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3. Cong cu lwa chon dac trung

7 N
_/_‘ h
—e —~
— —

June 9, 2023 Thuwce hién béi Trwdng Dai hoc Cong nghé Thong tin, PHQG-HCM A




Tai sao nén chon dac trwng?

Ly do: Noise va distraction gay ra
® 1b5i cac dac trwng khong lién quan
hoac duw thira
® Van dé vdi hiéu
suat mo hinh
Giai phap: Chi chon céc dac trung
® phu hop nhat - giam noise, ,
distraction — cai thién hiéu suat

Tai sao Iua chon o cua mo hinh, khai quat héa t6t hon

dac trung ?

Ly do: M6 hinh qua phtre tap, hap thu
@® noise trong di liéu dao tao hon |a m6
VAn da i hinh co ban
overfitting Giai phap: Loai bé cac dic trung
P khéng lién quan hoac du thora — dd
phirc tap ciia moé hinh duoc giam —
tranh over-fitting
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Tai sao lua chon ®
dac trung?

June 9, 2023

Van dé véi thoi gian dao
tao va chi phi tinh toan

Van dé vdi kha nang

dién giai moé hinh

Tai sao nén chon dac treng?

Ly do: Nhiéu dac trwng hon, mo
® hinh phrc tap — tén kém vé mét
tinh toan va ton thi gian

Giai phap: Chi chon céc dac trung
@® quan trong nhat — thdi gian dao tao
co thé giam dang ké

Ly do: Cadc mo hinh cé qua nhiéu
@® dic trung thuong kho dién gidi va
giai thich hon

Giai phap: Chi str dung hau hét cac
dac trung quan trong — dé dang
@ hon dé giai thich, giai thich hiéu viéc
ra quyét dinh cia mé hinh (vi du: tai
chinh, chdm séc strc khoe, linh vuc
phép ly)
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Ky thuat lwva chon dac trung
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Correlation coefficient: Pearson,..
Phwong phap Filter Variance Threshold
Missing value ratio; Mutual Information

Forward Selection
Phuong phap Wrapper Backward Elimination
Recursive Feature Elimination (RFE)

LASSO, Ridge Regression, Elastic Net
Tree-based: Random Forest, GBM

Phuong phap Embedded

Component/Factor based: Factor
Giam chiéu Analysis, PCA, ICA
Projection based: t-SNE, UMAP
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Ky thuat lwva chon dac trung

( - = = = ~
Feature Selection | |
Selection
| Ehelbaet Performance
@ C | _Fiter J
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r \ Y |
@ [ ] | Selection Learning
Jr— Feature of subset Algorithm | e
Sets | | s }
X, S \Weapper [————F .
7T T pree— T ~,
@ O "
| - Learning
Selection Algorithm |
of subset |
E and Performance |
\ [ ) )
~ Embedded s

https://www.researchgate.net/publication/345579532 Computational
Diagnostic Techniques for Electrocardiogram Signal Analysis
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Phwong phap loc

a Lwa chon dac trwng dwa trén bd loc ap dung mot chi sé da chon dé tim céac thudc tinh
khong lién quan va loc ra dir liéu dw thira

Tuong quan Pearson | Ngu@ng phuong sai Thiéu ty Ié gia tri Thoéng tin twong ho
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Twong quan Pearson

# Threshold for removing correlated variables

# Upper triangle of correlations
threshold = 0.9

upper = corr_matrix.where(np.triu(np.ones(corr_matrix.shape), k=1).astype(np.bool))

# Absolute value correlation matrix upper .head()
corr_matrix = train.corr().abs()
corr_matrix.head()

CNT_CHILDREN ~ AMT_INCOME_TOTAL AMT_CREDIT AMT_ANNUITY AMT_GOODS_PRICE

CNT_CHILDREN AMT_INCOME_TOTAL AMT_CREDIT AMT_ANNUITY

CNT_CHILDREN NaM 0.05596 0.036836 0.055732 0.035851
CIECIILDREN 1,000000 9:086080 gones0 |neraz AMT_INCOME_TOTAL = NaN NaN 0429317  0.491143 0.439981
AMT_INCOME_TOTAL = 0.055960 1.000000 0.429317  0.491143

AMT_CREDIT NaN NaM NaMN 0.797209 0.9860486
AMT_CREDIT 0.036836 0.429317 1.000000  0.797209
AMT_ANNUITY 0.055732 0.491143 0.797209 1.000000 AMT_ANNUITY NaN NaN NaN NaN 0.789121
AMT_GOODS_PRICE  0.035851 0.439981 0.986046  0.799121 AMT_GOODS_PRICE  NaN NaM NaN NaN NaN

# Select columns with correlations above threshold
to_drop = [column for column in upper.columns if any(upper[column] > threshold)]

print{"'There are %d columns to remove.' % (len{to_drop)))

There are 584 columns to remove.
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Ngwong phwong sai

2 BO chon dac trwng loai bd tat ca cac dac trwng c6 phwong sai thap

R LD e e
from sklearn. feature selection import VarianceThreshold

var thresh = VarianceThreshold(6.8)

var thresh.fit(x train)

¥ train = x train.locl:,var thresh.variances = 0.8]
x valid = x valid.loc[:,var thresh.variances => 0.8]
x test = x test.locl:,var thresh.variances = 9.8]
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du ty 18 gia tri

a2 Mbt Iwa chon twong dbi don gidn vé Iwa chon dac trwng, néu bat ky codt ndo
c6 gié tri thiéu I&n hon 75% (80%, 90%,..), chiing sé bi xoa.

# Train missing values (in percent)
train_missing = (train.isnull().sum() / len(train)).sort_values(ascending = False)
train_missing.head()

# Identify missing values above threshold
train_missing = train_missing.index[train_missing > 8.75]
test_missing = test_missing.index[test_missing > B8.75]

all_missing = list(set(set(train_missing) | set(test_missing)))
print('There are %d columns with more than 75%% missing values' % len(all_missing))

There are 19 columns with more than 75% missing values
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y
Thong tin twong hé (MI)

a Do lwong thdng tin thu dwoc vé mét bién théng qua viéc quan sat bién khac.
2 Diém Ml la gia tri khdng am

a NO bang 0 néu va chi khi hai bién ngau nhién ddc lap va gia tri cao hon cé nghia la
sw phu thudc cao hon (mdi quan hé manh)

St dung dé lua
chon tinh nang
(tranh
overfitting)

Hiéu qua tinh toan
&; Ly thuyét c6 co
sG

C6 thé phat hién
bat ky loai moi
quan hé nao

Dé str dung va dién

giai
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Piém MI (Vi du)

Mutual Information Scores

from sklearn.feature_selection import mutual_info_regression

def make_mi_scores(X, y, discrete_features): s | ———

mi_scores = mutual_info_regression(X, y, discrete_features=discrete_features) e T ———
fuel_system
. _ . . _n " - _ I
mi_scores = pd.Series(mi_scores, name="MI Scores”, index=X.columns) R

mi_scores = mi_scores.sort_values(ascending=False) drive Jeight —

. num_of cylinders I
return mi_scores symboling I
engine_type I
compression_ratio NN
aspiration I
. . S
mi_scores = make_mi_scores(X, y, discrete_features) engine.location M

num_of doors |

mi_scores[::3] # show a few features with their MI scores = = - - - - - - -

https://www.kaggle.com/code/ryanholbrook/mutual-information
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https://www.kaggle.com/code/ryanholbrook/mutual-information

Phwong phap Filter: Yu diém &; nhuwoc diém

Kho khan
- Thiéu su tuong tac gilra cac
dac trung
- Han ché trong viéc xac dinh
cac tap hop con tinh ndng t6i uu
- Nguy co don gian héa qua
muc

Loi thé
- Hiéu qua tinh toan (khong yéu

cau mo hinh dao tao)
- Dé thuc hién va dé hiéu
- It bi overfitting (khong lién
quan dén moé hinh muc tiéu)
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y
Phwong phap Wrapper

a Céac phuwong phap wrapper st dung md hinh dy doan dé ghi diém céac tap hop con dac

trwng. M6i tap hop con méi duwoc sir dung dé dao tao mot mod hinh, dwoc thir nghiém trén
moét tap hop hold-out

Lua chon
chuyén
tiép

Phuong phap
wrapper

Loai bo tinh
nang dé quy
RFE, RFECV
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Lwa chon chuyén t

https://quantifyinghealth.com/stepwise-selection/

ry

Iep

Forward stepwise selection example with 5 variables:

Start with a model with no variables

Null Model

L)

Add the most significant variable

h 1 variable

Keep adding the most significant variable until reaching
the stopping rule or running out of variables

mil variables
o 1 [ |
X | Xs -
Jk. , =
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https://quantifyinghealth.com/stepwise-selection/

Lwa chon chuyén tiép: Bwoc 1

0 Lam thé nao dé xac dinh bién quan trong nhat dé thém & méi buwéc?

0 Bién quan trong nhét cé thé dwoc chon dé khi dwoc thém vao mé hinh:

Murc giam cao

Tang binh phuong R nhat trong mo hinh

Gia tri p nho nhat ~
cao nhat RSS (Téng du cla
binh phuong)
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Lwa chon chuyén tiép: Budc 2

0 Quy tadc dirng dwoc thda man khi tat ca cac bién con lai can xem xét cé gia tri
p I&n hon mét sé ngwéng dwoc chi dinh, néu dwoc thém vao mé hinh
0 Lam thé nao dé xac dinh nguéng?

Gia tri c6 dinh AIC (Tiéu chi thong tin BIC (Tiéu chi théng tin

(0,02, 0,05,..) Akaike) Bayes)
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Z)
Loai bé nguwoc

Backward stepwise selection example with 5 variables:

Start with a model that contains all the
variables

Full Model

r 1 -\r )
X1 X2 X3 . Xs
) Y O

Remove the least significant variable
)|
Model with 4 variables

D
X1 Xz X3 X5
I Ny O

Keep removing the least significant variable until
reaching the stopping rule or running out of variables

Model E'n"lth 3 variables
D
Xz X3 Xs
NS ) N J

https://quantifyinghealth.com/stepwise-selection/
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https://quantifyinghealth.com/stepwise-selection/

Loai bé nguwoc: Buwdc 1

2 Lam thé nao dé xac dinh bién it quan trong nhat dé loai bd & méi bwéc?
a Bién it quan trong nhat 1a mét bién:

Loai bd khdi mé hinh

o - i s Loai bo khoi mo hinh
Gia tri p cao nhat gay ra su sut giam

gay ra su gia tang RSS
thap nhat

trong mo hinh thap nhat trong binh
phuong R
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VA
Loai bé nguwoc: Budc 2

0 Quy tac dirng dwoc thda man khi tat ca cac bién con lai trong mé hinh c6 gia

tri p nhé hon mét sé ngwdng dwoc chi dinh trwde

Gia tri co dinh AIC (Tiéu chi BIC (Tiéu chi

(0,02, 0,05,..) thong tin Akaike) thong tin Bayes)
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Loai bo tinh nang dé quy (RFE)

Budc 1

Pao tao m6 hinh
ML (Random
Forest)

Budc 2
Budc 5

Cé duoc tam quan

SO lugng dac trung trong cla dac trung

mong mudn dat
duoc?

Budc 4 Budc 3

Dao tao lai mo6 hinh Xba (cac) dac trung it
véi cac dac trung quan trong nhat cua
con lai dac trung
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RFE v&i Xac thue chéo
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Recursive Feature Elimination with Cross-Validation (RFECV)

Training Dataset
With All Features

Yes

| Remove Cross-Validation Accuracy
- Weakest - Improved by Removing Weakest
~ Feature Feature?

Remaining Features >
inimum Features to Keep?
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Phwong phap Wrapper: Advantages & Disadvantages

Kho khan
Loi thé - Tinh toan tn kém, dac biét |a di véi
- Nam bat tuong tac gilra cac cac bd dir liéu chiéu cao (yéu cadu mod
dac trung hinh dao tao nhiéu Ian)
- Tap hop con déc trung t6i uu - Dé bi qua tai

- Phirc tap hon dé thuc hién va hiéu so
v@i cac phuong phap Filter.
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y
Phwong phap Embedded

2 NAam bat tat ca cac nhom ky thuat thwe hién Iwa chon dac trwng nhw 12 mot phan cla qua trinh

xay dwng md hinh (két hop cac dac tinh ctia phwong phap Filter va Wrapper)

LASSO (L1
chinh quy)

Tree-based Phuang phap Ridge (L2

Embedded Regularization)

Elastic Net (chinh
quy héa L1 +L2)
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HOI quy LASSO

2 M hinh tuyén tinh s& dung mdt hinh phat twong duwong véi gia tri tuyét déi cta do
I&n cla cac hé sb

0 Mot sb hé sb co thé tré thanh 0 — c6 thé thwc hién lwa chon dac trwng (gidm

overfitting)

i(% — quﬁj)z + 4 i 8
=1 ; =
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Ridge Regression

O Thém mét hinh phat twong dwong véi binh phwong do 1én clia cac hé sb
O Khéng lam gidm (thu nhd) hé sb vé 0 ma n6 dwa cac hé sbé gan bang 0 — khéng cé hé
sd nao bi loai bd

O Khéng tét cho viéc gidm dac trwng nhwng sé gilip chon céac dac trwng ¢6 lién quan.

n p
L 2 2
RS S idge (w,b) = E (¥ — (wiz; +0))" + E w;
i=1 =1
L | J
l l
Fit training data well Keep parameters small
k A trade-off between fitting the j
training data well and keeping
parameters small
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Elastic Net

1 Kéthop quy tac L1 + L2, can bang gitra cac hinh phat Lasso va Ridge

1 Lasso sé loai bd cac dac trung va gidm sw phi hop qua mirc trong mé hinh tuyén tinh.
Ridge sé lam giam tdc déng cua cac dac trwung khéng quan trong trong viéc dy doan cac
gia tri muc tiéu.

2 Siéu tham s6 alpha: tdi wu héa bang cach s dung xac thwe chéo

n _ d )2 _
D icq Wi — i B) L) 1 Zf@Q"'O‘Z"BJ

71=1
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Tree-based

o Dbi véi mé hinh dwa trén cay, cac dac trwung co tdm quan trong bang 0 hoan toan
khéng dwoc s dung dé thwe hién bat ky phan tach nao

0 Chung ta c6 thé s& dung tdm quan trong cla dac trwng dé loai bd cac dac trwung ma

mo hinh khéng coi la quan trong.

# Find the features with zero importance

zero_features = list(feature_importances|feature_importances[ importance'] == 8.8][ feature’'])
print('There are %d features with 8.8 importance' % len(zero_features))
feature_importances.tail()

There are 271 features with 8.8 importance

feature importance
348 previous_loans_RATE_INTEREST_PRIMARY_sum 0.0
352 client_cash_NAME_CONTRACT_STATUS_XNA_count_nor... 0.0

635 previous_loans_NAME_CASH_LOAN_PURPOSE Buying a... 0.0

353 previous_loans_PRODUCT_COMEBINATION_POS mobile ... 0.0
843 EMERGENCYSTATE_MODE_Yes 0.0
June 9, 2023
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Feature Importances

EXT SOURCE 1

EXT SOURCE 2

EXT SOURCE 3

client installments AMT PAYMENT min_sum
DAYS BIRTH

AMT_CREDIT

AMT ANNUITY

DAYS_EMPLOYED

bureau DAYS CREDIT ENDDATE max
bureau DAYS CREDIT max

DAYS ID_PUBLISH

bureau AMT CREDIT MAX OVERDUE mean
bureau DAYS ENDDATE FACT max

bureau AMT CREDIT SUM DEBT mean
OWN_CAR AGE

0.000 0.005 0010 0015 0020 0025 0.03
Normalized Importance

https://www.kagale.com/code/willkoehrsen/introdu
ction-to-feature-selection



https://www.kaggle.com/code/willkoehrsen/introduction-to-feature-selection
https://www.kaggle.com/code/willkoehrsen/introduction-to-feature-selection

Phwong phap Embedded: Uu diém &; nhwoc diém

Khoé khan
- Gigi han & mot s6 kiéu may nhat dinh
c6 co ché lya chon dac trung tich hop
- [t dién giai hon so vdi cac phuong
Filter
- Tiém nang Overfitting: mo6 hinh phtrc
tap va tap di liéu nho.

Loi thé
- Hiéu qua: hiéu qua tinh toan hon
cac phuong phap Wrapper
- Khai quat hoa tot hon: tinh dén su

tuong tac gilra cac dac trung va
tham s6 mo hinh
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Ve
Giam chiéu
a2 X& ly div liéu chiéu cao bang cach chuyén dbi cac dac trwng gbc thanh khéng gian

chieu thap hon ‘ )
1 Cai thién hiéu suat mé hinh bang cach giam nhiéu va dw phong trong dir liéu

https://machinelearningcoban.com/2017/06/15/pca/
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https://machinelearningcoban.com/2017/06/15/pca/

o PCA tryng buéc

PCA procedure

Phan tich thanh phan chinh - PCA

1. Find mean vector

2. Subtract mean

€]

3. Compute covariance
matrix:

_ 1~xvT
S = FXX

4. Computer eigenvalues
and eigenvectors of S:
()\1? ul): K] (ADﬂ uD)

Remember the or-
thonormality of u;.

7. Obtain projected points
in low dimension.

Se----->

€]

6. Project data to selected
eigenvectors.

5. Pick K eigenvectors w.
highest eigenvalues p

June 9, 2023

https://machinelearningcoban.com/2017/06/15/pca/
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https://machinelearningcoban.com/2017/06/15/pca/

Loi thé
- Hiéu qua tinh toan
- Truc quan héa: 2D hoac 3D
- Loai bo tiéng 6n: loai bo cac thanh

phan phuong sai thap, thuong
tuong ng véi tiéng On

Giam chiéu: Uu diém va nhwoc diém

Kho khan
- Kha néng dién giai: su két hop cua céac
dac trung ban dau va thuong kho giai
thich
- C6 thé khong phu hop véi tat ca cac
loai di liéu
- Khong cé lura chon cu thé: khong cung
cap mot tap hop con cu thé cac dac
trung quan trong hon
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The Random Bar: Budc 1

Step 1: Insert a random vector in the feature set

June 9, 2023

Features
X11 | %12 | %13
Xa1 | X5z | Xa3 004 Y2
Xa1 | X3z | X33 Y3

https://www.linkedin.com/feed/update/urn:li:activity: 7059555375821307904?utm s

ource=share&utm medium=member desktop

Thwc hién b&i Trwdng Pai hoc Cong nghé Thong tin, PHQG-HCM
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https://www.linkedin.com/feed/update/urn:li:activity:7059555375821307904?utm_source=share&utm_medium=member_desktop
https://www.linkedin.com/feed/update/urn:li:activity:7059555375821307904?utm_source=share&utm_medium=member_desktop

Features Target
X5 | %52 | %53 |0.23 Y,
Xoy | Xoz | %3 fO76] | Y2
X31 | X2 | X33 [0.04 Y3

June 9, 2023

The Random Bar: Budc 2

Step 2: Measure feature importance and filter features

Feature importance

1

Supervised Learning
algorithm

Thwc hién b&i Trwdng Pai hoc Cong nghé Thong tin, PHQG-HCM

\

> Useful features

Z o
 ——The random feature

} Useless features




The Random Bar: Budc 3

Step 3: Iterate until convergence

- iterate until convergence

' performance metric

iterations

June 9, 2023 Thuce hién bé&i Treong Dai hoc Céng nghé Thong tin, DPHQG-HCM A




Cong cu lwa chon dac trung

API lua chon
dac trung
Sklearn

LOFO (B6 qua mét SHAP

dac trung) Boruta - Shap
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@

Sklearn: Lwa chon dac trwng

O API Reference
O Example RFE & RFECV

sklearn.feature_selection:. Feature Selection

The sklearn.feature_selection module implements feature selection algorithms. It currently includes univariate filter selection
methods and the recursive feature elimination algorithm.

User guide: See the Feature selection section for further details.

feature_selection.GenericUnivariateSelect([...]) Univariate feature selector with configurable strategy.
feature_selection.SelectPercentile([...]) Select features according to a percentile of the highest scores.
feature_selection.SelectKBest([score func, k]) Select features according to the k highest scores.
feature_selection.SelectFpr([score_func, alpha]) Filter: Select the pvalues below alpha based on a FPR test.
feature_selection.SelectFdr([score_func, alpha]) Filter: Select the p-values for an estimated false discovery rate.
feature_selection.SelectFromModel(estimator,*)  Meta-transformer for selecting features based on importance weights.
feature_selection.SelectFwe([score_func, alpha]) Filter: Select the p-values corresponding to Family-wise error rate.
feature_selection.SequentialFeatureSelector(...) Transformer that performs Sequential Feature Selection.
feature_selection.RFE(estimator, *, ...]) Feature ranking with recursive feature elimination.
feature_selection.RFECV(estimator, *, ...]) Recursive feature elimination with cross-validation to select features.

feature_selection.VarianceThreshold([threshold]) Feature selector that removes all low-variance features.
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https://scikit-learn.org/stable/modules/classes.html#module-sklearn.feature_selection
https://machinelearningmastery.com/rfe-feature-selection-in-python/
https://www.kaggle.com/code/nroman/recursive-feature-elimination

LOFO

2 LOFO trwéece tién danh gia hiéu suat cia mé hinh véi tat ca cac dac trwng dau vao duwoc

bao gém, sau do lap di 1ap lai loai bd mét dac trwng tai moét thoi diém, dao tao lai mé hinh

va danh gia hiéu suéat cia né trén mot tap hop xac thuc

O github
O Example notebook

June 9, 2023

import pandas as pd

from sklearn.model_selection import KFold

from lofo import LOFOImportance, Dataset, plot_importance
%matplotlib inline

# import data
train_df = pd.read _csv("../input/train.csv", dtype=dtypes)

# extract a sample of the data
sample_df = train_df.sample(frac=0.01, random_state=0)

sample_df.sort_values("AwvSigVersion", inplace=True) # Sort

# define the wvalidation scheme
cv = KFold(n_splits=4, shuffle=False, random_state=None) #

# define the binary target and the features

by time for time split wvalidation

Don't shuffle to keep the time split spl

dataset = Dataset(df=sample_df, target="HasDetections", features=[col for col in train_df.columns i1

# define the wvalidation scheme and scorer. The default mode
lofo_imp = LOFOImportance(dataset, cv=cv, scoring="roc_auc"

# get the mean and standard deviation of the importances in
importance_df = lofo_imp.get_importance()

# plot the means and standard deviations of the importances
plot_importance(importance_df, figsize=(12, 28))
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https://github.com/aerdem4/lofo-importance
https://www.kaggle.com/code/aerdem4/optiver-lofo-feature-importance/notebook

SHAP

O github
O Example notebook & other example

shap.summary_plot(shap_values, train[features], plot_type="bar")

log_square feet
meter
building_id
air_temperature
site_id
primary_use
hour
dew_temperature
year_built
floor_count
weekday

cloud _coverage

precip_depth_1 hr

0.0000 00025 00050 00075 00100 00125 00150 0.0175
mean(|SHAP value|) (average impact on model output magnitude)

June 9, 2023 Thyc hién béi Trwdng Pai hoc Céng nghé Thong tin, PHQG-HCM



https://github.com/slundberg/shap
https://www.kaggle.com/code/dansbecker/advanced-uses-of-shap-values/tutorial
https://www.kaggle.com/code/hmendonca/shapley-values-for-feature-selection-ashrae

Boruta - Shap

0 Phwong phap lwa chon dac trwng bao boc két hop ca thuat toan lwa chon
tinh nang Boruta v&i cac gia tri shapley

O github
O Notebook Example
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https://github.com/Ekeany/Boruta-Shap
https://www.kaggle.com/code/carlmcbrideellis/feature-selection-using-the-boruta-shap-package/notebook

elis

o Mot gbi python gitp g& 16i cac trinh phén loai hoc may va giai thich dw doan
cua chung
O qithub

O docs

O Example Notebook

June 9, 2023

import eli5s

from eli5.sklearn import PermutationImportance

perm = PermutationImportance(my_model, random_state=1).fit(val_X, val_y)
eli5.show_weights(perm, feature_names

Weight

Feature

0.1750 £ 0.0848
0.0500 = 0.0637
0.0437 £ 0.0637
0.0187 = 0.0500
0.0187 £ 0.0637
0.0187 £ 0.0637
0.0125 £ 0.0637
0.0125 = 0.0306
0.0063 = 0.0612
0.0063 £ 0.0250
0 £ 0.0000

0 £ 0.0000
0.0000 = 0.0559
-0.0063 £ 0.0729
-0.0063 £ 0.0919
-0.0063 £ 0.0250
-0.0187 £ 0.0306
-0.0500 = 0.0637

Goal Scored
Distance Covered (Kms)
Yellow Card
Off-Target

Free Kicks

Fouls Committed
Pass Accuracy %
Blocked

Saves

Ball Possession %
Red

Yellow & Red
On-Target
Offsides

Corners

Goals in PSO
Attempts

Passes
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val_X.columns.tolist())



https://github.com/eli5-org/eli5
https://eli5.readthedocs.io/en/latest/
https://www.kaggle.com/code/dansbecker/permutation-importance

QUIZ & QUESTIONS
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