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SROVNÁNÍ K L A S I F I K A Č N Í C H 
METOD STROJOVÉHO UČENÍ 
S U Č I T E L E M 

A B S T R A K T 

Tato p ráce je s t ručný úvod d o ap l i kovaného s t ro jového učení, 
v č e t n ě ap l i kace na reálná d a t a . Ne jp rve zade f i nu jeme zák­
ladní pojmy s t ro jového učení. Nás ledně pop íšeme o b e c n o u 
k las i f ikační ú lohu, v y b r a n é k las i f ikační a lgor i tmy, a metr iky. 
V p rak t ické část i vyzkouš íme j eden z p racovn ích pos tupů 
použ ívaných při ap l i kac i s t ro jového učení na konkré tn í ú lohu, 
v č e t n ě p o d r o b n é h o pop i su přís lušné da tové sady . N a závěr 
u v e d e m e empi r i cké srovnání použ i t ých a lgo r i tmů . 

Klíčová slova: s t ro jové učení ; emp i r i cké srovnání ; k las i ­
f i kace ; M L work f l ow ; 

C O M P A R I S O N OF S U P E R V I S E D 
M A C H I N E L E A R N I N G M E T H O D S 
U S E D FOR C L A S S I F I C A T I O N 

A B S T R A C T 

This work br ief ly i n t roduces app l i ed m a c h i n e learn ing, i nc l ud ­
ing app l i ca t ion to ac tua l da ta . First , w e de f ine the bas i c c o n ­
c e p t s of m a c h i n e learn ing. W e then d e s c r i b e a genera l c l a s s i ­
f i ca t ion task , s e l e c t e d c lass i f i ca t i on a lgor i thms, and met r i cs . 
In the prac t i ca l part , w e will tes t o n e of the wo rk f l ows that a p ­
ply m a c h i n e learn ing to a spec i f i c task , inc lud ing a de ta i led 
desc r i p t i on of t he c o r r e s p o n d i n g da tase t . Final ly, w e c o n ­
c lude wi th an empi r i ca l c o m p a r i s o n of t he a lgor i thms u s e d . 

Keywords: mach ine learn ing; empi r ica l c o m p a r i s o n ; c l a s s i ­
f i ca t ion ; M L work f l ow ; 
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INTRODUCTION 

W h y bo the r w i th mach ine learn ing, e v e n as a sc ien t is t f rom a d is tant f ie ld? 
Is it s o m e n iche a rea only for en thus ias t s? Is it more s ta t i s t i cs , in fo rmat ics , 
or s o m e t h i n g e l se? 

In the last d e c a d e w e c a n s e e a d v a n c e s in many app l i ca t ion a reas of m a ­
ch ine learn ing s u c h as natural l anguage p r o c e s s i n g - w i th an idea h o w to 
represent w o r d s as v e c t o r s [1], how to p r o c e s s s t ruc ture of text and m e a n ­
ing of w o r d s in var ious con tex t w i th t rans fo rmer a rch i tec tu re [2] or d e v e l o p ­
ment of genera l l anguage mode l c a p a b l e of genera t i ng text ind is t ingu ishab le 
f rom human o n e [3], image genera t i on - w i th a rch i tec tu re us ing t w o or more 
neural ne two rks to c rea te u n s e e n images [4], imp rovemen ts ove r th is to g e n ­
erate image se t s w i th h igh var ia t ion by cont ro l l ing s t reng th of e a c h feature 
[5], ob jec t de tec t i on - w i th m o d e l s c a p a b l e of do ing in fe rence in real t ime 
on s tanda rd ha rdware [6], con ten t r e c o m m e n d a t i o n s - w i th s u c c e s s f u l a p ­
p l icat ion on soph i s t i ca ted large sca le env i ronment as YouTube is [7], g a m e s 
- w i th re in fo rcement learn ing a lgor i thm bea t ing human in G o [8] or s y s t e m 
ab le to de fea t e - s p o r t s p ro fess iona ls in fast p a c e d on l ine g a m e Dota 2 [9], 
b io - in fo rmat i cs - w i th p rog ram ab le to pred ic t 3 D s t ruc ture of p ro te ins wi th 
a tom ic a c c u r a c y [10], knot t heo ry - w i th u s a g e of d e e p learn ing to f ind pat ­
terns in da ta to g ive a d i rec t ion w h e r e is fruitful to pu rsue wi th conven t i ona l 
m e t h o d s [11], l inear a l geb ra - w i th the f irst try to d e v e l o p fas te r matr ix mul t i ­
p l icat ion a lgor i thms us ing only mach ine learn ing [12], compu ta t i ona l m o d e l ­
ing - sav ing compu ta t i ona l c o s t w i th d e e p learn ing m e t a - m o d e l [13], par t ic le 
p h y s i c s - w i th relat ively long u s a g e of mach ine learn ing for ana l yz ing L H C 
da ta [14], and t h e s e are just e x a m p l e s . 

All of th is is poss ib l e d u e to the d e v e l o p m e n t of n e w a lgor i thms or novel 
u s a g e of o ld o n e s and our i n c r e a s e d compu ta t i ona l r esou rces and thei r ex ­
plo i tat ion wi th paral lel compu ta t i ona l f r a m e w o r k s like T e n s o r F l o w [15]. Al l 
of th is l eads to poss ib le a n s w e r s to the g iven ques t i ons . M a c h i n e learning 
is not only a resea rch a rea ; af ter d e c a d e s of r esea rch , it app l i es to many ar­
e a s of human interest . It is a mature toolk i t w i th too ls app l i cab le to a w ide 
range of p rob lems [16, p. 8] . Moreover , it is up to the expe r t s in a f ie ld w h e r e 
a par t icu lar p rob lem res ides to try th is toolk i t . Th is work a ims to p rov ide a b a ­
s ic unde rs tand ing of mach ine learn ing a n d an e x a m p l e of the sa fe work f l ow 
so lv ing a c lass i f i ca t i on task in o n e of t h o s e f ie lds us ing a f e w c l ass i ca l and 
a f e w more m o d e r n a p p r o a c h e s s o that o the rs c a n star t more qu ick ly . 

10 



1 MACHINE LEARNING THEORY 

What is m a c h i n e learn ing? O n e w a y w e cou ld s e e it is a f ie ld w i th an essen t ia l 
goa l of unde rs tand ing a n d bui ld ing m e t h o d s that c a n " l ea rn " f rom g iven da ta 
to make p red ic t ions on prev ious ly u n s e e n da ta [17, p. 1]. 

Th is v i ew leads to ano the r point of v iew, w h e r e w e c a n s e e mach ine 
learn ing as a n e w p rog ramming pa rad igm, a n e w w a y of c o m m u n i c a t i n g wi th 
c o m p u t e r s w h e n w e d o not just " te l l " a c o m p u t e r wha t to d o by "g iv ing" it 
a s e q u e n c e of ins t ruc t ions to fo l low str ict ly, but rather p rog ram s o m e f r a m e ­
work w h i c h c a n explo i t and leverage g iven e x a m p l e s and r e s p o n d b a s e d on 
t hem [18]. 

It may be eas i l y unde rs tandab le , but it is a v a g u e def in i t ion of mach ine 
learn ing. S o w e will p r o c e e d wi th a more formal one , as anyone c a n f ind in 
t e x t b o o k s . Moreover , b e c a u s e the main f o c u s of th is work is c lass i f i ca t ion 
t asks , w e will later restr ict o u r s e l v e s to th is a rea . However , w e first revisi t 
bas i c c o n c e p t s to ensu re the reader is fami l iar w i th t h e m . 

1 . 1 F U N D A M E N T A L T E R M I N O L O G Y 

W e use the fo l low ing t e rms in th is t hes i s , and it is c ruc ia l to unde rs tand t h e m . 

1.1.1 Prediction vs. inference 
S u p p o s i n g there is a re la t ionsh ip b e t w e e n var iab le Y a n d X = (Xl: X2,..., XM) 
that c a n be e x p r e s s e d wi th a func t ion / a s 7 = /(X) + e, w h e r e e is a no ise . 
W h e n our goa l is to f ind an es t ima te of / (let us mark it / ) to pred ic t Y b a s e d 
on X , w e s e e th is a s a pred ic t ion task w h e r e w e are typ ica l ly not c o n c e r n e d 
abou t the exac t fo rm of / . In ano the r way , if w e are c o n c e r n e d abou t it, 
w e c a n s e e it as an in fe rence task w h e r e our goa l cou ld be to f ind w h i c h Xs 

af fec ts Y mos t to f i l ter out the rest. [16, p. 18] M L task is a pred ic t ion or 
in fe rence task or bo th of t h e m . 

1.1.2 Supervised vs. unsupervised learning 
S u p e r v i s e d learn ing is u s e d w h e r e w e have bo th i ndependen t and d e p e n ­
dent va r iab les in the da ta . W e wan t to learn the re la t ionship b e t w e e n t h e s e 
two to pred ic t t he d e p e n d e n t o n e for a new, prev ious ly u n s e e n obse rva t i on 
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of i n d e p e n d e n t var iab le(s) . U n s u p e r v i s e d learn ing is for da ta wi th the a b s e n t 
d e p e n d e n t var iab le(s) , s o the main goa l is f ind ing pa t te rns and s t ruc tu res in 
da ta . E x a m p l e s of s u p e r v i s e d learn ing are reg ress ion and c lass i f i ca t i on . A n 
e x a m p l e of u n s u p e r v i s e d learn ing is c lus te r ing , w h i c h w e c a n s e e as u n s u ­
pe rv i sed relat ive to c lass i f i ca t i on [16, p. 26] . 

1.1.3 Regression vs. classification 
W h e n w e dea l w i th s t ruc tu red da ta , w e cha rac te r i ze t h e m as quant i ta t ive or 
qual i ta t ive (categor ica l ) . W h e n a task is to pred ic t a var iab le f rom a set of 
con t i nuous va lues , w e cal l it r eg ress ion . W h e n a set is d i sc re te (in p rac t i ce , 
have hund reds of e l e m e n t s at most ) , w e cal l it c lass i f i ca t i on [16, p. 28] . 

1.1.4 Binary vs. multi-class classification 
Binary c lass i f i ca t i on is a task to c a t e g o r i z e o b s e r v a t i o n into t w o d is t inc t 
c l a s s e s . M u l t i - c l a s s is not l imited in t he n u m b e r of c l a s s e s a n d cou ld be 
r e d u c e d to mult ip le b inary c lass i f i e rs . T h e c lass i f i ca t i on mode l usual ly p ro ­
d u c e s how con f i den t it is abou t the o b s e r v a t i o n be long ing to a par t icu lar 
c l a s s , i.e., g i ves a number b e t w e e n 0 and 1 that c a n be t rea ted simi lar ly to 
a p red i c ted probabi l i ty of be long ing to t he c a t e g o r y [19, p. 556 ] . 

1.1.5 Algorithm vs. model 
In th is work , w e work wi th an a lgor i thm as a p rocedu re d e s c r i b e d as a s e ­
q u e n c e of t a s k s or w i th a p s e u d o - c o d e that c a n have mul t ip le i m p l e m e n ­
ta t ions in spec i f i c p rog ramming l anguages . T h e mode l is a l ready t ra ined 
(executed) imp lementa t ion of the a lgor i thm. It m e a n s the mode l is t ight to 
spec i f i c imp lementa t ion and input ted da ta , and w e s e e it as an output of an 
a lgor i thm. 

1.1.6 Parameter vs. hyperparameter 
M o d e l pa rame te rs are set in the learn ing p r o c e s s . T h e y are de f i ned by the 
a lgor i thm, g i ven d a t a , and s o m e t i m e s by s o m e (pseudo ) random p r o c e s s , 
and the pract i t ioner has no d i rect w a y to set t h e m . M o d e l h y p e r p a r a m e -
ters are the o p p o s i t e b e c a u s e they are set by the pract i t ioner (or by ano the r 
a lgor i thm, w e use spec i f i ca l l y for th is purpose) and c a n be v i e w e d as p a r a m ­
eters of the op t im iza t ion a lgor i thm w e use in t he learn ing p r o c e s s . W e will 
g ive e x a m p l e s of hype rpa rame te r s w h e n d i s c u s s i n g s e l e c t e d M L m e t h o d s 
in 2.1. 
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1 . 2 S T A T I S T I C A L L E A R N I N G 

Stat is t ica l learn ing is the bas is of wha t w e cal l mach ine learn ing n o w a d a y s . 
W e br ief ly d e s c r i b e th is f ie ld by de f in ing a f e w te rms and no ta t ions w e will 
use in th is and the fo l lowing chapter . T h e pr imary s o u r c e of th is sec t i on (if 
not s ta ted o therw ise) is the Sha lev t ex tbook - C h a p t e r s 2, 3, and 5 [20]. 

1.2.1 Basic terminology 
Domain set X - set of ob jec t s w e want to label (i.e., ca tego r i ze ) . 

Feature vector - rep resen ta t ion of an e lemen t f rom X. It is a real vec to r in 
p rac t ica l app l i ca t ions . 

Label set y - set of all poss i b l e c a t e g o r i e s or va lues w e may pred ic t . W e d i s ­
c u s s b inary c lass i f i ca t ion w h e n the set con ta ins t w o e l emen ts . A l s o ca l led 
the r e s p o n s e var iab le . 

Training data S - f in i te s e q u e n c e of uno rde red pai rs f rom X x y of s i ze N. 
W e a lso use va l idat ion and tes t ing da ta in app l i ca t i ons wi th the s a m e fo rm. 

Prediction rule h - mapp ing h : X ^ y, a l so ca l l ed hypo thes i s or c lass i f ier . 
It is the o u t c o m e of our a lgor i thm. 

Hypothesis class U - set of h y p o t h e s e s res t r i c ted f rom the s e a r c h s p a c e of 
all poss ib le h y p o t h e s e s as there are r easons for do ing th is exp la ined later. 

Probability distribution V - arb i t rary probabi l i ty d is t r ibut ion over X 

Simple data-generation model - mapp ing / : X H> y, our labe l ing func t ion 
for c rea t ing S by samp l ing a point f rom X a c c o r d i n g to V and then label ing it 
w i th / . W e a s s u m e o n e s u c h ex is ts and c a n a l so have var ious a s s u m p t i o n s 
abou t its " co r rec tness . " W e are t ry ing to f igure out th is func t ion wi th our a l ­
gor i thm. 

True error L V J - the probabi l i ty to d r a w a random ins tance X e X a c c o r d i n g 
to V, s u c h that h(X) ^ /(X) ca l l ed error of c lass i f ier . A more formal d e s c r i p ­
t ion is 

0-1 loss - l oss func t i on , an e x a m p l e of a t rue error for b inary c lass i f i ca t ion 

Training error Ls - t he error the c lass i f ie r g i ves r ise to ove r the t ra in ing s a m -

Lvj{h) := Px-vU*) ^ /(X)] := V({X : h(X) + /(X)}) (1.1) 

(1.2) 
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pie. A l s o ca l led empirical error or empi r ica l r isk. 

Ls(h) := l { * e { l - . ^ = M X t ) ^ n } | ( 1 - 3 ) 

Empirical Risk Minimization (ERM) - learn ing pa rad igm (or rule) w i th the 
goa l to f ind p red ic t ion rule h that m in im izes Ls(h). 

ERMn learner - learner app ly ing E R M rule over H. A l s o ca l led a predic tor . 

W h y d o w e n e e d to restr ict our s e a r c h s p a c e ? O n e of the reasons is ex ­
p la ined in the next sec t i on , but at least the s a m e i m p o r t a n c e is th is o n e - w e 
n e e d to avo id overfitting. Over f i t t ing is w h e n our E R M rule f i nds an exce l len t 
or per fec t h y p o t h e s i s w i th ze ro t ra in ing error Ls(h) but w i th a high t rue error. 
A n e x a m p l e of s u c h a c a s e is w h e n w e have a probabi l i ty d is t r ibut ion that can 
be d r a w n like in f igure 1.1 wi th uni formly d is t r ibu ted i n s t a n c e s labe led by / 
as 1 or 0. 

Figure 1.1: Un i fo rm d is t r ibut ion of two c l a s s e s [20, p. 36 ] . 

1 be longs to the f irst c l a s s and c a n be found ins ide the d a s h e d square , 
and 0 b e l o n g s to the s e c o n d c l a s s and c a n be found b e t w e e n the e d g e s of 
d a s h e d and th ick squa res . T h e n w h e n w e c o n s i d e r a hypo thes i s 

fYi if3ke[N]s,.Xk = X 

10 o t he rw i se . 

w e a c h i e v e Ls(hs) = 0 no mat ter wha t s a m p l e w e take , a n d that m e a n s th is 
hypo thes i s cou ld be c h o s e n by an E R M a lgor i thm. However , t he t rue er ­
ror is 1/2, a s th is is the c lass i f ie r that p red ic ts 1 on ly on a f ini te number of 
i n s t a n c e s [20, p. 36 ] . 

1.2.2 PAC learnability 
Af ter de f in ing b a s i c t e rms and exp la in ing over f i t t ing, w e c a n con t i nue wi th 
the f undamen ta l def in i t ion in s ta t is t ica l learn ing - P robab ly App rox ima te l y 
Co r rec t (PAC) learnabi l i ty. 
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Definition 1 (PAC learnabi l i ty) . A hypo thes i s c l a s s H is P A C learnab le if there 
ex is ts a func t ion NH •. (0, l ) 2 ̂  N and a learn ing a lgor i thm wi th t he fo l lowing 
proper ty : For eve ry e,5 e (0,1), for eve ry V over X, for eve ry / : X ^ {0,1}, 
if 3h* e H s u c h that L ( 2 ? J ) ( / i * ) = 0, t hen w h e n running an a lgor i thm on 
N > NH(e,8) i.i.d. e x a m p l e s g e n e r a t e d by V and labe led by / , t he a lgor i thm 
returns a hypo thes i s h s u c h that, w i th t he probabi l i ty of at least 1-8, 

L(vj){h)<e (1.5) 

Pa rame te r e te l ls h o w far our hypo thes i s h is f rom opt ima l o n e h* or how 
approximately correct it is. Pa rame te r 5 te l ls how likely t he hypo thes i s will 
meet the a c c u r a c y requ i rement or h o w probable it is. W e a l low th is lack 
of " p rec i s i on " or "opt imal i ty" as our t ra in ing set is f ini te, and e v e n if it d o e s 
fai thful ly represent d is t r ibut ion V, it canno t ref lect all f ine deta i ls of V [20, 
p. 43 ] . 

A n impl ic i t a s s u m p t i o n of the P A C learnabi l i ty is the r e a d a b i l i t y a s s u m p ­
t ion that there ex is ts h* e U s u c h that L(VJ)(h*) = 0 [20, p. 38 ] . That is on ly 
s o m e t i m e s the c a s e in p rac t i ce , and a w a y how to dea l w i th it is agnos t i c 
P A C learnabi l i ty [20, p. 44 ] . 

Its def in i t ion is ident ica l w i th the d i f fe rence that w e re lease the r e a d ­
abi l i ty a s s u m p t i o n , as it is more natural to a s s u m e that there is a no ise or 
s o m e fo rm of con t rad ic t i on in our da ta . However , w e must leave the p rev i ­
ous def in i t ion of the d is t r ibut ion V and label ing func t ion / . Let us redef ine 
V as a joint d is t r ibut ion over X x y, w h e r e X is still our d o m a i n set , a n d y 
is still our set of labe ls . Th is def in i t ion a l lows us to have d i f ferent ly labe led 
equa l e l e m e n t s f rom X. First, w e c h a n g e the def in i t ion of the t rue error to 

Lv(h) := Pix,Y)~v[h(X) + Y] := V({(X, Y) : h(X) ± Y}) (1.6) 

Train ing error remains the s a m e . W e c a n fo l low the p rec i se def in i t ion of a g ­
nos t i c P A C learnabi l i ty. 

Definition 2 (agnos t i c P A C learnabi l i ty) . A hypo thes i s c l a s s H is P A C lea rn ­
ab le if there ex is ts a func t ion NH •. (0, l ) 2 H> N and a learn ing a lgor i thm wi th 
the fo l lowing proper ty : For eve ry e,8 e (0,1), for eve ry d is t r ibut ion V over 
X x y, w h e n running an a lgor i thm on TV > NH(e,8) i.i.d. e x a m p l e s g e n e r a t e d 
by V, the a lgor i thm returns a hypo thes i s h s u c h that , w i th the probabi l i ty of 
at least 1-5, 

L(v){h) < m\n L(v)(h') + e 

The def in i t ion w a s taken f rom [20, p. 46] but c a n be a lso f ound in [21, 
p. 276] or [22, p. 24] 

1.2.3 No-free-launch theorem 
There are a f e w essen t ia l t h e o r e m s in s ta t is t ica l learn ing a n d , there fore , in 
M L , w h i c h tell us the theore t i ca l l imits of learn ing a lgor i thms, s o w e know 
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what w e c a n e x p e c t w h e n app ly ing M L in c o n c r e t e s c e n a r i o s . W e have c h o ­
s e n the fo l lowing o n e as it underp ins the impo r t ance of t he work p rov ided in 
the prac t ica l part of the thes i s . 

Theorem 1 (No - f r ee - l unch ) . Let A be any learning algorithm for the task of 
binary classification with respect to the 0-1 loss over a domain X. Let N be 
any number smaller than \X\/2, representing a training set size. Then there 
exists a distribution V over X x {0,1} such that: 

1. There exists a function f : X ^ {o, 1} with Lv(f) = 0 
2. With probability of at least \ over the choice of S ~ VN we have that 

Lv{A{S)) > 1/8. 

We s ta ted the t h e o r e m as in [20, p. 61], w h e r e you c a n a l so read the proof. 
A n a l ternat ive fo rmula t ion is ava i lab le in [23, p. 76] . T h e cr i t ica l fac t is that 
for eve ry a lgor i thm, d a t a and a re lated p rob lem exis t for w h i c h the a lgor i thm 
is not suf f ic ient or su i tab le . It is the reason w h y w e must make a c o m p a r i ­
s o n of mul t ip le a lgor i thms. To se lec t t h e s e a lgor i thms, w e n e e d s o m e prior 
k n o w l e d g e abou t probabi l i ty d is t r ibut ion V b e c a u s e w h e n w e dea l w i th X of 
inf inite s i ze (as is usual ly the case ) and try to beat it by the number of t es ted 
hypo thes i s , w e will not s u c c e e d as s ta tes fo l lowing coro l lary . 

Corollary 1.1. Let X be an infinite domain set, and let H be the set of all 
functions from X to {0,1}. Then, H is not PAC learnable. 

Proof c a n be found in [20, p. 64 ] . 

1.2.4 Bias-complexity tradeoff 
The prev ious coro l la ry l eads to the n e e d to restr ict our h y p o t h e s i s c l a s s U 
s o that w e avo id fai l ing w h e n learn ing our t ask but still i nc lude a hypo thes i s 
that has no error at all or at least the sma l les t error ach ievab le (depend ing 
on the P A C set t ing) . 

Th is t radeof f is ca l l ed bias-complexity tradeoff a n d c a n be d e s c r i b e d by 
the d e c o m p o s i t i o n of the error of an E R M W p red ic to r into t w o c o m p o n e n t s 

LD{hs) = e a p P + e e s t (1.7) 

w h e r e e a p p is the approximation error - the min imum risk ach ievab le by E R M ^ 
predic tor . Th is error fo l lows f rom rest r ic t ing our c l a s s H a n d is a l so ca l led 
inductive bias. T h e s e c o n d te rm e e s t is the estimation error - the d i f fe rence 
b e t w e e n the approx ima t ion error and the error a c h i e v e d by the E R M ^ p re ­
dictor. Th is error is the result of the min imiza t ion of the t ra in ing error ins tead 
of the t rue error, w h i c h m e a n s our p red ic to r is only an es t ima te of the p re ­
d ic to r min imiz ing the t rue error. A s w a s a l ready sa id , a r ich H might lead 
to overfitting, r ep resen ted by a high va lue of es t imat ion error. On the o ther 
hand , c h o o s i n g smal l H might lead to a high va lue of the approx ima t ion error, 
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w h i c h is ca l led underfitting [20, p. 65 ] . A n under f i t t ing c a n be immed ia te ly 
r e c o g n i z e d by poor p e r f o r m a n c e on the t ra in ing s a m p l e , over f i t t ing is more 
t r icky than under f i t t ing, and w e have to app ly s o m e a p p r o a c h e s to mi t igate 
th is i ssue , as w e will s e e in the last chapter . 

Here our journey into s ta t is t ica l learn ing e n d s , a l though there are o ther 
co re c o n c e p t s in the f ie ld as uni form c o n v e r g e n c e or V C - D i m e n s i o n , w h i c h 
c a n be found in [20] or [24]. 

1 . 3 R O O T S I N S T A T I S T I C S AND 
I N F O R M A T I C S 

In the last sec t i on of th is chapter , w e wan t to d i s c u s s wha t d i s t i ngu i shes m a ­
ch ine learn ing f rom f ie lds like s ta t i s t i cs and in fo rmat ics and w h e r e its p lace 
is relat ive to t h e s e f ie lds . 

The p rev ious s n e a k - p e a k into s ta t is t ica l learn ing s h o w s that m a c h i n e lea rn ­
ing is b a s e d on a r igorous s ta t is t ica l f ramework . A l s o , in the fo l low ing c h a p ­
ters , w e will s e e that many c l ass i ca l s ta t is t ica l a lgo r i thms are u s e d n o w a d a y s 
and are ca l led M L m e t h o d s . Moreover , as sa id in [25, p. 2], part of mach ine 
learn ing is p rov ing a lgor i thms ' gua ran tees , w h i c h is an in fo rmat ics task . 

His tor ica l p e r s p e c t i v e is g i ven in [26, p. 2], w h e n they ident i fy th ree main 
b r a n c h e s of r esea rch , par t icu lar ly in c lass i f i ca t i on , a s statistical, machine 
learning, and neural networks. A l t h o u g h all of t h e m e m p h a s i z e d i f ferent i s ­
s u e s , they have th ree c o m m o n ob jec t i ves : 

• to s u r p a s s a human d e c i s i o n maker, at least in c o n s i s t e n c y a n d exp l i c -
i tness 

• d e v e l o p a p p r o a c h e s genera l as m u c h as poss ib l e w i th the abi l i ty to 
so l ve a w i d e var ie ty of p rob lems 

• dep loy so lu t ions to a real env i ronment 

On the o ther hand , w h e n w e talk abou t app l ied m a c h i n e learn ing, w e get 
to the f ie ld f o c u s e d on p rog ramming , the mos t e f f ic ient imp lementa t ion of 
a lgor i thms, and overal l usabi l i ty in a b u s i n e s s d o m a i n . W e c a n use Burger 's 
[27] and Wit ten 's [28] b o o k s as e x a m p l e s of s u c h f o c u s . Th is a rea is more 
so f twa re eng inee r ing than any other. 

S U M M A R Y 

W e p resen ted the b a s i c te rm ino logy of s ta t is t ica l learn ing wi th o n e of the 
goa ls to s ta te the n o - f r e e - l a u n c h t h e o r e m that s h o w e d that it is imposs ib le 
to have one algorithm rule them all. W e n e e d to f ind the bes t o n e b a s e d 
on our prior k n o w l e d g e of d is t r ibut ion V for eve ry d i f ferent p rob lem. In th is 
p r o c e s s , w e shou ld vary b e t w e e n es t imat ion and approx imat ion error. 
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2 BINARY CLASSIFICATION 

W e have de f i ned a f e w te rms re lated to c lass i f i ca t i on in the p rev ious c h a p ­
ter. Th is chap te r s u m m a r i z e s it and de f i nes wha t a b inary c lass i f i ca t ion task 
m e a n s . T h e n w e d e s c r i b e the a lgor i thms w e will app ly to so lve our p rob lem 
and the met r i cs w e will use to eva lua te and c o m p a r e t ra ined mode l s . 

Our task is a b inary c lass i f i ca t i on , a s u p e r v i s e d M L task . T h e goa l is to 
es tab l i sh a rule w h i c h w e c a n use to c lass i f y a prev ious ly u n s e e n obse rva t i on 
into two d is t inc t c l a s s e s . In o ther w o r d s , f ind a h y p o t h e s i s h* that c a n r e a ­
sonab l y app rox ima te labe l ing func t ion / . W e have mult ip le va r iab les as input 
and want o n e output var iab le . T h e in te rmed ia te result of an a lgor i thm shou ld 
be a va lue of c o n f i d e n c e in the interval [0, l] that g i ven o b s e r v a t i o n c a n be 
c lass i f i ed as o n e of the c l a s s e s (we usual ly c h o o s e the "pos i t i ve " c l a s s to be 
th is one) and then b a s e d on the th resho ld w e d o f inal ca tego r i za t i on . 

2 . 1 S E L E C T E D A L G O R I T H M S 

There are many c lass i f i ca t i on a lgor i thms in the wor ld . W ik i ped ia l ists 86 
p a g e s in the c a t e g o r y C lass i f i ca t i on a lgor i thms. Mu l t i pu rpose R p a c k a g e 
caret con ta ins 2 3 6 ava i lab le m o d e l s . W e d e s c r i b e only se lec t i on o f ten used 
in pape rs or real use c a s e s for a mutual c o m p a r i s o n . At least o n e of t h e s e a l ­
gor i thms o f ten has e n o u g h "pe r fo rmance , " as w e c a n s e e in pape rs f o c u s e d 
on c o m p a r i s o n by U d d i n et a l . [29] or Yuva l i et a l . [30]. Our desc r ip t i on 
is h igh - leve l , s o rather be s e e n as a desc r i p t i on of m e t h o d s than c o n c r e t e 
a lgor i thms. 

2.1.1 Binary logistic regression 
W e a s s u m e a reader k n o w s l inear reg ress ion as a w a y to fit a line (hyperp lane 
in genera l ) th rough da ta po ints to mode l the re la t ionship b e t w e e n e x p l a n a ­
tory var iab le Xk e X, k = l,...,N, N is the number of o b s e r v a t i o n s , and 
r e s p o n s e Yk e y. To remind , w i th o n e - d i m e n s i o n a l Xkl r e s p o n s e func t ion is 

linear(x, w, b) = wx + b = E(Y\Xk = x) (2.1) 
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W h e n Xk is mul t id imens iona l (d im ( X f c ) = M ) , it is 

AI 

linear(Xk, W ) = W 0 + £ WaXK (2.2) 
s = l 

S u c h hype rp lane "he igh t " ranges f rom negat i ve inf inity to pos i t i ve infinity. In 
binary c lass i f i ca t i on , the on ly sens ib le output is 1 or 0 (or two e l e m e n t s set 
in genera l ) . W e c a n use the s igmo id func t ion wi th its def in i t ion in f igure 2.1 

S igmo id m a p s the exp lana to ry var iab le (real feature vector ) to interval 
[0,1] and relat ively qu ick ly c o n v e r g e s to 0 w h e n Xk g o e s to negat i ve " inf ini ty" 
or 1 w h e n Xk g o e s to pos i t ive "infinity". Our mode l b e c o m e s sig(linear(Xk, Wj) 
in b inary log is t ic reg ress ion . Best - f i t pa ramete rs p r o d u c e a mode l w i th a l in­
ear sepa ra t i on b e t w e e n the t w o c l a s s e s [31, p. 101]. 

The s igmo id func t ion is de r i ved b a s e d on the a s s u m p t i o n that t he l o g a ­
r i thm of o d d s of the event of the o c c u r r e n c e of 1 c l a s s in fc-th obse rva t i on 
c a n be m o d e l e d l inearly [32, p. 4 3 9 ] , i.e., 

w h e r e nk = P(Yk = l ) and is ca l l ed f i t ted probabi l i ty . W e cal l th is log func t ion 
logit [33, p. 68 ] . A f te r s o m e a lgeb ra i c man ipu la t ion , w e c a n ge t the s igmo id 
func t ion a n d s e e 

0 

F igure 2.1: G r a p h of the s igmo id func t ion [31, p. 101]. 

AI 

log{-^) = W0 + Y/WsXky (2.3) 

nk = sig(linear (Xk, Wj) (2.4) 
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The loss func t ion (in c o n d e n s e d fo rm and wi th pena l iza t ion) , w h i c h w e 
use in b inary log is t ic reg ress ion , is fo l low ing 

N 

l(x, y,W) = J2 -Yk \og(h(Xk)) - ( l - Yk) i o g ( i - h(Xk)) + A * r(W) (2.5) 
k=l 

Funct ion h is our hypo thes i s f rom the hypo thes i s c l a s s [20, p. 127] 

H = {h:Xk^ sig(linear(Xk, IV)) = nk, W e RN} (2.6) 

Func t ion r is the R idge pena l i za t ion (also ca l led £ 2) w i th the p u r p o s e of re­
duc ing the s i ze of coe f f i c i en ts 

M 

r(W) = YjW2

s (2.7) 
s = l 

C o n s t a n t A spec i f i e s regu lar izat ion s t reng th and is o n e of t he log is t ic r eg res ­
s ion hype rpa rame te rs . M o r e de ta i l s abou t regu lar iza t ion in log is t ic r eg res ­
s ion are in [34]. 

In o ther w o r d s , / = - log- l i ke l ihood + A * regu lar iza t ion te rm. Func t ion 
I is convex , s o p leasan t for var ious op t im iza t ion a lgor i thms, as w e wan t to 
min imize it [31, p. 101]. T h e t ype of s u c h a lgor i thm (solver) is our c h o i c e , 
s o it is ano the r log is t ic reg ress ion hyperparameter . C o m p a r i s o n of so lve rs 
for log is t ic reg ress ion are in [35]. 

2.1.2 Decision tree 
The d e c i s i o n t ree t echn ique is o n e of the mos t intui t ive m e t h o d s . T h e ult i ­
mate goa l of the m e t h o d (for b inary c lass i f i ca t ion) is to d iv ide the da tase t 
into two c l a s s e s b a s e d on s imp le rules in e a c h node , as you c a n s e e in f i g ­
ure 2.2. A t ree is, in many a lgor i thms, c o n s t r u c t e d by a t o p - d o w n a p p r o a c h 
w h e r e the a lgor i thm s e l e c t s a feature and a separa t i on cond i t i on in e a c h 
n o d e us ing a g r e e d y a p p r o a c h w h e n the a lgor i thm t r ies to f ind t he mos t 
"pure" d iv i s ion . Th is cond i t i on c a n be a c o m p a r i s o n aga ins t a s e l e c t e d va lue 
(in c a s e of con t i nuous feature) or equal i ty w i th a m o d e (most f requent value) 
of feature va lues (in c a s e of ca tego r i ca l feature) [32, p. 313] . O the r d iv is ion 
cr i ter ia c a n be found in [33, p. 71]. 

Ul t imately, w e get g l eaves , e a c h represen t ing a g roup of o b s e r v a t i o n s . 
W e c a n label th is g roup as be long ing to o n e of our c l a s s e s wi th f i t ted s u c c e s s 
probabi l i ty (for 1 c lass ) 

nk = (2.8) 

w h e r e Mg is the s i ze of a par t icu lar g roup [33, p. 71] and k is an o b s e r v a t i o n . 
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if A and B if A and not B if not A and C if not A 
and not C 

Figure 2.2: I l lustration of d e c i s i o n t ree mode l w i th its cond i t i ons [32, p. 314] . 

We shou ld spec i f y s topp ing cr i ter ia for g; preferab ly , w e want it to be 
m u c h less than the number of o b s e r v a t i o n s . It c a n o the rw i se lead to a c o m ­
plex t ree, lead ing to h igher o d d s of over f i t t ing, as w e have s e e n in t he f irst 
chap te r w i th r ich hypo thes i s c l a s s e s . E x a m p l e s of s t opp ing cr i ter ia are the 
max imal d e p t h of the t ree or t he minimal p ropor t ion of s a m p l e s that must 
be p resent in the n o d e ; o the rw i se , w e set it as leave. T h e s e cr i ter ia are hy -
pe rpa rame te rs of the d e c i s i o n t ree, as thei r va lues are up to us. T h e bas i c 
a lgor i thm for i nduc ing a d e c i s i o n t ree c a n be found in [36, p. 333 ] 

2.1.3 Random forest 
Before exp la in ing the R a n d o m Fores t (RF) m e t h o d , w e have to in t roduce 
boo ts t rapp ing as a mode l t ra in ing a n d se lec t i on m e t h o d a n d the idea of b a g ­
g ing a d e c i s i o n t ree, w h i c h is the RF m e t h o d built o n . 

Boo ts t rapp ing is a resamp l ing m e t h o d o f ten u s e d w h e r e the da tase t is smal l 
or w e want to r educe the va r iance of error es t ima tes or e v e n ob ta in it. B e ­
c a u s e it is not a l w a y s eas i l y feas ib le w i th o ther samp l ing m e t h o d s u s e d for 
t ra in ing and va l idat ion s u c h as t r a i n -and - tes t or c ross - va l i da t i on [26, p. 108] . 
The idea is to s a m p l e wi th rep lacemen t f rom the t ra in ing set to get set wi th 
the s a m e s i ze . W e will ob ta in abou t 2 /3 of the obse rva t i ons , s o m e repea ted 
mult ip le t imes . W e use t h e s e for t ra in ing and the rest for va l ida t ion (est imat­
ing error) . W e d o th is B t imes a n d then ca l cu la te the mean and va r i ance of 
ob ta ined errors [26, p. 109] . 

Mo re impor tant right now is th is idea app l ied to d e c i s i o n t rees . Dec is ion 
t rees suf fer f rom high va r iance . It m e a n s that w h e n w e spli t the t ra in ing 
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set into t w o par ts at r andom and train a sepa ra te mode l (dec is ion tree) wi th 
e a c h , w e get resul ts that cou ld be qui te di f ferent . However , by averag ing 
a set of i n d e p e n d e n t o b s e r v a t i o n s , w e reduce va r iance . T h e idea is to train 
B m o d e l s on sepa ra te t ra in ing se ts a n d then a v e r a g e resul ts . 

l B 

hgvgjXk) = h(Xk) k e {1,.., TV}, N — n u m b e r of o b s e r v a t i o n s (2.9) 
6=1 

B e c a u s e ob ta in ing sepa ra te and still large e n o u g h B t ra in ing se ts is i m p r a c ­
t ica l , w e use boo ts t rapp ing on a s ing le t ra in ing set to get and train t rees wi th 
t h e m . Th is a p p r o a c h is ca l l ed bagging [16, p. 317]. 

The RF m e t h o d is built on bagg ing wi th o n e impor tan t tweak . Instead 
of us ing all M p red ic to rs in spl i t t ing a n o d e in a t ree, a r andom s a m p l e of 
m p red ic to rs is c h o s e n . W e typ ica l l y c h o o s e m « \[m. T h e rat ionale is to 
decorrelate the t rees b e c a u s e if there is a s t rong predic tor , it wil l o f ten be 
c h o s e n for spl i t at t he top node . Fur the rmore , w e get s imi lar t rees b e c a u s e 
the top spli t i n f l uences all o the r sp l i ts d o w n a t ree, resul t ing in h ighly co r ­
re lated p red ic t ions . However , a s w a s a l ready sa i d , w e reduce va r iance by 
ave rag ing t h e s e p red ic t ions a s s u m i n g they are i ndependen t . B a g g i n g ru ­
ins th is a s s u m p t i o n , and th is is a w a y how to dea l wi th it. RF m e t h o d cou ld 
a lso r e d u c e tes t error [16, p. 320 ] . W h e n t ra in ing RF m o d e l , w e have severa l 
hype rpa rame te rs to c h o o s e f rom. Excep t for the o n e s that app ly to o n e d e ­
c is ion t ree as max ima l d e p t h or min imal por t ion of s a m p l e s in node , w e have 
to c h o o s e the number of es t ima to rs , i.e., t rees u s e d . 

2.1.4 Support vector machines 
Suppo r t Vec to r M a c h i n e s (SVM) m e t h o d is built on separa t i ng the feature 
s p a c e by hyperp lane a n d then c lass i f y ing b a s e d on the s ign of s u c h s e p a r a ­
t ion (a point is be low or a b o v e the hyperp lane) , s o w e label c l a s s e s e i ther -1 
or 1. It m e a n s S V M is a natural b inary c lass i f ier , a l though it cou ld be e x t e n d e d 
mu l t i - c lass a s you c a n f ind in [16, p. 355 ] . 

W h e n c l a s s e s are l inearly s e p a r a b l e , there is an inf inite number of s u c h 
hype rp lanes . S o the idea of margin is a d d e d to c h o o s e the " b e s t " hyper ­
p lane. Th is a p p r o a c h wi th l inear separab i l i t y a s s u m p t i o n is ca l led maximal 
margin classifier ( M M C ) [16, p. 3 4 2 ] . 

W h e n c l a s s e s are not l inearly s e p a r a b l e , w e l essen the requ i rements by 
a l lowing s o m e po in ts to be ins ide the marg in or on the o ther s ide of the hy­
perp lane . W e quant i fy s u c h v io la t ions and a d d a limit to t h e m . W e cal l th is 
m e t h o d soft margin classifier or support vector classifier (SVC) . A n e x a m p l e 
of S V C is in f igure 2.3. T h e te rm support vector c o m e s f rom the rea l i za ­
t ion that only po in ts v io la t ing the rules of M M C af fect the output of S V C , 
as po in ts on the co r rec t s ide of the hyperp lane ou ts ide of the marg ins are 
not pena l i zed , and it is not impor tant how far a w a y they are. A more de ta i led 
desc r i p t i on of S V C cons t ra in ts c a n be found in [16, p. 3 4 6 ] . 
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Figure 2.3: I l lustration of suppor t vec to r c lass i f ie r or S u p p o r t V e c t o r M a ­
ch ines wi th l inear kernel in ano the r point of v i e w [32, p. 503 ] . 

A natural ex tens ion of S V C is to a d d non- l inear in te rac t ions of fea tu res 
s u c h as p roduc ts . T h e separa t ion task is still l inear in th is e x t e n d e d feature 
s p a c e , a l though genera l l y not in t he or ig inal s p a c e . N e v e r t h e l e s s , th is a p ­
p roach is on ly s o m e t i m e s computa t iona l l y f eas ib le as there cou ld be many 
in te rac t ions to try. T h e tr ick how to more eas i l y gene ra l i ze to the n o n ­
l inear c a s e is ca l led kernel trick. A s w e dea l w i th inner p roduc t s w h e n c o m ­
put ing the d i s t a n c e b e t w e e n point and b o u n d a r y [16, p. 351], by tweak ing 
it, w e c a n br ing non- l inear i ty . W e cons t ruc t a func t ion of the inner p r o d ­
uct ca l led kernel, a n d the fo l low ing is an e x a m p l e ca l l ed polynomial ker­
nel of d e g r e e d ( w h e r e M = dim(Xk) = dim(Xh) and k,l e {l,..,N}, N = 
number of obse rva t i ons ) 

M 

K(Xk,Xl) = (l + Y , X * M d (2- 10) 
s = l 

S u c h non- l inear kerne ls are the e s s e n c e of S V M , a n d it is wha t d i s t i ngu i shes 
S V M f rom S V C [16, p. 352 ] . O the r e x a m p l e s of kerne ls are in [32, p. 505 ] . 
The prac t i t ioner s e l e c t s kerne l , w h i c h m e a n s it is o n e of S V M h y p e r p a r a m e -
ters . 

2.1.5 K-nearest neighbors 
K-Neares t N e i g h b o r s (KNN) c lass i f i ca t i on d i f fers f rom the prev ious ly d i s ­
c u s s e d m e t h o d s b e c a u s e it is a m e m b e r of t r ansduc t i ve . T h e s e m e t h o d s 

23 



are " m e m o r y - b a s e d " as they d o c lass i f i ca t i on b a s e d on prev ious ly c l a s s i ­
f ied ind iv idua ls in oppos i t e to m e t h o d s that cons t ruc t a mode l to d o s o [32, 
p. 3 0 2 ] . Th is idea is i l lust rated in f igure 2.4. 

F igure 2.4: T ransduc t i ve and induc t ive m e t h o d s [32, p. 503 ] . 

The method 's name tel ls us w e c lass i f y b a s e d on k neares t ne ighbors . 
Wha t d o w e mean by neares t? To de f ine th is , w e have to c h o o s e a metr ic 
to c o m p a r e d i s t ance , usual ly i n d u c e d by p-norm wi th p = { l , 2} ( w h e r e M = 
dim(Xk) = dim(Xi) and k, I g {1,.., TV}, N = number of obse rva t i ons ) . 

M 

Pp{Xk)Xl) = {YJ\XKs-Xl^)1v (2.11) 
s = l 

W h e n c h o o s i n g a metr ic , it is g o o d to ask a n d a n s w e r t he ques t i on , "Wha t 
d o e s it m e a n w h e n the d i s t a n c e b e t w e e n po in ts d o u b l e ? " [28, p. 129]. W e 
then o rde r all ne ighbo rs of point Xk b a s e d on the c h o s e n met r ic and return 
the m o d e a m o n g the K neares t [20, p. 259 ] . B e c a u s e the prac t i t ioner must 
c h o o s e p and K, t h e s e are e x a m p l e s of K N N hype rpa rame te rs . 

Th is app roach ' s t ime comp lex i t y is propor t iona l to the number of t ra in ing 
obse rva t i ons , a n d w e are just abou t c lass i f y ing o n e tes t obse rva t i on . There 
are w a y s to dea l w i th th is , like the kD- t ree m e t h o d s tor ing a set of t ra in ing 
po in ts in t he b inary t ree. T h e deta i l s are in [28, p. 130] . 

2.1.6 Multilayer perceptron 
M a n y t y p e s of neural ne two rks are u s e d n o w a d a y s , s u c h as convo lu t iona l , 
recurrent , or g raph neural ne tworks . In th is work , w e will d e s c r i b e a n d use 
one ca l l ed multilayer feed-forward network. O the r n a m e s are dense, deep 
neural network or Mu l t i - Laye r Pe rcep t ron (MLP) . T h e s e are not exac t l y s y n ­
o n y m s , but the d i f f e rences are sl ight and out of our s c o p e . 
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We d e s c r i b e a neural ne twork by a d i rec ted a c y c l i c g raph G = (V, E) wi th 
e d g e s w e i g h t e d by the func t ion u •. E ^ R. W e cal l n o d e s the g raph neurons 
and mode l t h e m wi th a func t i on , a : R ^ 1 . Th is func t ion is ca l led activa­
tion and e x a m p l e s u s e d in p rac t i ce are s i gmo id func t ion sigma(z) = 1 + e X p ( _ z ) 

or R e L U func t ion a(z) = max(z ,0 ) . It is an e x a m p l e of a hype rpa rame te r for 
a neural network . W e link the output of o n e neuron to ano the r as input, as i l ­
lus t ra ted in f igure 2.5. 

Input Hidden Output 
layer layer layer 
(Vb) (Vi) (V2) 

Figure 2.5: Graph i ca l rep resen ta t ion of the g raph of neural ne twork wi th one 
h idden l a y e r s [20, p. 270] . 

Input for the neurons in the f irst layer V0 is an o b s e r v a t i o n f rom the t ra in ing 
set ; o the r neurons get thei r input as a w e i g h t e d s u m (accord ing to u) of 
ou tpu ts of c o n n e c t e d neurons , w i th a cons tan t a d d e d in bo th c a s e s . Each 
input a l w a y s g o e s th rough an ac t iva t ion func t ion be fore output t ing to the 
next layer [20, p. 269 ] . 

We c a n c o m p o s e our hypo thes i s c l a s s as 

T-L = {hv^E,a,uj • OJ is a mapp ing f rom E to R} (2.12) 

w h e r e hVjEjajU1 -. M | V B _ 1 1 H> M | V t | (where T is the number of layers) is a mapp ing 
of UJ w i th f i xed t r ip led (V, E, a) that is ca l led architecture of the ne twork [20, 
p. 270] . 

C h a r a c t e r i s t i c s of neural ne two rks that are s e e n as a d v a n t a g e s are [32, 
p. 4 9 9 ] : 

• abi l i ty to a l low non- l inear re lat ions a n d c o m p l e x in te rac t ions b e t w e e n 
var iab les 
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• no a s s u m p t i o n s abou t va r iab les fo l lowing par t icu lar probabi l i ty d is t r i ­
but ion 

• app l icab i l i t y to a w i d e range of p rob lems (most of the e x a m p l e s in the 
in t roduct ion of th is work) 

S o m e of the d i s a d v a n t a g e s are [32, p. 500 ] : 

• c o n v e r g e n c e t o w a r d s the bes t g loba l so lu t ion is not gua ran teed 

• r isk of over f i t t ing if the number of o b s e r v a t i o n s is t oo smal l c o n c e r n i n g 
the n u m b e r of neurons 

• requ i rement of an a posteriori ana lys i s to d i s c o v e r the impac t of d i f fer­
ent input va r iab les on the output 

T h e s e cha rac te r i s t i c s w i th o ther a d v a n c e d t o p i c s are a l so d i s c u s s e d in 
C h a p t e r 20 in [20]. 

2 . 2 S E L E C T E D M E T R I C S 

W e use a loss func t ion in the p r o c e s s of t ra in ing a m o d e l . T h e loss f u n c ­
t ion is c h o s e n b a s e d on the a lgor i thm and spec i f i c ma themat i ca l p roper t ies . 
However , they are on ly s o m e t i m e s bes t for c o m p a r i s o n of d i f ferent m o d e l s , 
main ly if, in add i t ion , m o d e l s are b a s e d on d i f ferent a lgor i thms. T h e n w e 
have to use di f ferent too ls for c o m p a r i s o n . Genera l o n e s are d e s c r i b e d in 
th is sec t i on , but s o m e t i m e s w e e v e n n e e d to de f ine our d o m a i n or p r o b l e m -
spec i f i c met r i cs . 

In s u p e r v i s e d learn ing in the d e v e l o p m e n t s t age , w e a l w a y s k n o w the co r ­
rect labe ls (or at least w e have to t rust wha t w e have) , s o w e on ly n e e d to 
c o m p a r e the output of our mode l w i th the va lues f rom the da tase t , w h e t h e r 
the mode l w a s co r rec t or not. A s m o d e l s usual ly output f i t ted probabi l i ty in 
[0, l] in terval , w e n e e d to c h o o s e threshold va lue to m a p th is interval to {0, l } . 
The th resho ld va lue is in mos t imp lemen ta t i ons of metr ic eva lua t ion imp le ­
men ted as 0.5, s o w h e n the f i t ted probabi l i ty is at least 0.5, w e c lass i f y the 
obse rva t i on as a pos i t ive c l a s s ; if l ess , t hen as a negat i ve c l a s s . Th resho ld 
he lps us represent our resul ts as confusion matrix [31] [37, p. 209 ] . W e use 
1 for our pos i t ive c l a s s and 0 for our nega t i ve c l a s s . 
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Nega t i ve 

The apparen t goa l is to have a mode l ou tput t ing on ly True Pos i t i ve (TP) and 
True Nega t i ve (TN). N e v e r t h e l e s s , as w e have s e e n in the f irst chapter , w e 
usual ly a s s u m e s o m e t h i n g like th is is not poss ib l e . 

2.2.1 Accuracy 
W h e n w e wan t to s u m m a r i z e the c o n f u s i o n matr ix into o n e s ta t is t ic , the mos t 
s t ra igh t fo rward w a y is to ca l cu la te a ratio of co r rec t l y p red i c ted o u t c o m e s 
to all o u t c o m e s . Th is rat io is ca l l ed accuracy [31, p. 93 ] . 

TP + TN , 0 „ 0 N 

a C C U r a C y = TP + FP + TN + FN ( Z 1 3 ) 

The use fu l ness of th is metr ic d e c r e a s e s wi th the i nc reas ing imba lance in 
the ratio of the number of ind iv idual c l a s s e s in the da ta . For e x a m p l e , w h e n 
the rat io of p r e s e n c e of 1 a n d 0 c l a s s in da ta wou ld be 99:1, w e c a n pred ic t 
1 all the t ime and a c h i e v e 0.99 accuracy. S o w e have to c o m e up wi th more 
soph i s t i ca ted met r i cs . 

2.2.2 Precision and recall 
To a n s w e r h o w likely a pos i t i ve p red ic t ion is co r rec t c o m p a r e d to all pos i t ive 
p red ic t ions , w e use a metr ic ca l led precision [31, p. 94] [37, p. 781]. Its 
equa t ion is 

TP 
precision = T p — F p (2.14) 

To a n s w e r how likely a pos i t i ve p red ic t ion is co r rec t c o m p a r e d to all t rue 
pos i t i ves , w e use a met r ic ca l led recall [31, p. 94] [37, p. 781]. S y n o n y m for 
recall is True Pos i t i ve Rate (TPR). Its equa t ion is 

TP 
recall = —— ——- (2.15) 

TP + FN 
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Try ing to a c h i e v e high p rec is ion is p roper w h e n w e want our mode l to 
output pos i t i ve p red ic t ion on ly if it is sure . A n e x a m p l e of do ing s u c h is if 
w e wou ld like to have a mode l for b o o k s r e c o m m e n d a t i o n . B e c a u s e w e have 
l imited t ime, many b o o k s are on the market , and w e wan t to avo id go ing 
th rough s o m e t h i n g un in terest ing or unusab le . W e want our mode l on ly to 
g ive r e c o m m e n d a t i o n s w h e r e is a high l ike l ihood that w e wil l l ike a book . 

On the o ther hand , ach iev ing high recal l is usefu l w h e n w e wan t our mode l 
to output pos i t ive p red ic t ion any t ime there is s o m e l ike l ihood of s u c h a c a s e . 
A n e x a m p l e c a n be a med ica l d i agnos i s , as it is bet ter to d i a g n o s e a pat ient 
fa lse ly as ill, e v e n if w e have to d o u b l e - c h e c k and s o m e t i m e s unnecessa r i l y 
s ca re t h e m , but still be t ter than leav ing s o m e o n e un t rea ted . 

A n o t h e r met r ic w e use to c o m p u t e a more c o m p l e x o n e is Fa l se Pos i t i ve 
Rate (FPR). Its equa t ion is 

FP 
FPR — ————— (2.16) 

FP + TN 

2.2.3 F1 score 
A c o m p r o m i s e b e t w e e n p rec is ion - P and recal l - R is F-measure, the we igh ted 
ha rmon ic mean of t h e s e t w o met r i cs . 

F = 1 ) - p w h e r e a e [0,1] (2.17) 

Wi th a = 1/2, w e go t the b a l a n c e d F - m e a s u r e , c o m m o n l y d e n o t e d as F1 or 
F1 s c o r e in the M L commun i t y . 

= —R (2-18» 

B e c a u s e it is h igh on ly if bo th p rec is ion and recal l are h igh, it is usefu l w h e n 
w e wan t a b a l a n c e d mode l [38, p. 1147]. 

2.2.4 ROC curve and AUC 
In the in t roduct ion to th is chapter , w e talk abou t a b inary c lass i f ie r f i rst 
p roduc ing a number a n d t hen ca tego r i z i ng input ted o b s e r v a t i o n b a s e d on 
w h e t h e r t he n u m b e r is g rea te r t han or less than a spec i f i ed t h resho ld . 

All p rev ious met r i cs measu re p e r f o r m a n c e of the c lass i f i e r w i th a par­
t icular t h resho ld set . W e c a n cont inua l ly ad just the th resho ld and plot T P R 
aga ins t F P R . W e get a cu rve ca l led Rece i ve r Opera t ing Cha rac te r i s t i c cu rve 
(ROC) . T h e base l ine is g i ven by an a lgor i thm that wou ld randomly g u e s s 
(making a 5 0 / 5 0 g u e s s ) . 

If there is no c lea r d is t inc t ion b e t w e e n the p e r f o r m a n c e of m o d e l s like 
in t he right s ide of f igure 2.6, w e use A r e a U n d e r the R O C C u r v e (AUC) 
as a quant i ta t ive measu re of c o m p a r i s o n . It m e a n s A U C is a numer ica l in te­
gral of R O C cu rve . A n exce l len t c lass i f ie r has A U C va lue h igher than 0.9 [31, 
p. 95 ] . 
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ROC curves 

1 
False-positive rate False-positive rate 

Figure 2.6: E x a m p l e s of c o m p a r i s o n of two a lgor i thms wi th R O C [31, p. 95 ] . 

S U M M A R Y 

W e have g o n e th rough the se lec t i on of c lass i f i ca t i on m e t h o d s w e will use in 
the next c h a p t e r w i th an intuit ive exp lana t ion of the idea beh ind it and the 
def in i t ion of a loss func t ion u s e d for t ra in ing a mode l w i th a g i ven m e t h o d . 
W e a l so exp la ined the mos t u s e d met r i cs u s e d for the eva lua t ion of ou tpu ts 
of t ra in ing. 
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3 MACHINE LEARNING WORKFLOW 

In th is chapter , the prac t ica l part of the thes i s , w e will roughly fo l low a mode l 
se lec t i on wo rk f l ow p r o p o s e d and p resen ted by C a s s i e Kozy rkov , h e a d of d e ­
c is ion in te l l igence at G o o g l e C l o u d , in her internal c o u r s e to G o o g l e e m p l o y ­
e e s p rov ided for f ree at her YouTube channe l [39] [40]. A n empi r ica l c o m ­
par ison of a lgo r i thms on a g iven da ta is the main c o m p o n e n t of th is work ­
f low, just w r a p p e d wi th p reced ing s t e p s like the def in i t ion of requ i rements in 
m e a n s of our met r i cs (how wel l w e e x p e c t a mode l to behave) , p r e p r o c e s s ­
ing and spl i t t ing of a da tase t , and fo l lowing s t e p s like p resen t ing the resul ts 
and dep loy ing a c h o s e n m o d e l , i.e., us ing it in a real env i ronment . 

3 . 1 P R E P A R A T I O N 

The ze ro th s tep is to th ink w h e t h e r w e n e e d a M L for so lv ing a g iven task 
(or e v e n if w e c a n so lve it w i th M L ) . Here w e go f rom a d i f ferent e n d as w e 
wan t to app ly s e l e c t e d a lgor i thms and c o m p a r e resul t ing m o d e l s , s o w e have 
c h o s e n a su i tab le task for our b inary c lass i f i ca t i on m e t h o d s . That is oppos i t e 
to wha t is usual in p rac t i ce . 

The f irst s tep is to set ob jec t i ves , w h i c h m e a n s c h o o s i n g our goa l , a per ­
f o r m a n c e metr ic to quant i fy its model 's abi l i ty to fulfil l our goa l , and the tar­
get p e r f o r m a n c e s c o r e . Th is p r o c e s s invo lves c h o o s i n g our ac t ion if the bes t 
mode l d o e s not pe r fo rm wel l e n o u g h . Th is s tep is c ruc ia l to make s o u n d hy­
po thes i s tes t ing on mode l p e r f o r m a n c e , and the hypo thes i s is not pos tu la ted 
(bent over) b a s e d on the da ta but on the ob jec t i ve itself. W h e n c h o o s i n g 
a metr ic , w e shou ld a l so c o n s i d e r wha t m is takes are w o r s e (as exp la ined in 
e x a m p l e s in 2.2.2). 

The s e c o n d s tep is to get the da ta . T h e th i rd is spl i t t ing d a t a into t ra in ­
ing, va l ida t ion , and tes t ing par ts . T h e n w e c a n start w i th Exp lo ra to ry Data 
Ana l ys i s (EDA), as a p r o c e s s to v i sua l i ze t ra in ing da ta and se lec t p red ic to rs 
or eng inee r n e w o n e s (by c o m b i n i n g or ig inal ones ) . W e have d o n e all t h e s e 
s t e p s and d e s c r i b e our ac t i ons in the fo l lowing s u b s e c t i o n s . 

3.1.1 Task description 
Our task is to pred ic t w h e t h e r an app l i can t for s tud ies at our facu l ty has 
a c h a n c e to p a s s the f irst year success fu l l y . S u c c e s s f u l l y m e a n s h e / s h e will 
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get at least 35 E C T S c red i t s at the e n d of the a c a d e m i c year. Th is task can 
be f r a m e d as a b inary c lass i f i ca t ion w h e n the pos i t i ve (1) c l a s s is ge t t ing at 
least 3 5 c red i t s , and the negat i ve (0) c l a s s is ge t t ing less than 35 c red i ts . 

3.1.2 Goal definition 
W e de f ine t w o met r i cs for our c a s e . T h e b u s i n e s s met r ic will be recall (2.2.2, 
w h i c h w e c h o o s e as w e wan t to avo id fa lse nega t i ves , i.e., p red ic t ing an a p ­
pl icant as an u n s u c c e s s f u l s tuden t . W e will leave a defau l t t h resho ld va lue 
(= 0.5) on the tes t da tase t to ob ta in the recal l va lue , as it is not c lear how 
to op t im ize it w i thout get t ing the c lass i f ie r to pred ic t on ly a pos i t i ve c l a s s . 
The t ra in ing met r ic will be A U C (2.2.4) for the sake of c o m p a r i s o n of t ra ined 
m o d e l s w h e n c h o o s i n g op t ima l hype rpa rame te rs . T h e requi red pe r f o rmance 
is to s c o r e 0.9. T h e defau l t ac t i on is not to use a mode l (in c a s e w e wou ld 
have to dec ide ) if the s c o r e is insuf f ic ient , s o the null h y p o t h e s i s is that the 
mode l s c o r e s 0.9, and the a l ternat ive hypo thes i s is that the mode l s c o r e s 
more than 0.9. W e must pos tu la te a null hypo thes i s be fore s e e i n g the a c c u ­
racy of m o d e l s on train da ta or e v e n exp lo r ing the t ra in ing da tase t . 

3.1.3 Data description 
W e have ob ta i ned h is tor ica l d a t a abou t the a d m i s s i o n p r o c e s s and the f o l ­
lowing s tudy resul ts of 3 5 9 5 s tuden ts w h o s ta r ted thei r f irst year of s tud ies 
b e t w e e n 2017 and 2021. W e get in format ion like po in ts a c h i e v e d in a d m i s ­
s ions , name of h igh s c h o o l , yea r of h igh s c h o o l g radua t i on , number of c red i ts 
and g r a d e s a v e r a g e ob ta i ned in the f irst year, the fo rm of s tudy , a n d s tudy 
p rog ram name. W e wil l i nspec t t h e s e fea tu res in more deta i l in our EDA in 
3.1.6. T h e s e da ta w e r e p rov ided a n o n y m i z e d . 

3.1.4 Tools selection 
A cr i t ica l s tep of eve ry t ask is c h o o s i n g (or bui lding) the right too ls to make it 
eas ie r to c o m p l e t e . W e have c h o s e n P y t h o n and its l ibrar ies like p a n d a s for 
da ta man ipu la t ion , p r e p r o c e s s i n g a n d desc r i p t i ve s ta t i s t i cs , matp lo t l ib and 
s e a b o r n for da ta v isua l i za t ion , sc i py for s ta t is t i cs ca lcu la t i on , and sc ik i t - learn 
for m o d e l s t ra in ing. O the r l ibrar ies will be eventua l ly men t i oned a long wi th 
their usage . C o d e (hopeful ly s e l f - c o m m e n t e d ) is ava i lab le as an a t t achmen t 
in the J u p y t e r N o t e b o o k fo rmat or H T M L , w h i c h m a k e s it e a s y to p resen t 
the c o d e wi th its in te rmed ia te resul ts (even wi th images e m b e d d e d ) and its 
exp lana t ion . W e will use th is benef i t and o f ten sk ip less impor tant deta i ls 
re fe renc ing the s o u r c e c o d e for more in te res ted readers . 
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3.1.5 Data preprocessing 
The da tase t con ta ins di f ferent n a m e s for the s a m e or subs t i tu t i ve p rog rams 
th rough a c a d e m i c yea rs and f ree text input for a high s c h o o l name . T h e r e ­
fore, w e map high s c h o o l n a m e s into e ight c a t e g o r i e s b a s e d on the t ype of 
s c h o o l , like "g rammar s c h o o l " or " b u s i n e s s a c a d e m y . " W e m e r g e d the s a m e 
univers i ty p rog rams wi th di f ferent n a m e s a n d then m a p p e d all p rog rams to 
eight c a t e g o r i e s like " l a n g u a g e s " or "natural s c i e n c e s . " T h e exp la inabi l i ty and 
r i chness of c a t e g o r i e s we re c o m p r o m i s e d t o w a r d s the smal le r feature v e c ­
tor s i ze , as e a c h c a t e g o r y a d d s one to it (when us ing o n e - h o t e n c o d i n g and 
not app l y ing any d imens iona l i t y reduc t ion t echn iques ) . F e w e r fea tu res mean 
a less r ich hypo thes i s c l a s s w h i c h genera l l y m e a n s lower es t imat ion error 
( d i s c u s s e d in 1.2.4). It is e v e n more impor tan t w i th a l imited number of o b ­
se rva t ions . 

We s ign i f i cant ly c h a n g e d the c o l u m n wi th po in ts a c h i e v e d in t he a d m i s ­
s ion p r o c e s s . W e d i v i ded all va lues by the max imum po in ts a t ta ined in a g iven 
year and p rog ram (and mul t ip l ied by 100), respec t i ve ly . Th is c h a n g e makes 
t hem more c o m p a r a b l e in te rms of va lues . However , it is the on ly th ing 
w e c a n d o abou t d i f ferent a d m i s s i o n cond i t i ons th rough the yea rs a n d p ro ­
g rams . It is n e c e s s a r y to ment ion that any o ther va lue normal iza t ion or s t a n ­
dard iza t ion than the o n e men t i oned w a s not d o n e . Th is p rocess ' s p a r a m e ­
ters shou ld be ob ta i ned only f rom the t ra in ing da tase t to avo id tes t da ta 
l eakage to the t ra in ing s tage . W e a l so f ea tu re -eng inee red the rest of the 
var iab les to s impl i fy our work as w e s imu l taneous ly d id th is n e c e s s a r y p ro ­
c e s s for the who le da tase t . N e v e r t h e l e s s , t h e s e were just o rd inary th ings 
like mapp ing b inary fea tu res to {0, l } . 

In the e n d , w e spli t the da tase t to train a n d test par ts . It is a d i f ferent 
o rder than C a s s i e K o z y r k o v p r o p o s e s , but w e n e e d e d the w h o l e da tase t to 
c rea te p rac t i ca l a n d cons i s ten t c l a s s e s of d e s c r i b e d fea tu res . T h e pr imary 
reason for Kozy rkov ' s o rde r is that tes t da ta l eakage c a n be i n t roduced by 
exp lor ing the tes t ing set , as a pe rson c a n d i rect t ra in ing b a s e d on the o b ­
ta ined in format ion. It m e a n s w e c o u l d in t roduce b ias by p r e p r o c e s s i n g da ta 
to s u c h an ex tent w i thout spl i t t ing it f irst. 

The last c o m p l e t e d a c a d e m i c year, 2 0 2 1 / 2 0 2 2 , w a s c h o s e n as the tes t ­
ing set ( instead of r andom sampl ing) . T h e main reason is that the task i tself 
is abou t p red ic t ing the s tudy s u c c e s s of app l i can ts . T h e mode l c a n on ly be 
t ra ined on the p rev ious yea rs . However , w e are not in te res ted in pred ic t ing 
the past , s o w e wan t to tes t aga ins t n e w da ta as poss ib le , h e n c e c h o o s i n g 
the latest year ava i lab le as the tes t set . Th is novel ty is a l so the reason for 
us ing only the f ive last yea rs ava i lab le in the who le da tase t i ns tead of all 
ava i lab le da ta (about twen ty yea rs of da ta are techn ica l l y a c c e s s i b l e ) . C o n ­
sequen t l y , w e have d e d i c a t e d abou t 20 % of our da ta for tes t ing p u r p o s e s , 
the usual amoun t to c h o o s e f rom. W e d id not c rea te a va l ida t ion set as w e will 
app ly K-fo\6 c r oss - va l i da t i on for hype r -pa rame te r s se lec t i on (more abou t in 
3.2). 
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More deta i l s of p r e p r o c e s s i n g are in the s o u r c e f i le select_features_split 
in the a t tachmen t . 

3.1.6 Data exploration 
A s men t i oned a b o v e , w e will on ly exp lo re the tra in ing da tase t ( academ ic 
yea rs s ta r ted in 2017 -2020 ) to avo id tes t da ta l eakage to t he t ra in ing p ro ­
c e s s . Data are p repared in the format p r o c e s s i b l e by our s e l e c t e d a l g o ­
r i thms. W e will s tar t w i th bas i c desc r i p t i ve s ta t i s t i cs in f igure 3.1. 

ROKYODMATURITY BODYVAZENE KRED_1_ROC 35_KREDITU_1_ROC 

Figure 3.1: S u m m a r y of our numer ica l and b inary va r iab les . 

Before jump ing to mode l t ra in ing, w e must ensu re that fea tu res are u n ­
c o r r e c t e d . H igh cor re la t ion c a n p r o d u c e m o d e l s w i th poor genera l i za t ion 
c a p a c i t y b e c a u s e the mode l c a n learn that spec i f i c c h a n g e s in the r e s p o n s e 
var iab le are due to the first co r re la ted var iab le w h e n they are d u e to the 
s e c o n d . W e d o not have th is i ssue wi th our numer ica l va r iab les , as s h o w n in 
f igure 3.2. 

For quant i fy ing an a s s o c i a t i o n b e t w e e n ca tego r i ca l (nominal) va r iab les in 
our da tase t , w e u s e d Cramer ' s V, w h i c h is b a s e d on Pearson ' s S 2 s ta t is t ic . 

V = J Z (3.1) 

V min{C - 1, R - 1) ' 
W e c o m p u t e d x2 s ta t is t ic f rom a c o n t i n g e n c y tab le w h e r e TV is the total n u m ­
ber of o b s e r v a t i o n s , C is t he n u m b e r of c o l u m n s , a n d R is t he n u m b e r of 
rows. F igure 3.3 s h o w s an o v e r v i e w of va lues for eve ry ca tego r i ca l var iab le 
in t he da tase t (except the r e s p o n s e var iab le) . Al l c o n t i n g e n c y tab les are in 
s o u r c e f i le visualize_explore w i th o ther c o m p u t a t i o n de ta i l s like p -va lues . 

A n o t h e r p rob lem c o u l d be a relat ively low number of spec i f i c va lues in 
a ca tego r i ca l fea ture . W e c a n c o n c l u d e s o m e t h i n g abou t the ef fec t of s u c h 
a va lue on the r e s p o n s e var iab le only w i th e n o u g h o b s e r v a t i o n c o n c e r n i n g 
o ther p red ic to rs . Moreover , a mode l is p robab ly u s e l e s s in th is part of the 

3 3 



Figure 3.2: Pai r plot of numer ica l fea tu res in our da tase t . On the main d i a g o ­
nal are h i s tog rams , and on the an t i -d iagona l are sca t te r p lots w i th l inear re­
g ress ion l ines. T h e s e l ines' s l ope hints that the cor re la t ion of d i sp l ayed va r i ­
ab les is c l o s e to ze ro . Indeed, Pearson 's cor re la t ion coe f f i c ien t of yea rs f rom 
high s c h o o l (ROKY_OD_MATURITY) and w e i g h t e d po in ts (BODY_VAZENE) 
is abou t -0 .0186 . 

feature s p a c e if the number of fea tu res is h igher t han the number of o b s e r ­
va t ions wi th th is va lue . T h e lowest coun t th rough all ca tego r i ca l fea tu res 
has the h igh s c h o o l of t ype gas t ronomy , hotel indust ry , and tour i sm (gas­
t ronomie , hote ln ic tv í , ruch) w i th 52 o c c u r r e n c e s . W e s o l v e d the p rob lem in 
a d v a n c e in the p r e p r o c e s s i n g phase . 

T h e s e w e r e the main c o n c e r n s , but w e c a n con t inue . Exp lor ing re la t ion­
sh ips b e t w e e n numer ica l va r iab les in the con tex t of a ca tego r i ca l var iab le 
or b e t w e e n numer ica l and ca tego r i ca l c a n a l so be va luab le . In the fo l lowing 
f igures 3.4, 3.5, 3.6, 3.7, w e p resen t s e l e c t e d p lots f o c u s e d on ca tego r i ca l 
va r iab les co l l ege f ie ld of s tudy (VS_OBOR) and high s c h o o l t ype (SS_OBOR) . 
In the l egend of t h e s e f igures are the ac tua l va lues of t h e s e ca tego r i es . Fur­
the rmore , there is s h o w n di f f icu l ty w h e n one o b s e r v a t i o n c a n acqu i re more 
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VS_OBOR SS_OBOR MISTNI FORMA 

Figure 3.3: T h e plot s h o w s a hea tmap of C ramer ' s V va lues for our c a t e g o r i ­
ca l fea tu res . W e c a n s e e that co l l ege f ie ld of s tudy (VS_OBOR) is co r re la ted 
wi th a fo rm of s tudy ( F O R M A ) . Th is co l l inear i ty is not an i ssue as w e are d o ­
ing a p red ic t i ve task (see 1.1). 

than o n e va lue of a c a t e g o r y var iab le (VS_OBOR) . W e deal t w i th it s o that 
w h e n a p e d a g o g y s tuden t has two appropr ia t ions di f ferent in its f ie ld , it 
is s o m e t h i n g like a n e w c a t e g o r y va lue . W e e v e n mod i f ied o n e - h o t e n c o d ­
ing s o that it is not "one " a n y m o r e but " two " (same wi th app roba t i ons f rom 
the s a m e f ie ld) . Var iab le (SS_OBOR) p o s e s ano the r d i f f icu l ty as there we re 
6 0 4 un ique text va lues in t he s o u r c e da tase t , many of w h i c h are not eas i l y 
c lass i f i ab le or represent a minor t ype of s c h o o l , s o there is a rest c a t e g o r y 
(ostatní) w h i c h has abou t 19 % o c c u r r e n c e . 

T h e last t w o ca tego r i ca l va r iab les m e a n w h e t h e r a s tuden t is f rom the re ­
g ion (MISTNI) a n d thei r fo rm of s tudy ( F O R M A ) . W e de f ine the region as L iberecký 
kraj e x c e p t for mos t of the fo rmer ok res Česká Lípa (as it is c l o s e to the un i ­
vers i ty in Úst í nad L a b e m as well) w i th the add i t ion of M n i c h o v o Hrad iš tě 
and Mladá Bo les lav wi th nearby v i l lages . T y p e s of s tudy are two , fu l l - t ime 
(P) or par t - t ime (K). W e v isua l i ze t h e s e two ca tego r i ca l va r iab les as con tex t 
for our numer ica l va r iab les in f igures 3.8 and 3.9. 

We e n d our exp lo ra t ion here as it is not the main top ic of our work . M o r e 
deta i ls and v isua l i za t ions are in the s o u r c e fi le visualize_explore. 
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Figure 3.4: s t r ip plot of co l l ege f ie ld of s tudy v s . yea rs f rom high s c h o o l . 
Wi th the help of t r anspa rency , w e c a n s e e that mos t s t uden ts in the f irst 
year have less than f ive yea rs f rom high s c h o o l . A l s o , ce r ta in co l l ege f ie lds 
have (almost) no o lder s tuden ts , p robab ly b e c a u s e of on ly fu l l - t ime fo rm. 
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Figure 3.5: Th is str ip plot s h o w s that o lder s t uden ts c a n have any s c h o o l . 
The d o m i n a n c e of ce r ta in high s c h o o l t y p e s is pr imari ly g i ven by thei r f re ­
quency , like g r a m m a r s c h o o l (gymnáz ium) wi th 3 3 % o c c u r r e n c e . 
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Figure 3.6: Th is empi r ica l Cumu la t i ve Dis t r ibut ion Func t ion (eCDF) s h o w s 
that 8 0 % of app l i can ts to f i e ld /p rog ram soc ia l work (sociální práce) has 
less than 8 0 a d m i s s i o n po in ts or that abou t 35 % of app l i can ts to l anguage 
( jazyky) p rog rams have max imum poin ts . 

F igure 3.7: Wi th the he lp of th is e C D F , it is mos t v is ib le that the bes t app l i ­
can t s in t e rms of d is t r ibut ion of a d m i s s i o n po in ts are f rom g r a m m a r s c h o o l 
(gymnáz ium) . 
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Figure 3.8: Pai r plot s h o w s that yea rs f rom high s c h o o l a n d a d m i s s i o n po ints 
do not d e p e n d on s tudent 's reg ion by bo th s t a c k e d h i s tog rams on d iagona l 
that v i sua l i ze univar ia te d is t r ibu t ions and K D E p lots on an t i -d iagona l that 
v isua l i ze b ivar ia te d is t r ibu t ions . 

F igure 3.9: Th i s pair plot s h o w s that fu l l - t ime s tuden ts (FORMA=P) genera l l y 
have f e w e r yea rs f rom high s c h o o l than par t - t ime s tuden ts (FORMA=K) , but 
the d is t r ibut ion of a d m i s s i o n po in ts looks similar. 
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3 . 2 M O D E L C R E A T I O N 

W e s e l e c t e d log is t ic reg ress ion , d e c i s i o n t ree, R a n d o m Forest , K -Neares t 
N e i g h b o r s , Suppo r t Vec to r M a c h i n e s , a n d Mu l t i - Laye r P e r c e p t r o n m e t h o d s 
to c h o o s e f rom as the f inal m o d e l . W e d e s c r i b e d t h e s e in 2.1. W e fo l l owed 
the usual wo rk f l ow w h e n ob ta in ing the bes t m o d e l . It m e a n s spl i t t ing the 
da tase t into t ra in ing and tes t ing and t hen spl i t t ing fu r ther into t ra in ing and 
va l ida t ion . To avo id b ias t o w a r d s par t icu lar s a m p l e s in t he va l ida t ion da tase t , 
w e spli t w i th the help of the c r o s s - v a l i d a t i o n t echn ique (brief ly exp la ined in 
the fo l low ing subsec t i on ) . For severa l m e t h o d s (K-Neares t N e i g h b o r s , S u p ­
port Vec to r M a c h i n e s , a n d Mu l t i - Laye r Pe rcep t ron ) , w e app l i ed s t a n d a r d i z a ­
t ion. A f te r the t ra in ing p r o c e s s , w e p i cked the bes t mode l of e a c h me thod 
and c o m p a r e d t h e m toge the r w i th the help of c h o s e n s ta t is t ica l tes t . 

3.2.1 Model training and validation 
M o d e l t ra in ing is the p r o c e s s of f ind ing (sub)opt imal pa rame te rs (coef f i ­
c ien ts , we igh ts ) of the g iven mode l by op t im iz ing the loss func t ion (we d e ­
s c r i b e d the idea beh ind it in 1.2). M o d e l va l idat ion is the p r o c e s s of tes t ing 
on the u n s e e n da ta , usual ly d o n e wh i le do ing hype rpa rame te rs tun ing , i.e., 
the p r o c e s s of se lec t i ng the bes t va lues for ( inverse of) regu lar iza t ion coe f ­
f ic ient and so lver in log is t ic reg ress ion , the min imal p ropor t ion of s a m p l e s in 
a leaf or max imum d e p t h of the t ree in t he d e c i s i o n t ree, number of ne ighbors 
and t ype of met r ic in K N N , number of t rees and the max imum d e p t h of a t ree 
in the RF, ( inverse of) regu lar izat ion coe f f i c ien t and t ype of kernel in S V M , 
the learn ing rate and t ype of ac t i va t ion func t ion in M L P and o the rs w e d id 
not use . T h e s e hype rpa rame te rs ' spec i f i c in terva ls and c a t e g o r i e s are in the 
s o u r c e f i le trainjest, and w e s e l e c t e d t h e m s o m e w h a t b roade r but still t r ied 
to make t h e m sens ib l e . In s o m e c a s e s , the op t im iza t ion a lgor i thm hits the 
limit of the in terval . T h e r easons cou ld be that the min imum ex is ts ou ts ide 
the interval or there is no abso lu te m in imum wi th on ly t he s a d d l e p resent . 
The f igures like 3.12 s h o w that s e c o n d is p robab ly the c a s e . Moreover , even 
w h e n the f irst wou ld be the c a s e , there is a ques t i on if i nc reas ing (or d e ­
c reas ing) interval l imits are sens ib l e , i.e., if w e get hype rpa rame te rs va lues 
that make s e n s e for the g iven m e t h o d . 

We use mode l va l idat ion resul ts only for c o m p a r i s o n m o d e l s w i th d i f ferent 
hype rpa rame te rs se t t ings , not for the f inal eva lua t ion of mode l p e r f o r m a n c e 
b e c a u s e the mode l is undoub ted l y b i a s e d toward the va l idat ion da tase t . 

We d id the t ra in ing on a c a d e m i c yea rs s ta r ted in 2 0 1 7 - 2 0 2 0 of our da tase t 
(desc r ibed in 3.1.3). W e d id 10- fo ld c r o s s - v a l i d a t i o n for hype rpa rame te rs 
tun ing. T h e i f - f o l d c r o s s - v a l i d a t i o n is a s imp le p r o c e s s of spl i t t ing the da tase t 
into K d is t inc t (not over lapp ing) se ts (folds), w h i c h union is the ent i re da tase t . 
The cur rent fo ld is c h o s e n for va l ida t ion , and the rest is u s e d for t ra in ing. K 
va l idat ion resul ts are a v e r a g e d and then u s e d to c o m p a r e the d i f ferent hy­
pe rpa rame te rs se t t i ngs more robust ly . 
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Convergence plot 
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Figure 3.10: Th is c o n v e r g e n c e plot s h o w s va lue of n e g a t e d A U C metr ic de ­
pend ing on the i terat ion of Bayes ian op t im iza t ion . 
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Figure 3.11: Th is pair plot s h o w s our s e a r c h s p a c e for our RF c lass i f ier . H y -
pe rpa rame te r n_estimators m e a n s the n u m b e r of t rees . T h e s tar d e n o t e s 
the locat ion of the min imum found in the p r o c e s s . 
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Figure 3.12: On the d iagona l are g r a p h s s h o w i n g how va lues of g i ven hyper -
pa ramete r in f luence the func t ion w e min imize. 

False Positive Rate (Positive label: 1) 

Figure 3.13: Th is g raph s h o w s R O C wi th A U C s c o r e of our c lass i f ie r on t ra in ­
ing s a m p l e s . T h e reason w h y T h e recal l s c o r e is 0 .866 . 
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To s e m i - a u t o m a t i z e the hype rpa rame te rs tun ing , w e u s e d Bayes ian o p ­
t im iza t ion , a l so ca l l ed sequen t ia l s e a r c h , exp la ined in th is pape r by [41]. W e 
u s e d imp lementa t ion in the sc i k i t - op t im ize l ibrary. Rough ly s p e a k i n g , th is 
a lgor i thm randomly s e l e c t s va lues of c h o s e n hype rpa rame te r s in a g iven 
s e a r c h s p a c e , eva lua tes mode l p e r f o r m a n c e on ob jec t i ve func t ion ( A U C in 
our c a s e ) , and s e l e c t s the va lues of the fo l lowing hype rpa rame te rs b a s e d 
on it. It t rea ts our ob jec t i ve func t ion as random and p l aces prior ove r our 
func t ion , and af ter e a c h eva lua t ion , u p d a t e s pos ter io r d is t r ibut ion over it. 
A f te r a f e w i terat ions (we u s e d 100), it shou ld c o n v e r g e to the s u b o p t i m u m 
wi thout c o m p u t i n g any grad ient . 

The f igures 3.10, 3.11, 3.12 and 3.13 are e x a m p l e s f rom the h y p e r p a r a m ­
eters tun ing p r o c e s s and s h o w resul ts on R a n d o m Fores t c lass i f ier . M o r e 
in format ion abou t the f irst th ree f igures c a n be found in sc i k i t - op t im ize d o c ­
umenta t ion . T h e A U C metr ic in the last o n e is exp la ined in 2.2.4) . F igures for 
the rest of the t ra ined m o d e l s and s u b - m o d e l s are in the s o u r c e fi le train_test 
in the a t tachmen t . 

3.2.2 Model testing 
Af ter ach iev ing e n o u g h p e r f o r m a n c e in the t ra in ing s t age , w e c a n p r o c e e d to 
test to ensu re our mode l gene ra l i zes wel l e n o u g h . M o d e l tes t ing is, in p r a c ­
t ice t r icky th ing if on ly l imited da ta is ava i lab le . W e c a n d o a point es t ima te 
of our b u s i n e s s met r ic by g iv ing all tes t da ta to the mode l and ob ta in ing one 
number to c o m p a r e wi th our goa l or o ther mode l s . However , to d o a s t a ­
t is t ical tes t , w e n e e d more po in ts . W e c a n boo ts t rap our da tase t to ob ta in 
severa l d a t a s e t s of the s a m e s i ze , but w e will b reak the a s s u m e d i n d e p e n ­
d e n c e of ind iv idual o b s e r v a t i o n s . Wi thou t th is a s s u m p t i o n , w e shou ld not 
use S tudent ' s t - tes t and A N O V A (or thei r non -pa rame t r i c a l ternat ives) . W e 
c h o s e as our a p p r o a c h to eva lua te our c lass i f i e rs and use Coch ran ' s tes t 
[42], a genera l i za t ion of M c N e m a r ' s test . It t es t s if t hey g ive s imi lar p red i c ­
t ions b e c a u s e it c o m p a r e s the p ropor t ions of s i tuat ions w h e n m o d e l s g ive 
the s a m e or d i f ferent output . W e app l ied it w i th the help of the mlx tend 
l ibrary. 

Here are the resul ts running our bes t m o d e l s on the tes t da tase t . 

M o d e l A U C Recal l 

Log is t i c reg ress ion 0 .63 0.787 
Dec i s i on t ree 0.57 0.691 
R a n d o m forest 0 .63 0 .825 
K-neares t ne ighbors 0 .64 0.748 
Suppo r t vec to r m a c h i n e s 0.61 0 .760 
Mul t i - layer pe rcep t ron 0.64 0 .803 
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Figure 3.14: Th is g raph s h o w s R O C wi th A U C s c o r e of our c lass i f ie r on tes t ing 
s a m p l e s . W h e n c o m p a r i n g wi th 3.13, w e c a n s e e that our c lass i f ie r poor ly 
genera l i ze . T h e recal l s c o r e is 0 .825. 

Here is the c o n f u s i o n matr ix of our bes t (RF) c lass i f ier . 

p red 1 pred 0 

t rue 1 419 8 9 
t rue 0 130 72 

We d id th ree C o c h r a n tes t s in to ta l . W e re jec ted the null hypo thes i s (p < 
2e - 6) that t he bes t m o d e l s of e a c h m e t h o d are the s a m e . W e d id not reject 
the null hypo thes i s (p = 0.374) that t ree bes t m o d e l s - RF , M L P , and log is t ic 
reg ress ion are the s a m e . W e re jec ted the null hypo thes i s (p < le-15) that the 
bes t mode l b a s e d on R a n d o m Forest is the s a m e as an art i f ic ia l c lass i f ie r wi th 
a 0.9 recal l s c o r e (as w e spec i f i ed in the Goa l def in i t ion 3.1.2). B e c a u s e the 
RF c lass i f ie r 's s c o r e is lower than the art i f ic ial one , w e c a n c o n c l u d e that the 
RF c lass i f i e r is not g o o d e n o u g h . W e s h o w Rece i ve r Opera t i ng Cha rac te r i s t i c 
cu rve for the f inal bes t mode l in f igure 3.14. T h e a t t achmen t s h o w s the test 's 
deta i ls at the e n d of the s o u r c e fi le train_test. 

3.2.3 Model interpretation 
M o d e l in terpreta t ion is not the main task of p red ic t i ve mode l i ng . Impl ica­
t ions are that w e are not l imit ing ou rse l ves to h ighly in terpre tab le m o d e l s , 
and w e are on ly s o m e t i m e s c o n s c i e n t i o u s l y c h e c k i n g all a s s u m p t i o n s as w e 
are mot i va ted by genera l i za t ion on u n s e e n da ta , not re la t ionsh ips . H o w ­
ever, look ing at wha t pa rame te rs the mode l learns is benef ic ia l to c h e c k if 
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it m a k e s s e n s e and if w e d id eve ry th ing cor rec t l y . A l ternat ive ly , w e want to 
be insp i red for our next try. 

We looked at our log is t ic reg ress ion coe f f i c i en ts , w h i c h are eas i ly inter-
p re tab le as the s l ope of l ines in s u b s p a c e g iven by s e l e c t e d i ndependen t 
and d e p e n d e n t va r iab les . W e a l so pr in ted out fea ture i m p o r t a n c e s in our 
RF m o d e l , w h i c h propor t iona l ly m e a s u r e s h o w o f ten a fea ture w a s u s e d in 
t rees . B e c a u s e the a lgor i thm c h o o s e s spli t in a t ree b a s e d on cr i ter ia like 
ent ropy, w e c a n roughly c o n c l u d e that fea tu res wi th h igher i m p o r t a n c e a lso 
have h igher p red ic t i ve power . W e present t h e s e f ind ings at the very e n d of 
the s o u r c e f i le train_test, as w e th ink it is in a more readab le format . 

3 . 3 F U R T H E R S T E P S 

B a s e d on the resu l ts , there are t w o poss ib le s t e p s to take . If w e have not 
a c h i e v e d e n o u g h p e r f o r m a n c e , w e c a n return to the t ra in ing mode l , da ta 
p r e p r o c e s s i n g , or da ta co l l ec t i on . 

S u p p o s e w e have a c h i e v e d e n o u g h p e r f o r m a n c e on our b u s i n e s s metr ic . 
T h e n w e c a n p resent the mode l to a s takeho lde r or dep loy it to a p roduc t ion 
env i ronment d e p e n d i n g on our project ob jec t i ves . 

3.3.1 Another iteration of training process 
A n o t h e r i terat ion is our next poss ib le s tep , as w e have yet to a c h i e v e the tar­
ge ted p e r f o r m a n c e . W e n e e d a n e w tes t da tase t , as the cur rent w a s a l ready 
u s e d . W e are inc reas ing the c h a n c e of T y p e I error o t he rw i se by reus ing it 
and in t roduc ing b ias t o w a r d s s a m p l e s in t he tes t da tase t in our mode l . On 
our try, w e t ra ined s u b m o d e l s (mainly RF mode ls ) or u s e d a more c o m p l e x 
da tase t w i th more granu lar va r iab les S S _ O B O R and V S _ O B O R , but noth ing 
led to bet ter resul ts . It hints that our da ta might not be of suf f ic ient qual i ty 
(we have to, for e x a m p l e , vague ly c a t e g o r i z e an app l ican t ' s h igh schoo l ) , or 
w e may not have u s e d s o m e s ign i f icant p red ic to r that i n f l uences the app l i ­
cant 's s u c c e s s . 

3.3.2 Deployment and continuous evaluation 
W e wou ld like to use our mode l for our pro ject ob jec t i ves if w e wou ld have 
a c h i e v e d e n o u g h p e r f o r m a n c e . In the c a s e of our task to pred ic t if an app l i ­
cant c a n f in ish the f irst year of co l l ege s tud ies s u c c e s s f u l l y , th is u s a g e cou ld 
involve p red ic t ing the app l i can ts ' s u c c e s s and then d e c i d i n g on a th resho ld 
in the a d m i s s i o n p r o c e s s . However , a ques t i on is w h e t h e r the var iab les w e 
wou ld use for s u c h pred ic t ion c a n be part of the d e c i s i o n p r o c e s s . 

Par t of d e p l o y m e n t to t he real wor ld is con t i nuous l y eva lua t ing our mode l 
and retraining if n e e d e d . B e c a u s e the wor ld cons tan t l y c h a n g e s , a n d our 
da ta shou ld go wi th it. 
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CONCLUSIONS 

W e have empi r ica l l y c o m p a r e d six m e t h o d s o f ten u s e d in M L on a real da tase t . 
Be fo re that, w e have exp la ined t h e s e m e t h o d s (2.1) a l ongs ide met r i cs (2.2) 
u s e d for c o m p a r i s o n . Fur the rmore , e v e n be fore that, w e s ta r ted th is work 
w i th a brief in t roduct ion abou t w h y is s u c h empi r i ca l c o m p a r i s o n n e e d e d 
for eve ry spec i f i c task and w h y w e canno t d o bet ter (1.2.3). In c o m p a r i s o n , 
w e have not re jec ted that our th ree bes t m o d e l s (based on R a n d o m For­
est , Mu l t i - Laye r P e r c e p t r o n , and log is t ic reg ress ion me thods ) are the s a m e . 
W e c a n be sure abou t s u c h a c o n c l u s i o n b e c a u s e w e fed our da tase t into 
the a lgor i thms in an ident ica l format a n d used the s a m e op t im iza t ion for hy -
pe rpa rame te r tun ing . Of c o u r s e , m e t h o d s like log is t ic reg ress ion cou ld be 
improved by a d d i n g in te rac t ions , but it is an ext ra p r o c e s s that m a k e s c o m ­
par ison w i th , for e x a m p l e , neural ne two rks less s t ra igh t fo rward . O n e can 
argue that s u c h a th ing m a k e s c o m p a r i s o n fairer b e c a u s e neural ne two rks 
and (other u s e d a lgor i thms to s o m e extent) c a n impl ic i t ly explo i t a non- l inear 
re la t ionship b e t w e e n d e p e n d e n t and i ndependen t va r iab les . 

To c o n c l u d e our c lass i f i ca t i on task to pred ic t the app l icant 's s u c c e s s in 
the f irst year of s tudy , w e fa i led to p rov ide a g o o d c lass i f ie r c o m p a r e d to 
our target p e r f o r m a n c e . W e d id our bes t as w e app l ied op t im iza t ion t e c h ­
n iques to tune hype rpa rame te rs , d id c ross - va l i da t i on in the t ra in ing p r o c e s s 
to be more ce r ta in abou t se lec t i ng a mode l w i th g o o d genera l i za t ion c a p a ­
bility, and e v e n t r ied s u b m o d e l s or a s l ight ly mod i f ied t ra in ing da tase t . Th is 
result l eads to the ques t i on if the task is so l vab le wi th ta rge ted p e r f o r m a n c e 
b e c a u s e , as w e c a n s e e in t heo ry (we spec i f i ca l l y mean a g n o s t i c P A C d i s ­
c u s s e d in 1.2.2), w e usual ly a s s u m e that min imal poss ib l e error is n o n - z e r o 
and theore t ica l l y c o m e s f rom no ise in our da ta or the a b s e n c e of impor tant 
p red ic to rs . 

Talk ing abou t no ise , hav ing c lear , r e c o g n i z a b l e c a t e g o r i e s of high s c h o o l s 
(or e v e n better, h igh s c h o o l p rog rams of an app l i can t , as o n e high s c h o o l can 
have mult ip le d i f ferent s tudy programs) cou ld improve the p e r f o r m a n c e of 
our m o d e l s . W h e n ta lk ing abou t o ther potent ia l p red ic to rs in our task , w e c a n 
take a look at c a s e s tudy Early Prediction of student's Performance in Higher 
Education by Mar t i ns et a l . [43] and spec i f i ca l l y at da tase t they u s e d . There 
are 37 var iab les i nc luded in th is da tase t abou t P o r t u g u e s e h igher educa t i on 
s tuden ts , s u c h as marital s ta tus , qua l i f i ca t ion a n d o c c u p a t i o n of paren ts , if 
a s tuden t is a ho lder of a scho la rsh ip , or wha t is cur rent inf lat ion or u n e m ­
p loyment rate in the coun t r y is. It g i ves more power , as w e cou ld use infor-
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mat ion abou t s tudent 's f inanc ia l and fami ly b a c k g r o u n d or cur rent e c o n o m i c 
s i tuat ion in a coun t r y that cou ld mot iva te t h e m to ob ta in h igher e d u c a t i o n 
d e g r e e s . 

A n o t h e r w a y how resul ts cou ld be improved is to try d i f ferent a lgor i thms. 
W e have yet to t ry eve ry p romis ing m e t h o d ava i lab le , as it w a s out of our 
r esou rces . N e v e r t h e l e s s , d i f ferent neural ne twork a rch i tec tu res may lead to 
a bet ter result . Us ing m e t a - m o d e l s , w h e n w e a v e r a g e or m o d e output of 
d i f ferent m o d e l s to get the f inal p red ic t ion , is a l so a poss ib le w a y to ach ieve 
improved p e r f o r m a n c e . However , the d a t a - c e n t r i c a p p r o a c h (when w e i m ­
prove our m o d e l s by improv ing our da tase t ) is emerg ing t rend in a c a d e m i a , 
and it is the f irst th ing to t ry to get t he bet ter m o d e l . 
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