Machine Learning

Pas cu pas



Pas 1: Problema

Ce problema doresti sa rezolvi?



Problema este ca nu stii
machine learning

Solutia este sa inveti machine learning.



Regula #1 a Machine
Learning de la Google

Nu utiliza machine learning daca nu trebuie.



Pas 2: Cauta date necesare

Pentru problema noastra orice tip de date se potriveste.



Setul de date Titanic PCE G kT

Cum am spus in prezentarea trecuta, Titanic - Machine Learning from Disaster

data setul titanic este un bun set de Start here! Predict survival on the Titanic and get familiar with ML basics
date pentru incepatori, si acesta este
ca un "hello world” pentru data

science Kaggle - 14,676 teams - Ongoing

https://www.kaggle.com/c/titanic Survived
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https://www.kaggle.com/c/titanic

Pas 3: Intelege datele

Verifica ce continut au si ce ofera datele



Exemplu de date

Acestea sunt primele 5 intrari din

assenger urvive: Class ame BX ge | p arc icket are abin mbarke:
datele care ne le ofera data setul . id | Survived | Pclass | N B Age | SibSp | Parch | Tick ’ Cabin | Embarked
. . Braund, Mr.

t|tan|C. o1 0 3 B M male 220 1 0 A5 21171 7.2500 NaM g

Cumings, Mrs.

o o . John Bradley
Observam ca sunt niste date tabulare, 2 ! ! (Florence female | 38.0 | 1 0 PC17599 | 71.2833 | C85 | C

. Briggs Th...
formate din 12 coloane. -
2|3 1 3 ﬂ‘?;k'f;:a female | 26.0 0 0 grg?'égg 7.9250 NaN | S
Unele coloane sunt intelese: Futrelle, Mrs.
i ? 3| 4 1 1 Jacques Heath @ female | 35.0 1 0 113803 53.1000 | C123 | §
Ex: Name, Survived, Age (Lily May Peel)
Allen, Mr.
4|5 0 3 William Henry male 35.0 O 0 373450 8.0500 Mah 5

Altele nu prea:
Ex: Pclass, SibSp, Embarked



Exista explicatie

survival Survival 0=No,1=Yes
Pe kaggle, majoritatea data seturilor pcloss ket caee T
vin cu explicatie a datelor. .
oo sex ex
Originea datelor, Contextul datelor,
. . . . A Age i
Variabilele datelor si alte lucruri. - e
sibsp # of siblings [ spouses aboard the
Titanic

In aplicarea real& a machine learning,
nimeni nu garanteazé exp”Catie parch # of parents / children aboard the
< . Titanic

datelor care le gasesti.

ticket Ticket number

fare Passenger fare

cabin Cabin number

embarked Port of Embarkation C = Cherbourg, Q = Queenstown, S =

Southampton



Variable Notes

Note aditionale

pclass: A proxy for socio-economic status (SES)

. 1st = Upper
Pclass reprezinta un proxy pentru
. . ?nd = Middle
statusul socio-economic
3rd = Lower

Age poate sa fie fractional
age: Age is fractional if less than 1. If the age is estimated, is it in the form of xx.5

sibsp: The dataset defines family relations in this way...
Sibling = brother, sister, stepbrother, stepsister
Spouse = husband, wife (mistresses and fiancés were ignored)

parch: The dataset defines family relations in this way...

Parent = mother, father

Child = daughter, son, stepdaughter, stepson

Some children travelled only with a nanny, therefore parch=0 for them.



Pas 4: Curatarea datelor



petLeririnarea
datelor utile,
eliminarea datelor
Inutile.

Din datele curente nu toate coloanele

Sunt de fOlOS probabilitatea ca numele Passengerld = Survived | Pclass | Name Sex Age SibSp | Parch | Ticket Fare Cabin | Embarked
. , - . o Braund, Mr. .
unei persoane sa determine dacéa 2B ‘ : OwenHarris | M€ | 2201 |0 | AS21171 | 7.2500 | NaN | S
acesta a supravietuit sau nu este Sl
foart . 12 1 1 tﬁu?en::ae ® | female | 380 | 1 0 PC 17599 | 71.2833 C85 | C
oarte mica. Briggs Th...
Heikkinen, STON/OZ2.

Din motive similare vom ignora |’ ' ° | Missiana | femele 20070 [0 3101289 | 79250 NeN S

. Futrelle, Mrs.
coloanele Passengerld, Name, Ticket 3|4 1 1 Jacques Heath | female | 35.0 | 1 0 113803 53.1000 | C123 | S
Si Cabin (Lily May Peel)
’ 4 s 0 3 &',:ﬁg'mmgew male | 350 O 0 373450 8.0500 | NaN | §

Cabin va fi ignorat din cauza ca datele
nu sunt calitative.



Eliminarea
valorilor lipsa

In imaginea din dreapta este numarul
de date lipsa pentru fiecare coloana.

PassengerId

Survived
Pclass
Name

Sex

Age
SibSp
Parch
Ticket
Fare
Cabin
Embarked




Eliminarea valorilor
lipsa din coloana
Age

Se poate sa facem valorile null sa fie
zero, dar aceasta va influenta negativ
acuratetea prezicerilor, deoarece sunt
date reale in data set care au valoarea
functionala, si este aproape de 0.

Se poate sa oferim valorii Age o
valoare numerica imposibila, ex: -1, Si
putem in pasul urmator sa rezolvam
asa valori.

Putem sa stergem randurile care nu
au valoare pentru Age.

Putem sa extrapolam valoarea age
dupa valorile care exista.

Fernale

Male

T survived
ot survived

0 survived
e ot survived




Pentru antrenare
eliminam NULL

Putem introduce valori artificiale, dar
acestea pot impiedica antrenarii.

Am decis sa eliminam randurile care
nu au valoarea Age.

Pentru coloana Embarked, am utilizat
backwards fill, care copie valoarea
vazuta precedent pentru un rand cu
valoare NULL. Sunt prea putini oameni
care nu au valoarea Embarked, asa ca
nu conteaza ce punem aici.

import pandas as pd

raw_data = pd.read_csv('train.csv')

data = raw_data.dropna(subset=["Age'])
data['Embarked'].fillna(method="bhfill', inplace=True)
raw_data.info()

data.info()



Asa arata setul
de date

Dupa ce am facut modificarile

Inté4Index: 714 entries,

0 to 890

Data columns (total 12 columns):
Non-Null Count

#
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Column

Passengerld 714

Survived
Pclass
Name

Sex

Age
SibSp
Parch
Ticket
Fare
Cahin
Embarked

memory usage:

72.5+ KB

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null

dtypes: floats4(2), ints4a(s), object(s)

object
floatb4
inté4
inté4
obhject
floaté4
obhject
object



Referinte

https://developers.qgoogle.com/machine-learning/guides/rules-of-ml

https://www.kagqgle.com/mgamal91/titanic-model-first-kagqgle-challenge

https://www.kaggle.com/c/titanic



https://developers.google.com/machine-learning/guides/rules-of-ml
https://www.kaggle.com/mgamal91/titanic-model-first-kaggle-challenge
https://www.kaggle.com/c/titanic

