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SAZETAK

U ovom radu je ukratko objasnjen algoritam Gradient Boost i prikazana matematika na kojoj
je baziran i koju je objasnio Jerome H. Freidman. Gradient Boost je pokazao velik uspjeh u
Sirokom spektru primjene u stvarnom svijetu. Takoder su definirani pojmovi funkcija gubitka
(loss function), learning rate i overfitting. Funkcija gubitka i learning rate kao jedne od
najznacajnijih faktora u Gradient Boost, te overfitting kao jedan od najvecih problema Gradient

Boosta.

Takoder je objasnjen primjer klasifikacije baze podatka koriste¢i Gradient Boost ,,Titanic- Top
1% with Gradient Boost Clasifier. Ovim primjerom se pokuSava odrediti koji putnik ¢e
preZivjeti i koji nece prezivjeti potonuée Titanika. Primjer je uzet sa stranice Kaggle i napisan
je u Python-u. Kroz objasnjenje primjera smo prosli kroz danu bazu podataka, prilagodili
varijable (skupine podatka) nasim potrebama, odredili suodnose varijabli, kako je odabran

Gradinet Boost i prilagodili hiperparametre.

Kljuéne rije¢i: Freidman, Gradient Boost, funkcija gubitka (loss function), learning rate,

overfitting, Python, Kaggle , Titanic
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SUMMARY

In this pape Gradient Boost Algoritham is briefly explained and math by Jerome H. Freidman
on witch it is based. Gradient Boost has shown great success in wide rage of applications. The
concepts of loss function, learning rate and overfitting are also defined. The function of loss
and learning rate are one of the most important factors in Gradient Boost, and overfitting is one
of the biggest problems of Gradient Boost.

There i salso an explanation of an database classification using Gradiet Boost ,,Titanic- Top
1% with Gradient Boost Clasifier”. Attempt of this exaple is to determined wich passenger will
survive and wich will not survive the sinking of the Titanic.This example was taken from th
Kaggle page and it was writen in Python. Going through exaplme , we went over given
datebase, adjusted the variables to our needs, determined the correlations of the varibale, how

was Gradient Boost selesceted and adjusted the hyperparamethrs

Key words: Freidman, Gradient Boost, loss function, learning rate, overfitting, Python, Kaggle,

Titanic
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1. UvVOD

Titanik je britanski prekooceanski putnicki brod, u vlasnistvu White Star Line, koji je prvi put
isplovio iz Southamptona 10. travnja 1912. te pristao u Cherbourgu (Francuska) i Queenstown

(Irska) prije nego Sto je zaplovio za New York. Bio je jedan od najvecih brodova na svijetu.

Jedna od najvec¢ih pomorskih nesreca je potonuce Titanika te je od 2224 putnika 1 ¢lanova
posade, od mogucih 3327 osoba, poginulo ¢ak 1502 osobe. Razlog potonuca Titanika je bio
sudar sa santom leda u 23:40h dana 14. 4. 1912. Kapetan nije smanjio brzinu plovidbe unato¢
upozorenjima o santama leda. Brzina plovidbe je bila 22 ¢vora, §to je pri sudaru uzrokovalo
ozbiljno oSte¢enje broda te je voda pocela prodirati u 5 od 16 vodonepropusnih odjeljaka dok
brod moze izdrzati samo 4 poplavljena odjeljka . Titanik je u potpunosti potonuo u 2:20h dana
15.4.1912.

Glavni razlozi za pogiblju tolikog broja ljudi na Titaniku je nedovoljan broj ¢amaca za
spaSavanje. Na ¢amcima za spaSavanje je bilo mjesta za oko pola putnika i ¢lanova posade tj.
tre¢ina moguceg kapaciteta.

Iako je srec¢a imala ulogu kod prezivljavanja, mozemo primijetiti da su neke grupe ljudi imale
vecu Sansu prezivljavanja od drugih.

Kroz ovaj rad ¢emo objasniti kod koji se zasniva na klasifikatoru pojacanja gradijenta kako bi

odredili koji faktori najvise utjeCu na mogucnost prezivljavanja.

Fakultet strojarstva i brodogradnje 1
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2. Gradient boosting

Gradient boosting je tehnika strojnog ucenja koja se najcesce koristi kod regresije i klasifikacije
i pokazala je znatan uspjeh u Sirokom spektru primjene u praksi. Prema Jerome H. Friedmanu,
empirijski dokazi pokazuju da kretanjem u pravom smjeru sa puno malih koraka rezultira
boljim predvidanjima sa testnom bazom podataka tj. manja je varijanca. Glavna ideja boostinga
je uzastopno dodavanje novih slabih modela tj. temelji se na slijednom u¢enju. Slabi model je
definiran kao svaki model koji ima bar malo bolju moguénost predvidanja rezultata od
nasumicnog odabira.. Svaki novi dodani slabi model uzima u obzir greske koje su napravljene
od strane prijasnjih slabih modela. U¢e¢i na greSkama prethodnih modela potrebno je manje

vremena i iteracija da se predvidi rezultat.

Razlika izmedu predvidanja algoritma i stvarnog rezultata moze se prikazati sa ,,loss function*
(funkcijom gubitka) i cilj je tu funkciju minimizirati. Funkcije gubitka su razli¢ite i razlikuju
se izmedu regresije i klasifikacije, ali postoje neke standardne funkcije koje se koriste.

Kao $to je spomenuto bolja predvidanja dobivamo kada radimo puno malih koraka prema cilju,
radi toga je uveden i parametar ,,learning rate” koji utjeCe na brzinu predvidanja tako da

smanjuje doprinos svakog stabla.

Gradient Boost daje prvo predvidanje iz slucajnih uzoraka koji je treniran na prvom slabom
modelu. Pomoc¢u funkcije gubitka odredujemo reziduale (ostatke) i na njima treniramo novi
model i to se ponavlja sve dok rezidual ne bude jako blizu nuli tj. dok greska izmedu previdenih
vrijednosti i stvarnog rezultate ne bude blizu 0. Ti reziduali su zapravo predvidanja greski. Na
te greSke utjeCemo sa ,,leraning rate-om* kako bi utjecali na njihov doprinos. Na kraju se zbroji
pocetno previdanje sa svim rezidualima, na taj nacin se prvo predvidanje modificira kako bi
bilo blize stvarnom rezultatu.

Jako je vazno da ne dodemo u fazu gdje je model ,,overfitted (prenaucen) na podate iz treninga,
Sto je jedan od problema Gradient Boost-a . Prenaucen model jako dobro radi na podacima za
trening (traning set) ali jako loSe na podacima za testiranje modela (test set) tj. radi jako loSe na

podacima koje nije vidio $to je upravo suprotno od onog §to je pozeljno.

Fakultet strojarstva i brodogradnje 2
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|
Error Under- ! Over-
o) | ) S »
fitting | fitting Validation
: set
|

Training

“sweet spot”
P set

~ELa

Number of
iterations

Slikal  Under-fitting i Over-fitting modela
Kako bi uocili da je model prenaucen na training set vr$i se unakrsna provjera valjanosti. Jedna
od naj¢es¢ih unakrsnih provjera valjanosti je K-folds , koja je koriStena u ovom radu i detaljnije

je objasnjena u jednom od iduc¢ih poglavlja.

2.1. Matemati¢ka pozadina Gradient boosting-a (Jerome H. Freidman)

U problemu procjene funkcije postoji sustav koji se sastoji od nasumicnih ,,output-a“ili odzivne
varijable y i skupa nasumicnih ,,input-a“ ili polaznih varijabli x = {x4,...,x,} . Imajuéi
Htraining uzorak {y;, x;}¥ poznatih y i x varijabli, cilj je pronaéi funkciju F = (x) koji povezuje
varijable x iy, tako da je vrijednost specificirane funkcije gubitka ¥ (y, F(x)) minimizirana u

zajednickoj raspodijeli svih vrijednosti varijabla (y,x.)

F x (x) = arg min minE, , P (y, F(x)) 1
F(x) !

Boosting aproksimira F*(X) koristeci ,,additive prosSirenjem oblika

F(x) = Ym0 Bm h(x; a;) 2

Fakultet strojarstva i brodogradnje 3
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Gdje su funkcije (,base learner”) h(x;a) odabrane kao jednostavne funkcije od x sa
parametrima a = {a,, a, ... }. Koeficijent {B,,}5 i parametri {a,,}} su prilagodeni podacima
za trening na ,,stage-wise“ nain . Pocinje se sa pocetnim predvidanjem F,(x) i dalje za
m=12,..., M :

(Bm' am) =arg "Bl,l;ln Z{V=0 ll)(yi; Fm—l(xi) + ﬁh(xi; a)) 3

Fin(%) = Fipq (%) + B, h(X; a;,) 4

Gradient boosting priblizno rjesava (4) za jednostavnu (derivatibilnu) funkciju gubitka s

P(y, F(x)) u dva koraka. Prvo se funkcija h(x;a) rjeSsava metodom najmanjih kvadrata

@y = arg min o[y, — phxs; @))°
5

Trenutni ,,pseudo* reziduali (ostatci)

5 [6¢(yi,F(xi))] 6
" OFCD) R () =Fpm_1(x)

Preko dane funkcije h(x;am) optimalna vrijednost koeficijenta fn je odredena:
B, =arg mlgn YAV, Frnot(x) + BH(x;; @) 7

Ova strategija zamjenjuje potencijalno tesku funkciju problema optimizacija (4) sa funkcijom
baziranoj na metodi najmanjih kvadrata (5), zatim slijedi optimizacija jednog parametra (7)

baziranog na kriteriju y.

Gradient Boosting je specijalizirao ovaj slu¢aj do toga da su ,base learner-i“ h(x;a) L-
terminalni ¢vorovi regresijskog stabla. Pri svakoj iteraciji m, regresijsko stablo pregradi x-space

u razdvojene regije {R;m }i=; i za svaku predvida konstantnu vrijednost :

Fakultet strojarstva i brodogradnje 4
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h(x; {Rpm}1) = Xfeq Yim1(X € Rpy) 8

Vim = meany,eg, (Vim) oznacava aritmeticku sredinu (6) u svakoj regiji Rim. Parametri ovog
,base learner-a“ su varijable cijepanja i odgovarajucih tocaka cijepanja koje definiraju stablo,
koji definira odgovarajuée regije {R,,, }% particije na m-toj iteraciji. Inducirani su od gore prema
dolje tj. od prvog najboljeg, koriste¢i metodu najmanjih kvadrata za Kriterij cijepanja. Sa
regresijskim stablima, (7) se moze rijesiti odvojeno za svaku pojedinac¢nu regiju Rim definiranu
za svaki odgovarajuci zadnji ¢vor | m-tog stabla. Zato S§to stablo (8) predvida konstantnu
vrijednost y;,,, u svakoj regiji Rim , rjeSenje (7) je reducirano na jednostavnu prosjecnu

»lokacije* temeljenu na kriteriju w

Vim = arg min Yoep, ¥ 0y Fmoa (50 +7) 9

Trenutna aproksimacija Fm-1 je onda azurirana u svakoj odgovarajucoj regiji

Fi(x) =Fp1(x)+v- ylml(x € Rip)
10

,Learning rate* je parametar 0 < v < 1 kontrolira brzinu u¢enja procesa. Empirijski je uo¢eno

da manje vrijednosti (v < 0,1) vode prema puno boljoj generalizaciji greske.

Algorithm 1: Gradient_TreeBoost
Fy(x) = argmin, >, ¥ (i, 7)
For m=1 to M do:
I}.'m:_[ﬂg}%] o o 'E.-:Lh'r
L Fix)=F,._10x)
{R;m}f‘ = L — terminal node irff({fj.,-_.,mx.,-_}f'—)
Yim = argmin, Zxr-eﬂf.,, Uy, Fro1 (%) + )
Fm(x) - Fm—l(x) il F.th.l(x € Rfm)
end For

=] & @7 = D b=

Slika2  Algoritam Gradietn Boost

Fakultet strojarstva i brodogradnje 5
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3. Baza podataka

Baza podataka koja ¢e se koristiti u ovom radu je dostupna na stranici Kaggle i pogodna je za
pocetak strojnog ucenja sa 10-15 numerickih i kategorickih varijabli (skupina podataka) .
Polazna baza je podijeljena na dva seta podataka train set i test set. Train set sadrzi 891 putnika,

a test set koji sadrzi 418 putnika, koji su razli¢iti od putnika u train setu.

Train set se koristi za vjezbanje programa, a pomocu test seta se provjerava tocnost programa.
U setovima imamo razne podatke o putnicima koji su rasporedeni u skupine. Zajednicke
skupine podataka za setove su:
1. Passengerld
Pclass
Name

Sex

2

3

4

5. Age
6. SibSp

7. Parch

8. Ticket
9. Fare

10. Cabin
11. Embarked

Razlika kod train 1 test seta je Sto u train setu imamo 1 skupinu podataka ,,Surived* o tome tko
je prezivio, a tko nije. ,,Survived je ujedno ciljana skupina podataka (varijabla) koju zelimo

dobiti iz podataka u test setu.
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Survived Pclass Name Sex Age 5ibSp Parch Ticket Fare (Cabin Embarked
Passengerld

1 4] k3 Braund, Mr. Owen Harris male 220 1 Q A5 21171 7.2500 Mah 5

2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Th... female 380 1 0 PC17599 71.2833 (85 T

3 1 E] Heikkinen, Miss. Laina female 260 0 0 STON/OQ2.3101282  7.9250  NaN s

4 1 1 Futrelle, Mrs. Jacques Heath (Lily May Peel) female 35.0 1 0 113803 53.1000 Ci123 5

5 4] 3 Allen, Mr. William Henry ~ male 350 0 0 373450 8.0500 NaN S
887 1] 2 Montvila, Rev. Juozas  male 270 0 0 211536 13.0000  NaN S
888 1 1 Graham, Miss. Margaret Edith  female  19.0 0 0 112053 30.0000 242 5
889 Q 3 Johnston, Miss, Catherine Helen "Carrie”  female  NalN 1 2 W./C 6607 234300 NaN S
890 1 1 Behr, Mr. Karl Howell  male 260 0 0 111369 30,0000 C148 =
891 o] 3 Doaley, Mr. Patrick  male 320 0 0 370376 77500  NaM Q

Slika3  Baza podatka- Train set #1

Pclass Name Sex Age SibSp Parch Ticket Fare Cabin Embarked
Passengerld

892 3 Kelly, Mr. James ~ male 345 0 0 33091 7.8292  MNaN Q
8493 3 Wilkes, Mrs. James (Ellen Meeds) female 47.0 1 0 363272 7.0000  Mal S
894 2 Myles, Mr. Thomas Francis mals  B62.0 0 i 240276 06875 Mah Q
895 3 Wirz, Mr. Albert  male  27.0 0 (] 315154 8.6625  MaN 5
896 3 Hirvonen, Mrs, Alexander (Helga E Lindguist] female 22,0 1 1 3101298  12.2875 MalM 8
1305 3 Spector, Mr. Woolf  male NalN 0 0 A5 3236 8.0500  MNaN )
1306 1 Qliva y Ccana, Dena, Fermina  female  39.0 0 1] PC 17758 108.9000 <C105 C
1307 3 Saether, Mr. Siman Sivertsen male 385 0 0 SOTON/Q.G. 3101262 7.2500  MNaN 5
1308 3 Ware, Mr. Frederick male Mal 0 1] 359309 8.0500 MNaM S
1309 3 Peter, Master. Michael | male NaMN 1 1 2608 223583  NaN C

Slika4  Baza podataka- Test set #1
Kao §to se moze primijetiti na slici 3[Slika 3] i slici 4 [Slika 4] u nekim c¢elijama ne postoje
podaci ("NaN®). Train set ima nepostojece podatke u skupinama Age, Cabin i Embarked, dok

test set ima nepostojec¢e podatke u Age, Cabin i Fare.

Train set Test set
survived @ Pclass 2
Fclass 2 Mame &
Mams g Sex =]
Sex B Ages 36
Age 177 5ibSp e
s5ibSp @ Parch e
Parch @ Ticket e
Ticket @ Fare 1
Fare @ Cabin 327
Cabin 587 Embarked e
Embarked 2

Slika5  Koli¢ina nepoznatih podatka u set-ovima
Fakultet strojarstva i brodogradnje 7
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Najvise nepoznatih podataka se nalazi u skupini ,,Cabin“ oko prilike 80%, dok su nepoznati
podaci u ostalim skupina u dosta manjim postocima.

3.1.  Kratki opis skupine podataka
. Passengerld pokazuje u kojem redu se nalazi putnik i podaci vezani uz tog putnika.
Nema nikakav utjecaj na krajnji rezultat.
. Survived je ciljana varijabla koju zelimo pretpostaviti i ima dvije vrijednosti koje
iznose:
1 = putnik prezivio
0 =putnik nije prezivio
. Pclass (Passenger Class) predstavlja socio-ekonomski status putnika i ima tri vrijednosti
koje iznose:

1 =visa klasa

2 =srednja klasa

3 =niza klasa

. Name, Sex i Age su jasne same po sebi (ime, rod i godine)

. SibSp prikazuje broj putnikovih brace i sestara ili supruznika

. Parch prikazuje koliko je na brodu prisutno putnikove djece ili roditelja

. Ticket je broj putnikove karte

. Fare je putnicka karta

. Cabin je broj putnikove kabine

. Embarked je luka u kojoj su se putnici ukrcali na Titanik i ima 3 vrijednost:

C = Cherbourg
Q = Queenstown

S = Southampton

U tablici [Tablica 1] prikazuje u kojem rasponu se nalaze vrijednosti koje pojedina skupina
poprima i vrstu podataka.
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Tablical Vrsta podataka po skupinana

Vrste
Skupina Vrijednost
podataka
Passengerld 1-891 Integer
Survived 0,1 Integer
Pclass 1-3 Integer
Name of
Name Object
passengers
Sex Male, female Object
Age 0-80 Real
SibSp 0-8 Integer
Parch 0-6 Integer
Ticket Ticket number  Object
Fare 0-512 Real
Cabin Cabin number Object
Embarked S,C Q Object

Fakultet strojarstva i brodogradnje 9
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4. Feature Engineering

4.1. Passenger Title

Putnicka imena u skupini ,,Name* su zapisana u dobro definiranom uzorku pa ¢e biti lako izvuéi

titule iz skupine i kategorizirati ih.

import string

def

def

def

substrings_in_string{big_string, substrings):
for substring in substrings:
if str(big_string).find(substring) '= -1:
return substring
return np.nan

replace_titles(x):
title=x[ 'Title']
if title in ['Don', 'Major’, 'Capt’, 'Jonkheer', 'Rev’', 'Col']:
return "Mr’
elif title in [ 'Countess', 'Mme']:
return "Mrs'
elif title in ['M1le', 'Ms']:
return "Miss’
elif title =='Dr":
if x['Sex']=='Male':
return 'Mr'
else:
return ‘Mrs’
else:
return title

create_title(df):

title_list=['Mrs", 'Mr', 'Master', 'Miss', 'Major', 'Rev’,
‘Dr', "Ms', 'Mlle','Col’, 'Capt’, 'Mme’, 'Countess’,
"Don’, 'Jonkheer']

df[ 'Title' ]=df[ 'MName'].map(lambda x: substrings_in_string(x, title_list))

df[ 'Title' ]=df.apply(replace_titles, axis=1)

create_title(df_train)
create_title(df_test)

Funkcija substrings in_string se u ovom dijelu koristi kako bi pronasla titule u skupini

podataka ,,Name®, koja je zapisana u obliku ,,Prezime, titula, ime*.

Funkcija replace_titles pomocu for petlje kategorizira titule u 3 skupine Mr, Mrs i Miss.
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Funkcija create_title koristi substrings_in_string i replace_titles kako bi napravila novu skupinu
podataka koja se zove ,,Title®. Pri tome koristi title list sa popisom svih mogucih titula u

skupini ,,Name*.

Survived Pclass Name Sex Age 5ibSp Parch Ticket Fare Cabin Embarked |Title
Passengerld

1 Q 3 Braund, Mr. Owen Harris male 220 1 4] AMS 21171 72500 NaN 5 Mr

2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Th.. female 380 1 0 PC 17599 71.2833 (85 C | Mrs

3 1 3 Heikkinen, Miss, Laina female 260 0 0 STON/O2.3101282 7.9250 NaN S | Miss

4 1 1 Futrelle, Mrs. Jacques Heath (Lily May Peel) female 350 1 0 113803 53.1000 Ci123 S | Mrs

5 0 3 Allen, Mr. William Henry ~ male 350 0 4] 373450 8.0300 NaN S| Mr
a87 0 2 Montvila, Rev. Juozas  male 270 0 0 211536 130000 NaM S| Mr
a88 1 1 Graham, Miss. Margaret Edith female 190 0 0 112053 30.0000 242 S | Miss
889 0 3 Johnston, Miss, Catherine Helen "Carrie”  female NaN 1 2 W./C. 6607 234500 NaN S | Miss
890 1 1 Behr, Mr. Karl Howell  male 260 0 0 111369 300000 C148 C| Mr
891 1] 3 Dooley, Mr. Patrick male 320 0 0 370376 7.7500 NaN Q| Mr

Slika 6 Train set #2

Pclass Name Sex Age SibSp Parch Ticket Fare Cabin Embarked | Title
Passengerld

892 3 Kelly, Mr. James ~ male 345 0 0 330911 7.8292  NaN Q Mr
893 3 Wilkes, Mrs, James (Ellen Meeds) female 47.0 1 0 363272 7.0000 NaN 5 Mrs
894 2 Myles, Mr. Thomas Francis  male  62.0 0 0 240278 0.6875  NaN Q Mr
895 3 Wirz, Mr. Albert  malz  27.0 0 0 315154 8.6625  NaN 5 Mr
896 3 Hirvonen, Mrs. Alexander (Helga E Lindquist) female 22.0 1 1 3101298  12.2875  NaMN 5 Mrs
1305 3 Spector, Mr. Woolf  male  NalM 0 0 A5.3236 8.0500 NaN 5 Mr
1306 1 Oliva y Ocana, Dona. Fermina female  39.0 0 0 PC 17758 108.9000 C105 C Mr
1307 3 Saether, Mr. Simon Sivertsen male 383 0 0 SOTON/O.Q. 3101262 7.2500 MaN 5 Mr
1308 3 Ware, Mr. Frederick male Mal 0 0 359309 8.0500 MNaN 5 Mr
1309 3 Peter, Master. Michael J male  Mal 1 1 2668 22,3583  NaN C |Master

Slika 7 Test set #2
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4.2. Feature Adult

Koriste¢i novo napravljenu skupinu podataka ,, Title* napravljena je jos jedna skupina podataka
,ZAdult”. Funkcija odreduje svakog putnika kao odraslu osobu ako mu je titula Mr i Mrs, a sva
ostala mjesta odreduje kao djecu. Novu skupina podataka ,,Adult* koja ima binarne vrijednosti

1 $to znaci odrasla osoba 1 0 Sto znaci dijete.

def create_adult(df):

df['Adult’] = np.where((df['Title'] == 'Mr') | (df['Title'] =='Mrs'), 1, 8)
create_adult(df_train)
create_adult(df_test)
Survived Pclass Name Sex Age SibSp Parch Ticket Fare Cabin Embarked Title | Adult
Passengerld
1 a 3 Braund, Mr. Owen Harris male 220 1 4] AS 21171 72500 NaN S Mr 1
2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Th... female 380 1 0 PC17599 71.2833 (85 C Mrs 1
3 1 3 Heikkinen, Miss. Laina  female 260 0 0 STON/OZ2.3101282 79250  NaN S Miss 0
4 1 1 Futrelle, Mrs. Jacques Heath (Lily May Peel) female 350 1 0 113803 53.1000 C123 S Mrs 1
5 0 3 Allen, Mr. William Henry ~ male 330 0 0 373450 80300 NaN 5 Mr 1
887 0 2 Mantvila, Rev. Juozas ~ male 270 0 0 211536 13.0000 NaN S Mr 1
888 1 1 Graham, Miss. Margaret Edith female 19.0 0 0 112053 30,0000 242 S Miss 0
880 4] 3 Johnston, Miss, Catherine Helen "Carrie”" female MNaN 1 2 W.J/C 6607 234500  NaN 5 Miss 0
800 1 1 Behr, Mr. Karl Howell  male 260 0 0 111369 30,0000 C148 C  Mr 1
891 0 3 Dooley, Mr. Patrick ~ male 320 0 0 370376 7.7300 NaN Q Mr 1
Slika8  Train set #3
Pclass Name Sex Age SibSp Parch Ticket Fare Cabin Embarked  Title |Adult
Passengerld
892 3 Kelly, Mr. James ~ male 345 0 0 33001 7.8292  NaMN Q Mr 1
893 3 Wilkes, Mrs, James (Ellen Meeds) female 47.0 1 1] 363272 7.0000  MNaN 5 Mrs 1
894 2 Myles, Mr. Thomas Francis  male 620 0 0 240276 0.6875  NaM Q Mr 1
895 3 Wirz, Mr. Albert  male 27.0 0 0 315154 8.6625 NaM S Mr 1
806 3 Hirvonen, Mrs, Alexander (Helga E Lindgvist) female 220 1 1 3101298 12.2875 MNaMN 5 Mrs 1
1305 3 Spector, Mr. Woalf  male  MNaM 0 0 A5 3236 8.0500 MNaM ) Mr 1
1306 1 Cliva y Ccana, Dona. Fermina female 39.0 0 0 PC 17758 108.9000 C105 C Mr 1
1307 3 Saether, Mr. Simon Sivertsen  male  38.5 0 0 SCOTON/Q.CL 31071262 7.2500 NaM 5 Mr 1
1308 3 ‘Ware, Mr. Frederick male  MNah 0 1] 3509300 8.0500 MNaN 5 Mr 1
1309 3 Peter, Master. Michael ] male NaM 1 1 2668 223583 NaN C  Master 0

Slika 9 Test set #3
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4.3. Deck

Oznake kabina su napisane u obliku SLOVO+BROJ. Velik dio podataka ,,Cabin“ nedostaje §to
otezava postupak, ali se ne moze zanemariti jer postoji mogucnost da neke kabine imaju vecu
stopu prezivljavanja od drugih. Zato stvaramo novu skupinu podataka ,,Deck® kako bi
kategorizirali 1 organizirali podatke za pretpostavku prezivljavanja. Slovo oznacava na kojoj se

palubi nalazi kabina te ¢emo to izdvojiti u ,,Deck*.

cabin_list = ['A', 'B", 'C', 'D', 'E', 'F', 'G', 'T']

def create_cabin(df):
df[ 'Deck'] = df['Cabin’].map(lambda x: substrings_in_string(x, cabin_list))

create_cabin(df_train)

create_cabin(df_test)
Koristimo vlastitu funkciju create cabin kako bi stvorili novu skupinu podataka i to pomocu
substrings_in_string ,koja je ve¢ koriStena kod stvaranja skupine podatka ,,Title, ¢emo

izdvojiti oznake palube.

Survived Pclass Name Sex Age S5ibSp Parch Ticket Fare Cabin Embarked Title Adult| Deck
Passengerld

1 0 3 Braund, Mr. Owen Harris male 22,0 1 0 A5 21171 7.2500 0 MaN 5 Mr 1| NaN

2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Th.. female 380 1 0 PC 17599 71.2833 €85 C Mrs 1 Cc

3 1 3 Heikkinen, Miss, Laina  female 26.0 0 0 STON/OZ. 3701282 79250  NaM 5 Miss O NaN

4 1 1 Futrelle, Mrs. Jacques Heath (Lily May Peel) female 35.0 1 0 113803 53.1000 cC123 5 Mrs 1 i

5 0 3 Allen, Mr. William Henry  male  35.0 0 0 3734530 8.0300  NaN S Mr 1| MNaN
aa7 0 2 Maontvila, Rev. Juozas  male  27.0 0 0 211536 13.0000  NaN 5 Mr 1| NaM
888 1 1 Graham, Miss. Margaret Edith  female 19.0 v 0 112053  30.0000 B42 5 Miss 0 E
889 0 3 Johnston, Miss, Catherine Helen "Carrie”  female MalN 1 2 W./C.6607 234500 MaN 5 Miss O NaN
290 1 1 Behr, Mr. Karl Howel male 26.0 0 0 111369 30.0000 C148 C  Mr 1 C
801 0 3 ooley, Mr. Patrick  male 320 v ] 370376 7.7500  NaN Q Mr 1 NaN

Slika10 Train set #4
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Pclass Name Sex Age 5ib5p Parch Ticket Fare Cabin Embarked Title Adult Deck
Passengerld

892 3 Kelly, Mr. James ~ male 345 0 0 330911 78202  NaM Q Mr 1 | MaN
893 3 Wilkes, Mrs. James (Ellen Needs) female 47.0 1 0 363272 7.0000 NaN S hrs 1 | Nah
804 2 Myles, Mr. Thomas Francis ~ male  62.0 0 0 240276 0.6875  MaM Q Mr 1 | MaN
895 3 Wirz, Mr. Albert  male  27.0 0 4] 315154 8.8625  MaM 5 Mr 1 | NaN
896 3 Hirvonen, Mrs. Alexander (Helga E Lindquist) female 220 1 1 3101298 12.2875 MNaM 5 Mrs 1 | NaN
1305 3 Spector, Mr. Woolf  male  MNal 0 0 A5, 3236 8.0500 NaN S Mr 1 | NaN
1306 1 Oliva y Ocana, Dona. Fermina female 39.0 0 0 PC 17758 108.9000 (105 C Mr 1 C
1307 3 Saether, Mr, Simon Sivertsen  male 385 0 0 SOTOMN/C.Q. 3101262 7.2500  MaM S Mr 1| NaN
1308 3 ‘Ware, Mr. Frederick male MNaMN 0 0 359309 8.0500 NaN 5 Mr 1 | NaN
1309 3 Peter, Master. Michael J male  MaM 1 1 2668 223583 MaN C Master 0 | NaN

Slika 11  Test set #4

Fakultet strojarstva i brodogradnje 14



Irena Lovrié Zavrsni rad

4.4. Family

Nova skupina podataka ,,Family* je spoj dvije skupine podataka SibSp i Parch, koja pokazuje

koliko €lanova obitelji ima pojedini putnik na brodu ukljucujuéi i tog putnika. Takoder ¢emo 1z

baze podataka izbaciti skupine SibSp 1 Parch jer ih dalje ne¢emo koristiti.
def create_family(df):

df['Family'] = df['SibSp'] + df['Parch’] + 1
df .drop(columns=[ "Sib5p", "Parch"], inplace=True)

create_family(df_train)
create_family(df_test)

Survived Pclass Name Sex  Age Ticket Fare Cabin Embarked Title Adult Deck |Family
Passengerld

1 0 3 Braund, Mr. Owen Harris male 220 AMS 21171 72500 NaN 5 Mr 1 MNaN 2

2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Th.. female 380 PC17599 71.2833 (85 C  Mrs 1 C 2

3 1 3 Heikkinen, Miss, Laina female 260 STON/OZ2. 3101282 79250 NaN 5 Miss 0 MaN 1

4 1 1 Futrelle, Mrs. Jacques Heath (Lily May Peel) female 350 113803 53.7000 Ci123 5  Mrs 1 C 2

5 1] 3 Allen, Mr. William Henry  male 350 373450 80500 NaW 5 Mr 1 NaN 1
887 1] 2 Montvila, Rev. Juozas male 27.0 211536 13.0000  NaN 5 Mr 1 NaN 1
888 1 1 Graham, Miss. Margaret Edith  female 19.0 112053 30.0000 242 5 Miss 0 E 1
889 0 3 Johnston, Miss, Catherine Helen "Carrie”  female NaN W./C. 6607 234500 MNaN 5 Miss 0 NaN 4
800 1 1 Behr, Mr. Karl Howell  male 280 111369 300000 C148 C  Mr 1 C 1
80 1] 3 Dooley, Mr. Patrick  male 320 370376 77500 NaN Q Mr 1 MaN 1

Slika12 Train set #5

Pclass Name Sex Age Ticket Fare Cabin Embarked  Title Adult Deck |Family
Passengerld

892 3 Kelly, Mr. James ~ male 345 330911 7.8292  NaMN Q Mr 1 NaN 1
893 3 Wilkes, Mrs, James (Ellen Needs) female 47.0 363272 7.0000  MNaM 5 Mrs 1 MNaN 2
894 2 Myles, Mr. Thomas Francis  male  62.0 240276 0.6875  NaM Q Mr 1 NaM 1
895 3 Wirz, Mr. Albert  male  27.0 315154 8.6625  NaN 5] Mr 1 NaN 1
896 3 Hirvonen, Mrs, Alexander (Helga E Lindquist) female 22.0 3101298 12.2875  NaN ) Mrs 1 MNaN 3
1305 3 Spector, Mr. Woolf  male NaM A5 3236 8.0500 MNaM ) Mr 1 MNaN 1
1306 1 Cliva y Ccana, Dona. Fermina female 39.0 PC 17758 108.9000 C105 C Mr 1 C 1
1307 3 Saether, Mr. Simon Sivertsen male 385 SOTON/O.Q. 3101262 7.2500  MNaM ) Mr 1 MNaN 1
1308 3 ‘Ware, Mr. Frederick male Mal 3509300 8.0500 MNaN 5 Mr 1 MNaN 1
1309 3 Peter, Master. Michasl male  Mal 2668 223583 MaM C  Master 0 NaN 3

Slika 13  Test set #5
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4.5. Surname

Zavrsni rad

Skupina ,,Surname* je napravljena kako bi se prikazala poveznica izmedu putnika. U skupini

podataka ,,Name*, koja je zapisana u obliku ,,Prezime, titula, ime* se lako moze izvuci prezime

1 staviti ih u novu skupinu ,,Surname* pomoc¢u funkcije create surname koja koristi for petlju.

def create_surname(df):
data = df[ 'Name']
families = []

for i in range(len{data)):
name = data.iloc[i]

if '(' in name:

name_no_bracket = name.split( ' (')[@]

else:

name_no_bracket

name

family = name_no_bracket.split(', ')[@]
title = name_no_bracket.split(', " )[1].strip().split(" ")[8@]

for ¢ in string.punctuation:
family = family.replace(c,

families.append(family)

df[ 'Surname’] = families

create_surname(df_train)
create_surname(df_test)

Survived Pclass MName Sex
Passengerld

1 Q 3 Braund, Mr. Owen Harris male

2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Th.. female

3 1 3 Heikkinen, Miss. Laina  female

4 1 1 Futrelle, Mrs. Jacques Heath (Lily May Peel) female

5 Q 3 Allen, Mr. William Henry male
aa7 0 2 Montvila, Rev. Juozas male
888 1 1 Graham, Miss. Margaret Edith  female
889 Q 3 Johnston, Miss, Catherine Helen "Carrie”  female
890 1 1 Behr, Mr. Karl Howell male
891 Q 3 Doaoley, Mr. Patrick male

Fakultet strojarstva i brodogradnje

Slika 14 Train set #6

Age

220
380
26.0
350

350

27.0
19.0
NalN
26.0

320

16

).

strip()

Ticket

A5 21171

PC 17599
STON/O2. 3101282
113803

372430

211536
112053
W./C. 6607
111369

370376

Fare

7.2500
71.2833
78250
53.1000

8.0500

13.0000
30.0000
234500
30.0000

T.7500

Cabin Embarked Title Adult

NaN 5 K 1
C85 C  Mrs 1
NalN 5 Miss 0
c123 5 Mrs 1
NaN 5k 1
NaN 5N 1

B42 5 Miss 0
NalN 5 Miss 0
Cc148 C  Mr 1
Nah a n 1

Deck Family

NaM 2
C 2
NaN 1
c 2
NaMN 1
NaM 1
B 1
NaN 4
c 1
NaN 1

Surname

Eraund
Cumings
Heikkinen
Futrelle

Allen

Montvila
Graham
Johnston

Behr

Dogley
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Pclass Name Sex Age Ticket Fare Cabin Embarked Title Adult Deck Family Surname
Passengerld

892 3 Kelly, Mr. James  male 345 330011 7.8292  NaN Q Mr 1 NaM 1 Kelly
803 3 Wilkes, Mrs. James (Ellen Meeds) female 47.0 363272 7.0000 NaM S Mrs 1 NaM 2 Wilkes
894 2 Myles, Mr. Thomas Francis  male  62.0 240276 9.6875  NaN Q Mr 1 NaM 1 Myles
895 3 Wirz, Mr, Albert  male 27.0 315154 86625 NaN 3 Mr 1 NaM 1 Wirz
896 3 Hirvonen, Mrs. Alexander (Helga E Lindquist) female 22.0 3101298 12.2875 Mah s Mrs 1 NalW 3 Hirvonen
1305 3 Spector, Mr. Woolf  male  NaN A5, 3236 5.0500  NaN 5 Mr 1 MNaN 1 Spector
1306 1 Oliva y Ocana, Dona, Fermina female 39.0 PC 17758 108.9000 C105 i Mr 1 C 1 |Oliva y Ocana
1307 3 Saether, Mr. Simon Sivertsen male 385 SOTON/O.Q. 3101262 7.2500  NaM 5 Mr 1 NaM 1 Saether|
1308 3 Ware, Mr. Frederick  male  MNaM 359300 8.0500 NaM g Mr 1 NaM 1 Ware
1309 3 Peter, Master. Michael J male  Mak 2068 223583 MNah C Master 0 MNaM 3 Peter]

Slika 15 Test set #6
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4.6. SurvivalRate and SurvivalRateWeight

Iste vrijednosti u skupinama ,,Surname®, ,,Cabin®, i1 ,,Ticket™ ukazuju da postoji nekakva veza
izmedu putnika. Zato je potrebno napraviti SurvivalRate skupine podataka koje nam pokazuju
prosjecnu vrijednost prezivjelih putnika koji imaju zajedni¢ko prezime, kabinu ili kartu.
SurvivalRate ¢e imati razli¢itu vaznosti ako njena vrijednost dolazi od 1 ili od 3 vrijednost.

Takoder dodana je nova skupina podataka koja se zove SurvivalRateWeight .

def create_frequencies_and_sr(df_train, df_test):

# Create frequencies of same value for features Surname, Ticket and Cabin
df_train_surname_fr = df_train.groupby('Surname'}["Surname’].count()

df _train_ticket_fr = df_train.groupby( Ticket')[ Ticket'].count()
df_train_cabin_fr = df_train.groupby('Cabin’)['Cabin"].count()

# Join in Train and in Test the frequencies of the Train

df_train = df_train.join(df_train_surname_fr, on="Surname", rsuffix="Frequency")
df_train = df_train.join(df_train_ticket_fr, on="Ticket"”, rsuffix="Frequency")
df__train = df_train.join(df_train_cabin_fr, on="Cabin", rsuffix="Frequency")

df _test = df_test.join(df_train_surname_fr, on="Surname”, rsuffix="Frequency")
df _test = df_test.join(df_train_ticket_fr, on="Ticket", rsuffix="Frequency")

df _test = df_test.join(df_train_cabin_fr, on="Cabin", rsuffix="Frequency")

#
# Create SurvivalRatelWeight, more is the value more is the weight.
#

# For the Train, when frequency is T we give 1 point fo the weight, since the rate will be not usable, same where Cabin value is NaN.
df _train["SurvivalRateWeight"] = 3 - (df_train[["CabinFrequency”]].isna().sum(axis=1) + \
(df_train[[ "SurnameFrequency”,“TicketFrequency”, “CabinFrequency”]] == 1).sum(axis=1})

# For the Test, when frequency is NaN we give 1 point to the weight, since the rate will be not usable.
df _test["SurvivalRateWeight"] = 3 - df_test[[ "SurnameFrequency”, "TicketFrequency”, "CabinFrequency”]].isna().sum({axis=1)

# Fill NaN frequencies with 1 for Train and Test
df_train['CabinFrequency'].fillna(value=1, inplace=True)
df _test[ ' SurnameFrequency'].fillna(value=1, inplace=True)
df_test['TicketFrequency'].fillna(value=1, inplace=True)
df _test['CabinFrequency' ].fillna(value=1, inplace=True)

# Create SurvivalRate for the three features

df _train_surname_sr = df_train.groupby( Surname')[['Survived', 'Surname’]].mean().add_suffix("SurnameRate")
df_train_ticket_sr = df_train.groupby('Ticket')[[ Survived", 'Ticket',]].mean().add_suffix("TicketRate")
df_train_cabin_sr = df_train.groupby('Cabin")[['Survived', 'Cabin’']].mean().add_suffix("CabinRate")

# Join in Train and in Test the rates of the Train
df_train = df_train.join(df_train_surname_sr, on="Surname")
df_train = df_train.join(df_train_ticket_sr, on="Ticket")
df_train = df_train.join(df_train_cabin_sr, on="Cabin")
df_test = df_test.join(df_train_surname_sr, on="Surname")
df_test = df_test.join(df_train_ticket_sr, on="Ticket")
df_test = df_test.join(df_train_cabin_sr, on="Cabin")

# Correct rates of the Train with central value 8.5 for every passenger who have unique value (or empty) in the three features
# (Otherwise we would have for this passengers a value equal to the target value)

df_train[ SurvivedSurnameRate'] = [8.5 if freq in [1] else (ratexfreq-val)/(freq-1) for freq,val,rate in zip(df_train["SurnaneFrequency”],df_train["Survived"],df_train[’SurvivedSurnameRate'])]
df_train["SurvivedTicketRate'] = [0.5 if freq in [1] else (ratesfreg-val)/(freg-1) for freq,val,rate in zip(df_train["TicketFrequency’],df_train["Survived"],df_train['SurvivedTicketRate'])]
df_train[SurvivedCabinRate'] = [0.5 if freq in [1] else (ratexfreq-val)/(freq-1) for freq,val,rate in zip(df_train["CabinFrequency’],df_train["Survived"],df_train[SurvivedCabinRate'])]

# Create final SurvivalRate and fill NaN values in the train with central value 6.5

d¢f_train[ SurvivalRate'] = df_train[[ "SurvivedTicketRate","SurvivedCabinRate”,"SurvivedSurnaneRate"]].mean(axis=1)
df_test[ SurvivalRate'] = df_test[["SurvivedTicketRate, “SurvivedCabinRate", "SurvivedSurnameRate"]].mean(axis=1)
d¢f_test["SurvivalRate'].fillna(value=6.5, inplace=True)

drop_cols = ["SurvivedTicketRate","SurvivedCabinRate","SurvivedSurnameRate" ]

df_train.drop(columns=drop_cols, inplace=True)
df_test.drop(colums=drop_cols, inplace=True)

return (df_train, df_test)
df_train, df_test = create_frequencies_and_sr(df_train, df_test)

df_train = df_train.drop(columns=[ 'Surname’])
df_test = df_test.drop(columns=["Surname’])

Frequency varijable prikazuju koliko se Cesto ponavljaju pojedine vrijednosti u skupinama

Surname, Ticket i Cabin iz train seta, te stvaramo nove skupine podataka SurnameFrequency,
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TicktFrequency i CabinFrequency u oba seta. U test setu se u tim skupinama podataka nalaze

Zavrsni rad

samo podaci koji su zajednicki i train i test setu, a na ostalim mjestima se nalazi prazna celija

ili NaN.

SurvivalRateWeight pokazuje kolika je vaznost novonastalih ,,Frequency* varijabli i racuna se

na nadin:

For

e is NaN

the

df_train["SurvivalRateWeight"] =

(df_train[[ "SurnameFrequency”,

df_test["Surv

Passengerld
1
2
3
4
5

887
888
889
890

Passengerld
892
893
894

1305
1306
1307
1308
1309

For

the

Survived Pelass

Pclass

Hirvonen, Mrs.

n frequency is 1 we give

3 (df _train[["CabinFrequency"]].isna().sum(axis=1) + \

1 point to

"TicketFrequency", "CabinFrequency”]] == 1).sum(axis=1))

same where

Cabin

rall
vaiu

est, when frequency is NaN we give 1 point to the weight, since rate will be not usable.
ivalRateWeight"] = 3 - df_test[[ "SurnameFrequency"”, "TicketFreguency", "CabinFrequency”]].isna().sum(axis=1)
Name  Sex Age Ticket  Fare Cabin Embarked Title Adult Deck Family eq quency
Braund, Mr. Owen Harris male 220 A/521171 7.2500 NaN s Mr 1 NaN 2 2 10 1 0333333
Cumings, Mrs. John Bradley (Florence Briggs Th.. female 380 PC 17599 71.2833 85 C Mrs 1 C 2 1 10 0 0.500000
Heikkinen, female 26.0 STON/O2.3101282 50 NaN S Miss 0 NaN 1 10 0 0.500000
Futrelle, Mrs. Jacques Heath (Lily M. ) female 350 113803 53.1000 C123 S Mrs 1 c 2 2 20 3 0.000000
Allen, Mr. William Henry ~ male 350 373430 80300 NaN S Mr 1 NaN 2 10 1 0.666667
Montvila, Rev. Juozas male 27.0 211536 13.0000 NaN S Mr 1 NaN 1 10 0 0.500000
Graham, Miss. Margaret Edith female 19.0 112053 30.0000 842 S Miss o B 3 10 1 0.500000
Johnsten, M atherine Helen e" female NaN W./C. 6607 234500 NaN S Miss 0 NaN 4 2 10 2 0.166667
Behr, Mr. Karl Howell male 260 111369 300000 C148 C M 1 C 1 10 0 0.500000
Dooley, Mr. Patrick male 370376  7.7500 NaN Q Mr 1 NaN 1 10 0 0.500000
Name  Sex Age Ticket Fare Cabin Embarked  Title Adult Deck Family quency Tic y y Weight
Kelly, Mr. James ~ male 345 3300Mm 7.8202  NaN Q Mr 1 NaN 40 10 10 1 073
Wilkes, Mrs. James (Ellen Needs) female 47.0 363272 7.0000 NaN S Mrs 1 NaN 10 10 10 o 0.50
Myles, Mr. Thomas Francis  male  62.0 240276 9.6875 NaN Q Mr 1 NaN 10 10 10 o 0.50
Wirz, Mr. Albert male  27.0 315154 8.6625 NaN S Mr 1 NaN 1.0 10 10 o 0.50
Alexander (Helga E Lindquist) female 22.0 3101298  12.2875 NaN S Mrs 1 NaN 1.0 10 10 2 1.00
Spector, Mr. Woolf male  NaN A5.3236 8.0500 NaN S Mr 1 NaN 1.0 10 10 o 0.50
Gliva y Ocana, Dona. Fermina  female  39.0 PC 17758 1089000 C105 C Mr 1 C 1.0 20 10 1 0.50
Saether, Mr. Simon Sivertsen male 385 SOTON/O.Q 3101262 7.2500 NaN ) Mr 1 NaN 1.0 10 10 o 0.50
‘Ware, Mr. Frederick male NaN 353309 80500 NaN S Mr 1 NaN 1.0 10 10 o 0.50
Peter, Master. Michael | male NaN 2668 223583  NaN C Master 0 NaN 20 20 10 2 1.00

Slika 17
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5. Features Correlation

Korelacija predstavlja suodnos ili medusobnu povezanost izmedu dvije varijable, Sto znaci da

vrijednosti jedne varijable moguce odrediti poznavanjem vrijednosti druge.

from matplotlib import pyplot as plt
import seaborn as sns

a4_dims = (16,9)
fig, ax = plt.subplots(figsize=a4_dims)

sns.heatmap(df_train.corr(), annot = True, vmin=-1, vmax=1, center= B,cmap='BrBG', square=True)

100
Survived 035 0017 0049 0038 023 022 029
Pclass - 003 0066 011 00026 034 023 032 0.75
Age - 0.077 0325  0.015
0.50
Fare - 026
-0.25
Adult - 035
Family - 0.017 -0.00
SumameFrequency - 0.049
--0.25

TicketFrequency - 0.038

-=0.50
CabinFrequency - 0.23
SurvivalRateWeight - 022 075
SurvivalRate - 029 026
—1.00

Pclass -
Age -
Fare -

Adult -

Family -

Survived -

o
@
2
z
A

SumameFrequency -
TicketFrequency —
CabinFrequency -

SurvivalRateWeight —

Slika 18 Heatmap - korelacije skupina podataka
Koristili smo funkciju corr() kako bi odredili korelacije izmedu svih skupina podataka u bazi.
To smo prikazali pomoc¢u heatmap na slici 18 [Slika 18]. Funkcija corr() vraca jedinstvenu

vrijednost koja predstavlja Pearsonov koeficijent korelacije, koji se koristi kada postoji linearna

povezanost 1 neprekidna normalna distribucija izmedu varijabli. Vrijednost Pearsonovog

koeficijenta korelacije se kre¢e od -1 §to oznacava savrSenu negativnu korelacija i do +1 §to
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oznacava savrSenu pozitivnu korelaciju. Predznak nas samo upucuje samo na smjer korelacija

ali ne na snagu korelacije.

Takoder smo koristili funkciju pairplot kako bi stvorili mrezu osi u kojoj bi broj¢ane vrijednosti
bile zajedni¢ke po y-0si kroz cijeli red i x-osi po cijelom stupcu. Pairplot nam omoguéava
pregled distribucije jedne varijable (po glavnoj dijagonali) i veze izmedu dvije varijable (gornji
i donji trokuti).
g = sns.pairplot(data=df_train, hue='Survived', palette = 'seismic’,
height=1.2, diag_kind = 'kde',6diag_kws=dict(shade=True),plot_kws=dict(s=10))

g.set(xticklabels=[])
g.fig.set_size_inches(15,15)
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6. Features Encoding

6.1. Fare and Age binning

Age 1 Fare su skupine podataka koje imaju kontinuirane varijable. Zato bi bilo prakti¢no
podijeliti podatke u ,,bins* tj diskretizirati ih, kako bi ih lakSe razumjeli. ,,Bins* su intervali
podatka i izmedu podataka u tim intervalima nema velike razlike u utjecaju na prezivljavanje.
Kako bi to napravili koristi se k-means algoritmi.

6.1.1. Fare

Koli¢ina ,,bin-ova“ za ,,Fare* se odreduje prema najvisoj korelaciji sa Survived.

from sklearn.preprocessing import KBinsDiscretizer

def corr_bin(val, feat):
test_bin = pd.read_csv(Path+'/train.csv')
disc = KBinsDiscretizer(n_bins=val, encode='ordinal’', strategy='kmeans')
test_bin[feat] = disc.fit_transform(df_train[[feat]])
print(f'"{feat}" correlation with {val} bins: {test_bin.corr()["Survived”][feat]}")

for i in range(3,18):
corr_bin(i, "Fare")

"Fare" correlation with 3 bins: 8.1847121462221732

"Fare" correlation with 4 bins: ©.27649253264235887
"Fare" correlation with 5 bins: ©.25531946735185857
"Fare" correlation with & bins: ©.24524336399562288
|"Fare" correlation with 7 bins: ©.30136179197156937 |
"Fare" correlation with 8 bins: ©.299008624014131%16
"Fare" correlation with 9 bins: ©.286866852487559984

Kao §to se moZe vidjeti na slici iznad ,,Fare® ima najvecu korelaciju sa ,,Survived* kada se
koristi 7 bin-ova. Identifikator bin-a je integer, i svaka vrijednost u bin-u ima isti najblizi

centroid.

Sva prazna mjesta u Fare u test setu popunjavamo sa srednjom vrijednosti.

df_test[["Fare"]] = df_test[["Fare"]].fillna(value=df_train["Fare"].median())

disc = KBinsDiscretizer(n_bins=7, encode='ordinal', strategy='kmeans')
disc.fit(df_train[["Fare"]])

df_train["Fare"] = disc.transform(df_train[["Fare"]])

df_test["Fare"] = disc.transform(df_test[["Fare"]])
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Survived Pclass Name Sex Age Ticket | Fare| Cabin Embarked Title Adult Deck Family req) y T Cabi i i SurvivalRate
Passengerld
1 0 3 Sraund. Mr. Owen Harris male 220 A/S211T1| 00| NaN s Mr 1 NaN 1 10 1 0333333
2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Th.. female 380 BC17509 | 30 cas C Mrs 1 c 2 1 1 10 0 0.500000
3 1 3 Heikkinen. Miss. Laina female 260 STON/OZ 3101282 | 0.0/ NaN 5 Miss 0 NaN 1 1 1 10 0 0.500000
4 1 1 Futrelle. Mrs. Jacques Heath (Lily May Pzel) female 350 113803 | 20| <123 5 Mrs 1 c 2 20 3 0.000000
5 0 3 Allen, Mr. William Henry male 350 373450 | 00| NasN s Mr 1 NaN 1 1 10 1 0.666667
287 0 2 Montvila. Rev. Juozas male 270 211536 | 00| NaN s Mr 1 NaN 1 1 1 10 0 0.500000
288 1 1 Graham. Miss. Margaret Edith  female 150 112053 1.0 B4z 5 Miss o ] 1 3 1 10 1 0.500000
289 0 3 Johnston, Miss. Cathering Helen “Carrie”™ female NaN WJC. 6607 | 1.0] MNaN 5 Miss 0 NaN 4 2 2 10 0.166667
290 1 1 Behr, Mr. Karl Howell male 260 1113269 10| Cids C Mr 1 c 1 1 1 10 0 0500000
291 [+] 3 Doaley, Mr. Patrick male 320 370376 | 0O NaN Q Mr 1 MNaN 1 1 1 10 [+] 0.500000
Pclass Name Sex Age Ticket | Fare |Cabin Embarked Title Adult Deck Family Surnamefrequency TicketFrequency CabinFreq y
Passengerld
292 3 Kelly, Mr_James male 245 330011 0o NaM a M MaN 1 40 10 10 1 075
893 3 Wilkes, Mrs. James (Ellen Needs) female 470 363272 0.0 NaM 5 Mrs MaN 2 1.0 10 10 0 0.50
894 2 Myles, Mr. Thomas Francis male 62.0 240276 0.0 NaM Q Mr MNaN 1 10 10 10 0 050
895 3 Wirz, Mr_ Albert male 270 315154 00 NaM 5 Mr MaN 1 10 10 10 0 050
89 3 Hirvonen, Mrs. Alexander (Helga E Lindquist) female 220 3101298 0.0 NaM 5 Mrs MaN 3 10 10 10 2 1.00
1305 3 Spector. Mr. Woolf male MaM AS5.3236 0.0 NaM 5 Mr MaN 1 10 10 10 0 050
1306 1 Oliva y Ocana, Dona. Fermina  female 300 PC 17758 | 40 | €105 [ Mr < 1 10 o 10 1 o050
1307 3 Saether, Mr. Simon Sivertsen male 385 SOTON/O.Q 3101262 0.0 NaM 5 Mr MaN 1 10 10 10 0 0.50
1308 3 Ware. Mr. Frederick male MNaN 359309 0.0 NaM s Mr MNaN 1 10 10 10 0 050
1309 3 Peter, Master. Michael male  MaN 2668 1.0 NaM C  Master 0 MaN 3 20 o 10 2 100
Count of Survival in Fare Feature
== Not Survived
350 mm Survived
300
=
[
2
o
L)
=
a
o
c
@
w
a2
o
=
0 40 50 60

Fare

Slika 22  Broj preZivjelih i poginulih po "Fare" bin-ovima
Na slici 22 [Slika 22] moze se vidjeti broj prezivjelih i umrlih kroz ,,Fare* bin-ove. Primjecuje
se da postotak poginulih opada, a postotak prezivjelih polagano raste kroz bin-ove. U bin-ovima
sa indikatorom 2 pa do 6 primjecujemo da je postotak prezivjelih veci do postotka poginulih za
razliku od bin-ova sa indikatorom 0 i 1. Kada usporedimo skupinu ,,Fare* u pocetnoj bazi i
trenutnoj , vidi se da ima manje putnika sa ve¢im iznosima fare-a i oni se nalaze u bin-ovima
sa visSim indikatorima. Putnici koji se nalaze u bin-ovima s ve¢im indikatorima su uglavnom u

vi$oj klasi §to upucuje da socio-ekonomski status ima utjecaj na prezivljavanje.
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6.1.2. Age

Slika 23 [Slika 23] prikazuje koliko putnika ima koju titulu, a da u bazi podatka nedostaje

podatak u skupini ,,Age*. Zapisana je koja je aritmeticka vrijednost godina putnika za te titulu.

120 Master £,574167
Miss 21.835618
Mr 32.891%%a
100
Mrs 35.841le57

B0

Count
=]

Mr Mirs Miss Master

Slika 23 Broj nepoznatih vrijednosti u ,,Age“ i srednja vrijednost godina po tituli

age_medians = df_train.groupby(["Title"]).mean()[ Age’]
df_test[["Age"]] = [age if age == age else age_medians[title] for title,age in zip(df_test[ Title'], df_test[ Age']) ]
df_train[["Age"]] = [age if age == age else age_medians[title] for title,age in zip{df_train[ 'Title'], df_train[ Age']) ]

U ,,Age* popunjavamo sve prazne ¢elije izracunatim aritmeti¢kim vrijednostima i u train i test

setu.

Kao i za ,,Fare broj binova odredujemo preko korelacije sa ,,Survided”. Za ,,Age* gledamo
najvecu apsolutnu korelaciju, jer predznak korelacije nam ne govori o snazi korelacije nego

samo 0 njenom smjeru.

bins: -0.06347716986563916
bins: -0.04158581821608

bins: -0.09653908063769598
bins: -0.06771711869259558
"Age" correlation with bins: -0.04891425774014369
"Age" correlation with bins: -0.07165243873363161
"Age" correlation with 9 bins: -0.8790184122081597271
"Age" correlation with 10 bins: -0.10389521354919691
"Age" correlation with 11 bins: -0.10082092262565953

"Age" correlation with
"Age" correlation with
"Age" correlation with
"Age" correlation with

0O~y B W

Kao §to mozemo vidjeti najvecu apsolutnu korelaciju ,,Age* ima sa ,,Survived” je kada se

koristi 10 bin-ova.
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Survived Pdlass Name  Sex [Age | Ticket Fare Cabin Embarked Title Adult Deck Family equency Ti requency € requency
Passengerld
1 [ 3 Sraund Mr. Owen Harris  male | 20 A21171 00 NaM 5 M 1 MNaN z 2 1 10 1 0333333
2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Th.. female | 50 PC17598 30 €85 [ 1 c 2 1 1 10 [ 0500000
3 1 3 Heikkinen, Miss_ Laina female | 20 {TON/O2 3107282 00 MNaM 5 Miss 0 NaN 1 1 1 10 b 0500000
a 1 1 Futrelle. Mrs, Jacques Heath (Lly May Peel] fsmale | 20 113803 20 123 5 Mr 1 < 2 2 z 20 3 0000000
5 [ 3 Allen, Mr. Wiliam Heary  male | 40 373450 00 NaN 5 Mr T NaN 1 H 1 10 1 0.666667
887 [ 2 Montvila Rev. Juozas  male | 3.0 21153 0D MaN 5 M 1 MNaN 1 1 1 10 b 0500000
38 1 1 Graham, Miss. Margarst Edith female | 2.0 112083 10 842 5 Miss 0 B 1 3 1 10 1 0500000
83 ] 3 Jehnston, Miss. Cathsrine Helen “Carie” female | 20 WJC.6607 10 NaN 5 Miss 0 NaN a z z 10 z 0166667
290 1 1 Behr, Mr. Karl Howell  male | 3.0 111368 10 C148 < Mr 1 < 1 1 1 10 [ 0.500000
a1 [ 3 Docley, Mr. Fawick  male | 40 | 370376 00 NaN Q  Mr T NaN 1 1 1 10 0 0.500000

Slika24 Trein set #9

Pelass Name Sex [ Age Ticket Fare Cabin Embarked  Title Adult Deck Family equency T requency G requency
Passengerld
892 3 Kelly, Mr. James male| 40 330911 00  MaN Q Mr 1 NaM 1 40 1.0 10 1 07s
893 3 Wilkes, Mrs. James (Ellen Meeds) female| 6.0 363272 00 MaN s Mrs 1 NaM 2 10 1.0 10 o 050
894 2 Myles, Mr. Thomas Francis male| 70 240276 00 MaN Q Mr 1 NaM 1 10 1.0 10 0 050
895 3 Wirz, Mr. Albert male| 30 315154 00 MaM s Mr 1 NaM 1 10 1.0 10 o 050
896 3 Hirvonen, Mrs. Alexander (Helga E Lindquist) female| 20 3101208 00  NaN 5 Mrs 1 NaM 3 10 1.0 10 2 100
1305 3 Spector, Mr. Woolf male| 40 A5 3236 00 NaN 5 Mr 1 NaM 1 10 1.0 10 0 050
1206 1 Oliva y Ocana, Dona. Fermina female | 5.0 PC 17758 40 C105 < Mr 1 C 1 10 20 10 1 050
1307 3 Saether, Mr. Simon Sivertsen male| 50 (SOTON/O.Q 2101262 00  MaN 5 Mr 1 NaM 1 10 1.0 10 0 050
1308 3 Ware. Mr. Frederick male | 40 350306 00 MaM s Mr 1 NaM 1 10 1.0 10 o 050
1309 3 Peter, Master. Michael J male| 00 2662 10 NaM C Master 0 NaM 3 20 20 10 2 100
Count of Survival in Age Feature
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Slika 26  Broj preZivjelih i poginulih po "Age'bin-ovima
Na slici 26 [Slika 26] moze se vidjeti broj prezivjelih i umrlih kroz ,,Age* bin-ove. MozZe se
primijetiti da u skoro svakom binu je viSe poginulih nego prezivjelih za razliku od bin 0. Prema
ovom vidimo da nijedna generacija nema neku veliku prednost za preZivljavanje u odnosu na
neku drugu generaciju.
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6.2. Deck label encoding

Palube su oznacene po visini, te se ,,Deck® moze vrlo jednostavno normalizirati (pridruziti

brojcane vrijednosti ).

Slika 27  Prikaz paluba na Titaniku

deck_normalized = {"A':1, 'B':2, 'C":3, 'D':4, 'E':5, 'F':6,

o
|
—
(5]
—

def encode_cabin(df):
df.replace({"Deck": deck_normalized}, inplace=True)
df[ 'Deck’].fillna(value=9, inplace=True)

encode_cabin(df_train)
encode_cabin(df_test)

Paluba A dobiva oznaku 1; paluba B dobiva oznaku 2 itd. Prazne ¢elije u ,,Deck® dobivaju

zasebnu vrijednost 9.
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Passengerld
1

2

887

889
290

891

Passengerld
892
893
894
295

896

1305
1306
1307
1308

1309

Survived Pelass

Kelly, Mr. James

Wilkes, Mrs. Jam.

Ellen Needs)
Myles, Mr. Thomas Francis
Wirz, Mr. Albert

Hirvonen, Mrs. Alexsnder (Helga E Lindguist)

Spector. Mr. Woolf
Oiiva y Ocana, Dona. Fermina
Sasther, Mr. Siman Sivertsen

Ware. Mr. Fre:

Master. Michas! J

Name  Sex

malz

famale

malz

male

famale

o 3 Zraund Mr. Owen Hamis  male

Cumings, Mrs. lohn Sradley (Florence Briggs Th.. female

3 Heikkinen, Miss. Laina  female
1 Futrelle, Mrs. Jacques Heath [Lily May Peel] female
[ 3 Allen, Mr. Willizm Henry  male
] 2 Montvilz Rev. Juszss  mals
1 Granam, Misz. Margarst Edith  female
] 3 Jehnston, Miss, Cathering Helen “Carrie famale
1 Behr, Mr. Karl Howell  male
[ 3 Dooley, Mr. Patrick  male
Mame  Sex Age

40

6.0

7.0

z0

40

50

50

40

0o
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Age

Ticket

Af5 21171

FC 17588

STON/OZ 2101283

113802

72450

211536

112053

WC. 6607

111369

270378

Fare

Cabin

Embarked Title
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Ticket

330811

363272

240276

215154

3101288

358309

2668

Fare

00

(1]

1]

00

1]

40

00

(1]

Cabin Embarked

NaM
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Test set #10

27

Adult |Deck |Family ¥

Mr i) oso z 0 1 0333333

Mrs 1] 30 z 10 ] 0.500000

Miss o| oo 1 10 0 0.500000

Mrs 1] 20 = 20 : 0000000

e 1] eo 1 10 1 0.666667

Mr i) oso 1 0 0 0.500000

Miss 0| zo 1 10 1 0.500000

Mizz o =0 4 0 z 0.186857

Mr 1] 20 1 10 0 0.500000

e 1] eo 1 10 0 0.500000
Adult |Deck | Family y y

1] e0 1 40 10 10 1 ors

1| 20 2 10 10 10 0 050

1] 20 1 10 10 10 0 050

1| oo 1 10 10 10 0 050

1] e0 3 10 10 10 z 100

1] 20 1 10 10 10 0 050

1| 20 1 10 20 10 1 050

1] e0 1 10 10 10 o LE

1| e0 1 10 10 10 0 0s0

0| 20 3 20 20 10 z 100
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6.3. IsMale binary encoding
Skupinu podataka ,,Sex* se uklanja iz tablice i zamjenjuje se sa ,,IsMale* koja ima binarne
vrijednosti 11 0.
1 oznacuje male (muskarac)

0 oznacuje female (zena)

df _train[ IsMale'] = np.where{df_train[ 'Sex'] == 'male’, 1, @)
df _test[ IsMale'] = np.where(df_test['Sex'] =

df _train = df_train.drop(columns=["Sex"])

df _test = df_test.drop(columns=["'Sex'])

Survived Pclass Name Age Ticket Fare Cabin Embarked Title Adult Deck Family eq y T eq y Cabi m i m IsMale
Passengerid

2 1 1 Cumings, Mrs_ John Bradley (Florence Briggs Th. cas C Mrs 1 30 2 1 1 10 o 0.500000 o

3 1 3 Heikkine s Laina 30 NaN S Miss 0 90 1 1 1 10 o 0.500000 o

4 1 1 Futrelle Mrz. Jacques Heath May Peel] 40 113803 20 Ci23 S Mrs 1 30 2 2 0 3 0.000000 ]

5 [} Allen, Mr. William Henry 40 373450 00 MNah s Mr 1 90 1 1 10 1 0.666867 1

8a7 [} 2 Montvila, Rev. Juozas 30 211536 00 MNah s Mr 1 90 1 1 1 10 [} 0.500000 1

888 1 1 Graham. Miss. Margaret Edith 0 112053 10 B4Z S Miss 1] 20 1 3 1 10 1 0.500000 ]

889 o 3 Johnston, Miss. Catherine Helen “Carrie 20 W./C. 6607 10 NaN S Miss 0 90 4 2 10 0.166667 o

890 1 1 Behr, Mr_ Karl Howell 30 111369 10 C1as [ Mr 1 30 1 1 1 10 o 0.500000 1

Slika30 Train set #11
Pclass Name Age Ticket Fare Cabin Embarked Title Adult Deck Family y Tid quency CabinFreq ¥ i i IsMale
Passengerld

892 3 Kelly, Mr_James 40 330011 oo MNaN Q Mr 1 a0 1 40 10 1.0 1 075

893 3 Wilkes, Mrz. James lzn Needs) 6.0 383272 0o MNaN s Mrs. 1 8.0 2 10 10 1.0 1] 050 0
894 2 Myles, Mr_Thomas Francis 70 240276 oo MaN Q Mr 1 ] 1 10 10 1.0 ] 0o

895 3 Wirz, Mr. Albert 30 315154 oo MaN s Mr 1 8.0 1 10 10 1.0 ] 050 1

896 2 Hirvonen, Mrs. Alexander {Helga E Lindqist) 20 3101208 oo MNaN s Mrs. 1 a0 3 10 10 1.0 2 1.00 o
1305 3 Spector, Mr. Woolf 40 A5 3236 oo MNaN s Mr 1 a0 1 10 10 1.0 ] 0o

1306 1 Oliva y Ocana, Dona. Fermina 5.0 PC1TTSS 40 C105 C Mr 1 30 1 10 Qo 1.0 1 050 1]
1307 3 Saether, Mr. Simon Sivertsen 50 SCTON/OQ 3101262 0.0 MNaN s Mr 1 a. 1 10 10 1.0 o 050

1308 3 Ware, Mr. Frederick 4.0 358309 oo MaN s Mr 1 8.0 1 10 10 1.0 ] 050 1
1309 3 Peter, Master. Michael J 00 2668 10 MNaN C Master o 9.0 3 2o 20 1.0 2 1.00

Slika31 Testset #11
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6.4. Embarked and Title one hot encoding

One hot encoding se koristi za pretvorbu kategori¢kih podataka u format koji se lako koristi u
algoritmima za strojno ucenje. Glavna ideja za one hot encoding je stvaranje novih skupina
podatka sa vrijednostima 0 i 1 i da pri tome predstavljaju iste vrijednosti kao i skupine koje smo
zamijenili.
from sklearn.preprocessing import OneHotEncoder
from sklearn.impute import SimpleImputer
def encode_onehot(df_train, df_test, cols):
df _train = df_train.reset_index()
df _test = df_test.reset_index()
to_be_encoded = [c for ¢ in df_train.columns if ¢ in cols]

if len(to_be_encoded) = @:
enc = OneHotEncoder(handle_unknown="ignore")

enc_df_train = pd.DataFrame(enc.fit_transform{df_train[to_be_encoded]).toarray())
enc_df_train.columns = enc.get_feature_names(to_be_encoded)

df _train.join{enc_df_train)
df_train.drop{columns=[c for c¢ in df_train.columns if ¢ in to_be_encoded])

df _train
df _train

enc_df_test = pd.DataFrame(enc.transform{df_test[to_be_encoded]).toarray())
enc_df_test.columns = enc_df_train.columns
df _test = df_test.join{enc_df_test)

df _test = df_test.drop(columns=[c for c in df_test.columns if ¢ in to_be_encoded])
return (df_train.set_index("PassengerId"), df_test.set_index("FassengerId"))
df_train[ Embarked'].fillna(value="others’, inplace=True)
df_test[ Embarked’].fillna(value="others", inplace=True)

df_train, df_test = encode_onehot{df_train, df_test, [ 'Embarked', 'Title'])

df_train = df_train.drop{columns=["Embarked_others'])
df_test = df_test.drop{columns=[ Embarked_others’])

to_drop = ['Name®, 'Ticket', 'Cabin’]
df _train = df_train.drop(columns=to_drop)
df _test = df_test.drop(columns=to_drop)

Dodano je 7 novih stupaca (skupina podataka).

Embarked C, Embarked Q, Embarked S su nastali iz skupine ,,Ebmarked* , koju smo uklonili
iz tablice jer viSe nije potrebna. U tim novim skupinama 1 ozna¢ava da je putnik ukrcao na brod

u toj luci, a 0 oznacava da se putnik nije ukrcao u toj luci nego u nekoj drugoj.
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Title_Mister, Title-Miss, Title Mr, Title Mrs su nastali iz skupine ,,Title®, koju smo takoder
uklonili jer viSe nije potrebna. U ovim skupinama 1 oznacava da osoba ima tu titulu, a 0 da
nema tu titulu tj. da ima neku drugu.

Takoder smo uklonili skupine ,,Name®, ,,Ticket* i ,,Cabin* jer nam nisu potrebne za dalji rad.

Dobivena baza podatka ima isklju¢ivo broj¢ane vrijednosti, Sto ¢e olaksati skaliranje.

Survived Pclass Age Fare Adult Deck Family Surnamefrequency TicketFrequency CabinFreq i i IsMale |Embarked C Embarked Q Embarked S Title Master Title_Miss Title_Mr Title_Mrs
Passengerid

1 ] 3 0.0 1 80 2 2 1 10 1 0.0 00 1 0.0 0. 1.0 1]

2 1 1 0 1 0 1 10 o /] 10 00 0. 0.0 0. [+11] o

3 1 3 o a0 1 1 10 o 0.500000 [i] 00 00 1 0.0 [+11] o

4 1 1 1 0 20 3 000000 0 00 00 1 0.0 0. 0.0 1]

5 ] 3 1 2.0 1 10 1 66665 0.0 00 1 0.0 0. 1.0 1]

887 0 2 0.0 1 a0 1 1 10 o 00000 00 00 10 0.0 0. 1.0 o

aas 1 1 1.0 o 20 1 3 1 10 1 0.500000 0 00 00 10 0.0 0.0 1]

aa9 0 3 1.0 o 2.0 10 0 0.0 00 10 0.0 0.0 1]

890 1 1 1.0 1 0 1 1 10 o 10 00 00 0.0 0. 1.0 o

891 0 3 0.0 1 a0 1 1 1 10 o 0.500000 00 10 00 0.0 0. 1.0 o

Slika 32 Train set #12

Pclass Age Fare Adult Deck Family SurnameFrequency TicketFrequency CabinFrequency SurvivalRateWeight SurvivalRate IsMale |Embarked € Embarked 3 Embarked S Title Master Title_Miss Title_Mr Title Mrs
Passengerld

892 3 40 0.0 1 2.0 1 40 1 10 0.75 1 o0 10 0.0 Q.0 0 10 [+11]

893 3 6.0 0.0 1 a0 2 10 1 10 0 050 [+)i] 00 1.0 Q.0 O 00 10

894 2 7.0 0.0 1 2.0 1 10 1 10 0 050 o0 10 0.0 Q.0 O 10 [+11]

895 3 30 0.0 1 o 1 10 1 10 0 050 1 [+)i] 00 1.0 Q.0 0.0 10 [+11]

896 3 20 0.0 1 2.0 3 10 1 10 z 00 o0 00 1.0 Q.0 0.0 00 10

1305 3 40 0.0 1 2.0 1 10 1.0 1 0 050 00 00 1.0 o 0.0 10 00

1306 1 5.0 40 1 3.0 1 10 20 1 050 [+] 10 00 0.0 o 0.0 1.0 [+1]

1307 3 50 00 1 a0 1 10 1.0 1 o 050 00 00 1.0 0 0 10 [+14]

1308 3 40 o0 1 o0 10 1.0 1 o 050 (1] 00 1.0 0 0.0 10 00

1309 3 00 10 1] o0 20 2 1 2 00 10 00 0.0 o 0.0 00 [+

Slika 33 Test set #12
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6.5.  Scaling dataset

Skaliramo pomoc¢u RobustScaler kako bi poboljsali performanse modela. RobustScaler se
zasniva na percentilima i zbog toga nije pod utjecajem nekolicine marginalnih odstupanja.
Raspon koji se koristiti za skaliranje svake varijable je zadan kao IQR (Interquartile

Range(Interkvartilni raspon)) koji je omeden sa 25 1 75 percentilom.

Kako bi skalirali samo Zeljene skupine koristimo ColumnTransformer, kako bi to radilo treba
unaprijed definirati skupine koji ¢e se transformirati tj. skalirati u ovom slucaju sve skupine su
zapisane col names. Takoder zelimo zadrzati sve ostale skupine, u bazi, koje se nece skalirati

(skupine koji nisu u col_names) zato koristimo remainder="passthrough’.

from sklearn.preprocessing import RobustScaler
from sklearn.compose import ColumnTransformer

def scale(df_train, df_test):

train_copy = df_train.drop(columns=["Survived'])
col_names = [c for ¢ in train_copy.columns if ¢ nmot in ['Survived']]

ct = ColumnTransformer([('rsc’, RobustScaler(), col_names)], remainder='passthrough”)
scal_train = ct.fit_transform{train_copy)
scal_test = ct.transform(df_test)

return (pd.DataFrame(scal_train, index=df_train.index, columns=train_copy.columns).join(df_train[ Survived']),
pd.DataFrame(scal_test, index=df_test.index, columns=df_test.columns))

df_train, df_test = scale(df_train, df_test)

Kako bi mogli trenirati model df_train rastavljamo na dva dijela X train i y_train pomocu
funkcije df split . Y _train se sastoji samo od skupina ,,Passengerld” i ,,Survived* dok X-train

takoder ima ,,Passengerld* i sve ostale skupine osim ,,Survived®.

def df_split(df, col):
y = df[col]
¥ = df.loc[:, df.columns '= col]
return (X,y)

X_train, y_train = df_split(df_train, "Survived’)

Passengerld
1 2

2 1

3 1

4 1

G 2
887 2
288 1
B89 2
298 1
891 2
MName: Survived,

Slika34 y train
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Pclass Age Fare Adult Deck Family quency TicketFrequency CabinFrequency i i i IsMale Embarked € Embarked O Embarked S Title Master Title Miss Title Mr Title_Mrs
Passengerld

1 00 05 0o ao 0.0 10 10 00 00 0o -0.166667 00 0o 00 00 00 00 0o oo

2 -20 10 30 ao -60 10 oo 00 oo -05 0.000000 -10 10 00 -10 oo 00 -10 10

3 00 00 00 -0 00 0D (1} 80 00 05 0000000 10 o0 00 0w o 1.0 A0 00

4 -20 03 20 oo -6.0 10 10 1.0 10 10 -0.500000 -1.0 [} oo 00 oo 0.0 -10 10

5 00 03 0.0 oo 00 00 1.0 0.0 00 00 0.166667 00 o0 00 00 0.0 0.0 00 oo

887 <10 00 00 oo 00 00 0o 0.0 00 -05 0.000000 00 o0 00 00 0.0 0.0 00 oo

ass -20 05 o -i.0 00 20 00 00 0o 0.000000 -10 0o 00 00 00 10 -10 oo

ass 00 -05 1.0 -i.0 0.0 30 10 10 00 0s -0333333 -10 0o 00 00 00 10 -10 oo

%0 -20 00 1.0 ao -60 00 0o 00 00 -05 0.000000 00 10 00 -10 00 00 0o oo

291 00 05 00 ao [+1+] 0o [+ 00 00 -05 0.000000 00 [+1:} 10 -10 oo 0o 00 (1]

Slika35 X_train
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7. Model Selection

Stvorena je funkcija modelfit kako bi odabrali najbolji model. Modelfit ¢e obavljati unakrsnu
provjeru valjanosti i plotati grafove za laksi pregled. Unakrsna provjera valjanosti (eng. Cross
Validation) je statisticka metoda koja se koristi kako bi se odredila to¢nost metoda strojnog

ucenja, takoder koristi se kako bi se vidjelo je li model prenaucen na training set.

Za unakrsnu provjeru valjanosti se koristi K-Fold Cross Validation. K-fold ima samo jedan
parametar .k “ (U kodu FOLDS=5) i predstavlja na koliko ¢e se grupa podijeliti dana baza (train

set). ,,k* se uzima kako bi svaka grupa imala isti broj podataka, ali najcesce vrijednost ,,k“ je 5

ili 10.

K-fold proces se opéenito sastoji od sljedeéih koraka.:

1. Dataset se nasumi¢no izmijesa

2. Dataset se podjeli u k grupa

3. Zasvaku grupu pojedina¢no

a.
b.
C.
d.

Uzeti tu grupu i koristiti je kao test grupu (validacijsku grupu)
Ostale grupe koristiti kao training grupe
Fitati model prema training grupama i evaluirati ga na test grupi

ZadrZati rezultat evaluacije 1 odbaciti model

4. Tocnost modela je srednja vrijednost tocnosti svake grupe

from sklearn import metrics

from sklearn.model_selection import GridSearchCV, cross_val_score, cross_val_predict

METRIC =
FOLDS = &

def modelfit(X, y, alg, cv_folds=FOLDS, plot=False):

#rit th

alg.fit(X,

#Pradic

dtrain_predictions
dtrain_predprob =

#Perform cross-v

e glgorithm on the data
; \
1

g
¥

t training :
1 alg.predict(X)
alg.predict_proba(X)[:,1]

g set:
Iigation:

=

cv_score = cross_val_score(alg, X, y, cv=cv_folds, scoring=METRIC, n_jobs
cv_pred = cross_val_predict({alg, X, y, cv=cv_folds, n_jobs = -1)
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Modelfit pravi dva grafa koji predstavljaju GradeintBoostingClassifier Model Report:
1. Cofusion matrix (Heatmap)

2. ROC krivulja (Reciver Operating Characteristic krivulja)

Confusion matrix se koristi za definiranje performanse klasifikacijskog algoritma tako da je
vizualizira 1 sazme u obliku tablice. Confusion matrix se sastoji od 4 osnovne karakteristike:
1. TP- True Positive
2. TN- True Negative
3. FP- False Postive
4. FN- Falce Negative

ROC krivulja je graf koji prikazuje performansu modela na svim njegovim klasifikacijskim
pragovima. Ima dva parametra:

1. True Positive Rate (TPR)

2. False Positiva Rate (FPR)

Ti parametri su definirani:

TP
TPR = TP+ FN FPR = FPTTN
Povrsina ispod ROC krivulja se naziva AUC (Area under the ROC Curve) i1 predstavlja koliko
je model dobar u odvajanju klasa .AUC ima vrijednosti u rasponu od 0 do 1. Cilj je imati AUC
Sto bliZe vrijednosti 1 jer to pokazuje da model ima to¢ne pretpostavke. Ako AUC jednaka nuli
to znaci da model uvijek ima pogresne pretpostavke, tj. kada model pretpostavi 0 da je odgovor

zapravo uvijek 1 i obrnuto. Ako AUC ima vrijednost 0,5 to znac¢i da model nema kapacitet

odvajanja, tj. nasumic¢ni odabir.
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if(plot): # ova;

#Print model report:
desc = "Train Accuracy: %.4g | " % metrics.accuracy_score(y.values, dtrain_predictions)
desc = desc + " Train AUC Score: %f\n" % metrics.roc_auc_score(y, dtrain_predprob)

desc = desc + "CV Score : Mean - %.7g | Std - %.7g | Min - %.7g | Max - %.7g" % \
(np.mean(cv_score),np.std(cv_score),np.min({cv_score),np.max(cv_score))

#Print Summary:

a4_dims = (16, 5)

fig, (ax1, ax2) = plt.subplots(1, 2, figsize=ad4_dims)
fig.suptitle(f’ {type(alg).__name__} Model Report')
fig.subplots_adjust(bottom=08.2)

fig.text(B.5, B, desc, ha='center’, va='center’)

ax1.title.set_text("Confusion matrix")

cf_matrix = metrics.confusion_matrix(y.values, cv_pred)

group_names = ['TN","FP","FN',"TP"]

group_counts = ["{8:8.8f}" .format(value) for value in cf_matrix.flatten(}]

group_percentages = ["{8:.2%}".Tformat(value) for value in cf_matrix.flatten()/np.sum(ct_matrix)]

labels = [ {vih\n{v2}in{v3}" for v1, v2, v3 in zip(group_names,group_counts,group_percentages)]

labels = np.asarray(labels).reshape(2,2)

sns.heatmap(cf_matrix, annot=labels, fmt="", cmap="Blues’,6 xticklabels=False, yticklabels=False K ax=ax1)

fpr, tpr, threshold = metrics.roc_curve(y.values, cv_pred)
roc_auc = metrics.auc(fpr, tpr)

ax2.title.set_text("Receiver Operating Characteristic”)
ax2.set_ylabel('True Positive Rate')
ax?.set_xlabel('False Positive Rate")
sns.lineplot(x=fpr, y = tpr, ax=ax2)

sns.lineplot(x=[8, 1], v = [@, 1], ax=ax2)
ax2.lines[1].set_linestyle("--")

ax2.legend(['AUC: %8.2f" % roc_auc], loc="lower right")

return cv_score
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7.1. Comparing baselines

Kako bi se odredilo koji algoritma ima najbolju performansu na dani dataset, vrsi se unakrsna

provjera valjanosti i ocjenjujemo rezultate.

Klasifikatore koji ¢e se usporedivati su:
e K-nearest Neighbrs
e Support Vector
e Nu-Support Vector
e Decision Tree
e Random Forests
e AdaBoost
e Gradinet Boosting
e Gaussian Naive Bayes

e Logistic Regresion

from sklearn.ensemble import RandomForestClassifier,GradientBoostingClassifier, AdaBoostClassifier
from sklearn.neighbors import KNeighborsClassifier

from sklearn.svm impert SVC, LinearSVC, HNuSVC

from sklearn.tree import DecisionTreeClassifier

from sklearn.naive_bayes import GaussianNB

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis

from sklearn.discriminant_analysis import QuadraticDiscriminantAnalysis

from sklearn.linear_model import LogisticRegression

SEED = 11

models = [
("kNN' KNeighborsClassifier()),
{'SVC',svC(random_state=SEED, probability=True))
("NuSVC',NuSWC(random_state=SEED, probability=True))
('DT",DecisionTreeClassifier(random_state=SEED))
("RF",RandomForestClassifier(random_state=SEED))
("AdaB’ , AdaBoostClassifier(random_state=SEED)),
('GBE",GradientBoostingClassifier(random_state=SEED))
{ GauNB' , GaussianNB()),
('LR",LogisticRegression(solver="liblinear'))

Algoritam sa najboljom performansom je onaj koji ima najve¢i mean (aritmeticku vrijednost),

koji odredujemo pomocu modelfit funkcije.
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results = []

agg = []
names = []
for name, model in models:

res = modelfit(¥_train, y_train, model)

agg.append([res.mean{), res.std{)])
results.append(res)
names . append(name )

scores = pd.DataFrame(agg, index=names, columns=["Mean","Std"

scores = scores.sort_values(by="Mean’, ascending=False)

sSCores

Zavrsni rad

1)

Na slici 36 [Slika 36] imamo popis svih algoritama i vrijednosti njihovih mean-ova

(artimetickih sredina) i standardnih devijacija. Poredanih od algoritma sa najvi§im mean-om do

algoritma s najnizim mean-om. Najbolji algoritam za dani dana set je Gradient Boosting, a

najgori je K-nearest Neighbrs.

GE

LR
AdaB
RF
MuSWVC
SWC
GauMB
DT

kNM

Mean

0.798672

0.785980

0.777108

0.767756

0.766881

0. 766576

0.756196

0.746821

0.041487

Slika 36 Modeli i zracunati mean i Std

# boxplot algorithm comparison

fig = plt.figure(figsize=(12,7))
fig.suptitle('Algorithm Comparison')
ax = fig.add_subplot(111)
sns.boxplot(data=results)
ax.set_xticklabels(names)

plt.show()

Najbolji nacin za grafi€¢ku usporedbu algoritma koristimo boxplot dijagram. Boxplotovi su

kompaktni u svom sazimanju podataka i upravo zato ih je dobro koristi za usporedbu.

Box plot dijagram je standardni prikaz distribucije podataka na osnovi sazetka pomocu 5

brojcanih vrijednosti koje su:
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1. Minimum- najmanja vrijednost iskljucujuci ,,outliners*

2. Prvi kvartil (Q1)- srednja vrijednost izmedu najmanjeg broja i medijana

3. Medijan -srednja vrijednost

4. Treéi kvartil (Q3)- srednja vrijednost izmedu medijana i najveée vrijednosti

5. Maksimum- najveca vrijednost iskljucujuci ,,outliners*
Boxplot se obi¢no sastoji od box i od para whiskers kako bi se prikazala distribucija jedne ili
viSe grupa brojcanih podataka.
,,Box““ u boxplotu oznacava interkvartilni raspon (Interquartile Range- IQR) i linija unutar box-
a oznacava median (srednju vrijednost).

»Whiskers* prikazuju rasponi preostalih podataka, te su omedeni minimumom (lower whisker)

I maksimumom (upper whisker). Svi podaci van granica whiskers-a su ,,outliner-i*.

Algorithm Comparison

0.850 4
L]
0825 1 ' M
L
0800 4 L)
0750 1
L]
0.725 1
D700 4
0675
L

KRN Ve NuSVC oT AF AdaB G GauNB LR

Slika 37  Boxplot prikaz modela
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8. Gradient Boost Clasiffier

Algoritam Gradient Boost Clasification radi bolje od ostalih modela, stoga ¢emo podesiti

hiperparametre.

Podesavanjem hiperparametara ograni¢avaju se ,,weak learners” na specifi¢ne nacine kako bi

osigurali da ostanu takvi.

Pomoc¢u funkcije modelfit izradeni su grafovi koji nam pokazuju izvjesée o pocetnoj

performansi Gradient Boost Classifier.

array([@.81818182, @.76595745, 2.88620155, 9.75638252, 2.84671533])

GradientBoostingClassifier Mode| Report

Confusion matrx Receiver Operating Charactenstic
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False Positive Rate

Fain Accuracy: 0.8967 | Train AUC Score- 0. 941656
CV Score : Mean - 0. 7986717 | Std - 0.03349897 | Min - 0 7563025 | Max - 08467153

Slika 38 Izvjesce #1
Podaci o performansi koji su prikazani na grafovima su: arry sa rezultatima cross validation za
svaki fold, Train Accuracy, train AUC Score, CV Score (Mean, Std, Min, Max)

Hiperparametri se popravljaju i provodi se viSestruko pretrazivanje mreze kako bi uklopili

parametre po vaznosti.

param_test1 = {'n_estimators':range(18,78,1), 'learning_rate’:np.linspace(8.85,8.15,18)}

gsearchl = GridSearchCV(estimator = GradientBoostingClassifier(max_depth=8, min_samples_split=18, min_samples_leaf=5, max_features='sqrt', subsample=6.8, random_state=SEED),
param_grid = param_test1, scoring=METRIC, n_jobs=-1,cv=FOLDS)

gsearchl.fit(X_train, y_train)

print(f*{gsearch .best_score_, gsearcht best_parans_)')
Prvi hiperparametri koje ¢emo ispravljati su n_estimators i learning_rate.
e n_stimators predstavlja broj faza pojacanja koje treba obaviti. Veci broj faza obi¢no
rezultira boljom performansom modela.
e learning_rate predstavlja broj za koliko se smanjuje doprinos svakog stabla, jer
kretanjem u pravom smjeru sa puno malih koraka rezultira boljim predvidanjem tj.

manja je varijanca.
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Ti se parametri zajedno ispravljaju jer su tesko uskladivi i teSko je napraviti balans medu njima.
Dok ispravljamo parametre pratimo i tocnost model. Nakon §to su ispravljeni n_estimators i
learning rate dobili smo vrijednosti to¢nosti i parametara:

to¢nost: 0.7924102869494255

learning_rate: 0.10555555555555556,

n_estimators: 38

(B.7924182859494255, {'learning_rate": @.18555555555555556, 'm_estimators': 38})

param_test2 = {'max_depth’:range(1,48,1), 'min_samples_split':range(2,78,1)}

gsearch2 = GridSearchCV(estimator = GradientBoostingClassifier(min_samples_leaf=5, max_features="sqrt’, subsample=8.8, random_state=SEED)
param_grid = {**dict(map(lambda x: (x[e], [x[1]]), gsearchl.best_params_.items())), **param_test2}, scoring=METRIC, n_jobs=-1, cv=FOLDS)

gsearch2.fit(X_train, y_train)

print(f'{ gsearch2.best_score_, gsearch2.best_params_}')

Parametre koji se ispravljaju sljede¢i su max_depth, min_samples_split.
e max_depth predstavlja maksimalan broj ,,leaf node ,, (zadnjih ¢vora u stablu odluke)
e min_samples_split predstavlja minimalan broj uzoraka potreban za cijepanje unutarnjeg

¢vora
Nakon §to su ispravljeni max_depth, min_samples_split vrijednosti tih parametara i to¢nosti
iznose:

max_depth: 6

min_samples_split: 23

to¢nost: 0.8006964125028043

Ostali hiperparametri, koji su se prije mijenjali , ostaju isti.

(8. 2886964125228043, {'learning_rate’: @.18555555555555555, 'max_depth": &, 'min_samples_split®: 23, "n_estimators": 28})
param_test3 = {'min_samples_split’:range(2,18@,1), 'min_samples_leaf':range(1,48,1)}
gsearch3 = GridSearchCV(estimator = GradientBoostingClassifier(max_features="sqrt’, subsample=8.8, random_state=SEED)

param_grid = {#*dict(map(lambda x: (x[®], [x[1]]), gsearch2.best_params_.items())), **param_test3}, scoring=METRIC, n_jobs=-1, cv=FOLDS)

gsearch3.fit(X_train, y_train)

print(f’ {gsearch3.best_score_, gsearch3.best_params_}")
Sljede¢i parametar koji se ispravljaju su min_samples leaf , te ponovo ispravljamo
min_samples_split.

e min_samples_leaf predstavlja minimalni broj uzoraka koji mora biti u ,,leaf node-u*

Nakon §to su ispravljeni min_samples leaf, min_samples split vrijednosti tih parametara i

toénosti iznose:

min_samples_leaf: 23
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min_samples_split: 47

tocnost: 0.8029979350845531

Ostali hiperparametri, koji su se prije mijenjali , ostaju isti.

(©.8029979358845521, {'learning_rate’

[ srray(le.s2s125 |, @.77697822, 2.32915831, ©.75862963, @.342185251)]

GradientBoostingClassifier Model Report

Zavrsni rad

B,18555555555555556, 'max_depth': 6, 'min_samples_leaf': 23, "min_samples_split': 47, 'n_estimators': 33})

Confusion matrx Receiver Operating Charactenstic
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Famn Accuracy: 0.B732 | Train AUC Score: 0.92304
CV Score ; Mean - 0.80295979 | 5td - 0.03112903 | Min - 0. 7586207 | Max - 08421053

Slika 39  Izvjesce #2
param_test4 = {'max_features':range(1,58,1)}
gsearch4 = GridSearchCV(estimator = GradientBoostingClassifier(subsample=8.8, random_state=SEED),

param_grid = {#*dict(map(lambda x: (x[@], [x[1]]), gsearch3.best_params_.items())), #*param_test4}, scoring=METRIC, n_jobs=-1, cv=FOLDS)
gsearch4.fit(X_train, y_train)

print(f'{ gsearch4.best_score_, gsearch4.best_params_}")

Sljedeci parametar koji se ispravlja je max_features.
e max_ features predstavlja broj znacajki koje treba uzeti u obzir kada se traZi najbolja

podijela.

Nakon §to je ispravljen max features vrijednosti tog parametara iznosi:

max_features: 4

Ostali hiperparametri , koji su se prije mijenjali , 1 tocnost ostaju isti

23, "min_samples_split': 47, "n_estimators': 38})

(@.882997935@845531, {'learning_rate': @.10555555555555556, 'max_depth': &, "max_festures': 4, 'min_samples_leaf

param_test5 = { subsample’:np.linspace(8.1,2,58)}
gsearch3 = GridSearchCV{estimator = GradientBoostingClassifier(random_state=SEED),
param_grid = {*+dict(map(lambda x: (x[8], [x[1]]), gsearch4.best_params_.items())), **param_test5}, scoring=METRIC, n_jobs=-1, cv=FOLDS)

gsearch5.fit(X_train, y_train)

print(f'{ gsearch5.best_score_, gsearch5.best_params_}')

Sljedeci parametar koji se ispravlja je subsample.
e Subsample predstavlja dio uzorka koji se koristi za prilagodavanje pojedinih ,,base

learners*
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Nakon §to je ispravljen subsample vrijednosti tog parametara iznosi:

subsamle: 0.7999999999999999

Ostali hiperparametri , koji su se prije mijenjali , i to¢nost ostaju isti.

(@.802997935@825531, {'learning rate': ©.16555555555555556, 'max_depth': 6, 'max_festures': 4, 'min_samples_leaf': 23, 'min_samples_split': 47, 'n_estimators': 38, "subsample': .7999999993999993})

gbm_tuned_1 =
max_features=4, min_samples_leaf=23, min_samples_split=47, n_estimators= 38,

subsample= ©.7999999999999999, random_state=SEED)

modelfit(X_train, y_train, gbm_tuned_1, plot=True)

|.sr~r~.s-,-[[3.523125 , B.77697842, 8.80316831, @.75252869, e.sqlaszs]}|

GradientBoostingClassifier Model Report
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Fain Accuracy: 0.8732 | Train AUC Score: 0.923042
CV Score ; Mean - 08025979 | Std - 0.03112903 | Min - 0.7586207 | Max - 08421053

Slika 40 Izvjesce #3

Nije doslo do promjena u izvjes$cu Sto se moglo 1 pretpostaviti jer mijenjanjem hiperparametara
tocnost je ostajala nepromijenjena.

Rezultat javne predaje: 0,80622

Modificirat ¢e se learning_rate i n_estimators tako da ¢e learning_rate podijeliti sa istim

brojem kojim ¢emo pomnoziti n_estimators. U ovom slucaju to je broj 10.

n_estimators= 388, max_depth= 6,

max_features=4, min_samples_leaf=23, min_samples_split=47,
B.7999999999999999 , random_state=5SEED)

gbm_tuned_2 =

subsample=
modelfit(X_train, y_train, gbm_tuned_2, plot=True)
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array([@.83076923, 0.77372263, ©.78451538, ©.75862063, ©.52442748])

GradientBoostingClassifier Model Report
Confusion matrix
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Tain Accuracy: 08709 | Train AUC Score: 0.925196
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Slika 41 IzvjeSée #4

Iako na prvi pogleda na izvjesce izgleda koda je doslo do pogorsanje modela, smanjenje broja

to¢nih predvidanja, train accurancy, train AUC score , rezultat javne predaje predvidanja je

porastao.

Rezultat javne predaje: 0,80861
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8.1.

Fit Model

IspiSemo sve najvaznije hiperparametre koji su se mijenjali.

best_model = gbm_tuned_2
best_model . fit(X_train,y_train)

GradientBoostingClassifier{learning_rate=8.818555555555555555, max_depth=£,

max_features=4, min_samples_leaf=23,
min_samples_split=47, n_estimators=3ga,

Zavrsni rad

Df_test se dijeli u 5 reprezentativnih fold-ova, tako da svaka grupa to¢no predstavlja cijelu

bazu. U svakom fold-u nalazi se to¢an postotak svih podatka iz skupina kao $to se nalaziiu

cijeloj bazi i takav se fold zove strata. Postupak stvaranja ovakvih fold-ova se zove stratified

sampling. Na te grupe ponovo izvodimo K-fold unakrsnu provjeru valjanosti.

from sklearn.model_selection impert StratifiedkFold

probs = pd.DataFrame(np.zeros((len{df_test), FOLDS * 2)}, columns=[’'Fold_{}_Prob_{} .format{i, j) for i in range(1, FOLDS + 1) for j in range(2)])
index=df_test.columns)

importances = pd.DataFrame(np.zeros((X_train.shape[1],

skf = StratifiedKFold(n_splits=FOLDS, random_state=SEED, shuffle=True)

for fold, (trn_idx, val_idx) in enumerate(skf.split(X_train, y_train), 1):
# Fitting the model

best_model.fit(X_train.iloc[trn_idx,

# X_test probabilities
probs.loc[:, 'Fold_{}_Prob_8'.format(fold)] = best_model.predict_proba(df_test)[:, @]
probs.loc[:, 'Fold_{}_Prob_1'.format{fold)] = best_model.predict_proba(df_test)[:, 1]
importances.iloc[:, fold - 1] = best_model.feature_importances_

], y_train.iloc[trn_idx])

FOLDS)), columns=['Fold_{}'.format(i) fer i in range(1,

FOLDS + 1)],

Kako bi fit-ali model stvaraju se dvije nove tablice probs i importances.

Probs prikazuje vjerojatnosti za prezivljavanje i za umiranje u svakom fold-u, dok

importances prikazuje vaznost svake skupine podatka u svakom fold-u (strata).

41z

414

415

416

a7

Fold_1_Prob_0 Fold_1_Prob_1

0.270704

0427679

0279608

0.264627

0877630

0879608

0.108330

0122320

0.120392

0.890620

Fold_2_Prob_ 00 Fold_2_Prob_1 Fold_3_Prob_0 Fold_3_Prob_1

0.246010

0.226068

0.023542

0.870035

0140453
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0.153000 0.237400 Q162600
0613032 0.404353 Q505647
0076458 0.024226 0.07E174
0.122065 0.903587 0.006412
0850507 0.1E0179 0.840321
0.112438 0817413 0.0823E7
0673132 0.292261 Q707739
0097147 0822443 Q.077557
0.118435 0.917413 0.082587
0504565 0.081518 0.9154584

Slika 42 Probs tablica #1
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Fold_4_Prob_0 Fold_4_Prob_1

0109630

0133468

0.885759

Fold_5_Frob_0
0.810722
0.460016
0.9411E5
0.866122

0191192
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Pclass

Age

Fare

Adult

Deck

Family
SurnameFreguency
TicketFrequency
CabinFrequency
SurvivalRateWeight
SurvivalRate
IsMale

Embarked_C
Embarked_Q
Embarked_5
Title_Master
Title_Miss

Title_Mr

Title_Mrs

Fold_1
0000327
0020204
0041901
0053738
0046232
0046015
0024049
0033111
0013388
0016265
0139509
0180451
0006054
0003662
0011188
0005655
0.026017
0.180186

0050258

Slika 43

Fold_2
0005433
0.034228
0031202
0055702
0053511
002581
0025607
0026178
0018718
0.014055
0123680
0.100432
0006200
0.001220
0006302
0.002171
0.OZIETO
0186175

0.054257

Fold_3
0.0ET7320
0.033577
0021011
0.057202
0081532
0037223
0.027962
0.023032
0.017817
0.012523
0118032
0109102
0.010763
0.000722
0.011271
00070711
0.025004
0182614

0.055780

impo rtances| ‘Mean_Importance’ = importances.mean(axis=1)

importances.sort_values{by="Mean_Importance’, inplace=True, ascending=False)

plt.figure(figsize=(15, 28))

Fold_d
0.070453
0.032650
0028513
0.063461
0.040520
0.030082
0022971
0.025130
0.012166
0.016029
0147083
0.204373
0.005260
0.002619
0.011363
0.004344
0020219
0180500

0.043222

Importance tablica #1

Fold 5
0.091244
0.024453
0.050282
0.050008
0.0E5453
0.028617
0.018673
0.021619
0.013479
0.014339
01350268
0178840
0.070040
0.002756
0.014644
0.005580
0.027562
0184053

0.041478

Zavrsni rad

sns.barplot(x="Mean_Importance’', y=importances.index, data=importances, palette="viridis")

plt.xlabel("")

plt.tick_params(axis="x", labelsize=15)
plt.tick_params(axis="y', labelsize=15)
plt.title( 'Mean Feature Importance Between Folds', size=15)

plt.show()

Kako bi odredili koja skupina podatka imaju najveci utjecaj na prezivljavanje odredujemo

mean (artimeti¢ku sredinu) svih novih fold-ova. Faktori ¢e se preorganizirati tako da su

poredani od faktora sa najvis§im mean-0m prema najmanjem.
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IsMale

Title_Mr
SurvivalRate

Pclass

Adult

Deck

Title_Mrs

Family

Fare

Age

Title_Miss
TicketFrequency
SurnameFrequency
CabinFrequency
SurvivalRateWeight
Embarked_5
Embarked_C
Title_Master

Embarked_0

Fold_1
0180451
0.180186
0.129509
0.000327
0.053738
0.046232
0.050256
0.046518
0.041001
0.029204
0.026017
0033111
0.024049
0.013388
D.018265
0.011185
0.006054
0.005655

0.003662
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Fold_2
0.100432
0186175
0123680
0006433
0.055792
005351 1
0.054057
0.023831
0.021202
0024228
0.023870
0.026178
0.025607
0018718
0014055
0006302
0008209
0002171

0.001220

Fold_3
0198102
0182614
0113932
0.087320
0.057202
0.051538
0.055780
0.037228
0.031011
0.033577
0.025004
0.033032
0.027962
0017917
0.012523
0.011271
0010163
0.007011

0.000722

Fold_4
0204373
0180500
0147083
0.070453
0.063451
0.040529
0.043222
0.030082
0.028513
0.032659
0030219
0025139
0023971
0.013166
0016029
0.011263
0.005260
0.004344

0.002619

Fold 5
0173340
0184088
0135026
0091244
0050906
0.055465
0.041479
0.028617
0.050252
0.034455
0.037568
0021610
D.018673
0.043470
0014330
D.014544
0.010040
D.005580

0.002756

Importance tablica #2

Mean_Ilmportance
0192460
0.182303
0.133044
0087156
0.053038
0051315
0.049138
0.038145
0.035582
0.032325
0.030336
0027316
0.024233
0015334
0.014322
0.010872
0.007745
0004552

0.002198

Zavrsni rad

Prema azuriranoj importance tablice vidi se da najveéi znacaj na prezivljavanje u fold-ovima

imaju faktori:
1. IsMale
Title_Mr

SurvivalRate

2
3
4. PClass
5

Adult

To mozZemo prikazati i grafi¢ki pomocu bar-charta,

Fakultet strojarstva i brodogradnje
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Mean Feature Importance Between Folds

sMale

Title_Mr

SurvivalRate

Prlass

Adult

Deck

Title Mrs

Family

Fare

Age

litle_Miss

TicketFrequency

Surnamekrequency

CabinFrequency

SurvivalRateWeight

Embarked_%

Embarked_C

Title_Master

Embarked 0O

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175

Slika 45 Bar chart prikaz importance tablice

class_survived = [col for col in probs.columns if col.endswith( Prob_1")]

probs['1'] = probs[class_survived].sum(axis=1) / FOLDS
probs['8'] = probs.drop(columns=class_survived).sum(axis=1) / FOLDS
probs[ 'pred'] = 8

pos = probs[probs['1'] == 8.5].index
probs.loc[pos, ‘pred'] = 1

df_test.reset_index{inplace=True)
df_test[ 'Survived'] = probs['pred'].astype(int)
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Nova azurirana probs tablica prikazuje mean (artimeticku sredinu) mogucnosti prezivljvanja
(stupac ,,1) i umiranja (stupac ,,0) za svakog putika u df-testu. U stupcu ,,pred u binarnom
obliku zapisauje je li putnik prezivio ( vrijednsot 1) ili poginio (vrijednost 0). I to odreduje na

nacin da ako sutpac ,,1* ima vrijedsnot vecu ili jednaku 0,5 onda se u ,,pred* zapisuje 1, u

slu¢aju da ima vrijednost manju od 0,5 u ,,pred* se zapisuje 0.

413
414
415
416
417

_, sub = df_split(df_test.set_index("Passengerld”),
sub.to_csv( ' submission.csv',

Predvidanja dodajemo u submission.csv iz kojeg je prikazano prvih i zadnjih 10 redova na slici
47 [Slika 47]. Link za cijeli submission.csv :https://www.kaggle.com/dquadro/titanic-top-1-

with-gradient-boost-classifier/data

Fold_1_Prob_0 Fold_1_Prob_1 Fold_2_Prob_0 Fold_2_Prob_1 Fold_3_Prob_0 Fold_3_Prob_1 Fold_4 Prob 0 Fold_4 Prob_1 Fold_5 Prob 0 Fold_5_Prob_1

0.870701 0.129299 0.846910
0.427679 0572321 0.386968
0.920821 0079179 0923342
0845404 0.154506 0.870035
0165572 0.834428 0140403

0.881515
0326865
0.902853

0.881513

0105424

0.153090
0.613032
0.076458
0.129965

0.859507

0178485
0.673135
0.097147
0178485

0.824566
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0.837400
0494353
0.924826
0.903587

0.150179

0917413

0.292261

Slika 46

0.829655
0404408
0.808981
0.854909

0.135049

0.866532

0.309755

0890370
0.082587 0.866532
0.918484 0.114241
Probs tablica #2

0.170345 0.819723
0595502 0460016
0.091019 0.941135
0.145091 0.866122
0.844951 0.191192
0.133488 0.886335
0.690245 0.270235
0.109630 0.892636
0.133468 0.886335
0.885759 0.095005
"Survived')

header=True, index=True)

0.180277

0539984

0.308808

0.113665
0.729765
0107364
0.113665

0.204295

Zavrsni rad

0159122 0O

0.565297

5 |0.076135

0.131970

0.839503

0.113719

0.707251

0.939092

0.624424

0.32839

308

0.909025

0434199

0102804 0.917757

0113719

,,,,,,,
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9. ZAKLJUCAK

U ovom radu sazeto je objasnjen Gradient Boost kako bi se lakSe razumio primjer ,,Titanic-
Top 1% with Gradient Boost Clasifier “ koji je obraden u detalje. Cilj ovog primjera je bilo
predvidjeti koji od putnika prezive, a koji ne prezive potonuce Titanika. Rezultati predvidanja
su prikazani u binarnom obliku (1-putnik je prezivio, 0-putnik nije prezivio).

Gradient Boost je odabrani model jer je u usporedni sa drugim modelima ima najvisi mean-om

od 0,798672.

Kako bi odredili koje varijable imaju najveceg utjecaja na prezivljavanje u test setu koristili
smo metodu K-folds i varijable koje najviSe utjeCu na prezivljavanje su:

IsMale

Title_Mr

SurvivalRate

PClass

Adult

o B~ WD

Prema tim varijablama vidi se da najve¢i utjecaj imaju rod (IsMale 1 Title Mr), u kojoj
generaciju pripada putnik (Adult) , socio-ekonomski status (PClass) i nalaze li se na brodu
osobe s kojima se dijeli prezime, kabina ili karta (SurvivalRate).
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PRILOZI

l. Link za pristup kodu koji je koristen kao primjer u ovom radu:

https://www.kaggle.com/dquadro/titanic-top-1-with-gradient-boost-classifier/notebook
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