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1o 3a8epuweHutro ypoKa Bel 6yoeme 3Hames:

1.
2.
3.
4.
5.
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Yem KnaccudukKauma otanyaercsa oT perpeccmuu

Kakue anroputmbl NpMMEHAIOTCA ANA Pa3HbIX TUNOB 33434
Kak paboraeTt aiMHeMHasa n norncTtmyecKan perpeccums

Kak npuHumaer peweHune Decision Tree

3auem 06beaMHATL HECKONbKO aepeBbeB B Random Forest
Kak co3patb n 06yuuntb 3t mogenu B Scikit-learn



KnaccuduKkauma nam perpeccua?

KNACCUPUKALUNA

MpeacKasbiBaem Knacc / KaTeropumio

Pe3ynbTaTt = KaTeropus

PEFTPECCUA

[NpeackasblBaem YMC/I0BOE 3HAUYeHue

9000 -

20 40 60 80 100 120 140 160 180

Pe3ynbTtat = uncno

KaKoM pe3ynbraT Mbl XOTUM MOYYUTbL: KNACC WU YUCNO?



OCHOBHble an2opummel

Anroputm Knaccndukaumsa Perpeccus
Logistic Regression v

Linear Regression
KNN

Decision Tree

Random Forest

RN NN
SN N NN

SVM / SVR

OAUuH TMN 3apa4n MoXKeT PeWaTbCA Pa3HbIMU a/ITOPUTMAMMN.



JlInHenHan perpeccus

LleHa
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from sklearn.linear_model import LinearRegression

model = LinearRegression()
model.fit(X_train, y_train)

y_pred = model.predict(X_test)

Linear Regression = nporHo3supyeT 4YMcno



JlornctuyecKkas perpeccus

BeposiTHOCTb

cpatb
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from sklearn.linear_model import LogisticRegression

model = LogisticRegression()
model.fit(X_train, y_train)

y_pred = model.predict(X_test)

Logistic Regression - BepoOATHOCTb = Knacc



Kak Bbl6paTb TMN 3a4a4un’?

[ @ YTO HY)XHO NpeacKasaTtb? ]

f s ]
KATEropus YUCJ10
I ‘O (knacc, pa/HeT M 1.4.) & I (HenpepbIBHOE 3HaYeHuE)
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| KNACCUDPUKALIUA ] PEFPECCUA
. I i : l .
f Logistic Regression | /.- Linear Regression
1/ 1\ Decision Tree ( \\ Decision Tree

“’ Random Forest “‘ Random Forest

CHauana onpeaensaem 3agavy - 3aTem Bblbupaem mogennb



Decision Tree: Kak moaenb NPUHUMAET pelleHne

Root

Decision Tree =

[ score = 70?
nocinepnoBatesibHOCTb BOMpPOCOB

]
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| HET | A Root / Nod
J [ score 2 70? ] o o
— BOMpPOC
[ He npowén ] [ s24 \
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y 4 \ » — OTBEeT
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BbICOKMiA Leaf
CpenHuin Bbicokuii pesynbrar — npeacKasaHve

pesynbrar pesynbrat

[lepeBo nocneposaTtenbHO pasgaenaeT gaHHble No NpU3HaKam.



Kak nepeBo BblbMpaeT pasaeneHue?

No pa3peneHus PaspeneHue no Bonpocy

[ score = 70? ]
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Anroputm BbibMpaeT Takoe pasgeneHme, KoOTopoe ayyiue

oTaenAaeT Knaccebl.



Decision Tree: npeumyLuectsa n npobnema

Mntocol

v/ Nerko NoHATb;

v/ MO}HO BU3YyaNN3MpPoBaTh;
v paboTaeT ¢ HeAMHeNHbIMK
3aBUCMMOCTAMM;

v/ nogxoaut ona

KnaccudmKaLumm n perpeccun.
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Yem cnorkHee aepesBo, Tem Bbille PUCK nepeobyueHus.



Random Forest: mHOro aepesbeB
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Random Forest = mHO}XecTBO pa3Hbix Decision Trees




[Moyemy Random Forest paboTaeT ny4ylie oaHOro aepesa?

Decision Tree Random Forest
OaHo pepeBo MHoOro nepesbes
* NIerko o6bACHUTD * ycTOM4ymBee
— MOXET nepeobyunTbea e 06bl4HO TOUHEE
— YyBCTBUTENbHO K * MeHblle pUCK nepeobyyeHunn
N3MEHEHUNAM JAHHbIX — C/IOXKHee
NHTEPNPETUPOBATb
- Tpebyet bonbLe
BblYMCNEHUMN

Pa3Hble AepeBbs COBEpPLUAIOT pa3Hble OWNb6Ku -
obbeguHeHue aenaeTt NPorHos ycromumsee.



[1paKTUKa: Decision Tree

from sklearn.datasets import load_iris

from sklearn.model_selection import train_test_split
from sklearn.tree import DecisionTreeClassifier

from sklearn.metrics import accuracy_score

iris = load_iris()

X =iris.data

y = iris.target

X_train, X_test, y_train, y_test = train_test_split(
X, y, test_size=0.2, random_state=42

)

model = DecisionTreeClassifier(
max_depth=3,
random_state=42

)

model fit(X_train, y_train)
y_pred = model.predict(X_test)
print(accuracy_score(y_test, y_pred))



MeHaem oaHy moaens: Random Forest

bblno:
from sklearn.tree import DecisionTreeClassifier
model = DecisionTreeClassifier(

max_depth=3,

random_state=42

)

Crano:
from sklearn.ensemble import RandomForestClassifier

model = RandomForestClassifier(
n_estimators=100,
random_state=42

)

OcTtanbHoe:

model.fit(X_train, y_train)

y_pred = model.predict(X_test)

print(accuracy_score(y_test, y_pred))

ML pipeline ocTtaértca Tem e — meHAeTCcA moaen.



3aKn4yeHue

Knaccudpukauyus Perpeccus Decision Tree Random Forest
rnocnepnoBaTesibHOCTb
npefcKkasbiBaeT Knacc npeacKasbiBaeT YMCTO A MHOMEC IR SPEERER
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Onpepenutb | | Bbi6paTb l Y fit() Y

3apauy Mogenb I .predict() |-»| Ouenutb

Het ogHOM nyywein mopgenm ana sBcex 3aaay — airopuTm
BblObMpaeTca c yYUETOM AaHHbIX U Lenu.
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