18.99 0.72 |1 2047 |0.67 |2243 |0.61 | 2393 |0.55

Model 23 17.89 0.75 | 19.50 |0.70 |21.84 | 0.63 |24.07 | 0.55

Model 24 19.39 0.71 | 21.52 |0.64 | 2431 | 054 |2544 |0.50

Model 22 19.78 0.70 12090 | 0.66 |23.88 |0.56 |2557 |0.49

Model 25 22.88 0.59 | 2426 |0.54 |2553 |049 |2722 |042

Table 4.9. Test results for hamstring-CT prediction models with four predictor

variables
SVM MLP RBFNN SDT
Models
RMSE R RMSE R |RMSE| R | RMSE R

Model 26 15.19 0.82 | 16.29 079 [ 17.86 | 0.75 | 18.93 0.72
Model 27 15.84 0.80 | 17.09 077 [ 1832 [0.74 | 19.59 |0.70
Model 28 15.89 0.80 [ 17.66 |0.76 | 19.12 | 0.72 | 20.62 | 0.67
Model 29 17.62 0.76 | 18.52 |0.73 | 20.67 | 0.67 | 23.93 0.55
Model 30 17.97 0.75 | 19.83 0.69 | 2248 |0.61 |2496 |0.52
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Table 4.10. Test results for hamstring-CT prediction models with five predictor

variables
SVM MLP RBFNN SDT
Models
RMSE | R | RMSE R |RMSE| R | RMSE R
Model 31 1555 |0.81 | 1646 |0.79 |17.60 |0.76 | 19.05 | 0.72

Table 4.11. Test results for hamstring-ST prediction models with one predictor

variable
SVM MLP RBFNN SDT

Models

RMSE R RMSE R RMSE | R RMSE R
Model 1 18.99 072 |22.71 0.68 |24.07 |0.66 | 2544 0.67
Model 2 19.55 0.71 20.67 0.67 |22.12 |0.63 | 23.61 0.57
Model 3 25.68 0.50 |27.81 0.52 |28.67 |0.37 | 30.26 0.30
Model 4 2991 0.32 | 32.76 0.18 |[34.15 |0.26 | 35.21 0.37
Model 5 36.32 0 38.56 0 4039 |0 41.46 0
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Table 4.12. Test results for hamstring-ST prediction models with two predictor

variables
SVM MLP RBFNN SDT
Models
RMSE R RMSE R RMSE R RMSE R

Model 6 15.59 0.81 | 16.52 0.79 | 17.49 |0.77 | 19.73 |0.70
Model 7 16.77 0.79 | 17.57 0.76 | 18.20 |0.75 | 19.28 | 0.69
Model 8 17.39 0.77 | 19.63 0.71 |20.78 |0.73 |22.71 |0.61
Model 9 18.44 0.74 | 19.80 0.70 |21.09 | 0.66 |23.89 | 0.56

Model 11 20.01 0.69 |21.42 |0.65 2439 |0.55 |2535 |0.51

Model 10 1937 071 |2037 |0.68 |2190 |0.63 |23.61 |0.57

Model 12 20.08 |0.69 |21.08 |0.66 |22.44 |0.62 |23.59 |0.57

Model 13 2341 0.58 2445 |054 |2591 |049 |27.36 |043

Model 14 25.71 049 |27.23 |043 |29.11 |0.35 |30.76 |0.28

Model 15 31.03 |0.26 |3258 |0.19 |33.72 |0.13 |34.50 |0.09

Table 4.13. Test results for hamstring-ST prediction models with three predictor

variables
SVM MLP RBFNN SDT
Models
RMSE | R RMSE | R RMSE | R RMSE | R

Model 17 15.57 | 0.81 | 16.93 0.78 | 19.85 | 0.70 | 22.34 | 0.62
Model 16 1544 | 0.82 | 16.48 0.79 | 18.38 | 0.74 | 20.53 | 0.68
Model 18 15.64 | 0.81 | 18.01 0.75 12035 | 0.68 | 2343 | 0.58
Model 20 16.15 | 0.80 | 18.54 0.74 | 19.61 |0.71 | 21.46 | 0.65
Model 19 16.80 | 0.78 | 18.70 0.73 1 20.20 | 0.69 | 21.21 0.66
Model 21 17.88 | 0.76 | 19.51 0.71 | 21.34 | 0.65 | 22.71 0.61
Model 23 17.34 | 0.77 | 20.09 0.69 | 22.84 | 0.60 | 25.10 | 0.52
Model 24 20.53 | 0.68 | 22.17 0.62 | 2457 | 0.54 | 25.35 | 0.51
Model 22 19.64 | 0.71 | 20.87 0.67 | 22.67 | 0.61 | 2454 | 0.54
Model 25 22.36 | 0.62 | 24.85 0.53 | 2654 | 046 |27.67 |0.42
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Table 4.14. Test results for hamstring-ST prediction models with four predictor

variables
SVM MLP RBFNN SDT
Models
RMSE| R RMSE| R |RMSE| R |RMSE | R

Model 26 1560 |[0.81 | 17.08 |0.78 | 18.60 | 0.74 | 19.83 | 0.70
Model 27 1560 |[0.81 |17.39 |0.77 | 19.15 |0.72 | 21.60 | 0.64
Model 28 15.81 [0.81 | 18.18 | 0.75 | 20.39 | 0.68 | 22.34 | 0.62
Model 29 16.22 | 0.80 | 1846 | 0.74 | 2092 | 0.67 | 22.74 | 0.61
Model 30 17.67 [0.76 | 20.74 | 0.67 | 23.85 | 0.57 | 25.10 | 0.52

Table 4.15. Test results for hamstring-ST prediction models with five predictor

variables
SVM MLP RBFNN SDT
Models
RMSE | R RMSE R RMSE | R | RMSE R
Model 31 1575 | 0.81 |16.89 |0.78 | 17.54 | 0.76 | 19.31 0.72

Table 4.16. Test results for quadriceps-CT prediction models with one predictor

variable
SVM MLP SDT RBFNN

Models

RMSE R RMSE R RMSE | R RMSE R
Model 1 28.04 0.73 29.58 0.70 |32.11 |0.65 |33.35 0.63
Model 2 30.72 0.68 32.52 0.67 |34.38 |0.60 | 36.00 0.56
Model 3 39.13 048 | 41.30 046 |43.50 |0.36 |45.35 0.34
Model 4 47.78 0.23 50.14 0.15 |52.13 |0.11 | 55.21 0
Model 5 54.44 0 56.74 0 5897 |0 61.36 0
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Table 4.17. Test results for quadriceps-CT prediction models with two predictor

variables
SVM MLP SDT RBFNN
Models
RMSE| R |RMSE| R |RMSE| R |RMSE| R

Model 6 2199 |0.84 | 2392 |0.81 2494 |0.79 | 2647 |0.76
Model 7 25.31 0.78 | 28.83 | 0.72 | 30.22 | 0.69 | 32.67 | 0.64
Model 8 2774 10.74 | 29.83 |0.70 | 31.71 | 0.66 | 34.75 | 0.61
Model 9 2823 | 0.73 [ 29.66 |0.70 | 32.15 | 0.65 | 33.57 | 0.62
11\/iodel 2940 |0.71 [30.79 |0.68 | 33.52 |0.62 | 34.71 | 0.59
11\/(I)odel 30.18 | 0.69 | 3228 |[0.65 | 3398 |0.61 |34.48 | 0.60
11\/;0(161 31.79 | 0.66 | 33.43 | 0.63 | 34.97 |0.59 | 36.61 | 0.55
ﬁOdel 33.05 |0.63 |3576 |057|37.65 |0.52 3875 |0.49
ﬁOdel 40.01 046 | 42.64 |0.39 |44.09 | 0.34 | 45.11 | 0.31
11\/§Odel 47.17 10.25 | 4935 |0.18 | 51.31 |0.17 | 52.74 | 0.06
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Table 4.18. Test results for quadriceps-CT prediction models with three predictor
variables

SVM MLP SDT RBFNN
Models

RMSE R |RMSE| R |RMSE| R | RMSE | R

Model 17 22.06 0.84 |23.08 |0.82 |2434 |0.80|26.02 |0.77

Model 16 21.19 0.85 | 2235 |0.83 |2496 |0.79 | 2640 | 0.76

Model 18 23.98 0.81 | 2508 |0.79 |2690 |0.76 | 2799 |0.74

Model 20 25.58 0.78 | 27.20 |0.75 |28.57 |0.75 |31.24 | 0.67

Model 19 24.84 0.79 |26.60 |0.76 |28.48 |0.73 | 30.00 |0.70

Model 21 27.70 0.74 129.25 |0.71 |31.71 | 0.66 | 3299 | 0.63

Model 23 2791 0.74 |129.66 |0.70 |30.81 | 0.61 |32.05 | 0.65

Model 24 30.19 0.69 |31.61 |0.66 |34.69 |0.59 |37.68 |0.52

Model 22 31.44 0.67 |33.61 |0.62 |3581 |0.57 |3792 |0.51

Model 25 33.28 0.63 | 3587 |0.57 |37.05 |0.54 |3836 |0.50

Table 4.19. Test results for quadriceps-CT prediction models with four predictor

variables
SVM MLP SDT RBFNN
Models
RMSE R RMSE R RMSE | R | RMSE R

Model 26 21.48 0.84 | 23.01 0.82 [ 2496 |0.79 | 26.19 | 0.77
Model 27 23.31 0.82 | 2543 0.78 | 26.81 0.76 | 28.11 0.73
Model 28 24.28 0.80 | 25.47 0.77 | 27.56 |0.74 | 28.59 | 0.72
Model 29 25.42 0.78 2692 |0.76 |28.03 |0.73 | 31.32 | 0.67
Model 30 28.40 0.73 | 30.48 0.69 |34.07 |0.61 |3790 |0.51
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Table 4.20. Test results for quadriceps-CT prediction models with five predictor

variables
SVM MLP SDT RBFNN
Models
RMSE | R RMSE R |RMSE| R | RMSE R
Model 31 24.17 | 0.80 | 2553 |0.78 |26.81 |0.78 | 2875 |0.72

Table 4.21. Test results for quadriceps-ST prediction models with one predictor

variable
SVM MLP SDT RBFNN

Models

RMSE R RMSE R RMSE | R RMSE R
Model 1 27.12 0.75 28.66 0.72 |30.70 | 0.69 | 33.63 0.65
Model 2 27.99 0.73 29.31 0.71 31.32 | 0.66 | 33.88 0.63
Model 3 38.12 0.50 39.95 045 |42.64 | 0.38 | 43.82 0.37
Model 4 43.94 0.38 | 46.75 0.30 [49.60 |0.16 |51.70 0.08
Model 5 55.22 0 5791 0 59.13 | 0O 61.52 0
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Table 4.22. Test results for quadriceps-ST prediction models with two predictor

variables
SVM MLP SDT RBFNN
Models
RMSE R RMSE R RMSE R RMSE R

Model 6 19.88 0.86 | 21.43 0.84 |22.67 |0.82 |24.62 |0.79
Model 7 23.71 0.81 | 25.18 0.78 |26.34 |0.76 |27.86 |0.73
Model 8 25.63 0.78 | 28.21 0.73 12995 |0.69 |31.39 |0.66
Model 9 27.12 0.75 | 28.60 0.74 |30.08 |0.69 |31.61 | 0.66

Model 11 27.86 | 0.73 | 29.41 0.70 |31.16 |0.67 |33.26 | 0.62

Model 10 2754 10.74 [29.60 |0.70 |31.42 |0.66 |33.27 |0.62

Model 12 28.15 | 0.73 [29.44 |0.70 |30.54 |0.68 |31.80 |0.65

Model 13 34.66 | 0.59 3699 |0.53 |3946 |047 |4097 |042

Model 14 39.64 | 046 4254 | 038 |4451 |0.32 |4642 |0.26

Model 15 49.91 0.15 |52.14 |0.07 |53.44 |0.03 |5467 |0
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Table 4.23. Test results for quadriceps-ST prediction models with three predictor
variables

SVM MLP SDT RBFNN
Models

RMSE R |RMSE| R |RMSE| R | RMSE | R

Model 17 20.62 0.85 |22.69 |0.82 |2475 |0.79 |27.10 |0.75

Model 16 19.72 0.87 |21.16 |0.85 |2226 |0.83 |23.97 |0.80

Model 18 2290 10.82 |24.11 |0.80 | 2597 |0.77 |27.93 |0.73

Model 20 24.44 0.80 | 2548 |[0.78 |27.27 |0.75 |28.32 |0.73

Model 19 24.14 0.80 |26.82 |[0.75 |28.78 |0.72 |30.92 | 0.67

Model 21 25.76 0.77 | 2831 |[0.73 |2995 |0.69 | 3241 |0.64

Model 23 26.35 0.76 |28.66 |[0.72 |30.76 |0.68 |31.96 | 0.65

Model 24 28.74 0.72 |30.13 |0.69 |31.16 |0.67 |33.09 |0.62

Model 22 28.53 0.72 12996 |0.69 |31.54 |0.66 |33.17 |0.62

Model 25 35.49 0.57 |37.86 |0.51 |39.27 |047 | 4255 |0.38

Table 4.24. Test results for quadriceps-ST prediction models with four predictor

variables
SVM MLP SDT RBFNN
Models
RMSE R RMSE R RMSE | R | RMSE R

Model 26 20.00 0.86 [21.27 |0.85 |2226 |0.83 |24.66 |0.79
Model 27 22.35 0.83 [23.64 |0.81 |24.79 |0.79 | 26.08 | 0.77
Model 28 22.93 0.82 | 2496 |0.79 | 2597 |0.77 | 26.98 | 0.75
Model 29 24.82 0.79 | 26.05 077 | 27.27 |0.75 | 28.87 | 0.71
Model 30 26.52 0.76 | 28.33 0.73 | 30.88 | 0.67 | 33.60 | 0.61
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Table 4.25. Test results for quadriceps-ST prediction models with five predictor

variables
SVM MLP SDT RBFNN
Models
RMSE | R RMSE R |RMSE| R | RMSE R
Model 31 2376 | 0.81 [ 24.86 |0.79 | 2597 |0.79 | 27.16 | 0.75

Table 4.26. Test results for hamstring-CT prediction models with one predictor
variable (BMI case)

SVM MLP RBFNN SDT
Models
RMSE R RMSE R RMSE | R RMSE R
Model 32 | 25.33 | 0.50 | 26.76 0.49 |28.09 |0.39 | 29.24 0.33

Table 4.27. Test results for hamstring-CT prediction models with two predictor
variables (BMI case)

SVM MLP RBFNN SDT
Models
RMSE R RMSE R RMSE R RMSE R
Model 33 17.69 0.76 | 18.71 0.73 | 20.60 | 0.67 |22.17 0.62
Model 34 24.84 0.52 | 26.34 0.46 | 28.43 0.37 | 30.71 0.27
Model 35 25.63 0.49 | 27.04 0.43 | 29.45 0.32 | 31.89 |0.21

Table 4.28. Test results for hamstring-CT prediction models with three predictor
variables (BMI case)

SVM MLP RBFNN SDT
Models
RMSE | R |RMSE| R |RMSE| R | RMSE | R
Model 36 17.89 0.75 | 19.89 0.69 | 21.62 0.64 | 23.93 0.55
Model 37 17.80 0.75 | 19.11 0.72 | 20.80 0.66 | 22.17 0.62
Model 38 26.00 047 | 27.24 0.42 | 28.32 0.38 | 30.67 0.27
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Table 4.29. Test results for hamstring-CT prediction models with four predictor
variables (BMI case)

SVM MLP RBFNN SDT
Models
RMSE | R |RMSE| R |RMSE| R | RMSE | R
Model 39 17.63 0.76 | 19.60 | 0.70 | 21.41 0.64 | 23.93 0.55

Table 4.30. Test results for hamstring-ST prediction models with one predictor
variable (BMI case)

SVM MLP RBFNN SDT
Models
RMSE R RMSE R RMSE | R RMSE R
Model 32 26.69 046 |27.72 041 |29.04 |0.36 |30.36 0.30

Table 4.31. Test results for hamstring-ST prediction models with two predictor
variables (BMI case)

SVM MLP RBFNN SDT
Models
RMSE R RMSE R RMSE R RMSE R
Model 33 18.40 | 0.75 1995 | 0.70 | 21.53 | 0.65 | 23.56 | 0.58
Model 34 25.02 | 0.52 | 26.61 046 | 27.64 | 0.42 | 30.20 | 0.30
Model 35 2595 | 049 | 27.14 | 044 | 28.17 | 0.39 | 29.28 | 0.35

Table 4.32. Test results for hamstring-ST prediction models with three predictor
variables (BMI case)

SVM MLP RBFNN SDT
Models
RMSE R RMSE R RMSE | R RMSE R
Model 36 17.47 0.77 | 19.18 0.72 | 20.98 0.66 | 22.71 0.61
Model 37 18.51 0.74 | 20.05 0.69 |21.71 0.64 | 23.56 0.58
Model 38 25.71 0.50 | 27.66 0.42 | 29.89 0.32 | 31.72 0.23
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Table 4.33. Test results for hamstring-ST prediction models with four predictor

variables (BMI case)

SVM MLP RBFNN SDT

Models
RMSE R RMSE R RMSE | R | RMSE R
Model 39 17.35 0.77 | 18.63 0.73 |1 20.68 | 0.67 | 22.71 0.61

Table 4.34. Test results for quadriceps-CT prediction models with one predictor

variable (BMI case)

SVM MLP SDT RBFNN
Models
RMSE R RMSE R RMSE | R RMSE R
Model 32 39.10 048 |41.42 042 |43.00 |0.38 |44.38 0.33

Table 4.35. Test results for quadriceps-CT prediction models with two predictor

variables (BMI case)

SVM MLP SDT RBFNN
Models
RMSE R RMSE R RMSE R RMSE R
Model 33 25.89 0.77 | 27.68 0.74 | 28.78 0.72 | 30.27 | 0.69
Model 34 39.69 0.47 | 41.91 0.41 | 43.55 0.36 | 4537 |0.30
Model 35 39.66 047 | 42.41 0.39 | 45.25 0.31 | 46.79 | 0.26

Table 4.36. Test results for quadriceps-CT prediction models with three predictor

variables (BMI case)

SVM MLP SDT RBFNN
Models
RMSE R RMSE R RMSE | R RMSE R
Model 36 27.19 0.75 | 28.78 0.72 | 31.71 0.66 | 33.62 0.62
Model 37 25.62 0.78 | 26.92 0.76 | 28.48 0.73 | 31.34 0.67
Model 38 39.53 0.47 | 43.16 0.37 | 47.56 0.24 | 49.18 0.18
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Table 4.37. Test results for quadriceps-CT prediction models with four predictor

variables (BMI case)
SVM MLP SDT RBFNN
Models
RMSE| R |RMSE| R |RMSE| R |RMSE | R
Model 39 2720 |0.75 (2931 |0.71 | 3246 | 0.64 | 33.75 | 0.62

Table 4.38. Test results for quadriceps-ST prediction models with one predictor
variable (BMI case)

SVM MLP SDT RBFNN
Models
RMSE R RMSE R RMSE | R RMSE R
Model 32 37.59 0.52 | 39.45 047 |42.73 0.37 | 44.64 0.32

Table 4.39. Test results for quadriceps-ST prediction models with two predictor

variables (BMI case)
SVM MLP SDT RBFNN
Models
RMSE | R |RMSE| R |RMSE| R |RMSE| R
Model 33 2596 |0.77 | 27.32 [0.74 | 28.77 |0.72 | 31.31 | 0.66
Model 34 37.08 | 0.53 14032 | 0441|4297 |037 | 4572 |0.28
Model 35 3752 |0.52 3954 | 046 |42.85 |0.37 |45.28 | 0.30

Table 4.40. Test results for quadriceps-ST prediction models with three predictor
variables (BMI case)

SVM MLP SDT RBFNN
Models
RMSE R RMSE R RMSE | R RMSE R
Model 36 25.47 0.78 | 27.90 0.73 | 29.95 0.69 | 31.76 0.65
Model 37 25.48 0.78 | 28.14 0.73 | 30.34 0.68 | 32.58 0.64
Model 38 38.44 0.49 | 41.03 0.42 |43.70 0.35 | 44.82 0.31
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Table 4.41. Test results for quadriceps-ST prediction models with four predictor

variables (BMI case)
SVM MLP SDT RBFNN
Models
RMSE| R |RMSE| R |RMSE| R |RMSE | R
Model 39 25.38 0.78 | 2836 |0.72 [29.95 |0.69 | 31.28 | 0.66

Figure 4.1 through Figure 4.20 show the decrement rates in percentage of

hamstring and quadriceps muscle strength prediction obtained by comparing the

RMSE’s of SVM to RMSE’s of MLP, RBFNN and SDT for both classic and static

training without the predictor variable BML
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variables

w
o

W
o

N
o

N
o

u SVM-MLP
= SVM-RBF
1 SVM-SDT

[y
()]

—_
o
I

Percentage decrement rate (%)
(6]

o
I

M26 M27 M28 M29 M30

Models

Figure 4.9. Decrement rates in RMSE’s of hamstring-ST with four predictor
variables



4. RESULTS AND DISCUSSIONS Boubacar Sow

20

o)
o

o,

Percentage decrement rate (%

—_
»

—
N

—_
N

—_
o

o]

= M31

o N O
1

SVM-MLP SVM-RBF SVM-SDT

Methods

Figure 4.10. Decrement rates in RMSE’s of hamstring-ST with five predictor
variables

—_
o

»

—_

—
O N A OO O O N b

u SVM-MLP
m SVM-SDT
u SVM-RBF

Percentage decrement rate (%)

M1 M2 M3 M4 M5

Models

Figure 4.11. Decrement rates in RMSE’s of quadriceps-CT with one predictor
variables



4. RESULTS AND DISCUSSIONS Boubacar Sow

25
S
(0]
g 20
5
e 15 -
g m SVM-MLP
3 10 - = SVM-SDT
()
= = SVM-RBF
G 5 -
o
[0
o
0 _
M6 M7 M8 M9 M10 M11 M12 M13 M14 M15
Models
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Figure 4.15. Decrement rates in RMSE’s of quadriceps-CT with five predictor
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Figure 4.18. Decrement rates in RMSE’s of quadriceps-ST with three predictor
variables
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Figure 4.19. Decrement rates in RMSE’s of quadriceps-ST with four predictor
variables
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Figure 4.21 through Figure 4.36 show the decrement rates in
percentage of hamstring and quadriceps muscle strength prediction for both

classic and static training with the predictor variable BMI.
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Figure 4.21. Decrement rates in RMSE’s of hamstring-CT with one predictor
variable (BMI case)

63



4. RESULTS AND DISCUSSIONS Boubacar Sow

N
o

Percentage decremente rate (%)

= MLP-SVM
= SVM-RBF
m SVM-SDT
M33 M34 M35
Models
Figure 4.22. Decrement rates in RMSE’s of hamstring-CT with two predictor
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Figure 4.23. Decrement rates in RMSE’s of hamstring-CT with three predictor
variables (BMI case)
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Figure 4.24. Decrement rates in RMSE’s of hamstring-CT with four predictor
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Figure 4.25. Decrement rates in RMSE’s of hamstring-ST with one predictor
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Figure 4.26. Decrement rates in RMSE’s of hamstring-ST with two predictor
variables (BMI case)
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Figure 4.27. Decrement rates in RMSE’s of hamstring-ST with three predictor
variables (BMI case)
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Figure 4.28. Decrement rates in RMSE’s of hamstring-ST with four predictor
variables (BMI case)
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Figure 4.29. Decrement rates in RMSE’s of Quadriceps-CT with one predictor
variable (BMI case)
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Figure 4.30. Decrement rates in RMSE’s of Quadriceps -CT with two predictor
variables (BMI case)
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Figure 4.31. Decrement rates in RMSE’s of Quadriceps-CT with three predictor
variables (BMI case)
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Figure 4.32. Decrement rates in RMSE’s of Quadriceps -CT with four predictor
variables (BMI case)
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Figure 4.33. Decrement rates in RMSE’s of Quadriceps-ST with one predictor
variable (BMI case)
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Figure 4.34. Decrement rates in RMSE’s of Quadriceps -ST with two predictor
variables (BMI case)
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Figure 4.35. Decrement rates in RMSE’s of Quadriceps-ST with three predictor
variables (BMI case)
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Figure 4.36. Decrement rates in RMSE’s of Quadriceps -ST with four predictor
variables (BMI case)

Figure 4.37 through Figure 4.44 show the average of the decrement rates in
RMSE’s of hamstring and quadriceps muscle strength prediction with SVM
compared to RMSE’s obtained by MLP, RBFNN and SDT for both classic and

static training with and without the predictor variable BMI.
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Figure 4.37. Average decrement rates in RMSE’s of hamstring-CT muscle strength
prediction
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Figure 4.38. Average decrement rates in RMSE’s of hamstring-ST muscle strength
prediction
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Figure 4.39. Average decrement rates in RMSE’s of quadriceps-CT muscle strength
prediction
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Figure 4.40. Average decrement rates in RMSE’s of quadriceps-ST muscle strength
prediction
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Figure 4.41. Average decrement rates in RMSE’s of hamstring-CT muscle strength
prediction with BMI

N
o

—_
(oo}

(%)

16
14
12
10

Percentage decrement rate
(o]

o N OO
1

SVM-MLP SVM-RBFNN SVM-DTF

Figure 4.42. Average decrement rates in RMSE’s of hamstring-ST muscle strength
prediction with BMI
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Figure 4.43. Average decrement rates in RMSE’s of quadriceps-CT muscle strength
prediction with BMI

20

;\?18

—_
A~ O

—_
N

—_
o

(oo}

Percentage decrement rate (

o N O
1

SVM-MLP SVM-DTF SVM-RBFNN

Figure 4.44. Average decrement rates in RMSE’s of quadriceps-ST muscle strength
prediction with BMI

Figure 4.45 through Figure 4.448 show the average RMSE’s for hamstring

prediction models with classic training.
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Figure 4.45. Average RMSE’s for hamstring-CT prediction models with one
predictor variable
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Figure 4.46. Average RMSE’s for hamstring-CT prediction models with two
predictor variables
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Figure 4.47. Average RMSE’s for hamstring-CT prediction models with three
predictor variables
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Figure 4.48. Average RMSE’s for hamstring-CT prediction models with four
predictor variables.
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Figure 4.49 through Figure 4.52 show the average RMSE’s for quadriceps

prediction models with classic training.
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Figure 4.49. Average RMSE’s for quadriceps-CT prediction models with one
predictor variable.
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Figure 4.50. Average RMSE’s for quadriceps-CT prediction models with two
predictor variables.

78



4. RESULTS AND DISCUSSIONS

Boubacar Sow

50
45
40

W 35

=
0:30

o 25 -
(@]
S 20 -

o

Z 15 -

Models

Figure 4.51. Average RMSE’s for quadriceps-CT prediction models with three

Average RMSE
— N N w w
(6] o ()] o ()]

—_
o

predictor variables.

o o

M26 M27 M28 M29 M39

Models

M30

Figure 4.52. Average RMSE’s for quadriceps-CT prediction models with four

predictor variables.

79



4. RESULTS AND DISCUSSIONS Boubacar Sow

4.3 Discussions

4.3.1 Overall Discussion on the Results

The results obtained in this study reveal that SVM-based prediction models
outperform MLP-based, RBFNN-based and DTF-based prediction models. In other
words SVM models show the highest accuracy for the prediction of hamstring and
quadriceps muscle strength, regardless of which category of prediction models has
been utilized or which muscle training method has been applied to the participants.

In more details:

e SVM-based prediction models have in average an RMSE value of
20.25 Nm, 20.19 Nm for the hamstring muscle strength prediction
with the classic and static training respectively. They yield an average
RMSE value of 30.62 Nm and 29.40 Nm for the quadriceps muscle
strength prediction with the classic and static training respectively. On
the other hand, SVM-based prediction models that have predictor
variable BMI instead of predictor variables height and weight have in
average an RMSE value of 21.60 Nm, 21.89 Nm for the hamstring
muscle strength prediction with the classic and static training
respectively. Similarly, SVM-based quadriceps muscle strength
prediction models yield an average RMSE value of 32.98 Nm and
31.62 Nm with the classic and static training respectively.

e  MLP-based prediction models have in average an RMSE value of
21.83 Nm, 21.92 Nm for prediction of hamstring muscle strength with
the classic and static training respectively. They yield an average
RMSE value of 32.45 Nm and 31.35 Nm for the quadriceps muscle
strength prediction with the classic and static training respectively. On

the other hand, MLP-based prediction models that have predictor
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variable BMI instead of predictor variables height and weight have in
average an RMSE value of 23.09 Nm, 23.37 Nm for the hamstring
muscle strength prediction with the classic and static training
respectively. Similarly, MLP-based quadriceps muscle strength
prediction models yield an average RMSE value of 35.20 Nm and
34.01 Nm with the classic and static training respectively.

e RBFNN-based models have in average an RMSE value of 23.63 Nm,
23.61 Nm for the hamstring muscle strength prediction with classic
and static training respectively. RBFNN-based models yield an
average RMSE value of 36.22 Nm and 35.04 Nm for the quadriceps
muscle strength prediction with the classic and static training
respectively. On the other hand, RBFNN-based prediction models that
have predictor variable BMI instead of predictor variables height and
weight have in average an RMSE value of 24.84 Nm, 24.96 Nm for
the hamstring muscle strength prediction with the classic and static
training respectively. Similarly, RBFNN-based quadriceps muscle
strength prediction models yield an average RMSE value of 39.34 Nm
and 38.42 Nm for the classic and static training respectively.

e  Finally, SDT-based models have in average an RMSE value of 25.51
Nm, 25.29 Nm for the hamstring muscle strength with the classic and
static training respectively. SDT-based models yield an average RMSE
value of 34.48 Nm and 33.16 Nm for the quadriceps muscle strength
prediction with the classic and static training respectively. On the
other hand, SDT-based prediction models that have predictor variable
BMI instead of predictor variables height and weight have in average
an RMSE value of 26.84 Nm, 26.76 Nm for the hamstring muscle
strength prediction with the classic and static training respectively.

Similarly, SDT-based quadriceps muscle strength prediction models
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yield an average RMSE value of 37.60 Nm and 36.41 Nm for the
classic and static training respectively.

e The ranking of machine learning methods in terms of performance
from lowest RMSE’s to highest ones can be listed as SVM, MLP,
RBFNN and SDT for the hamstring muscle strength prediction
irrespective of which muscle training type is used or which prediction
model is considered. On the other hand this ranking is listed as SVM,
MLP, SDT and RBFNN for the quadriceps muscle strength prediction
with both classic and static training and with or without the predictor
variable BMI. Therefore DTF-based and RBFNN-based prediction
models show relatively the worst performance in terms of prediction
accuracy for hamstring and quadriceps muscle strength prediction
respectively.

e By comparing the RMSE’s obtained by SVM-based prediction models
to the RMSE’s obtained by the other methods (MLP, RBFENN, DTF
respectively for the hamstring muscle strength prediction and MLP,
DTF, RBFNN respectively for quadriceps muscle strength prediction),
the percentage decrement rates in RMSE’s obtained by SVM-based
prediction models are in average:

= 7.24%, 14.32% and 20.61% with the classic training, and
7.89%, 14.48% and 20.14% with the static training for the
hamstring muscle strength prediction.

= 5.65%, 11.19% and 15.47% with the classic training, and
6.21%, 11.34% and 16.11% with the static training for the
quadriceps muscle strength prediction.

e On the other hand when predictor variable BMI is used instead of
predictor variables height and weight, the percentage decrement rates

in RMSE’s obtained by SVM-based prediction models are in average:
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= 6.44%, 13.04% and 19.51% with the classic training, and
6.33%, 12.29% and 18.21% with the static training for the
hamstring muscle strength prediction.

= 6.29%, 12.28% and 16.15% with the classic training, and
7.03%, 13.16% and 17.72% with the static training for the
quadriceps muscle strength prediction.

e In general, prediction models that use predictor variables height and
weight yield lower RMSE’s than the ones that use predictor variable
BMI instead of height and weight.

e The results reveal that the hamstring muscle strength models yield
lower RMSE's than the quadriceps muscle strength prediction models,
regardless of which machine learning method has been used or which
muscle training method has been utilized. In more detail, as compared
to RMSE’s of quadriceps muscle strength prediction models, the
percentage decrement rates in RMSE’s for hamstring muscle strength
prediction models are in average (MLP, SDT and RBFNN
respectively):

= 33.87%, 32.74%, 26.02% and 34.75% with the classic training.

= 31.31%, 30.06%, 28.78% and 27.84% with the static training.

= 34.51%, 34.41%, 28.62% and 36.86% with the classic training
(BMI case).

= 30.77%, 31.29%, 26.76% and 35.05% with the static training
(BMI case).

e  Considering the results in terms of muscle training type, the RMSE’s
of the classic and static training have been found to be very close to
each other, independent of which machine learning method has been
used or which prediction model has been utilized. Therefore they are

comparable.
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4.3.2 Discussions on the Different Categories of the Prediction Models

In general, among all the prediction models developed, prediction models
including predictor variables gender and weight lead to the lowest RMSEs and
highest R whereas prediction models including sport branch and age lead to the
highest RMSE’s and lowest R’s. On the other hand, the category of prediction
models with four and three predictor variables exhibit in general the best
performance, whilst the category of prediction models with one predictor variables
exhibits the worst performance in terms of RMSEs. In more detail, the results

obtained in this study reveal that :

e The SVM-based prediction model with four predictor variables
including gender, height, weight and age for the hamstring muscle
strength prediction with the classic training yields an RMSE value of
15.19 Nm which is the lowest RMSE among all the prediction models.
On the Other hand, the RBFNN-based prediction model with one
predictor variable age for the quadriceps muscle strength prediction
with the static training has an RMSE value of 61.52 Nm which is the
highest RMSE among all the prediction models. Therefore, these two
prediction models are respectively the best and worst among all the
prediction models in terms of prediction accuracy.

e Among the category with one predictor variable, prediction model
with variable gender yields in average the lowest RMSE and the
highest R, whilst the prediction model with variable age shows the
worst result in terms of RMSE. This high performance of the
prediction model that include predictor variable gender in this
category is due to the fact the performance of the muscular strength of
athetes is closely related to their physiological characteristics.

e The prediction model with variables gender and weight and that one

with predictor variables sport branch and age occupy the first and last
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place respectively in terms of the performance regarding the average
of RMSE for the category with two predictor variables.

e Among the category with three predictor variables, prediction model
with variables gender, weight and height outperforms the other
prediction models, whereas prediction model sport branch, height and
age yields the worst result in terms of the average of RMSE.

e The prediction models with variables gender, weight, height and age
yields in average the lowest RMSE and highest R whilst that one with
variables sport branch, height, weight and age yields in average the
highest RMSE and the lowest R for the category with four predictor

variables.

4.3.3. Discussions on the Hamstring Muscle Strength

The hamstring prediction models yields the lowest RMSE’s and the highest
R’s. Particularly, the SVM-based and MLP-based prediction model that includes
gender, height, weight and age yield an RMSE value of 15.19 Nm and 16.29 Nm
respectively, for the hamstring muscle strength prediction with the classic training.
On the other hand, the RBFNN-based and SDT-based hamstring prediction model
with the classic training that includes predictor variables gender and weight has an
RMSE value of 17.37 Nm and 18.88 Nm respectively. Among all the prediction
models developed in this study, these two prediction models are the most accurate
models for SVM, MLP, SDT and RBFNN. In more detail, regardless which
regression method is used, the results of hamstring muscle strength prediction (the
classic training results that are found to be comparable to the ones with static

training are used) reveal that:

e  Among prediction models with one predictor variable, the prediction
model including gender show better performance than the others

regardless which regression method has been used. Particularly, this
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prediction model, in average yields an RMSE value of 22.11 Nm. On
the contrary, the prediction model including age shows the lowest
performance with an RMSE value of 38.26 Nm in average.

e For the prediction models with two predictor variable, prediction
model including gender and weight has the lowest RMSE, whilst
prediction model including sport branch and age has the highest
RMSE. The best prediction model and the worst one have in average
an RMSE value of 19.96 Nm and 33.88 Nm respectively.

e The prediction model with three predictor variables including gender,
height and weight is the best prediction model in terms of accuracy
with in average an RMSE value of 17.10 Nm, whereas the prediction
model including sport branch, age and BMI with in average an RMSE
value of 28.06 Nm shows the worst performance among the prediction
model with three predictor variables.

e  Within prediction models with four predictor variables, the prediction
model including gender, height, weight, age with in average an RMSE
value of 17.07 Nm yields the best performance, whereas prediction
model including sport branch, height, weight and age with in average

an RMSE value of 21.31 Nm yields the worst performance.

4.3.4. Discussions on the Quadriceps Muscle Strength

The ranking of prediction models within the two categories of the
quadriceps muscle strength is the same as seen in the discussion part of the
hamstring muscle strength. The following discussions are based only on the result
of the classic training results that are found to be comparable to the results obtained
with the static training. In more details, regardless which regression method is

used, the results of quadriceps muscle strength prediction reveal that:
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Firstly, prediction model with variable gender yields the lowest RMSE
with in average 30.77 Nm, whilst the one with variable age shows the
worst performance in terms of RMSE with 57.88 Nm within the
category including a single predictor variable.

Secondly, among the prediction model with two predictor variables,
prediction model including gender and weight, and the prediction
model including sport branch and age with respectively 24.33 Nm and
50.14 Nm occupy the first and last place, respectively, in terms of the
performance regarding the average of RMSE.

Thirdly, within the category with three predictor variables, prediction
model with variables gender, weight and height with in average an
RMSE value of 23.72 Nm outperforms the others whereas the
prediction model including sport branch, age and BMI with in average
an RMSE value of 44.86 Nm yields the worst performance.

Finally, within the category with four predictor variables, the
prediction model including predictor variables gender, weight, height
and age with in average an RMSE value of 23.91 yields the best
performance Nm whilst that one including predictor variables sport
branch, height, weight and age with in average an RMSE value of

32.71 yields the worst performance.
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5. CONCLUSION

The use of machine learning methods for the hamstring and quadriceps
muscle strength prediction is relatively recent. However the results obtained
especially in this thesis are clearly promising. In order to carry out this study, four
main machine learning methods namely SVM, MLP, RBFNN and SDT have been
used to build the hamstring and quadriceps muscle strength prediction models.
These prediction models are divided in five categories according to the number of
predictor variables. Gender, age, weight, height and sport branch are the predictor
variable used in this study. Predictor variable BMI has been used in place of weight
and height for a certain number of prediction models. The dataset used for the
hamstring and quadriceps muscle strength prediction included 70 young students
from the College of Physical Education and Sport at Gazi University. The classic
and static training methods have been used for the hamstring and quadriceps
muscle strength measurement.10-fold cross-validation has been used for the
calculation of the generalization error of the prediction models. The root mean
square errors (RMSE’s) and multiple correlation coefficients (R’s) have been used
for computing the prediction errors.

On the basis of the results obtained, several conclusions can be made on
this study. Firstly, the results reveal that machine learning methods especially SVM
can be used for estimating the hamstring and quadriceps muscle strength with an
acceptable accuracy. Secondly, SVM-based prediction models outperform the other
regression methods utilized in this study, regardless of whether hamstring or
quadriceps muscle strength is predicted; or whether classic training or static
training is employed; or which category of prediction models is used. The Average
decrement rate in RMSE’s obtained by SVM-based prediction models varies
between 5.65% and 20.61%. On the other hand, SDT exhibits the worst
performance for the hamstring muscle strength prediction, whereas RBFNN yields

the highest RMSE’s for the quadriceps muscle strength prediction. Thirdly, the
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prediction models of hamstring muscle strength yield lower RMSE’s than the
quadriceps muscle strength prediction models, regardless which category of
prediction models is considered or which muscle training type is used. Fourthly,
the results reveal that the classic training and the static training show comparable
performance for hamstring and quadriceps muscle strength prediction models.
Fifthly, the prediction models that include variables gender and weight yield the
lowest errors, whilst the ones that include variable sport branch and age exhibit the
highest errors. Finally, the prediction models that use predictor variable BMI in
place of variables weight and height show the worst performance in terms of
accuracy independent of which regression method is utilized or which training type
is used.

While this thesis has revealed the potential of using machine learning
methods to predict with accuracy the hamstring and quadriceps muscle strength,
many opportunities for improving and extending the result of this thesis remain.
For instance, in order to determine discriminative features, feature selection
algorithms such as F-scores can be employed. The combination of feature selection
algorithms and machines learning methods can improve the future results. Others
machines learning methods such as Tree Boost, Logistic Regression and Gene
expression programming can be used for estimating the hamstring and quadriceps
muscle strength. Different muscle training methods and additional datasets that
include more predictor variable such as the length, the thickness and the inner

diameter of the bone of the thigh, can be explored to create more accurate model.
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