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Uczenie maszynowe

Dziedzina sztucznej inteligencji zajmujgca sie tworzeniem
algorytmow, ktore potrafig uczy€ sie ze zbioru danych. W
przypadku niektorych algorytmow, szczegdlnie tych
bardziej skomplikowanych, trudno jest zrozumiec, jak
doktadnie dziatajq, stgd okreslenie “czarna skrzynka”.
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RMS Titanic

Byt to najwiekszy i najbardziej luksusowy statek pasazerski swoich czasdw, wyruszyt w dziewiczy
rejs z Southampton do Nowego Jorku 10 kwietnia 1912 roku. Niestety, 14 kwietnia statek zderzyt
sie z gorq lodowq na péthocnym Atlantyku, co spowodowato powazne uszkodzenia i zatoniecie
statku kilka godzin pézniej. Tragedia ta pochtoneta zycie ponad 1500 oséb i stata sie jednym z
najbardziej tragicznych wydarzen w historii morskie;j.
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Tabela titanic to dane przygotowane przez prof.

Biecka opisujace pasazerow Titanika.

titanic<-archivist::aread("pbiecek/models/27e5c")

View(titanic)
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10
11
12
13
14
15

gender
male
male
male
female
female
male
male
female
male
male
male
male
female
male

female

age
42,0000000
13.0000000
16.0000000
39.0000000
16.0000000
25.0000000
30.0000000
28.0000000
27.0000000
20.0000000
30.0000000
27.0000000
40.0000000

0.8333333
18.0000000

class
3rd
3rd
3rd
3rd
3rd
3rd
2nd
2nd
3rd
3rd
3rd
3rd
3rd
3rd
3rd

embarked

Southampton
Southampton
Southampton
Southampton
Southampton
Southampton
Cherbourg

Cherbourg

Cherbourg

Southampton
Southampton
Southampton
Southampton
Southampton

Southampton

country
United States
United States
United States
England
MNorway
United States
France
France
Lebanaon
Finland
Sweden
England
Sweden
England
England

fare
7.1100
20,0500
20,0500
20,0500
7.1300
7.1300
24,0000
24,0000
18.1509
7.1806
7.0500
8.0100
9.0906
9.0700
9.0700

sibsp

parch

o o o o o o O O

-

survived
no
no
no
yes
yes
yes
no
yes
yes
yes
no
no
no
yes

yes




Modele, ktorych uzyjemy

Model regresji

przewidywanie prawdgpi'daglgr%@t%j

wystgpienia zdarzenia oparte na zaleznosci
migedzy zmienng zalezng a jedng lub wigcej
zmiennymi niezaleznymi

Model lasow losowych

tworzy i fgczy wiele drzew decyzyjnych,
aby zwiekszy ¢ doktadnos¢ i stabilnos¢
przewidywan dla zadan klasyfikacji i
regresiji

B N

Model gradient boosting

stopniowe dodawanie nowych, prostych
modeli (czesto drzew decyzyjnych) do
zestawu juz istniejgcych, aby coraz lepiej
przewidywac wyniki, poprawiajgc btedy
krok po kroku

Model maszyny wektoxow
nosnych

znajduje linie lub ptaszczyzne, ktora
najlepiej oddziela rézne grupy danych,

pomagajqc w podejmowaniu decyzji o ich
klasyfikaciji



titanic_Imr <- rms::lrm(survived = "yes" ~ gender + rms::rcs(age) + class +

sibsp + parch + fare + embarked, titanic)

set.seed(1313)
titanic_rf <- randomfForest::randomForest(survived ~ class + gender + age +

sibsp + parch + fare + embarked, data = titanic, na.action=na.roughfix)

#model gradient boosting
set.seed(1313)
titanic_gbm <- gbm::gbm(survived == "yes" ~ class + gender + age +
sibsp + parch + fare + embarked, data = titanic,
n.trees = 15000, distribution = "bernoulli™)

set.seed(1313)
titanic_svm <- el071::svm(survived == "yes" ~ class + gender + age +
sibsp + parch + fare + embarked, data = titanic,
type = "C-classification"”, probability = TRUE)



Zapakowane modeli do podobnych opakowan

titanic_lmr_exp <- explain(model = titanic_lmr,
data = titanicl, -9],

v = titanicisurvived = "yes",
label = "Logistic Regression",
type = "classification")

titanic_rf_exp <- explain(model = titanic_rf,
data = titanicl[, -9],
y = titanicisurvived == "yes",
Tabel = "Random Forest")
titanic_gbm_exp <- explain(model = titanic_gbm,
data = titanicl[, -9],
v = titanicisurvived = "yes",
label = "Generalized Boosted Regression')

titanic_svm_exp <- explain(model = titanic_svm,
data = titanicl[, -9],
v = titanicisurvived == "yes",
label = "Support vector Machine")
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Porownywanie sity predykcyjnej modeli

mode]_performance(titanic_lmr_exp) Smeasuresiauc
model_performance(titanic_rf_exp) imeasuresiauc
mode]_performance(titanic_gbm_exp) Smeasuresiauc

model1_performance(titanic_svm_exp) Smeasuresfauc

Model regresiji Model lasow Model gradient Model maszyny

logistyczne;: losowych: boosting: wektorow
nosnych:

0,8174447 0,8636533 0,8666712 0,8129198
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Przykiadowi

pasazerowie
Rose Jack

class: Ist class: 3rd
gender. female gender. male
age: 17 age: 20
sibsp: 0 sibsp: 0
parch: 1 parch: 0
fare: 850% fare: ok 10$
embarked. embarked.
Southampton Southampton




RN

tprint(predict(titanic_lmr_exp, jack))
print(predict(titanic_rf_exp, jack))
print(predict(titanic_gbm_exp, jack))
print(predict(titanic_svm_exp, jack))
}

tprint(predict(titanic_lmr_exp, rose))
print(predict(titanic_rf_exp, rose))
print(predict(titanic_gbm_exp, rose))
print(predict(titanic_svm_exp, rose));




Przewidywania modeli

Rose

Model regresji
logistycznej: 98,04%
Model lasdéw losowych:
96, 8%

Model gradient boosting:

96,899%
Model maszyny wektorow
nosnych: 43,57%

Jack

Model regresji
logistycznej: 9,75%
Model lasow losowych:
1,2%

Model gradient boosting:

2,37%
Model maszyny wektordw
nosnych: 1,72%




Co wpiywa na wynik
w danym modelu?




Jack@

Break Down profile

Logistic Regression
intercept 0322
class = 3rd -0.12
gender = male
sibsp=10
age = 20 -0.003
embarked = Southampton -0.006
parch = 0 +0.002
fare = 10 -0.001

0.0 0.1 0.2 0.3

0.4



Jack@

Break Down profile
Random Forest

intercept 0.235

gender = male -0.125
class = 3rd

embarked = Southampton
sibsp=10

fare =10

age = 20

parch =0

prediction 0012




Jack@

Break Down profile
Generalized Boosted Regression

intercept 0322
class = 3rd -013
gender = male
fare =10
age =20
sibsp=10 +0.002
embarked = Southampton -0.003
parch =0 -0.001
01 0.0 0.1 0.2 0.3 04

05



Jack@

Break Down profile
Support Vector Machine

intercept 0.324

gender = male -0.112
class = 3rd
sibsp=10
parch =10 -0.02
fare = 10 -0.007
embarked = Southampton +0
age = 20 +0
prediction _ 0172
01 0.2 0.3 |

0.4



8 Rose@

intercept

gender = female

class = 1st

fare = 850

age =17

sibsp=10

parch=1

embarked = Southampton

prediction

03

Break Down profile

Logistic Regression

0.322

06

+0.416

+0.173

+0.057

+0.008

+0.005

-0.001

-0.001

0.98
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8 Rose@

Break Down profile

Random Forest

intercept 0.235
{
gender = female +0.528
class = 1st +0.13
fare = 850 +0.036
parch =1 +0.007
embarked = Southampton +0.001
sibsp=10 | +0.013
age =17 +0.018
prediction 0.968
0.3 0.6 09



8 Rose@

Break Down profile

Generalized Boosted Regression

intercept 0.322
gender = female +0.432
class = 1st +0.156
fare = 850 ‘ +0.06
age =17 -0.024
parch =1 +0.017
sibsp=10 | +0.009
embarked = Southampton -0.001
prediction 0.969
0.3 0.6 0.9



8 Rose@

intercept

gender = female

fare = 850

parch =1

sibsp=10

class = 1st

age =17

embarked = Southampton

prediction

02

Break Down profile
Support Vector Machine

0.324

+0

+0

+0.001

-0.001

+0

e

04

06

+0.436

-0.323

0.8




AN

cp_titanic_gbm <- predict_profile(explainer = titanic_gbm_exp,

new_observation = jack)

plot(cp_titanic_gbm, variables = c("age", "fare")) +
ggtitle("Ceteris-paribus profile”, "") + ylim(0, 0.8)

Ceteris-paribus profile

age fare

0.8

0.6

prediction
[
——

0.2

L

400 500



cp_titanic_lmr <- predict_profile(explainer = titanic_lmr_exp,
new_observation = jack)

plot(cp_titanic_lmr, variables = c("class", "embarked", "gender"),
variable_type = "categorical", categorical_type = "bars") +
ggtitle("Ceteris-paribus profile"”, "")
L ©



victualling crew

restaurant staff

engineering crew

deck crew

2nd

1st

3rd

Ceteris-paribus profile

class

_____'____-___ - -
.

02 04 06

Queenstown

Cherbourg

Belfast

Southampton

embarked

.

02 04 068
prediction

female

male

gender

0.2

04 08



Od jakich zmiennych
zalezy predykcja?




Feature Importance

created for the Logistic Regression model
Logistic Regression

gender
class
age
sibsp
embarked
parch

fare

country

d__,,_-ll|

0.20 0.25 0.30
One minus AUC loss after permutations




Feature Imgor‘tance
created for the Random Forest model
Random Forest

gender
class

age

fare
embarked
sibsp
parch

country

0.15 0.20 0.25
One minus AUC loss after permutations

@




Feature Imgor‘tance
created for the Generalized Boosted Regression model
Generalized Boosted Regression

gender
class
age

fare
sibsp
embarked
parch

country

*'-Ill|

0.15 0.20 0.25
One minus AUC loss after permutations



gender

class

fare

age

sibsp

parch

embarked

country

Feature Im
created for the
Support Vector Machine

”'”ll

0.20

ortance
upport Vector Machine model

0.25 0.30
One minus AUC loss after permutations

0.35

0.4C




Jak wiek wpiywa na - ceesparee o
przezywalnos¢?

age

1.00

0.75

prediction
)
(&)
)

0.25



Jak pleé Wp]:ywa na. Ceteris Paribus profile

created for the Random Forest model

p Yz e 2ywa 1 n Oé é ? _label_ == Random Forest_female == Random Forest_male

age

0.50

prediction

0.25



Texraz pora na Ciebie ©

98 #twoja kolej

99 #twoje_imie <- data.frame(

100 #class = factor(, levels = c("1st", "2nd", "3rd", "deck crew", "engineering crew", "restaurant staff", "victualling crew")),

101 #gender = factor(, levels = c("female", "male")),
102 #age =
103 #sibsp

104 #parch ,

105 #fare = ,
106 #embarked = factor(, levels = c("Belfast", "Cherbourg", "Queenstown'", "Southampton"))
107 #)
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