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BCTYII

CamocrTiiina po6ota 3 nucuumuiing «OcHoBu DataMining» € HeBiA'€eMHOIO
CKJIAJIOBOIO OCBITHBOTO TIPOIIECY 1 CIIPSMOBAHA HA:

— TOrJMOJIEHHS TEOPETUYHUX 3HAHb, OTPUMAHUX HA JICKIIWHUX 3aHATTSX,
yepe3 CcaMoOCTiiHe BUBYEHHS [OJATKOBUX MarTepialiB, HAayKOBUX
myOJTIKaIii Ta TEXHIYHOI TOKYMEHTalIi,

— PO3BUTOK MPAKTUYHUX HABUYOK POOOTH 3 IHCTPYMEHTAMH aHANI3y JaHUX
(Python, 616mioTreku Pandas, Scikit-learn, Matplotlib, Seaborn) nuisixom
BUKOHAHHSI I0JAaTKOBUX 3aBJIaHb;

— ¢dopMyBaHHS JIOCTIIHUIIBKAX KOMIIETEHTHOCTEH dYepe3 CaMocCTiiHe
dbopMyIIIOBaHHS  TIMOTE3, NPOBEIACHHS EKCIEPUMEHTIB Ta aHalli3
pE3yiIbTaTIB HA PEAIbHUX J1aTaceTax;

— PO3BUTOK HaBUYOK CaMOOpraHizaiii Ta IUIaHyBaHHS NpU BUKOHAHHI
KOMIUJIEKCHUX 3aBJlaHb 3 aHali3y JaHUX, [0 BKJIIOYAIOTh BECh ITUKI
OSEMN (Obtain, Scrub, Explore, Model, iNterpret);

VY nmporeci BUKOHAHHSI CaMOCTIMHOI poOOTHM 37400yBadl BHUIIOI OCBITH
MaloTh:

— 3aKpINUTH TEOPETHUYHMI Martepiaj 3 yCiX TeM Kypcy 4epe3 caMoOCTiilHe
OMpalOBaHHs JEKUIMHUX KOHCIIEKTIB Ta PEKOMEH/I0BAHOI JITEPaATypH;

— PO3MIMPUTH MPAKTUYHI HABUYKHU POOOTH 3 eKocucTeMoro python mns data
science, OCBOIBLIM JOJATKOBI MOXJIMBOCTI 0i0mioTek pandas, numpy,
matplotlib, seaborn;

— HABYUTHUCS CAMOCTINHO IIYKAaTH Ta ONPAIIbOBYBATH J1aTaCETH 3 BIIKPUTHUX
JDKeper;

— OBOJIOJITH METOJWUKAMH JTOCIITHUIIPKOTO aHANI3y MaHWX, OYUIICHHS Ta
M1TOTOBKU JJAHUX, 1H)KEHEPIi 03HAK;

— OCBOITH AJITOPUTMHU HABYAHHS 3 YUUTCIIEM Ta oe3 YUUTCIIA,



— HABYUTHUCS KPUTUYHO OLIHIOBATH SIKICTh MOOYyJOBaHUX MoOJeieil Ta
oOupaTu ONTUMAaIbHI METPUKH 3aJICKHO BiJ] O13HEC-KOHTEKCTY;
— PO3BHHYTH HAaBUYKHU MPE3EHTAIlll pe3yJbTaTiB Ta (OpMYTFOBaHHS Oi3HEC-
BHCHOBKIB Ha OCHOBI MPOBEJICHOTO aHai3y;
— YCBIJOMHTH €THYHI acHeKTH pOoOOTH 3 [daHUMHU Ta aJrOpUTMaMH,
HABUMUTHCS BUSIBJISTH Ta MIHIMI3yBaTH yIEPEIKEHICTb.
3aranpHuit 00cAT caMOCTiitHOT po6oTH cTaHOBUTH 90 TOIUH.
CamocriiiHa poboTa Oe3mocepeHbo crnpuse (GOPMYBAHHIO HACTYITHUX
KOMIIETEHTHOCTEM:
3arajibH1 KOMIIETEHTHOCTI
3K 3 — 3aarHicTh reHepyBaTH HOBI 17ie1 (KpEaTUBHICThH) — Yepe3 Po3poOKy
BJIACHUX IMIIXO/IB JI0 aHATI3y JJaHUX Ta CTBOPEHHSI HOBUX O3HAK;
3K 5 — 3gaTHiCTh IPOBEICHHS JOCII>KEHHS Ha BIATIOBITHOMY P1BHI — Yepe3
caMocCTiitHe (OpMYJITFOBaHHS TIMOTE3 Ta X MEPEBIPKY;
3K 10 — HaBuuku BHUKOpHUCTaHHS 1H(GOPMAIIHHUX KOMYHIKaIHHUX
TEXHOJIOT1 — Yepe3 MpakTu4yHy poboty 3 Python Ta xmapuumu mnardopmamu
(Google Colab, Kaggle).
®daxoBl KOMIETEHTHOCTI
®K 2 — 31aTHICTh BUKOHYBATH 3aBJIaHHsI, CPOPMYIIbOBaHI Y MaTEeMaTUYHIN
dopmi — yepe3 peanizauito anroputmiB Data Mining;
OK 14 — 3parHicts chopMytOBaTH MaTeMaTUYHY MOCTAHOBKY 3ajadyi Ta
oOpaTu MeTO ii pO3B'A3aHHS — Yepe3 aHalli3 pealbHuX 013HEC-KEHCIB;
OK 17 — 3parHicTh 10 €(EKTUBHOTO BUKOPUCTAHHS METOMAIB IITYYHOTrO
IHTEJICKTY — Yepe3 MPAKTUIHE 3aCTOCYBAHHS aJITOPUTMIB MAIlTMHHOTO HABYAHHSI,
@K 18 — 3natHicTh 10 BUOOPY aIeKBAaTHUX MO/IEIC MAIIMHHOTO HAaBYaHHS
— Yepe3 MOPIBHAJIbHUN aHaJl3 PI3HUX aJTOPUTMIB.
[Tporpamui pe3ybTaT HABYAHHS
ITPHO3 — ®opmaitizaiiisi 3a/1a4 Ta BUOIp pallioHaIbHOTO METOY BUPIIIIEHHS,;

ITPHO7 — [IpoBeaeHHs MPaKTUYHUX JOCIIKECHB;



[TPH19 — 36ip Ta iHTepnpeTaliis JaHUX 3 ypaxyBaHHSIM €TUYHUX ACIIEKTIB;
[TPH21 — [ToOymoBa MaTeMaTUYHUX MOJIEICH MITYyIHOTO IHTEIIEKTY;

ITPH22 — 3acTocyBaHHS METO/I1B TTIMOMHHOTO aHATI3y JaHUX.



ITPOI'PAMHE 3ABE3IIEYEHHSA

J11st BUKOHaHHS CAaMOCTIMHOT poOOTH HEOOX1JHO BCTaHOBUTH HacTymHe [13:
1. Python (Bepcis 3.8 a6o BuIa)

Odoiniviauii cair: https://www.python.org/downloads/

PexomMeHtyeThes BcTaHoBIIeHHS uepe3 Anaconda Distribution
2. Anaconda Distribution

3asanTtaxenus: https://www.anaconda.com/products/distribution

Mictuts Jupyter Notebook, Spyder Ta iHII11 IHCTpYMEHTH
3. OcHogHi 6i6mioTexku Python:

BcranoBnenns uepes pip:

pip install numpy pandas matplotlib seaborn scikit-learn

pip install jupyter notebook

A0o0 uepe3 conda:

conda install numpy pandas matplotlib seaborn scikit-learn

conda install Jjupyter notebook

4. JlogaTkoBi 010TIOTEKU:

pip install statsmodels JUISL aHAJII3Y YaCOBUX PSIIB
pip install mlxtend JJIA aCOHiaTI/IBHI/IX IIpaBHJI
pip install plotly JUISl THTEpAKTUBHUX Bizyamizarliit

pip install xgboost lightgbm JJIA gradient bOOStil’lg
5. CepenoBumia po3pobku: Jupyter Notebook, JupyterLab, VS Code 3
posmpenHsiM Python, PyCharm Community Edition, Google Colab

IHcTpyKuii 3 BCTAHOBJICHHS CepeI0BHINA
Bapiant 1: BcranoBnenns yepe3 Anaconda.
1. 3aBanTaxte Anaconda 3 odimiitHOro caity
2. 3amycTiTh IHCTAIATOP Ta TOTPUMYHTECH IHCTPYKIIIH
3. Ilicns BcTanoBneHHs Biakpuiite Anaconda Navigator

4. 3anyctith Jupyter Notebook


https://www.python.org/downloads/
https://www.python.org/downloads/
https://www.anaconda.com/products/distribution
https://www.anaconda.com/products/distribution

5. IlepeBipTe BCTaHOBJICHHS, BUKOHABIIIM Y HOBOMY HOYTOYIIi:

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.linear model import LinearRegression

print ("Yci ©6i6mioTexu BCTaHOBJeHl ycnimuo!")

BapianT 2: BcranoBieHnHs yepes pip
1. BcranoBits Python 3 odimiitHoro caitty
2. Binkpuiite komanguuit pagok (Terminal/CMD)
3. ()HOBTTBFﬁpZ python -m pip install --upgrade pip

4. BcTaHOBITH O10/110TEKH:

pip install numpy pandas matplotlib seaborn scikit-learn jupyter

5. 3amycriTh Jupyter: jupyter notebook
Bapiant 3: Bukopucranus Google Colab

1. Tlepeiinits Ha https://colab.research.google.com/

2. YBiiiaith uepes Google akayHT

3. CtBOpIiTH HOBUI HOYTOYK

4. VYci HeoOx1aH1 010/110TEKH B)KE€ BCTAHOBJIEH]
5

. Moxna niakmrount Google Drive mist 30epekeHHs (aitnib

Kopuchi onnaiin-pecypcu
OdimiitHa TOKyMEHTAITIS:

Python: https://docs.python.org/3/

NumPy: https://numpy.org/doc/

Pandas: https://pandas.pydata.org/docs/

Matplotlib: https://matplotlib.org/stable/contents.html
Seaborn: https://seaborn.pydata.org/

Scikit-learn: https://scikit-learn.org/stable/

Jl>xepena qaTaceTiB:

Kaggle Datasets: https://www.kaggle.com/datasets
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UCI ML Repository: https://archive.ics.uci.edu/ml/

Google Dataset Search: https://datasetsearch.research.google.com/

Awesome Public Datasets: https://github.com/awesomedata/awesome-

public-datasets



https://archive.ics.uci.edu/ml/
https://archive.ics.uci.edu/ml/
https://datasetsearch.research.google.com/
https://datasetsearch.research.google.com/
https://github.com/awesomedata/awesome-public-datasets
https://github.com/awesomedata/awesome-public-datasets
https://github.com/awesomedata/awesome-public-datasets

3MICTOBUH MOJYJIb 1: OCHOBH DATA SCIENCE TA
JOCJITHUIIBKA AHAJII3 JAHUX
Tema 1. OcHOBH Ta iHCTpYMeHTApil
Merta: nornubutu 3HaHHSA Hpo ekocuctemy Python mns Data Science,
OCBOITH po3lIupeHi MoxiauBocTi 6i0miorek Pandas, NumPy, Matplotlib Tta
Seaborn s eeKTUBHOI pOOOTH 3 JTAaHUMHU.
1. BuBueHHs1 JOKyMeHTaLii 0CHOBHHUX 0i0.1ioTEeK.

NumPy (https://numpy.org/doc/stable/): ocHoBu pobGotm 3 MacuBamw,

broadcasting Ta BeKTOpU30BaHI ormepallii, yHiBepcaJibHi (YHKIIII, JiHIHHA
anreopa.

Pandas (https://pandas.pydata.org/docs/): crpykrypu ganux (Series,

DataFrame), inekcairist Ta BUOipKa JaHUX, METOJIM arperariii Ta Tpancgopmariii,
poboTa 3 KareropialbHUMU JTAHUMHU.

Matplotlib (https://matplotlib.org/stable/): apxitekrypa 6i6miorexu (Figure,

AXxes), HaJlallITyBaHHS CTUJIIB Ta TeM, miarpadiku (subplots).

Seaborn (https://seaborn.pydata.org/): crarucTuuni Bidyasizaiiii, mapamerp

hue my1s rpym, TeMu Ta TATITPU KOJIBOPIB.

2. Po3zmmpeni onepaunii 3 Pandas.

[Ipuknan koxy st NPaKTUKA

import pandas as pd
import numpy as np
# CrBopiTh maTadperiM 3 npomaxamu
sales data = {
'date': pd.date range('2024-01-01', periods=100),
'product': np.random.choice(['A', 'B', 'C'], 100),
'region': np.random.choice ([ 'North', 'South', 'East’', 'West'],
100),
'sales': np.random.randint (100, 1000, 100),
'quantity': np.random.randint (1, 20, 100)

df = pd.DataFrame (sales data)


https://numpy.org/doc/stable/
https://pandas.pydata.org/docs/
https://matplotlib.org/stable/
https://seaborn.pydata.org/

3aBnaHHsA
Cknaowui onepayii 3 DataFrame
1. CtBopiTh pivot table 3 mpogakamu 1Mo NPOYKTaX Ta perioHax
2. Buxopucraiite melt juist nepetBopenns wide format Ha long format
3. OO'ennanite nBa maradperimMu 3a gomoMororo merge (inner, outer, left,
right)
4. Bukopucraiite concat s BEPTUKAIBHOTO Ta TOPU30HTAIBHOIO
00'eTHaHHS
3aeoanus Ha epynysanHs ma azpe2ayisi OaHUX:
1. 3rpynyiite naHi 3a IPOJYKTOM Ta PEriOHOM, MOPAXyHTe Pi3HI CTATUCTUKHU
2. Buxopucraiite agg() 3 kiibkomMa (GyHKIIIMH
3. 3acrocyiite transform() 115 1oaBaHHS arperoBaHUX 3HAYCHb
4. Bukopucraiite apply() 3 BI1acHOIO (yHKII€IO
5. CrBopith Multilndex Ta BukoHaiTe onepariii 3 HUM
Poboma 3 wacosumu psaoamu. 3ae0anusi:
1. BcranoBiTh date sk iHaekc Ta Bukopuctaite Datetimelndex
2. Buxomnaiite resample 1t arperaitii o THXHSIX/MICAIISIX
3. Pospaxyiite rolling mean ta rolling std
4. BusBITH IPOITYCKU B YACOBOMY PSiJIi Ta 3aMOBHITH iX
5. CtBopits lag features niis mporno3yBaHHs
CmeopernHs enacroeo Habopy eizyanizayiu. llo6yoyime KomniexcHuii Haoip

gizyanizayill 01 aHanizy OaHux:
import matplotlib.pyplot as plt

import seaborn as sns

INictorpama 3 KDE as po3noaity npoaxin
Boxplot 1151 mopiBHSIHHS poaXiB MO perioHax
Scatter plot 3 hue aJ1s1 3a71€KHOCTI MI>K O3HAKaMH

Heatmap xopensuiiinoi MaTpuiii

o B~ w0 DpE

Violin plot g5t po3noaity mo rpynax



6. Pair plot a1 BCiX 4MCIIOBUX 3MIHHHUX

7. Bar plot 3 momunkamu (error bars)

©

Line plot 3 Tpena-niHieio
KoHTpoJIbHI NUTAHHS
SIxi mepeBaru mae Pandas DataFrame Han cimckamu Ta CIOBHUKaMu?
Komnu vectorized onepariii eexkTUBHIII 32 KN ?
o take broadcasting B NumPy i six #iloro BUKOPUCTOBYBaTH?
VY yomy pi3Hung Mixxk merge() Ta join()?
Konu BukopuctoByBaT concat 3amicTh merge?
[lo Take kiroui 31UTTs (Keys) Ta sik BOHM NPaItOOTh?
Sxi Bunu 06'enHaHb iICHYIOTH (inner, outer, left, right)?

Sxuii rpadik BUKOPUCTOBYBATHU ISl IOKA3y PO3MOALTY?

© 0o N o g B~ w N E

Sk Bi3yaii3yBaTH 3B'sI30K MIXK JBOMA YUCIOBUMU 3MIHHUMU?
10.5Ixy Bi3yamizaiiiro oOpaTu JJis KaTeropiaibHUX JaHUX?

11.51x mokazaTu 3MiHY B 4aci?



Tema 2. ''iuOoke 3aHypeHHSI B OUMIIEHHS JaHUX
Merta: 0CBOITH pO3IMIUPEH] CTpaTerii podOTH 3 MPONMYIIEHUMH 3HAYCHHIMH

Ta BUKUJIAMH, HABUUTUCS 3aCTOCOBYBATH MPOCYHYTI METO/IUA IMITY Tallli.

1. locJrixzkeHHs1 TUITIB MPOMYCKIB
OmpairtoiiTe MaTepiai Mpo TpU TUITU MEXaHI13MIB MPOIYCKIB.

HpaKanHa YacTHHA

import pandas as pd
import numpy as np

import missingno as msno # pip install missingno

3aBnanHs 1: CuMysiis pi3HUX THUIIB IPOITYCKIB

def create mcar data(df, column, missing rate=0.2):
"""Cropurm MCAR nponycku"""
# Bam kom TyT
pass

def create mar data(df, column, dependent column, threshold):
"""Creopury MAR HpPONyCKM BajiexHO Bixn inmoi 3mMinnoi"™"
# Bam kom TyT
pass

def create mnar data(df, column, quantile threshold):
"""Creopury MNAR nponyckmu (Hanpukial, BincyTHl Bmcoxi 3Hauenus) """

# Bam xom TyT
pass

3aBaanns 2: Bizyanizauis naTepHiB MPOIYCKiB (BUKOPUCTAWTE missingno
JUIsE CTBOpEHHsI): matrix plot, bar chart, heatmap kopensiiii mpormyckis,

dendrogram.

2. lIpocynyTi MeToau iMmmyramii
KNN Imputation: from sklearn.impute import KNNTmputer
1. Peamizyiite KNN immyTartito 3 pi3Horo KiibkicTio cyciaiB (k=3, 5, 10).
2. TlopiBHsiiTe pe3ynbTaTH 3 MPOCTUM 3aIIOBHEHHSIM CEPEITHIM.
3. BizyamizyiiTe po3moii A0 1 Mics iMIyTalti.
4. OuiHITH BIUTUB Ha KOPEJSLIHHY CTPYKTYPY JaHUX.

[Ipuknan kony:



imputer = KNNImputer (n neighbors=5)

df imputed = imputer.fit transform(df numeric)

Iterative Imputer (MICE)

from sklearn.experimental import enable iterative imputer

from sklearn.impute import IterativelImputer

1. 3actocyiite Iterativelmputer 3  estimators BayesianRidge Ta
RandomForestRegressor

2. TlopiBHsHTE KIJIBKICTB 1TEpallii 10 KOHBEPreHIIil

3. OfiHITh AKICTH IMITyTaIlli HA CHHTETHYHUX JaHUX 3 BIIOMUMH 3HAYCHHSIMUA
Multiple Imputation

1. CrtBOpITh KiJIbKa IMITyTOBaHUX JaTaceTiB (m=>5).

2. TloOymyiiTe MOZENb HA KOKHOMY JaTaceTi.
3. OO0'ennaiiTe pe3ysbTaTH.
4

O1iHITh HEBU3HAYEHICTh, MOB'SI3aHY 3 MPOITYCKaMHU.

KoHTpobHi nMTaHHA
Yuwm Bigpizusotees MCAR, MAR ta MNAR? HageniTe npukiiaau.
YoMy npocToro BUAICHHS PSJIKIB 3 MPOMYCKaMHU 4acTO HEAOCTATHHO?
Sx KNN Imputation npatroe? Ski iioro nepeBaru Ta HeAOIIKU?
o Take MICE 1 yomy BiH epeKTUBHMIA?

SK OILIHUTH AKICThH IMITYTaIIi1?

o 0k~ wDdE

ki MeToM MOKHA BUKOPUCTATH JIJIs BUSIBIIGHHS TUITY MPOITYCKiB?



Tema 3. In:kenepist o3Hak (Feature Engineering)
Mera: onaHyBaTH MPOCYHYTI TEXHIKH CTBOPCHHS HOBUX O3HAK, HABUUTHUCS

TpaHchOpMyBaTH JIaH1 ISl MOKPALIEHHS SIKOCT1 MOJCIIEH.

1. CTBOpeHHS MOJIHOMIAJIBLHUX 03HAK

from sklearn.preprocessing import PolynomialFeatures

1. CTBOpIiTh MOIIHOMIANIbHI O3HAKH JIPYTOr'0 Ta TPETHOTO CTYTICHS.
2. Ilpoanamizyiite 301IbIIEHHS KUTHKOCTI O3HAK.
3. TloGynyiiTe Moienb Ta MOPIBHSIITE 3 JIIHINHOIO.

4. Bussite npoOnemy multicollinearity.

poly = PolynomialFeatures (degree=2, include bias=False)

X poly = poly.fit transform(X)

2. B3aemoais Mi’k 03HAKaMHu
1. CrtBopith 03HaKku B3aeMozil BpyuHy (multiply, divide, add, subtract)
2. Buxopucraiitte domain knowledge st CTBOpEeHHS 3MICTOBHUX
KOMOIHAII

3. OMiHITh BaXJIMBICTh CTBOPEHUX O3HAK

[Tpuknanu:

df ['price per sgm'] = df['price'] / df['area']
df['total rooms'] = df['bedrooms'] + df['bathrooms']

df ['luxury score'] = df['price'] * df['quality rating']

3. Target Encoding 3 peryjasipu3amicio

3aBaanns: peanmzyire Target Encoding 3 smoothing

def target encode smooth(train, test, column, target, alpha=5):

win

Target Encoding 3 perynsapusalien njas yHUMKHeHHS overfitting

Parameters:

train : DataFrame

test : DataFrame

column : str - HaszBa KaTeropiajlbHOI KOJIOHKMU
target : str - HaszBa UigpOBOI 3MI1HHOI

alpha : float - napameTp 3IJaOXyBaHHS



train_encoded, test encoded : DataFrame

1. POBp&XYBaTI/I FJIO6aJ]I)He CCPCIOHE: global mean = train[target].mean ()
2. Po3paxyBaTu CTaTUCTUKY JIJISI KOJKHOI KaTETOPIi: category stats =

3. BaCTOCYBaITI SUﬂOOthiﬂgI smoothed mean = (category mean * n +

global mean * alpha) / (n + alpha)

return train encoded, test encoded

4. Bi”iHT Ta AUCKpeTH3allis: MOPIBHSINTE Pi3HI CTPATETIi Ta iX BIUIMB HAa MOJIETTh

from sklearn.preprocessing import KBinsDiscretizer
# 1. Equal-width binning
age bins = pd.cut(df['age'], bins=5)

# 2. Equal-frequency binning (quantile-based)
age quantiles = pd.gcut(df['age'], g=4)

# 3. Custom bins based on domain knowledge
age custom = pd.cut(df['age'],
bins=[0, 18, 35, 50, 65, 1007,

labels=["'youth"', 'young adult', 'middle age',
'senior', 'elderly'])

# 4. Automatic binning 3 KBinsDiscretizer

discretizer = KBinsDiscretizer (n bins=5, encode='ordinal',
strategy='quantile')

5. Tpanchopmanii aasi HopMmagizamii po3mogijy: 3acTocyiite pi3HI
Tpancdopmariii. Bizyanizyiite po3noaiiu 10 Ta micis TpaHcdopmMaiiii, CTBOPITh

aBTOMAaTU30BaHUM pipeline

import scipy.stats as stats

# 1. Log transformation

df['log price'] = np.loglp(df['price'])

# 2. Square root

df['sqrt _area'] = np.sqrt(df['area'])

# 3. Box-Cox transformation

df ['boxcox income'], lambda param = stats.boxcox(df['income'] + 1)
# 4. Yeo-Johnson (works with negative values)

from sklearn.preprocessing import PowerTransformer
pt = PowerTransformer (method='yeo-johnson')
df['y] feature'] = pt.fit transform(df[['feature']])

from sklearn.pipeline import Pipeline
from sklearn.compose import ColumnTransformer
class FeatureEngineer:

wuan

Knac njns aBTOMaAaTMYHOLl 1HXeHepll o3HakK

wuan



def init (self, numeric features, categorical features):
self.numeric_ features = numeric_features
self.categorical features = categorical features

def create interactions(self, X):
"""CTBOPEHHS O3Hak B3aemomii"""
pass

def create aggregations(self, X, group col):
"""CTBOpPEeHHA arperosaHmx os3Hak"""
pass

def create polynomial (self, X, degree=2):
"""CTBOPEHHS NOoJIiHOMianmbHMX o3Hak"""
pass

def fit transform(self, X):
"""3acTocyBaHHA BCcix TpaHchopmauinm"""
X new = X.copy ()
# BacTrocyBaTu BCl MeTOmM
return X new

# BUKOPMCTAaHHS:

fe = FeatureEngineer (numeric features=['age', 'income'],
categorical features=['city', 'occupation'])
X engineered = fe.fit transform(X train)

o 0 k~ wDhE

KoHTpobHI nMTaHHA
o Take Feature Engineering i YoMy BiH BaJIHBUI?
Komu BukopucToByBaTH NojiiHOMIadbH1 03HAKU? AKi pu3uKu?
Yum Target Encoding BiapizuseTnes Bin One-Hot Encoding?
Sx ynuknyTu data leakage npu cTBopeHH1 03HaAK?
o Take feature importance 1 sik HOTO OIIHIOBATH?

Sxi Tpancopmariii BukopuctoByBaTH ais skewed posnominis?



Tema 4. IIpocra JiniliHa perpecis
Meta: mornuOuUTH pO3yMiHHS TPOCTOi JIHIAHOI perpecii, HaBUYUTHUCS

IHTEepIIPETYyBaTH PE3YyJbTATH Ta JIIarHOCTYBATH MPOOJIEMU MOJEII.

3aBIaHHA ISl CAMOCTIIIHOTO0 BUKOHAHHS
1. Po3yminHsI MAaTeMATH4YHOI OCHOBH
Omnpatioiite TeOpETUUHUN MaTepia:
e MeToJ HaliMeHImX kBajpaTi (OLS)
® TIpUITYLIEHHS JIHIIHHOT perpecii
® Koe(ILIEHTH Ta iX IHTepIpeTanis

® craTHCTUYHI TecTH (t-test, F-test)

3aBaaHHA: MOOyAyHTE MOJE/]Ib Ta IPOAHAIIZYHTE CTATUCTUKY

import statsmodels.api as sm

X = sm.add constant (X train)
model = sm.OLS (y train, X).fit()
print (model.summary())

[Ipoanamizyiire:
- R-squared Ta Adjusted R-squared
- P-values st koedirieHTiB
- F-statistic

- Residual analysis

2. Po3mmpeHi TexHiku perpecii
a) Ridge Regression (L2 peryasipu3anisi): noOyxayiite Ridge perpecito 3
pizaumu 3HayeHHsiMU alpha. TloOyayiite rpadik 3anexxHocTi score Bin alpha.

[Tpoananizyiite, Ik peryspu3ailisi BIUTMBAE HA KOS(IIIEHTH.

from sklearn.linear model import Ridge

from sklearn.model selection import GridSearchCV
alphas = [0.001, 0.01, 0.1, 1, 10, 100, 1000]
ridge scores = []

for alpha in alphas:



ridge = Ridge (alpha=alpha)

scores = cross_val score(ridge, X train, y_train, cv=5,
scoring='r2")

ridge scores.append(scores.mean())

0) Lasso Regression (L.1): mooyxayiite Lasso 3 pisaumu alpha. Bigctexre, sxi
Koe(illiEHTH CTalOTh HyJb0BUMHU. Bukopucraiite LassoCV 1151 aBTOMaTHuyHOTO

nigoopy alpha. [TopiBHSIITe BAXXITUBICTH O3HAK.

from sklearn.linear model import Lasso, LassoCV
lasso = Lasso (alpha=1.0)
lasso.fit (X train, y train)

B) ElasticNet: 3actocyiite ElasticNet (kom0inaris L1 ta L2). [TinGepits 11 _ratio

(cniBBimHomeHHs Mixk L1 ta L2). [TopiBasiiTe 3 Ridge Ta Lasso.

from sklearn.linear model import ElasticNet

2. Grid Search nans rinepmapamerpiB: onTuMizailis TineprapamMeTpis.
Bizyamizyiite grid search pesynbratu. 3HaiiaiTh Halikpaiil napamerpu. OIiHITh

Ha TE€CTOBI1H BUOIpII

from sklearn.model selection import GridSearchCV

param grid = {
'alpha': [0.001, ©0.01, 0.1, 1.0, 10.01,
'll ratio': [0.1, 0.3, 0.5, 0.7, 0.9]

}

grid search = GridSearchCV(
ElasticNet (),
param grid,
cv=>5,
scoring='neg mean squared error',
n_jobs=-1

)

grid search.fit (X train, y train)

3. Anaui3 koedimieHTIiB Ta iHTepmperamisi: iHTepHpeTaiiss MOICICH.
[TopiBHsiliTe KoedilieHTH pi3HUX Mojened. Bizyamizyiite koedimienTn. ki
o3HaKW HaWBaxuBinI? Sk perynspusaiis BIiMHYyJna Ha KoedimieHtu? Ski

o3Haku BugaiuB Lasso?



coef df = pd.DataFrame ({
'feature': feature names,
'linear': linear reg.coef ,
'ridge': ridge.coef ,
'lasso': lasso.coef ,
'elastic': elastic.coef

})

plt.figure(figsize=(12, 6))

coef df.set index('feature').plot (kind='bar')
plt.title('lopiBHsgHHa koebiuieHTir pisumx momemnen')
plt.xticks (rotation=45)

plt.legend()

4. liarHocTHKA perpecii: nepeBipka NpUMyIIeHb JIHIHHOT perpecii

a) Anaini3 3anunikiB (residuals)

residuals = y test - y pred

1) I'pagix sanuwxis vs npocnosu

plt.scatter(y pred, residuals)

plt.axhline (y=0, color='r', linestyle='--")
plt.xlabel ('Predicted Values')

plt.ylabel ('Residuals')

plt.title('Residual Plot')

2) Q-Q plot myist mepeBipKd HOPMATBHOCTI

import scipy.stats as stats
stats.probplot (residuals, dist="norm", plot=plt)

3) TecT HAa TOMOCKEIACTUYHICTH (MMOCTIAHICTD JUCTIEPCiT)
from scipy.stats import levene

0) BusiBneHHs: MyJIbTHKOJIIHEAPHOCTI

from statsmodels.stats.outliers influence import
variance inflation factor

# PospaxyHOk VIF misg KOXHOI O3HaKM

vif data = pd.DataFrame ()

vif data["feature"] = X train.columns

vif data["VIF"] = [variance inflation factor (X train.values, 1i)
for 1 in range(len(X train.columns)) ]

# IuTepnperauis: VIF > 10 Bxasye Ha npobiemy

B) BusiBiieHHS BILIMBOBUX TOYOK

from statsmodels.stats.outliers influence import OLSInfluence
# Cook's distance

# Leverage

# Studentized residuals



o 0k~ w0 D e

IIpakTHYHUI Kelic: MPOrHO3yBaHHS IiH HA HEPYXOMICTh

3aBaaHHS: TOBHUH ITUKJI aHATI3Y

l.

3aBanTaxTe naracet (House Prices abo BiacHuit)

2. EDA Tta miaroroska gaHux
3. Feature engineering

4.
5
6
7

[ToGynytite 4 moaemi: Linear, Ridge, Lasso, ElasticNet

. IlopiBH#iiTe pe3yabTaTu
. BukoHaiiTe niarHocTUKy HalKpaioi Mojei

. [nTepniperyiiTe pe3yabTaTH Ta 1aliTe peKoMeHaaIlll

KoHTpoabHiI nMTaHHA

VY yomy pizuuisg Mk L1 ta L2 perynspusaiiero?

Yomy Lasso Moke 3MeHITYBaTH KOE(PILIEHTH 10 HYJIS?

Konu BukopuctoByBatu Ridge, a komu Lasso?

[Ilo Take MyJIbTHUKOJIIHEAPHICTh 1 YOMY BOHA IIpodiema?

Sx inrepnperyBatu VIF?

[ITo moka3ye rpadik 3aIHIIKIB?



Tema 5. MHokMHHA JIiHIHHA perpecisi Ta oniHKa Moaei
Merta: nmpakTHYHO OCBOITH MOBHMI UKJ OOY/TOBH Ta OIIHKU PErpeciiHuX
MOJIeJIeH, BKIJIIOYAIOUM BaliIallifo, TMOPIBHAHHSA METPUK Ta I1HTEPHpETaIlito
pe3yJIbTaTiB.
3aBaaHHS ISl CAMOCTIiHOT0 BUKOHAHHSA
1. Po3amiupennst Habopy 03HAK
3aBHaHHS: CTBOPITH KOMIUIEKCHY MOJIENb.
1. YucnioBi 03HaKM 3 TpaHCPopMaLisIMU
2. Kareropiansni o3Haku (OHE a6o Target Encoding)
3. O3Haku B3aeMOAIT

4. ToninomianbH1 03HAKU (00EPEKHO 3 PO3MIPHICTIO)

# lpuxnan pipeline:
from sklearn.compose import ColumnTransformer
from sklearn.pipeline import Pipeline

numeric transformer = Pipeline (steps=][
('imputer', SimpleImputer (strategy='median')),
('scaler', StandardScaler())
1)
categorical transformer = Pipeline (steps=]
('imputer', SimpleImputer (strategy='constant',
fill value='missing')),
('onehot', OneHotEncoder (handle unknown='ignore'))
1)
preprocessor = ColumnTransformer (
transformers=]|
("num', numeric transformer, numeric features),
('cat', categorical transformer, categorical features)
1)
model pipeline = Pipeline (steps=][

('preprocessor', preprocessor),
('regressor', Ridge())

1)
2. Cross-Validation ta Learning Curves: K-Fold Cross-Validation.Pi3ui

crpaterii CV: KFold, StratifiedKFold (mys perpecii 3 binning), TimeSeriesSplit
(sx110 € yacoBa 3aiexHicTh). Learning Curves. Yu € overfitting? Uu qomomosxke

OlIbIlIe JaHUX?

from sklearn.model selection import cross val score, learning curve
cv_scores = cross_val score(model, X train, y train,

cv=5,

scoring='neg mean squared error')



print (f"CV RMSE: {np.sgrt (-cv_scores.mean()) :.3f} (+/-
{np.sqgrt (cv_scores.std()):.3f})")
train sizes, train scores, val scores = learning curve(
model, X train, y train,
train sizes=np.linspace(0.1, 1.0, 10),
cv=5,
scoring='neg mean squared error',
n_jobs=-1

)

# Bisyaniszauis

plt.figure(figsize=(10, 6))

plt.plot(train sizes, -train scores.mean(axis=1), label='Training')
plt.plot(train sizes, -val scores.mean(axis=1), label='Validation')
plt.xlabel ('Training Set Size')

plt.ylabel ('MSE')

plt.legend()

plt.title('Learning Curves')

3. AHajgi3 NOMMWJIOK: [JEeTaJbHUN aHali3 MOMWIOK. Po3mojain MOMHIIOK.
BuzHaueHHs1 HalOUIBIIMX NOMWIOK. BUSBIEHHS maTepHIB y moMuikax. Yu €
CUCTEMAaTUYHA YHEPEKEHICTh? VY SKUX BHIAJKaX MOJEIb HNOMUISETHCS

HauoIBIIIE?

errors = y test - y pred

plt.hist (errors, bins=50)

plt.xlabel ('Error')

plt.ylabel ('Frequency')
plt.title('Distribution of Prediction Errors')

# 2. Hanbinpmi ODOMUIIKU
error_analysis = pd.DataFrame ({
'actual': y test,
'predicted': y pred,
'error': errors,
'abs error': np.abs(errors),
'pct_error': np.abs(errors) / y test * 100

})

# Ton-10 HaMOijapmMX TOMUIIOK
worst predictions = error analysis.nlargest (10, 'abs error')

# 3. AHaNis NmoOMMJIOK II0 OianasoHax LiH

error analysis['price range'] = pd.cut(y test, bins=5)
error by range =
error_analysis.groupby('price range') ['abs error'].mean ()

4. Feature Importance Ta Selection: BU3HaueHHS BaXJIMBOCTI O3HAK

Merton 1: Koedimientu ajs AiHIHHUX MOJeaen

feature importance = pd.DataFrame ({

'feature': feature names,
'importance': np.abs (model.coef )
}) .sort values ('importance', ascending=False)

Merton 2: Permutation Importance



from sklearn.inspection import permutation importance
perm importance = permutation importance (
model, X test, y test,
n repeats=10,
random_state=42
)
# Bisyaniszauis
plt.barh (feature names, perm importance.importances mean)
plt.xlabel ('Permutation Importance')
plt.title('Feature Importance')

Meton 3: Recursive Feature Elimination

from sklearn.feature selection import RFE

rfe = RFE (estimator=Ridge (), n_ features to select=10)
rfe.fit (X train, y train)
selected features = [f for f, s in zip(feature names, rfe.support ) if s]

IIpakTuyHe 3aBaaHHsA: cTBOPITh MoBHUN ML pipeline

from sklearn.feature selection import SelectKBest, f regression
full pipeline = Pipeline ([
('"preprocessing', preprocessor),
('feature selection', SelectKBest (f regression, k=20)),
('regressor', Ridge (alpha=1.0))
1)

# Grid search mo Bcbomy pipeline

param grid = {
'feature selection_ k': [10, 15, 20, 257,
'regressor alpha': [0.1, 1.0, 10.0]

}

grid search = GridSearchCV (
full pipeline,
param grid,
cv=5,
scoring='neg mean squared error',
verbose=2

;ridisearch.fit(xitrain, y_train)

KonTpoabHi nMTaHHA
YoMy BaKJIMBO BUKOPUCTOBYBaTH cross-validation?
Sx inTepnperyBartu learning curves?
Sxa pizauns mixk MAE ta RMSE?
[Ilo o3Hauae HeraTUBHE 3HaAYEHHS R??

Sk BusiBuTH overfitting 3a nonomoroto CV?

o a0 bk~ w D BE

[I{o Take permutation importance?



Tema 6. IlonsaTrs kaacudikamii
Mera: ocBoiTH OcCHOBH OiHapHOT Kiacu@ikaili, 3po3yMiTH pPOOOTY
JIOTICTUYHOI perpecii Ta HABYUTHUCS 00MpaTH MPaBUIILHUM MOPIT Ki1acuiKallii.

3aBaaHHA AJI81 CAMOCTIHHOT0 BUKOHAHHA

1. Peanizauis joricruuHoi perpecii. bazoBa moaenb Ta anaJji3 koedinieHTIB

from sklearn.linear model import LogisticRegression

# BaBmanusg 1: BaszoBa MOZEJIb
logreg = LogisticRegression(random state=42)
logreg.fit (X train, y train)

# OTprMaHHS HMOBIPHOCTENR
y_proba = logreg.predict proba (X test)[:, 1]

# BaBmaHHs 2: AHaiiz koe(dliIli€HTIB
coef df = pd.DataFrame ({
'feature': feature names,
'coefficient': logreg.coef [0],
'odds ratio': np.exp(logreg.coef [0])
})

[TosicHenHs:
Odds Ratio > 1: 3011bIII€HHS O3HAKH TT1BUIILYE€ HMOBIPHICThH Ki1acy 1

Odds Ratio < 1: 3MeHIy€e HMOBIPHICTD

3. Bubip nmopory kiaacu@ikamnii: eKCiepuMeHTYBaHHS 3 HOPOTOM

thresholds = np.linspace (0, 1, 101)
metrics by threshold = []

for threshold in thresholds:
y_pred custom = (y proba >= threshold).astype (int)

precision = precision score(y test, y pred custom)
recall = recall score(y test, y pred custom)
fl = f1 score(y test, y pred custom)

metrics by threshold.append ({
'threshold': threshold,

'precision': precision,
'recall': recall,
'f1': f1

1)

metrics df = pd.DataFrame (metrics by threshold)

# Bisyanisauis
plt.figure (figsize=(12, 6))



plt.plot (metrics df['threshold'], metrics df['precision'],
label="Precision')

plt.plot (metrics df['threshold'], metrics df['recall'], label='Recall')

plt.plot (metrics df['threshold'], metrics df['fl'], label='Fl-Score')

plt.xlabel ('Threshold"')

plt.ylabel ('Score')

plt.legend()

plt.title('Metrics vs Classification Threshold')

plt.grid(True)

Iuranusa 19 aHamizy:
1. Ilpu sxomy nopo3i F1-score MmakcuManbHUA?
2. SIk 3minroetscs trade-off mixkx Precision ta Recall?

3. Sxwuit mopir oOpaTu 11s Bamoi Oi3Hec-3a1a4i?

4. Kaniopauis imMoBipHOCTEH

IHepeBipka kagiopauii moaeJti

from sklearn.calibration import calibration curve,
CalibratedClassifierCvVv

# 1. Tlobymoma calibration curve

prob true, prob pred = calibration curve(y test, y proba, n bins=10)

plt.figure(figsize=(8, 6))

plt.plot (prob pred, prob true, marker='o')

plt.plot ([0, 1], [0, 1], linestyle='--', color='gray')
plt.xlabel ('Predicted Probability')

plt.ylabel ('True Probability')

plt.title('Calibration Curve')

plt.grid(True)

[TosicHeHnHs: Km0 KpuBa OJM3bKA JO JlaroHal - MOJENIb J100pe
KaJliOpoBaHa, SKIO BUIIE - MOJEIh HAJATO ONTUMICTHYHA, SKIO HIDKYE - HAATO

IECUMICTHUYHA

Kaniopauis mogeti

calibrated model = CalibratedClassifierCV (logreg, cv=5,
method='sigmoid')

calibrated model.fit (X train, y train)
y_proba calibrated = calibrated model.predict proba (X test) [:, 1]



S.

IlopiBHsiHHsA 3 iHWIKMMH KjIacu(ikaTopamMM: TOPIBHSNTE

Kiacudikaropu

from sklearn.tree import DecisionTreeClassifier
from sklearn.neighbors import KNeighborsClassifier
from sklearn.naive bayes import GaussianNB

models = {
'Logistic Regression': LogisticRegression(),
'Decision Tree': DecisionTreeClassifier (max depth=5),
'"KNN': KNeighborsClassifier (n neighbors=5),
'Naive Bayes': GaussianNB ()

}
results = []

for name, model in models.items () :
model.fit (X train, y train)
y_pred = model.predict (X test)

accuracy = accuracy score(y test, y pred)
precision = precision score(y_test, y pred)
recall = recall score(y test, y pred)

f1 = fl1 score(y_ test, y pred)

results.append ({
'Model': name,
'Accuracy': accuracy,
'Precision': precision,
'Recall': recall,
'Fl-Score': f1

})

results df = pd.DataFrame (results)

print (results_ df)

o B~ WD

KoHTpobHI nMTaHHA
Yomy JoricTM4Ha perpecis Ha3UBaeTbcs  '"perpeciero”,
kinacudikaropom?
1o Take odds ratio i sik ioro iHTEepHpeTyBaTU?
Yomy nopir 0.5 He 3aBKIU ONTUMAJIbHUNA?
[I{o Take xamiOpartis Moei?

Komnu norictuyna perpecis npaiiroe 1o0pe, a Koau Hi?

0a3o0Bi

Xo4gya €



Tema 7. Ouinka mogesied kaacu@ikamii
Merta: onaHyBaTH pO3LIMPEHI METPUKH Kiacuikallii, HABYUTHUCS MPAIIOBATH 3
He30alaHCOBaHMMM JTaHMMHU Ta BHKOpUcTOByBaTM ROC-AUC 115 OINIHKH
MOJIEJIEN.

3aBaaHHS ISl CAMOCTIiHOTO BUKOHAHHSA
1. ROC-kpuBa Tta AUC wMmerpuka. I[loOyayiite ROC-kpuBy. 3HailmiTh
onTuMaibHUM Topir 3a KputTepieM Youden's Index. ITopiBasiite ROC-kpuBi

KUTIBKOX MOJENEH

from sklearn.metrics import roc curve, roc_auc_score, auc
import matplotlib.pyplot as plt

# Nobymora ROC-KpmBOIL

y_proba = model.predict proba (X test) [:, 1]
fpr, tpr, thresholds = roc curve(y test, y proba)
roc_auc = auc (fpr, tpr)

# Bisyamisauis

plt.figure(figsize=(10, 8))

plt.plot (fpr, tpr, color='darkorange',K 1lw=2,
label=f'ROC curve (AUC = {roc_auc:.2f})")

plt.plot ([0, 11, [0, 1], color='navy', lw=2, linestyle='--"',
label="'Random Classifier')

plt.x1im([0.0, 1.07)

plt.ylim([0.0, 1.057)

plt.xlabel ('False Positive Rate')

plt.ylabel ('True Positive Rate')

plt.title('Receiver Operating Characteristic (ROC) Curve')

plt.legend(loc="lower right")

plt.grid(True, alpha=0.3)

plt.show ()

# BHarmiTe onTMMANBHMM HOP1T 3a kpurepiem Youden's Index
# Youden's Index = TPR - FPR

youdens index = tpr - fpr

optimal idx = np.argmax (youdens index)

optimal threshold = thresholds[optimal idx]

print (£"OnTuManeHMM mopir: {optimal threshold:.3f}")
print (£"TPR: {tpr[optimal idx]:.3f}, FPR: {fpr[optimal idx]:.3f}")

# NopiBusHHS ROC-KPMBMX K1JBKOX MOIeJeM

models roc = {
'Logistic Regression': LogisticRegression(),
'Random Forest': RandomForestClassifier(n estimators=100),
'Gradient Boosting': GradientBoostingClassifier()

}
plt.figure(figsize=(10, 8))

for name, model in models roc.items () :



model.fit (X train, y train)

y_proba = model.predict proba (X test)[:, 1]
fpr, tpr, _ = roc curve(y test, y proba)
roc_auc = auc(fpr, tpr)

plt.plot (fpr, tpr, lw=2, label=f'{name} (AUC = {roc auc:.2f})")

plt.plot ([0, 11, [0, 11, 'k--', 1lw=2, label='Random')
plt.xlabel ('False Positive Rate')

plt.ylabel ('True Positive Rate')

plt.title ('ROC Curves Comparison')

plt.legend()

plt.grid(True, alpha=0.3)

plt.show ()

2. Precision-Recall kpuBa: nooyayiite PR-kpuBy /1 He30amaHCOBaHUX TaHUX

from sklearn.metrics import precision recall curve, average precision score
#PR-xpuBa njsa He30ajIaHCOBAHUX IOaHUX

precision, recall, thresholds pr = precision recall curve(y test, y proba)
avg_precision = average precision score(y test, y proba)

plt.figure(figsize=(10, 8))

plt.plot(recall, precision, color='blue', 1lw=2,
label=f'PR curve (AP = {avg precision:.2f})")
plt.axhline(y=y test.mean(), color='red',6 linestyle='--"',
label=f'Baseline (Positive Rate = {y test.mean():.2f})")

plt.xlabel ('Recall')

plt.ylabel ('Precision')
plt.title('Precision-Recall Curve')
plt.legend()

plt.grid(True, alpha=0.3)
plt.show ()

[losichennsa: na Bigminy Big ROC, PR-kpuBa Ouibin i1HpOpMaTuBHA MJis
He30amaHCOBaHUX KJIACiB,0CKIITbKH (POKYCYETHCS HA TTO3UTUBHOMY KJlaci

3. Po0oTa 3 He30a1aHCOBAHMMH KJIACAMU

a) Texuiku Resampling: nepeBipka 6anancy kiaciB. Oversampling 3 SMOTE.

Undersampling. KomGinoBaHmit miaxiz.

from imblearn.over sampling import SMOTE, ADASYN, RandomOverSampler
from imblearn.under sampling import RandomUnderSampler, TomekLinks
from imblearn.combine import SMOTETomek

# 3BaBmanus 1: IlepeBipka 0OajlaHCy KJjacis

print (f"Posnonin xnacie:\n{y train.value counts()}")

print (f"CnieBimHOmEeHHS : {y train.value counts () [1] /
y_train.value counts() [0]:.3£f}")

# 3BaBmanus 2: Oversampling 3 SMOTE

smote = SMOTE (random state=42)

X train smote, y train smote = smote.fit resample(X train, y train)
print (f"\nllicns SMOTE:\n{pd.Series(y train smote).value counts()}")
# IoBbymoma Momesii Ha 30ajlaHCOBAHUX IAHUX



model smote = LogisticRegression()

model smote.fit (X train smote, y train smote)

y _pred smote = model smote.predict (X test)

# [opiBHAHHS pPe3yNbTaTiB

print ("\nOpurinaneui maui:")
print(classification report(y test, y pred original))
print ("\nlicma SMOTE:")

print (classification report(y test, y pred smote))

# 3aBmanus 3: Undersampling

undersampler = RandomUnderSampler (random state=42)

X train under, y train under = undersampler.fit resample(X train, y train)
# 3aBmanus 4: KomOiHOBaHMN nimxin

smote tomek = SMOTETomek (random state=42)

X train combined, y train combined = smote tomek.fit resample (X train,
y_train)
# BaBpmauHsa 5: lopiBHsAHHS BCcix ninmxonis
strategies = {
'Original': (X train, y train),
'SMOTE': (X train smote, y train smote),
'Undersampling': (X train under, y train under),
'SMOTE+Tomek': (X train combined, y train combined)

}
results resampling = []
for name, (X, y) in strategies.items():
model = LogisticRegression ()
model.fit (X, vy)
y_pred = model.predict (X test)
results resampling.append ({
'Strategy': name,
'Accuracy': accuracy_ score(y test, y pred),
'Precision': precision score(y test, y pred),

'Recall': recall score(y test, y pred),
'F1': fl score(y test, y pred),
'AUC': roc_auc_score(y test, model.predict proba (X test)[:, 1])

})
results df = pd.DataFrame (results resampling)
print (results_ df)

0) Class Weights: BuxopucTanHs BOyJJOBaHUX MEXaHI3MiB OalaHCyBaHHS

# ABTOMaTMUHE OOUMCJIEHHS Bar
from sklearn.utils.class weight import compute class weight

class_weights = compute class weight (
'balanced’,
classes=np.unique (y train),
y=y train
)
class_weight dict = {i: w for i, w in enumerate(class_weights) }

print (f"Class weights: {class weight dict}")

# Monesnb 3 Baramm
model weighted = LogisticRegression(class weight='balanced')
model weighted.fit (X train, y train)

# AGo manually:
model manual = LogisticRegression(class weight=class weight dict)
model manual.fit (X train, y train)



# TMopiBHAHHS

y_pred weighted = model weighted.predict (X test)
print ("\n3 class weight='balanced':")

print (classification report(y test, y pred weighted))

8) Threshold Moving: xopexkilisi Topory i1 He30alaHCOBaHUX KJIaciB

# BHarmiTe onTMMaNbHUM HOpPiT 3a Fl-score
y_proba = model.predict proba (X test)[:, 1]
thresholds = np.linspace (0, 1, 100)

fl scores = []

for threshold in thresholds:
y_pred threshold = (y proba >= threshold) .astype (int)
fl = fl1 score(y test, y pred threshold)
fl scores.append(fl)

optimal threshold = thresholds[np.argmax (fl scores)]
print (£"OnTuManeHMM mopir misa MmMakcuManbHoTo Fl: {optimal threshold

# 3acToCyBaHHSA ONTMMAJIBHOT'O IIOPOTY

y_pred optimal = (y proba >= optimal threshold) .astype (int)
print ("\n3 onTuMmasbHMM HopoToM:")
print(classification report(y test, y pred optimal))

4. lonaTKOBi METPUKHU: PO3PAXyHOK PO3IIUPEHUX METPUK

from sklearn.metrics import (
matthews corrcoef,
cohen kappa score,
balanced accuracy score,
log loss,
brier score_ loss

def comprehensive evaluation(y true, y pred, y proba):

KommnmexcHa ouiHka kjacubikaTopa

win

metrics = {
'Accuracy': accuracy_ score(y true, y pred),

.31

'Balanced Accuracy': balanced accuracy score(y true, y pred),

'Precision': precision_score(y true, y pred),
'Recall': recall score(y true, y pred),
'Fl1-Score': fl score(y true, y pred),

'MCC': matthews corrcoef(y true, y pred),
'"Cohen\'s Kappa': cohen kappa score(y true, y pred),
'AUC-ROC': roc_auc_score(y_ true, y proba),
'Log Loss': log loss(y true, y proba),
'Brier Score': brier score loss(y true, y proba)
}

return metrics

# 3BacToCcyBaHHA
metrics result = comprehensive evaluation(y test, y pred, y proba)
for metric, value in metrics result.items():

print (f" {metric}: {value:.4f}")

# TOSCHEHHS METPUK:



# - MCC (Matthews Correlation Coefficient): BpaxoBye Bci 4 xoMmipkm confusion
matrix

# - Cohen's Kappa: BpaxoBye BUINAIKOBE CIiBIamiHHA

- Balanced Accuracy: cepenHe Bin Recall mo kJjacax

- Log Loss: OLI1HIE BIEBHEH1CTbL MNPOTHOS31B

- Brier Score: MSE nis MMOB1pHOCTEM

+ H

IpakTHuHuMii Keic: BUSBICHHS IIaXpalChKUX TPaH3aKIIIM
3aBHaHHS: TOBHUH MK pOOOTH 3 HE30AIIAHCOBAHUMH JTAHUMU
1. 3aBanTtaxre garacer (Credit Card Fraud Detection 3 Kaggle)
2. IlpoBenite EDA, 3BepHITh yBary Ha qucOajlaHc KJ1aciB
3. [ToGynyiite baseline Mmoaenb
4. 3actocyiTe pi3HI TEXHIKH pOOOTH 3 JUCOATAHCOM:

- SMOTE

- Class weights

- Threshold tuning
5. [lopiBHsHTE Pe3yIbTATH 3a IOMOMOTOIO:

- ROC-AUC

- PR-AUC

- F1-score

- MCC
6. O0epiTh HallKpally CTpaTerito
7. [IpoBeniTh aHaIi3 MOMIJIOK (SIK1 TpPaH3aKIlii MOJIENb MPOMYCKae?)

8. ChopmyroiiTe pekoMeHarlii aJist 0i3Hecy

KoHTpoabHi nMTaHHA
VY yomy pizuunsg mixk ROC-AUC ta PR-AUC?
Komu BukopuctoByBatu SMOTE, a xonu class weights?
[Ilo Take Matthews Correlation Coefficient?
Yomy Accuracy Moxke OyTH OMaHIMBOIO METPUKOIO?

Sk inTeprperyBatu ROC-kpuBy?

o a0 bk~ w Dd e

[Io kpare 1715 He30alaHCOBAHUX KJaciB: precision uu recall?



3MICTOBUH MOAYJIb 2: PO3IUUPEHI TEXHOJIOT' I
Tema 8. /lepeBa pimieHb
Mera: raMOOKO 3pO3yMITH MeEXaHi3M poOOTH JepeB pillleHb, HABUMUTHUCS
KOHTPOJIIOBATH iX CKJIQJHICTh Ta IHTEPIPETYBATH PE3YJIbTATH.
3aBaaHHS ISl CAMOCTIiHOTO BUKOHAHHSA

1. Po3yminnsa mexauizmie po3oumms

3aBaanHs 1: peanizyiite po3paxyHok eHtpomii Ta Gini impurity
import numpy as np

def entropy(y):

PospaxyHOK eHTporil

H(S) = -2 p i * log2(p i)
_, counts = np.unique(y, return counts=True)
probabilities = counts / len(y)

return -np.sum([p * np.log2(p) for p in probabilities if p > 0])

def gini impurity(y):

PospaxyHok Gini impurity

Gini(S) =1 - % p i?

_, counts = np.unique(y, return counts=True)
probabilities = counts / len(y)

return 1 - np.sum([p**2 for p in probabilities])

3aBnanHs 2: po3paxyHok Information Gain

def information gain(parent, left child, right child, criterion='entropy'):

win

IG = H(parent) - (n_left/n_total * H(left) + n_right/n_total * H(right))
mwoan
if criterion == 'entropy':
impurity func = entropy
else:
impurity func = gini_ impurity

n total = len(parent)
n left = len(left child)
n _right = len(right child)

parent impurity = impurity func (parent)
weighted child impurity = (
(n left / n total) * impurity func(left child) +
(n_right / n_total) * impurity func(right child)
)

return parent impurity - weighted child impurity



IIpukiaag BUKOPUCTAHHA

# BaTexiecbkuMIT By30Jd: 6 knac 0, 4 kjac 1

parent = np.array([0]*6 + [1]*4)

# Jlipa murtmHa nicnsa posburra: 5 xjpac 0, 1 xnac 1
left = np.array([0]*5 + [1]*1)

# Ipaea amuTmea: 1 xjac_ 0, 3 xmac_ 1

right = np.array([0]1*1 + [1]*3)

print (f"Entropy parent: {entropy(parent):.4f}")
print (£"Gini parent: {gini impurity(parent):.4f}")
print (f"Information Gain: {information gain (parent, left, right):.4f}")

2. Excnepumenmu 3 zZinepnapamempamu

3aBnanus 1: BrumB max_depth

from sklearn.tree import DecisionTreeClassifier
from sklearn.model selection import GridSearchCV

depths = range(l, 21)
train scores = []
test scores = []

for depth in depths:
tree = DecisionTreeClassifier (max depth=depth, random state=42)
tree.fit (X train, y train)

train scores.append(tree.score (X train, y train))
test scores.append(tree.score (X test, y test))

# Bisyamisauis

plt.figure(figsize=(10, 6))

plt.plot (depths, train scores, label='Train', marker='o')
plt.plot (depths, test scores, label='Test',K marker='s')
plt.xlabel ('Max Depth')

plt.ylabel ('Accuracy')

plt.title('Model Complexity vs Performance')

plt.legend()

plt.grid(True)

plt.show ()

3aBnanng 2: kommiekcuui Grid Search

param grid = {
'max depth': [3, 5, 7, 10, None],
'min_samples split': [2, 5, 10, 20],
'min_samples leaf': [1, 2, 5, 10],
'criterion': ['gini', ‘'entropy'l]l,
'splitter': ['best', 'random']

}

grid search = GridSearchCV (
DecisionTreeClassifier (random state=42),
param grid,
cv=5,



scoring="'f1l",
verbose=1,
n_jobs=-1

)

grid search.fit (X train, y train)

print (f"Best parameters: {grid search.best params }")
print (f"Best CV score: {grid search.best score :.4f}")

3aBnanns 3: anani3 pe3yasTaTiB Grid Search

results df = pd.DataFrame (grid search.cv_results )
results df results df.sort values('rank test score')

# Bisyamizauia Ton-10 xoubirypauin

top configs = results df.head(10)

plt.figure(figsize=(12, 6))

plt.barh(range(10), top configs['mean test score'])
plt.yticks(range(10), [str(p) for p in top configs['params']])
plt.xlabel ('Mean F1 Score')

plt.title('Top 10 Hyperparameter Configurations')

plt.tight layout ()

plt.show()

3. Bizyanizauia ma inmepnpemauisn

3aBnaHHs 1: Bizyamizaliis aepeBa

from sklearn import tree
import graphviz

best tree = grid search.best estimator

# Merom 1: Matplotlib
plt.figure(figsize=(20, 10))
tree.plot tree(
best tree,
feature names=feature names,
class_names=['Class 0', 'Class_1'],
filled=True,
rounded=True,
fontsize=10
)
plt.title('Decision Tree Visualization')
plt.show ()

# Mertonm 2: Graphviz (xpammi BUIJISL)
dot data = tree.export graphviz (
best tree,
out file=None,
feature names=feature names,
class names=['Class 0', 'Class 1'],
filled=True,
rounded=True,
special characters=True



graph = graphviz.Source (dot data)
graph.render ("decision tree", format='png', cleanup=True)
# 30epexernca ¢ann decision tree.png

3aBaaHHs 2: aHaII3 TTPaBUII

def get tree rules(tree, feature names):

won

BUTATHYTM NpaBujla 3 IepeBa y TEeKCTOBOMY BUIJIAIL

tree = tree.tree

feature name = [
feature names[i] if i != tree.tree .TREE UNDEFINED else "undefined!"
for i in tree .feature

]

def recurse (node, depth, rules list, current rule):

indent = " " * depth
if tree .feature[node] != tree.tree .TREE UNDEFINED:
name = feature name[node]

threshold = tree .threshold[node]

# Jliea rimnka (<=)

left rule = current rule + f"{name} <= {threshold:.2f}"

recurse (tree .children left[nodel], depth + 1, rules list,
left rule + " AND ")

# MpaBa riska (>)
right rule = current rule + f"{name} > {threshold:.2f}"

recurse (tree .children right[node], depth + 1, rules list,
right rule + " AND ")
else:

# JlucTOBUM BY30JI

class name = np.argmax(tree .value[node][0])

rules list.append ({
'rule': current rule[:-5], # BumamuTu ocraHHe " AND "
'class': class name,
'samples': tree .n node samples[node]

})

rules = []
recurse (0, 1, rules, "IF ")
return pd.DataFrame (rules)

# OTpmMaHHS IpPaBUI

rules df = get tree rules(best tree, feature names)

print ("Top 5 rules by sample count:")

print (rules _df.sort values('samples', ascending=False) .head())

3aBnanns 3: Feature Importance

importances = best tree.feature importances
indices = np.argsort (importances) [::-1]

plt.figure(figsize=(10, 6))

plt.title("Feature Importances")

plt.bar (range(len(importances)), importances|[indices])
plt.xticks (range (len(importances)), [feature names[i] for i in indices],
rotation=45)

plt.tight layout ()



plt.show ()

# Tabmuigs BaXJIMBOCTIL
importance df = pd.DataFrame ({
'feature': feature names,
'importance': importances
}) .sort values ('importance', ascending=False)

print (importance df)

4. O0pizka nepes (Pruning)

3aBaanns: Cost Complexity Pruning

# 1. IloBbymoBa MOBHOTO IepeBa
full tree = DecisionTreeClassifier (random state=42)
full tree.fit(X train, y train)

# 2. OrpumaHHa miaxy oOpisxu
path = full tree.cost complexity pruning path(X train, y train)
ccp_alphas = path.ccp_ alphas
impurities = path.impurities

# 3. HaBuaHHSA nmepeB 3 piszummm alpha

trees = []
for ccp _alpha in ccp_alphas:
tree = DecisionTreeClassifier (random state=42, ccp alpha=ccp alpha)

tree.fit (X train, y train)
trees.append(tree)

# 4. Ouinka Ha train Ta test
train scores = [tree.score(X train, y train) for tree in trees]

test scores = [tree.score(X test, y test) for tree in trees]

# Bisyanisauisa
fig, ax = plt.subplots(l, 2, figsize=(15, 5))

# T'padix 1: Accuracy vs alpha

ax[0] .plot (ccp_ alphas, train_ scores, marker='o"', label="Train',
drawstyle="steps-post")
ax[0] .plot (ccp_alphas, test scores, marker='s', label="Test',

drawstyle="steps-post")
ax[0] .set xlabel('alpha')

ax[0] .set ylabel ('Accuracy')

ax[0].set title('Accuracy vs alpha for training and testing sets')
ax[0].legend()

ax[0].grid()

# T'padbix 2: KimbkicTe By3JIiB vs alpha

node counts = [tree.tree .node count for tree in trees]
depth = [tree.tree .max depth for tree in trees]
ax[1l].plot (ccp alphas, node counts, marker='o"', label="Node Count',

drawstyle="steps-post")

ax[1l].plot (ccp alphas, depth, marker='s', label='Depth', drawstyle="steps-
post")

ax[1l].set xlabel('alpha')

ax[1l].set _ylabel ('Count/Depth')

ax[l].set title('Tree Complexity vs alpha')

ax[1l].legend()



ax[1].grid()

plt.tight layout ()
plt.show ()

# Bubip omTumManbHOTO alpha

optimal idx = np.argmax(test scores)

optimal alpha = ccp alphas[optimal idx]

optimal tree = trees[optimal idx]

print (£"Optimal alpha: {optimal alpha:.6f}")

print (f"Test accuracy: {test scores[optimal idx]:.4f}")
(
(

print (f"Tree depth: {depth[optimal idx]}")
print (f"Node count: {node counts[optimal idx]}")

KonTpoabHi nMTaHHA
VY yomy pizuuig Mixk Gini ta Entropy?
[Ilo Take Information Gain?
SIk1 mapaMeTpu KOHTPOJIIOIOTh CKJIA/IHICTh JepeBa’
1o Take pre-pruning Ta post-pruning?

Yomy aepeBa pilieHb CXHIIbHI 10 overfitting?

o g bk~ w0 Dd e

Sk inTepnperyBaru feature importance?



Tema 9. Aucam0J1eBi MeToan. BunaaxkoBui Jiic
Mera: 0CBOITH MIPUHITUIIN aHCAMOJIEBOTO0 HABYAHHS, TOPIBHATH Pi3HI MIXOIH Ta
HaBuuTHCs ontumizyBatu Random Forest 1 Gradient Boosting.
3aBaaHHA AJI81 CAMOCTIHHOT0 BUKOHAHHA

1. Po3yminns ancamonis. JlemoHctparitis "MyapocTi HaToBImy"

# CymMynauisa: kKoxeH kJjacubikarop mae TouHicTs 0.6
n models = 100

n_samples = 1000

accuracy single = 0.6

# T'eHepyeMO HOPOTHO3M Bin KOXHOI mMozesi
np.random.seed (42)

predictions = np.random.rand(n_samples, n models) < accuracy single

# Peanbui MiTxu
y_true = np.random.randint (0, 2, n samples)

# IporHO3 aHcaMmOimo (rojiocyBaHHsa OijbmocTi)
ensemble pred = (predictions.sum(axis=1) > n models / 2).astype (int)

# TouHliCcTb OKpeMMX MOIeJyIeM VS aHcaMOIlb

individual accuracies = [(predictions[:, 1] == y true) .mean()
for i in range(n _models) ]
ensemble accuracy = (ensemble pred == y true) .mean()
print (f"Cepenus TOYHIiCTBH OKpeMOol MozmeJii :
{np.mean (individual accuracies):.4f}")

print (f"TounicTe aHcambio: {ensemble accuracy:.4f}")

# Bisyasiszauig
plt.figure(figsize=(10, 6))

plt.hist (individual accuracies, bins=30, alpha=0.7, label="Individual
Models"')
plt.axvline (ensemble accuracy, color='r', linestyle='--', linewidth=2,

label=f'Ensemble ({ensemble accuracy:.4f})")
plt.xlabel ('Accuracy')
plt.ylabel ('Count')
plt.title('Wisdom of the Crowd: Individual vs Ensemble Performance')
plt.legend()
plt.show()

2. Gradient Boosting

from sklearn.ensemble import GradientBoostingClassifier
import xgboost as xgb
import lightgbm as lgb

3aBnanns 1: Sklearn Gradient Boosting

gb = GradientBoostingClassifier (
n_estimators=100,
learning rate=0.1,
max depth=3,



random state=42

)
gb.fit (X train, y train)

# Learning curve nna GB
train scores gb = []
test scores gb = []

for i, (train pred, test pred) in enumerate (zip(
gb.staged predict (X train),
gb.staged predict (X test)
)) e
train scores gb.append(accuracy score(y train, train pred))
test scores gb.append(accuracy score(y test, test pred))

plt.figure(figsize=(10, 6))

plt.plot(train scores gb, label='Train')
plt.plot (test scores gb, label='Test')
plt.xlabel ('Boosting Iteration')

plt.ylabel ('Accuracy')

plt.title('Gradient Boosting: Learning Curve')
plt.legend()

plt.grid(True)

plt.show()

3aBmanng 2: XGBoost

xgb model = xgb.XGBClassifier (
n_estimators=100,
max depth=3,
learning rate=0.1,
random_state=42,
eval metric='logloss'

)

# HaBuaHHsa 3 early stopping

xgb model.fit(
X train, y train,
eval set=[ (X test, y test)],
early stopping rounds=10,
verbose=False

)

print (f"Best iteration: {xgb model.best iteration}")
print (f"Best score: {xgb model.best score:.4f}")

3aBnanns 3: LightGBM

lgb train = lgb.Dataset (X train, y train)
lgb _eval = lgb.Dataset(X test, y test, reference=lgb train)

params = {
'objective': 'binary',
'metric': 'binary logloss',
'num_leaves': 31,
'learning rate': 0.05
'feature fraction': 0
'bagging fraction': 0

4
.9,
.8

4



'bagging freq': 5,
'verbose': -1

lgb model = lgb.train(
params,
lgb train,
num boost round=1000,
valid sets=[lgb evall],
callbacks=[1lgb.early stopping(stopping rounds=10) ]

3aBaanHs 4: MOPIBHAHHS BCIX aHCaMOJIiB

models comparison = {
'Random Forest': best rf,
'Gradient Boosting': gb,
'XGBoost': xgb model,
'LightGBM': lgb model

}

comparison results = []

for name, model in models comparison.items() :

if name == 'LightGBM':
y _pred = (model.predict (X test) > 0.5).astype(int)
y_proba = model.predict (X test)
else:
y_pred = model.predict (X test)
y_proba = model.predict proba (X test)[:, 1]

comparison results.append ({
'Model': name,
'Accuracy': accuracy_ score(y test, y pred),
'F1': fl1 score(y test, y pred),
'AUC': roc_auc_score(y test, y proba)

1)

comparison df = pd.DataFrame (comparison results)
print (comparison_ df)

# Bisyanisauis nopiBHSHHS

comparison df.set index('Model') .plot (kind='bar', figsize=(12, 6))
plt.title('Ensemble Methods Comparison')

plt.ylabel ('Score')

plt.legend(loc="lower right')

plt.xticks (rotation=45)

plt.tight layout ()

plt.show()

4. SHAP nns iaTepnperarii: iatepmpeTtarisi Random Forest 3a momomororo
SHAP

import shap

# 1. CrBopenHa SHAP explainer

explainer = shap.TreeExplainer (best rf)
shap values = explainer.shap values (X test)



# fAxmo Oinapna xjacmbikxauisa, shap values moxe OyTM CHMCKOM

if isinstance (shap values, list):

shap values = shap values[1] # Insa kjgacy 1

# 2. Summary plot (rmofasibHa BaxJIMBiCTh)
plt.figure ()

shap.summary plot (shap values, X test,
show=False)

plt.tight layout ()

plt.show ()

# 3. Force plot mmsa oOKpeMOTO MNPOTHO3Y
# [losicCHeHHs IJig [IepuoTo 3paskKa
plt.figure ()

shap.force plot (

feature names=feature names,

explainer.expected value[1l] if isinstance (explainer.expected value,

list)
else explainer.expected value,
shap values[0,:],
X test.iloclO0,:],
feature names=feature names,
matplotlib=True

)

plt.show()

# 4. Dependence plot

# Ioxkasye sajiexHicTs SHAP value Bipng 3HaueHHS OBHAKMU

shap.dependence plot (

"most important feature", # 3amMiHiTe Ha peanbHY HasBY

shap values,
X test,
feature names=feature names

IIpakTHYHMIi KelC: MPOrHO3yBaHHS BIATOKY KJII€HTIB

3aBAaHHs: TOBHUHM MPOEKT 3 aHCAMOIISIMU

1. 3aBaurtaxre Telco Customer Churn gatacer

2. IIpoBexits moBHMIT EDA
3. Feature Engineering
4. IToOynyitTe 5 Moienen:
- Logistic Regression (baseline)
- Decision Tree
- Random Forest
- XGBoost
- LightGBM

5. Onmumizyiime cinepnapamempu Haukpawux 2-3 mooenetl



6. Cmeopims stacking ensemble
7. [lpoananizytime feature importance
8. SHAP ananiz

9. bisnec-pexomenoayii: axux kiicnmie mpeba ympumyseamu?

KoHTpoJIbHI NUTAHHS
1. ¥V yomy pizHuisg Mixk bagging ta boosting?
2. Yomy Random Forest MeH cxunpHuii 1o overfitting?
3. o Take out-of-bag error?
4. Ax npamroe Gradient Boosting?
5. Komm BukopuctoByBatu XGBoost, a konmu LightGBM?
6. Illo Take SHAP values?



Tema 10. Knacrepusanisa. Metoa K-cepennix
Mera: OCBOITM METOAW HaBYaHHSA O3 y4YHTeNsd, 30KpeMa ajTOpUTMH
KJacTepusallii, HaBUMTHUCS BH3HAYaTH ONTHUMAJIbHY KIJIBKICTh KJIAcTepiB Ta
IHTEepIIPETYyBaTU PE3YyJIbTATH.
3aBaaHHs ISl CAMOCTIIiHOr0 BUKOHAHHS
1. Po3yminns anzopummy K-Means

3apnanns 1: Peamizanis K-Means "3 nynsa"

import numpy as np

import matplotlib.pyplot as plt
from sklearn.cluster import KMeans
class SimpleKMeans:

win

[IpocTa peaniszsanis K-Means g HaBUYaJbHUX Lijen

def init (self, n clusters=3, max iters=100):
self.n clusters = n clusters
self.max iters = max iters

self.centroids = None
self.labels = None

def fit(self, X):
# 1. Bunamkopa iuninianisauis uenTpoinis

random_indices = np.random.choice (len (X), self.n clusters,
replace=False)
self.centroids = X[random indices]

for iteration in range(self.max iters):
# 2. Assignment: OpM3HAUUTU KOXHY TOUKY OO HAMOIMKUOTO LEeHTpOoIima

distances = np.sqrt ( ( (X - self.centroids/|:,
np.newaxis]) **2) .sum(axis=2))
self.labels = np.argmin(distances, axis=0)

# 3. Update: nepepaxyBaTu LEHTPOIOU
new centroids = np.array([X[self.labels == k].mean (axis=0)
for k in range(self.n clusters)])

# 4. TlepeBipka KOHBepreHIlil
if np.allclose(self.centroids, new centroids):
break

self.centroids = new centroids
return self
def predict(self, X):
distances = np.sqrt ( ((X - self.centroids|:,

np.newaxis])**2) .sum(axis=2))
return np.argmin(distances, axis=0)



3aBaanHs 2: Bizyamizaliist KpOKiB aJrOpUTMY
def visualize kmeans steps (X, n clusters=3, n steps=5):

Animauis xpokxirB K-Means

win

kmeans = KMeans (n_clusters=n_clusters, init='random', n init=1,
max iter=1)

fig, axes = plt.subplots(l, n steps, figsize=(20, 4))

for step in range(n_steps):
kmeans.fit (X)

axes|[step] .scatter (X[:, 01, X[, 1], c=kmeans.labels ,
cmap='viridis', alpha=0.6)
axes[step] .scatter (kmeans.cluster centers [:, 0],
kmeans.cluster centers [:, 1],

c='red', marker='X', s=200, edgecolors='black')
axes[step].set title(f'Iteration {step + 1}')
axes[step].set xlabel ('Feature 1')
axes[step] .set ylabel ('Feature 2'")

# MNponmoBxuTy iTepauii
kmeans.max_iter = step + 2

plt.tight layout ()
plt.show ()

# 3acTocyBaHHSA Ha CHHTETMYHMX NaHMUX
from sklearn.datasets import make blobs

X, y true = make blobs(n samples=300, centers=3, n features=2,
cluster std=0.6, random state=42)
visualize kmeans steps (X, n _clusters=3, n_ steps=5)

2. Buznauenns onmumanvHnoi Kinokocmi Kiacmepie

3aBaanHd 1: MeTOI JTIKTA

from sklearn.metrics import silhouette score, davies bouldin score,
calinski harabasz score

inertias = []

silhouette scores = []
davies bouldin scores = []
calinski scores = []

K range = range(2, 11)

for k in K range:
kmeans = KMeans (n_clusters=k, random state=42, n init=10)
kmeans.fit (X)

inertias.append (kmeans.inertia )

silhouette scores.append(silhouette score (X, kmeans.labels ))

davies bouldin_ scores.append(davies bouldin score (X, kmeans.labels ))
calinski scores.append(calinski harabasz score (X, kmeans.labels ))

# Bisyasniszsauis BCcix MeTpuUk



fig, axes = plt.subplots(2, 2, figsize= (15, 12))

# Elbow Method

axes[0, O].plot (K range, inertias, 'o-'")

axes [0, 0].set xlabel ('Number of Clusters (k)"')
axes[0, O].set ylabel('Inertia (WCSS)'"')

axes[0, O].set title('Elbow Method')

axes [0, 0].grid(True)

# Silhouette Score (Bume - kpaie)
axes[0, 1].plot (K range, silhouette scores, 'o-', color='green')

axes [0, 1].set xlabel ('Number of Clusters (k)"')
axes [0, 1].set ylabel('Silhouette Score')
axes[0, 1].set title('Silhouette Analysis')
axes[0, 1].grid(True)

# Davies-Bouldin Index (Hwxue - Kpaue)

axes[1l, 0O].plot (K range, davies bouldin scores, 'o-', color='red')

axes[1l, 0].set xlabel('Number of Clusters (k)"')

axes[1l, 0O].set ylabel('Davies-Bouldin Index')

axes[1l, O].set title('Davies-Bouldin Index (lower is better)')
axes[l, 0].grid(True)

# Calinski-Harabasz Index (Bume - Kpaie)

axes[1l, 1].plot (K range, calinski scores, 'o-', color='purple')

axes[1l, 1].set xlabel('Number of Clusters (k)'")

axes[1l, 1].set ylabel('Calinski-Harabasz Score')

axes[1l, 1].set title('Calinski-Harabasz Score (higher is better)"')
axes[1l, 1].grid(True)

plt.tight layout ()
plt.show ()

3asmanng 2: Silhouette Plot

from sklearn.metrics import silhouette samples

def plot silhouette (X, n clusters):

IOeranvuuyi Silhouette plot mis kOXHOT'O kKJjlacTepa
mwoan

kmeans = KMeans (n_clusters=n clusters, random state=42)
cluster labels = kmeans.fit predict (X)

silhouette avg = silhouette score (X, cluster labels)
sample silhouette values = silhouette samples (X, cluster labels)

fig, ax
y_ lower

plt.subplots (figsize=(10, 7))
10

for i in range(n_clusters):
# Cunyeru misa i-To kJjlacrepa
ith cluster silhouette values
sample silhouette values[cluster labels == 1i]
ith cluster silhouette values.sort()

size cluster i = ith cluster silhouette values.shape[0]
y _upper = y lower + size cluster i

color = plt.cm.viridis(float(i) / n_clusters)



ax.fill betweenx (np.arange(y_ lower,
0,
facecolor=color,

ax.text (-0.05,

y_lower + 0.5 * size cluster i,

y_upper),
ith cluster silhouette values,
edgecolor=color,

alpha=0.7)

str(i))

linestyle="--",

{silhouette avg:.3f}")

y_lower = y upper + 10
ax.set title(f'Silhouette Plot for {n clusters} clusters')
ax.set xlabel ('Silhouette Coefficient')
ax.set ylabel ('Cluster Label')
ax.axvline (x=silhouette avg, color="red",

label=f'Average:

ax.legend()
ax.set yticks([])
plt.show()

# Bisyanisauis mna pisamx k

for k i

plot silhouette (X,

n [2, 3, 4, 5]:

k)

3aBnanns 3: Gap Statistic

def gap_ statistic (X, k max=10, n refs=10):

win

PospaxyHOK Gap Statistic mnsa BMB3HAUEHHS OINTUMAaJIBHOTO k

gaps =

[]
for k in range(l, k max + 1):
# Knacrepmusauis peaylbHMX OaHUX
kmeans = KMeans (n_ clusters=k,
kmeans.fit (X)
real dispersion =

# Krmacrepmzallia BUNAOKOBUX IaHUX
ref dispersions = []
for in range(n refs):

random_ state=42)

np.log(kmeans.inertia )

# TeHepyeMo BMIankoBi mani B TmMx xe Mexax

random data =

X.shape)

kmeans ref = KMeans(n_ clusters=k,
kmeans ref.fit (random data)

np.random.uniform(X.min (axis=0),

X.max (axis=0),

random_ state=42)

ref dispersions.append(np.log(kmeans ref.inertia ))

gap = np.mean(ref dispersions)
gaps.append (gap)

# Bisyamisauisa

plt.figure (figsize=(10, 6))
plt.plot(range(l, k max + 1), gaps, 'o-')
plt.xlabel ('Number of Clusters (k)"'")

plt.
plt.
plt.
plt.

ylabel ('Gap Statistic')
title('Gap Statistic Method')
grid(True)

show ()

return gaps

gaps =

optimal k gap =
print (f"OnTmMmansHe k 3a Gap Statistic:

gap_statistic (X,
np.argmax (gaps)

k max=10, n refs=10)
+ 1

- real dispersion

{optimal k gap}")



3. AIbTepHATHBHI METOAM KJIacTepu3auii

3aBmanns 1: Hierarchical Clustering

from sklearn.cluster import AgglomerativeClustering, DBSCAN
from scipy.cluster.hierarchy import dendrogram, linkage

# TMoBymoBa IeHIpOTpPaMm
linkage matrix = linkage (X, method='ward')

plt.figure(figsize=(12, 8))

dendrogram(linkage matrix, truncate mode='level',6 p=5)
plt.title('Hierarchical Clustering Dendrogram')

plt.xlabel ('Sample Index or (Cluster Size)')

plt.ylabel ('Distance’)

plt.axhline(y=10, c='red', linestyle='--', label='Cut threshold')
plt.legend()

plt.show()

# ArTsioMepaTHMBHA KJlacTepus3alis
hierarchical = AgglomerativeClustering(n_ clusters=3, linkage='ward')
hierarchical labels = hierarchical.fit predict (X)

# Bisyasnisauia pesyabTaris

plt.figure(figsize=(10, 6))

plt.scatter(X[:, 0], X[:, 1], c=hierarchical labels, cmap='viridis')
plt.title('Hierarchical Clustering Results')

plt.xlabel ('Feature 1'")

plt.ylabel ('Feature 2")

plt.colorbar (label="'Cluster"')

plt.show ()

3aBnanns 2: DBSCAN (Density-Based)

dbscan = DBSCAN (eps=0.5, min samples=5)
dbscan_ labels = dbscan.fit predict (X)

# KimpkicTh kJjlacTepir (BUKJIOUAOUM WyM —1)

n clusters dbscan = len(set(dbscan labels)) - (1 if -1 in dbscan labels else
0)
n noise = list (dbscan labels) .count (-1)

print (£"DBSCAN sHarmor {n_clusters dbscan} xjacrtepis")
print (f"llymoBux Touok: {n _noise}")

# Bisyanisauis

plt.figure(figsize=(10, 6))

unique labels = set(dbscan labels)

colors = plt.cm.viridis (np.linspace (0, 1, len(unique labels)))

for k, col in zip(unique labels, colors):

if == -1:
# llym - 4YOopH1 TOUKU
col = 'black'
class member mask = (dbscan labels == k)

xy = X[class member mask]
plt.scatter(xyl:, 0], xyl[:, 11, c=[col], label=f'Cluster {k}' if k != -
1 else 'Noise',
alpha=0.6, edgecolors='k', s=50)



plt.title ('DBSCAN Clustering')
plt.xlabel ('Feature 1"')
plt.ylabel ('Feature 2'")
plt.legend()

plt.show ()

3aBnanHs 3: [TopiBHSHHS METOIB

from sklearn.metrics import adjusted rand score,
normalized mutual info score

methods = {
'K-Means': KMeans (n_clusters=3, random state=42).fit predict(X),
'Hierarchical': hierarchical labels,
'DBSCAN': dbscan labels

}

# TMopliBHSHHSA 3 CHOpPaBXHIiIMM MiTkamMu (gKmO €)
if 'y true' in locals():
comparison = []
for name, labels in methods.items{() :
comparison.append ({

'Method': name,

'ARI': adjusted rand score(y_ true, labels),

'NMI': normalized mutual info score(y true, labels),
'Silhouette': silhouette score (X, labels) if -1 not in labels

else np.nan

})

comparison df = pd.DataFrame (comparison)
print (comparison_ df)

4. IIpakmuuna cecmenmauis Kii€Hmie

3aBnaHHs: 3actocyBaHHs K-Means 1js peayibHOI Oi3Hec-3a7adi. 3aBaHTaXKTE
Mall Customers natacet abo CTBOPITh CHHTETHYHI JIaHi.

Crpykrypa: CustomerID, Age, Annual Income, Spending Score.

[Tpuknazn ananizy:

# 1. Cra”HmapTmMsalisg OaHmx
from sklearn.preprocessing import StandardScaler

scaler StandardScaler ()

X scaled = scaler.fit transform(df[['Annual Income', 'Spending Score']])
# 2. BM3HAUEHHS ONTMMAJILHOTO Kk

# (BUKOpMCTaMTEe MeTOoOu 3 IONepPelHbLOTO BaBIAaHHS)

# 3. Kmacrepmsauis

optimal k = 5

kmeans = KMeans (n_clusters=optimal k, random state=42)
df['Cluster'] = kmeans.fit predict (X scaled)

# 4. MNpodimoBaHHg KJjacTepis



cluster profiles = df.groupby('Cluster') .agg ({

'Age': ['mean', 'std'],

'Annual Income': ['mean', 'std'],
'Spending Score': ['mean', 'std'],
'CustomerID': 'count'

}) .round (2)

cluster profiles.columns = [' '".Jjoin(col) for col in
cluster profiles.columns]

cluster profiles = cluster profiles.rename (columns={'CustomerID count':
'Size'})

print ("lpodini xnacrepis:")
print (cluster profiles)

# 5. Bisyanisauis Ta iuTepnperauis

plt.figure(figsize=(12, 8))

scatter = plt.scatter(df['Annual Income'], df['Spending Score'],
c=df['Cluster'], cmap='viridis', s=100, alpha=0.6,

edgecolors="'k'")

plt.scatter (kmeans.cluster centers [:, 0] had scaler.scale [0] +
scaler.mean [0],
kmeans.cluster centers [:, 1] * scaler.scale [1] +

scaler.mean [1],
c="'red', marker='X', s=300, edgecolors='black', linewidths=2,
label="'Centroids")
plt.xlabel ('Annual Income (k)"'")
plt.ylabel ('Spending Score (1-100)")
plt.title('Customer Segmentation')
plt.colorbar (scatter, label='Cluster')
plt.legend()
plt.grid(True, alpha=0.3)
plt.show ()

# 6. BisHec-iHTepnpeTalis KjacTepis

# Hanpwukian:

# Cluster 0: Bucokxa =apmiara, BMCOki Burparm -> "VIP xnienTn"

# Cluster 1: Bucoka 3apmjara, HU3bK1 BuTpaTn -> "loreHuinui xjgientu"
# "
#

Cluster 2: HmsbkKa Bapnjara, BUCOK1 BuUTpaTu -> "IMOyJabCHMBHI NOKYymIli
i T.mo.

# 7. PexomMeHpauli mysa MapKeTHHIY
def generate recommendations(cluster profiles):

I‘eHepaui,q MApPKETUMHI'OBUMX peKOMeH,HaLLiﬁ IJIA KOXHOI'O CeI'MEHTY

wuan

recommendations = {}

for cluster id in cluster profiles.index:
profile = cluster profiles.loc[cluster id]

# Jlorika Ha OCHOB1 XapaKTEPUCTUK KjacTepa

if profile['Annual Income mean'] > 70 and profile['Spending
Score mean'] > 70:
recommendations[cluster id] = "VIP Program, Premium Products"
elif profile['Annual Income mean'] > 70 and profile['Spending
Score mean'] < 40:
recommendations[cluster id] = "Loyalty Programs, Exclusive
Offers"
elif profile['Annual Income mean'] < 40 and profile['Spending

Score mean'] > 60:



recommendations[cluster id] = "Budget-Friendly
Promotions"
else:
recommendations[cluster id] = "General Marketing"
return recommendations
recommendations = generate recommendations (cluster profiles)

for cluster, rec in recommendations.items() :
print (f"Cluster {cluster}: {rec}")

KouTpoJibHi nuTanHs
Sx npairroe anroputm K-Means?
Axi oomexxenns mae K-Means?
o Take Silhouette Score 1 sik oro iHTEPIPETYBATH?
VY yomy nepeBaru DBSCAN nan K-Means?

Sk 0OpaTy onTHUMaNbHY KUIBKICTh KJIacTEpiB?

o 0k~ w bd e

o Take nmpoGnema "nokanpHuX MiHiMyMiB" B K-Means?

Options,



Tema 11. 3menmenns po3mipuocti. Meroxa rosioBHux komnoHent (PCA)

HaBuyaabHa meTa:

Merta: OCBOITH METOAM 3MEHIIEHHS PO3MIPHOCTI JaHUX, 3PO3YMITH
MareMatnuyHy OcCHOBY PCA Ta HaBUMTHCS 3aCTOCOBYBaTH allbTepHATHUBHI
METO/IH.

3aBaaHHA AJ19 CAMOCTIHHOr0 BHKOHAHHSA
1. Mamemamuuna ocnosa PCA

3aBaanns 1: peanizamis PCA "3 nynsa"

import numpy as np
from sklearn.decomposition import PCA

class SimplePCA:

[lpocTra peanizauis PCA nJjs pOo3yMiHHS alTropUTMy

win

def init (self, n_components=2):
self.n components = n_components
self.components = None
self.mean = None
self.explained variance = None

def fit(self, X):
# 1. lleHTpyBaHHS OAHUX
self.mean = np.mean (X, axis=0)
X centered = X - self.mean

# 2. PospaxyHOK KoBapiauiiiHol MaTpwuii
cov_matrix = np.cov (X centered.T)

# 3. 3BHaxOoIXeHHs BJIQCHMX 3HAauYeHb Ta BEKTOPiB
eigenvalues, eigenvectors = np.linalg.eig(cov _matrix)

# 4. CoprTyBaHHA 3a CHamaHHaM BJIACHUX S3HAUEHb

idx = eigenvalues.argsort () [::-1]
eigenvalues = eigenvalues[idx]
eigenvectors = eigenvectors([:, idx]

# 5. BuOip mepmmx n_components KOMIIOHEHT
self.components = eigenvectors[:, :self.n components]
self.explained variance = eigenvalues[:self.n components]

return self

def transform(self, X):
# Ipoeklis Ha IOJIOBH1 KOMIIOHEHTHU
X centered = X - self.mean
return np.dot (X centered, self.components)

def fit transform(self, X):
self.fit (X)
return self.transform(X)



def inverse transform(self, X transformed):
# BiOHOBJIEHHSA 3 NPOCTOPY T'OJIOBHUX KOMIIOHEHT
return np.dot (X transformed, self.components.T) + self.mean

3aBmanns 2: [lopiBusiHHs 3 sklearn

from sklearn.datasets import load iris

iris = load iris()
X = iris.data
y = iris.target

# BilacHa peamniszauis
simple pca = SimplePCA(n_components=2)
X pca _simple = simple pca.fit transform (X)

# Sklearn peasizauisa
sklearn pca = PCA(n_components=2)
X pca_sklearn = sklearn pca.fit transform (X)

# lepeBipxa (MOXyThb BimpisuaTmcsa 3HAKOM)
print ("BmacHa peanizaunis cxoxa Ha sklearn:",
np.allclose(np.abs (X pca simple), np.abs(X pca sklearn)))

# Bimyamisauisa
fig, axes = plt.subplots(l, 2, figsize=(15, 5))

axes[0] .scatter (X pca simple[:, 0], X pca simple[:, 1], c=y, cmap='viridis"')
axes[0].set title('Custom PCA Implementation')

axes[0].set xlabel('PCl'")

axes[0].set _ylabel ('PC2"')

axes[1l].scatter (X pca sklearn|:, 01, X pca_sklearn(:, 11, c=y,

cmap='viridis')

axes[l].set title('Sklearn PCA'")
axes[1l].set xlabel ('PC1l')
axes[1l].set ylabel ('PC2"')

plt.tight layout ()
plt.show()

2. Ananiz Explained Variance

3aBraHHs: BU3HAYEHHS OITUMAIBLHOI KIJIBKOCTI KOMIIOHEHT

# 1. PCA 3 yciMa KOMIOHEHTAaMMI
pca_ full = PCA()
pca_ full.fit (X)

# 2. Explained Variance Ratio
explained variance ratio = pca full.explained variance ratio_

cumulative variance = np.cumsum(explained variance ratio)

# Bisyaniszauis
fig, axes = plt.subplots(l, 2, figsize=(15, 5))

# Scree plot



axes|[0] .bar (range (1, len(explained variance ratio) + 1),
explained variance ratio)
axes[0].set xlabel('Principal Component')

axes[0].set ylabel ('Explained Variance Ratio')
axes[0].set _title('Scree Plot')
axes[0] .grid(True, alpha=0.3)

# Cumulative explained variance
axes[1l].plot(range(l, len(cumulative variance) + 1), cumulative variance,
IO_I)

axes[1l].axhline(y=0.95, color='r', linestyle='--', label='95% threshold')
axes[1l].axhline (y=0.90, color='orange', linestyle='--", label="90%
threshold')

axes[1l].set xlabel ('Number of Components')

axes[l].set ylabel ('Cumulative Explained Variance')
axes[l].set title('Cumulative Explained Variance')
axes[l].legend()

axes|[1l].grid(True, alpha=0.3)

plt.tight layout ()
plt.show()

# BHalTM KijgbkicTb KOMIOHeHT mya 95% variance
n_components 95 = np.argmax(cumulative variance >= 0.95) + 1
print (f"KinexicTe xomnoHeHT masa 95% variance: {n_components 95}")

# 3. Bi-plot (mna 2D)
def biplot(score, coeff, labels=None, y=None):

Bisyamnizauis PCA 3 BekTOpaMy OBHAK
xs = scorel:, 0]

ys = scorel:, 1]

n = coeff.shape[0]

plt.figure(figsize=(10, 8))

# ToukM HAHMUX

if y is not None:
scatter = plt.scatter(xs, ys, c=y, cmap='viridis', alpha=0.6, s=50)
plt.colorbar (scatter)

else:
plt.scatter(xs, ys, alpha=0.6, s=50)

# BekTopM OBHAK
for i in range(n):
plt.arrow (0, 0, coeffli, 0]1*3, coeffli, 1]*3,
color="r', alpha=0.5, head width=0.1)
if labels is None:
plt.text (coeffli, 0]1*3.5, coeff[i, 1]*3.5,
f"Var{i+1l}", color='g', ha='center', va='center')
else:
plt.text (coeffl[i, 01*3.5, coeff[i, 1]*3.5,
labels[i], color='g', ha='center', va='center')

plt.xlabel ("PC1")
plt.ylabel ("PC2")
plt.title("PCA Biplot")
plt.grid(True, alpha=0.3)
plt.show ()



# BacTocymanHg biplot

pca 2d = PCA(n_components=2)

X pca 2d = pca_ 2d.fit transform (X)

biplot (X pca 2d, pca 2d.components , labels=iris.feature names, y=y)

HpaKTI/I‘lHe 3aCTOCYBaHHSA
3aBnanns: PCA mis Bizyamizanii Fashion MNIST
from sklearn.datasets import fetch openml
# B3aBaHTaXeHHI IaHWX

print ("3apaHTaxenHsa Fashion MNIST...")
fashion mnist = fetch openml

('Fashion-MNIST', version=1, cache=True, parser='auto') X fashion
fashion mnist.data[:5000] # Bepemo mnepmi 5000 gmna wmeumxocrti y fashion =
fashion mnist.target[:5000].astype (int)

CrannapTusalis

from sklearn.preprocessing import StandardScaler scaler = StandardScaler ()
X fashion scaled = scaler.fit transform(X fashion)

PCA

print ("BuxonanHa PCA...") pca fashion = PCA(n_components=50) X fashion pca

= pca_fashion.fit transform(X fashion scaled)
AHanis explained variance
plt.figure(figsize=(12, 5))

plt.subplot (1, 2, 1)
plt.plot (np.cumsum(pca fashion.explained variance ratio ))
plt.xlabel ('Number of Components"') plt.ylabel ('Cumulative Explained

Variance') plt.title('Fashion MNIST: PCA Explained Variance') plt.grid(True)
plt.subplot(l, 2, 2)
Bisyanisauis nepmmx 2 KOMIIOHEHT
scatter = plt.scatter (X fashion pcal:, 0], X fashion pcal:, 1], c=y fashion,
cmap="'tabl0"', s=5, alpha=0.5) plt.xlabel ('PC1l'") plt.ylabel ('PC2")
plt.title('Fashion MNIST: First 2 Principal Components"')
plt.colorbar (scatter, label='Class')
plt.tight layout () plt.show()
PexoHCTpPyKl1a B30OpaxeHb
def plot reconstruction(original, reconstructed, n_samples=5) : e
[IopiBHAHHA OPMI'iHANBHMX Ta PEKOHCTPYMOBaHMX 300paxeHs """ fig, axes =
plt.subplots (2, n samples, figsize=(1l5, 6))
for 1 in range(n_samples):

# Opurinan

axes [0, i].imshow(original[i].reshape (28, 28), cmap='gray')

axes [0, i].axis('off'")

if 1 ==

axes[0, 1i].set title('Original', fontsize=12)

# PeKOHCTPYKI1g
axes[l, 1i].imshow(reconstructed[i].reshape (28, 28), cmap='gray')
axes[1l, i].axis('off"'")
if 1 ==
axes[l, i].set title('Reconstructed', fontsize=12)

plt.tight layout ()

plt.show ()
PeKOHCTPYKUig 3 pPis3HO0W KiJbK1CTIO KOMIIOHEHT
for n comp in [10, 50, 100]: pca rec = PCA(n_components=n comp) X pca rec =

pca rec.fit transform(X fashion scaled[:5]) X reconstructed =



pca rec.inverse transform(X pca rec) X reconstructed
scaler.inverse transform(X reconstructed)
print (f"\nPekoHCTpyKLig 3 {n_comp} xommnoHenTamm "

f" ({pca_rec.explained variance ratio .sum()*100:.1f}% variance)")
plot reconstruction(X fashion[:5], X reconstructed, n_ samples=5)

KouTpoJibHi nuTanHs
1. Mo Take "mpoKIATTS po3MipHOCTI"?
2. SIx PCA 3HaXoauTh roJI0BHI KOMIIOHEHTH?
3. o o3nauae explained variance ratio?
4.V gomy piznauis Mk PCA ta t-SNE?
5. Koy BukopucroByBatu PCA, a xonu UMAP?

6. Uu moxHa BukopuctoByBat PCA s feature selection?



Tema 12. Ilomyk acouiaTHBHUX NPABHJI

Merta: OCBOITH METOAU BUSBICHHS MPUXOBAHUX B3a€EMO3B’SI3KIB Y
TpaH3aKI[IHHUX JaHUX, 3PO3YMITH MaTeMaTU4yHE MIAIPYHTSI METPHUK SKOCTI
MPaBWJI Ta HABYUTHUCS 3aCTOCOBYBATH AITOPUTM Apriori sl aHaJi3y pUHKOBOTO
KOIIHKA.

3aBaaHHS ISl CAMOCTIiHOT0 BUKOHAHHSA

1. OmnpailtoBaHHsl METPUK AKOCTI MpaBwil. BuBYITE BU3HAYeHHS Support,
Confidence ta Lift. Po3paxyiite Bpy4Hy Ii METPUKH JIsl HEBEIUKOTO
HaOopy 3 5 TpaH3akIliH, o0 3po3ymiTH, sk 3HaueHHs Lift > 1 Bkazye Ha
MO3UTHBHY 3AJIEXKHICTh MI’)K TOBapaAMH.

2. Peanmizamiss anroputmy Apriori. Iligroryiite nmaHi 3a J0IOMOTORO
TransactionEncoder 3 616mioTekun mlixtend (mepeTBOpeHHs CHHUCKIB
MOKYTIOK y po3pimxkeny matpuilio True/False). IIpoBeniTh ekCriepuMeHTH
3 PI3HUMH TOpPOraMd min_support, o0 MNo0aYUTH, SK 3MIHIOETHCS
KUTBKICTh 3r€HEPOBAHUX YACTUX HAOOPIB .

3. dinbTpariis Ta IHTEpIpETAaIlis npaBuil. 3reHepyHTe acolllaTUBHI MpaBuUiia
Ta BiAQUIBTpyHTEe iX 3a BHcOkMM 3HaueHHsAM Lift ta Confidence.
Chopmymroiite 6i3Hec-pekoMeHAaIli (HAPUKIIAA, IMOJA0 PO3MIIICHHS

TOBApIB Ha MOJIMIISX) HA OCHOB1 3HAMICHUX MPABUII.

Ipuknanx npakTU4HOI peasizauii
from mlxtend.frequent patterns import apriori, association rules
from mlxtend.preprocessing import TransactionEncoder

import pandas as pd

# 1. [igroroBKa IaHUX

dataset = [['Milk', 'Bread', 'Eggs'], ['Bread', 'Butter'], ['Milk', 'Bread',
'Butter'], ['Milk', 'Eggs']]
te = TransactionEncoder ()

te ary = te.fit (dataset) .transform(dataset)

df = pd.DataFrame(te ary, columns=te.columns )



# 2. Iomyk uwacTux Habopim (min support = 50%)

frequent itemsets = apriori(df, min support=0.5, use colnames=True)
# 3. Tenepauis npasmn (min confidence = 70%)
rules = association rules (frequent itemsets, metric="confidence",

min threshold=0.7)
print (rules[['antecedents', 'consequents', 'support’', 'confidence’',

'1ift'11)

KoHTpobHI nMTaHHA
1. ¥ doMmy mnoJsArae BIaCTUBICTh «aHTUMOHOTOHHOCTD» MIATPUMKH B
anroput™i Apriori? /
2. Yomy Bucoka noctoBipHicTh (Confidence) He 3aBkau 03HAYa€ KOPUCHICTD
npaBuia (posib metpuku Lift)?
3. SIx acomiaTUBHI TpaBWJa BUKOPUCTOBYIOTHCS B PEKOMEHJIAIIHHUX

cucreMax?



Tema 13. OcHOBH aHAaJIi3y YacOBHUX PSAAIB
Meta: o3HaiioMuTHCS 31 cIEU(IKOIO TaHUX, IO 3aJICKATh BiJl 4acy, HABYUTHUCS
POBOJUTH JEKOMIIO3UIIII0 Py Ha KOMIIOHEHTHM Ta MEpeBIpsITH HOro Ha
CTalllOHAPHICTb.

3aBaaHHS ISl CAMOCTIiHOTO BUKOHAHHSA

1. CtpykTypHuil aHami3 psay. BuBYITH NOHATTS TpPEHAY, CE30HHOCTI Ta
3aymiKiB. BukopuctoByiiTe seasonal decompose s Bizyamizarii mux
KOMIIOHEHTIB Ha MPUKJIal JaHUX TPO Mpoaaxi abo TeMmneparypy.

2. IlepeBipka cramionapHocTti. OmpallfoliTe MOHATTS CTaliOHAPHOTO PSIY
(cramicth cepenHboro Ta nucrepcii). Peamizyiite Tect [Hiki-dymiepa.
CnpoOyiiTe NepeTBOPUTH HECTALIOHAPHUI pAA y CTallOHApHUM 3a
nornomororo Metony pizHuils (.diff()).

Ipuknanx npakTU4YHOI peaJsizamii
from statsmodels.tsa.seasonal import seasonal decompose
from statsmodels.tsa.stattools import adfuller

import matplotlib.pyplot as plt

# 1. Iexomnosuuisg (mMomesnb 'additive')

analysis = seasonal decompose (df['value'], model='additive',6 period=12)
analysis.plot ()

plt.show ()

# 2. TecT Ha crauioHapHicTsb
result = adfuller(df['value'])
print (£'ADF Statistic: {result[0]}, p-value: {result[l]}')

# dxmo p-value > 0.05, psan HecTalloHapHUM

KoHTpoJIbHI NUTAHHS
1. SIlka pi3HUIS MK aQIUTUBHOK Ta MYJIBTUIUIIKATUBHOK MOJIEISIMU
JIEKOMITO3HIIT?
2. YoMy CTaIllOHapHICTh € Ba)JIMBOIO YMOBOIO JUId 0aratboX Mojeseit
IIPOTHO3YBaHHS?

3. Uum 3BakeHe KOB3HE CEPEIHE Kpallle 3a mpocte?



Tema 14. ETuka B Data Mining ta MLOps
Mera: ycBIIOMUTH €TUYHI PU3UKH TMpPH POOOTI 3 aNropuTMaMu, HABUUTUCA
BUSIBIISITH YIIEPEIKEHICTh Y MOJEISX Ta PO3YMITH IPOLECH MIITPUMKHU MOJENIEN
HicIs iX po3ropTaHHs

3aBaaHHs AJ1 CAMOCTIHHOTO BUKOHAHHA

1. Aymutr mozeni Ha crpaBeanuBicTh (Fairness Audit).HaBuite Mopaens
knacudikamii (HampUKIaA, MPOTHO3 JoXxoay abo kpeauty). OUiHITh
Metpuku (Accuracy, Recall) okpemo st pi3HUX colliadbHUX Tpyn (3a
CTaTTIO 200 BIKOM) Ta MpOaHaIi3ylTe po301:KHOCTI.

2. BuBuennsi xonmenuid apeidy. Omnpampoitite monarts Data Drift ta
Concept Drift. CkiagiTe COUCOK NPUYUH, YOMY MOJENb, KA MpanoBaia
CBOT'OJIH1, MOKE€ NIepecTaTh OyTH TOYHOIO Yepe3 MICSIIb.

3. Po3pobka murany MoHiTOpuHTY. OMNHUIIITH LUKI 3BOPOTHOTO 3B’S3KY
(Feedback Loop): sk yacTto mepeHaBYaTH MOJEIb Ta SKI METPHKHU

BIJICTE€KYBAaTH B PEAIbHOMY 4aci.

Hpuxnanx ananizy cnpasegausocti (Fairness Check):

3aBnanns: [opiBasuusa Recall ans qBox rpyn
groups = ['Male', 'Female']

for g in groups:

mask = X test['Gender'] == g
recall = recall score(y test[mask], model.predict (X test[mask]))
print (f"Recall for {g}: {recall:.4f}")

KoHTpoJIbHI NUTAHHS
1. Sk biased data BruiMBa€ Ha €TUUHICTH PIICHH MOJICI?
2. o take "mpokci-3MiHHI" 1 YoMy BuAaneHHs o3Haku "Paca" He 3aBxau
rapaHTye€ BIJICYTHICTh AUCKPUMIHALI{?

3. Y gomy pizauis mixk Data Drift ta Concept Drift?



Tema 15. IlincymKoBHMid IPOEKT
Mera: 3aKkpinuTy NPaKTUYHI HABUYKH, IPOUIIIOBIIN MTOBHUHN 1TEPATUBHUNA LIUKII
OSEMN Ha peasibHOMY HabOp1 JaHKUX 32 BUOOPOM CTy/CHTA.
ETanu BUKOHAHHS MPOEKTY
1. Bubip Ta 3aBaHTakeHHs maHuX: momryk maracery Ha Kaggle abo UCI.
dopmyiroBaHHs 3a1a4i (Kiacudikaris/perpecis/KiacTepu3aris).
2. IlinrotroBka Ta oOYMINEHHSA: poOOTa 3 TPOIyCKaMH, AaHOMAJISIMH Ta
MIePETBOPCHHSI THITIB TaHUX.
3. JlocmiaHuIbKUM aHali3: Bi3yalli3allisl po3IMoiIiB, KOpesiiiiHa MaTpHIIA,
MOIIYK 1HCAMTIB.
4. MojentoBaHHs Ta IHXKEHEpish O3HAK: CTBOPEHHS HOBUX O3HAK, BHUOIp
NIrOpUTMY, HABYAHHS Ta TIOHIHT TilepriapaMeTpiB.
5. InTepnperaiisi Ta BUCHOBKHU: aHaji3 Ba)KJIMBOCTI O3HAK, OILIHKa Ol3Hec-

edeKTy Ta mAroToBKa (PiHAIBHOTO 3BITY.

Bumoru 10 opopmiieHHs pe3yJbTATIB
1.3BiT y d¢opmari Jupyter Notebook 3 neraqbHHMH TEKCTOBHUMH
MOSICHEHHSIMH JIO KO’KHOTO KPOKY.
2. Bizyamizariii MatoTh OyTH MIAMKCaHI Ta MPOKOMEHTOBAHI.
3. diHanpHMI BUCHOBOK MOBWHEH BIAMOBIMaTH HA TUTaHHS: " SIKy mpoOiemy

BUpILIYE JaHa MoJieb?".
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