Uwem peneBaHTHbIe NPU3HAKN N3 COTEH MCTOYHUKOB ANS
nooon mogenu

Banepusa Obimouukas
Upgini
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bonblie ouyen — nydule...

...JaBante nomoxem [aiue nx Hantu!

/c;TpaHa \

doopmar
e Google Dataset Search onucaHue
—p * Dateno Bnagenet
e elc
MMEHa KOMNMOHOK

\Tmnbl KOJ‘IOHOK/

Yero He xBaTaeTt?
NOHUMaHUA TOro, ByayT QI OHU NOSIe3HbI



NOKPYTUTb

AaHHble
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o0yunTH

MoAenb







Upgini




Upgini
%pip install upgini

df = pd.read_csv(df_path)
train_features = df.drop(['avg_salary'], axis=1)
train_target = df.avg_salary

enricher = FeaturesEnricher(
search_keys={
‘country': SearchKey.COUNTRY,
'Postal_code': SearchKey.POSTAL_CODE})
enricher.fit(train_features, train_target, scoring = "mean_absolute_error")

@ https://github.com/upgini/upgini
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Regression

”

—>

N

Binary classification

Multiclass

Upgim
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Upgim




Kntoum + Tapret /
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denepaTmBHbI MOUCK MO 3TANIOHY
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Aone

Postal code

N

~

/

B opyrnx garacetax MOXHO HalTu

AONOoJIHUTEJIbHbIe KJITHO4YUN
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AHcamMOnb OaHHbIX:
pa3sHbIE UCTOYHUKN
OOMOSTHSAOT U UCNpaBnaAoT

Apyr opyra

IP source 1

-©

IP source 2
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Ypa, y Hac ecTb nouck!

e lluem He No MeTagaHHbIM, a Mo 3TaroHy
e KoMOWHMPYEM NCTOYHUKN B aHCaMbnu
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Ypa, y Hac ecTb nouck!

e lluem He No MeTagaHHbIM, a Mo 3TaroHy
e KoMBMHMPYEM UCTOYHUKM B aHCaAMOnu

f.k

Cblpble ,El,aHHbIe
HE pa60Ta+0T B MOAesrun
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Ypa, y Hac ecTb nouck!

e lluem He No MeTagaHHbIM, a Mo 3TaroHy
e KoMBMHMPYEM UCTOYHUKM B aHCaAMOnu

f.k

Cblpble ,D,aHHbIe
HE pa60Ta+0T B MOAEI N

[MpoknaTne pasmMepHOCTHU
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[OTOBUM OaHHbIe A5d noucka

e Ouuctka
: E(:gtl\t/lj?; I;:‘)naglhilrlj:,lering /Jl \ \"
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SN,



[OTOBUM OaHHbIe A5d noucka

e Ouuctka

e Hopmanusauus

e Feature Engineering — camas
CJI0OXXHaA 4yacTb!

((.k

_‘dA
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[OTOBUM OaHHbIe A5d noucka

e Feature Engineerin

‘= Featuretools [/(({é”\\))\{

& autofeat ( NS
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&g GpenFeE
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TabnuyHbIn Feature Engineering
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TabnuyHbIn Feature Engineering
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TabnuyHbIn Feature Engineering
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TabnuyHbIn Feature Engineering

a+d

b+c

atc

c+d
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TabnuyHbIn Feature Engineering
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TabnuyHbIn Feature Engineering
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TabnuyHbIn Feature Engineering

e Brbluncngem gnsa gpuden
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TabnuyHbIn Feature Engineering

e Brbluncngem gnsa gpuden
KOHKPETHOro nomcka

e TofbKO NOAMHOXECTBO omnyen n
KoMOuHauum
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TabnuyHbIn Feature Engineering

e Brbluncngem gnsa gpuden

"\

KOHKPETHOro noucka /‘
e TONbKO NOAMHOXECTBO ouyen u {( \

KoMOuHauum X
)] |

o [pocTble npaBuna 2
IS,
GO,
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TabnuyHbIn Feature Engineering

e Brbluncngem gnsa gpuden
KOHKPETHOro nomcka
e TofbKO NOAMHOXECTBO omnyen n
KoMOuHauum
o [lpocTble npaBuna
o TonbKo BaXKHble domyn

8

\*’ q
PN T
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TabnuyHbIn Feature Engineering

e Brbluncngem gnsa gpuden
KOHKpPETHOro noucka

e TofbKO NOAMHOXECTBO omnyen n
KoMOuHauum

e OnepaHabl OOMKHbI UMETb
CMbICI

f.k

"n

N
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TabnuyHbIn Feature Engineering

e Brluncnaem gna ouuen

KOHKPETHOro noumcka /‘

e TONbKO NOAMHOXECTBO oUYEN U Jl
KoMOuHauum {

e OnepaHabl OOMKHbI UMETb (

CMbICI \" \
o abs, log, floor, /, sigmoid, A‘i‘\x‘fﬁ"ﬁ

sim, date_diff, etc







dunym Ha TekcTax

[Mpeobpa3oBaHne TekcTa B

BEKTOP

Lorem ipsum
dolor sit amet,
onsectetur
adipiscing elit.
Duis
ullamcorper
ipsum sit amet

fringilla volutpat.

4’[ anropuTtm ]—> [0.123, ..., 1.5]

f.k

"n

N
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dunym Ha TekcTax

e [Ipeobpa3oBaHue TekcTa B

BEKTOP /‘
o TF-IDF, word2vec, Fasttext, {(/

ambenauHrm LLM, etc

Duis
ullamcorper
ipsum sit amet
fringilla volutpat.

Lorem. ipsum ’ \\’/ “
=2 L | NN,
anroputm [0.123, ..., 1.5]




dunym Ha TekcTax

Lorem ipsum dolor
sit amet,

molestie mauris ut
rnare iaculis.

consectetur
adipiscing elit. Duis
ullamcorper ipsum
sit amet fringilla LLM [0.123, ..., 1.5]
volutpat. Vivamus
eleifend feugiat velit
et ultrices. In
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dunym Ha TekcTax

Lorem ipsum dolor /

sit amet,
consectetur

adipiscing elit. Duis

ullamcorper ipsum d D

sit amet fringilla LLM [0.123, ..., 1.5] N O

volutpat. Vivamus (

eleifend feugiat velit
et ultrices. In \ ‘

AN

PN T

Lorem Ipsum
AKA
YenabuHckmnin TpybonpoKaTHbIW 3aBOL,
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dunym Ha TekcTax

{orem Ipsum Inc

Lorem ipsum dolor
sit amet,
onsectetur

adipiscing elit. Duis

ullamcorper ipsum
sit amet fringilla
volutpat. Vivamus
eleifend feugiat velit
et ultrices. In
molestie mauris ut
rnare iaculis.

¥

)

Context
(Lorem lpsum
address: ...)

®

«A\\ ),
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dunym Ha TekcTax

{orem Ipsum Inc

A \—
Lorerziti;;sr:rer:’dolor / LLM [ \\
consectetur

adipiscing elit. Duis
piry | ( &{#'r,’ {
volutpat. Vivamus
eleifeenl:i lf-ﬁ:ueg;i.altnveIit A '
ristemarsu Context il \\ 4‘“‘;

(Lorem Ipsum A’A‘x .“A

address: ...) \/
[0.456, ..., 0.5276]



dunym Ha TekcTax

{orem Ipsum Inc

Lorem ipsum dolor
sit amet,
consectetur
adipiscing elit. Duis
ullamcorper ipsum

sit amet fringilla
volutpat. Vivamus
eleifend feugiat velit
et ultrices. In

molestie mauris ut Context
ex ornare iaculis.
(Lorem Ipsum

address: ...) \/
[0.456, ..., 0.5276]

LLM

Retrieval
Augmented

Generation (RAG) BeHuyMmapkK: https://medium.com/p/2d67cf595b9¢






YMeeM rotoBmutb onyu!
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YMeeM rotoBmutb onyu!

e [IpeobpasoBanu TEKCTOBbIE
[aHHble B Hauny4wmin Habop
ambenauHros
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YMeeM rotoBmutb onyu!

[Mpeobpa3oBanu TEKCTOBbLIE
OaHHbIE B HaUny4Lwumn Habop
ambenaunHros

CreHepupoBanu onTMMarbHbIN
Habop KOMBUHaLNI C NOMOLLbIO
psaa 9BPUCTUK
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YMeeM rotoBmutb onyu!

[Mpeobpa3oBanu TEKCTOBbLIE
OaHHbIE B HaUny4Lwumn Habop
ambenaunHros

CreHepupoBanu onTMMarbHbIN
Habop KOMBUHaLNI C NOMOLLbIO
psaa 9BPUCTUK
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YMeeM rotoBmutb onyu!

[Mpeobpa3oBanu TEKCTOBbLIE
OaHHble B HAUMy4LInnm Habop
ambenauHros

CreHepupoBanu onTMMarbHbIN
Habop KOMOUHaLNI C NOMOLLbIO
psga 9BPUCTUK

[Tony4ynnu pecaTku Tbicsad uyen
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Panxnpyem pesynbraT novcka

e [lonck dpuyen — 31O 3agava
feature selection
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Panxnpyem pesynbraT novcka

e [lonck dpuyen — 31O 3agava
feature selection
o filter, wrapper,
embedded
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Panxnpyem pesynbraT novcka

e [lonck dpuyen — 31O 3agava
feature selection
o filter, wrapper,
embedded

correlation
mutual information
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Panxnpyem pesynbraT novcka

e [lonck dpuyen — 31O 3agava
feature selection
o filter, wrapper,
embedded

................................

.................................
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Panxnpyem pesynbraT novcka

e [lonck dpuyen — 31O 3agava
feature selection
o filter, wrapper,
embedded

—»[ Moaernb ]—>

feature importance
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Panxnpyem pesynbraT novcka

e [lonck dpuyen — 31O 3agava
feature selection
o minimal-optimal vs
all-relevant
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Panxnpyem pesynbraT novcka

e [lonck dpuyen — 31O 3agava
feature selection
o minimal-optimal vs
all-relevant

minimal-optimal

\
I

I

I
/

..................

all-relevant
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Panxnpyem pesynbraT novcka

e Minimal-optimal anroputmbl
o Embedded
o MRMR
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Panxnpyem pesynbraT novcka

e Minimal-optimal anroputmbl
o Embedded
o MRMR

.......

.......

minimal optimal set
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Panxnpyem pesynbraT novcka

e Minimal-optimal anroputmbl
o Embedded
o MRMR

58



Panxnpyem pesynbraT novcka

e Minimal-optimal anroputmbl
o Embedded
o MRMR

relevance(f | target)

scoreyd) = redundancy(f | features selected until 1 — 1)
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Panxnpyem pesynbraT novcka

e Minimal-optimal anroputmbl
o Embedded
o MRMR

relevance(f | target)

scoreslf) = redundancy(f | features selected until 1 — 1)

[Mpumep:
relevance = F-score
redundancy = Pearson correlation

Uber paper (2019): https://arxiv.org/pdf/1908.05376
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Panxnpyem pesynbraT novcka

e Minimal-optimal anroputmbl
o Embedded
o MRMR

relevance(f | target)

core; —
scarei(J) redundancy(f | features selected until i — 1)

CKonbko bpaTtb chnuen?
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Panxnpyem pesynbraT novcka

e Minimal-optimal anroputmbl
o Embedded
o MRMR

relevance(f | target)

scoreslf) = redundancy(f | features selected until 1 — 1)

CKonbko bpaTtb chnuen?

Uber: MMHMManbHOE KoNM4ecTBo, Npu KOTOPOM
oynet makcmmaneHbin AUC no ntoram 50
nporoHoB Random Forest
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Panxnpyem pesynbraT novcka

e Minimal-optimal anroputmbl
o Embedded
o MRMR

minimal optimal set 1

\

—— oy

[
[
[
I
[
[
[
I
[
[
1
/

\

minimal optimal set 2



Panxnpyem pesynbraT novcka

e Minimal-optimal anroputmbl
o Embedded
o MRMR

NMpoGnema: Mbl He 3Haem
KOHe4YHYI Moaersb
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Panxnpyem pesynbraT novcka

e All-relevant anroputmel
o Recursive Feature Elimination
o Permutation importance selection
o Boruta
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Panxnpyem pesynbraT novcka

e Recursive Feature Elimination
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Panxnpyem pesynbraT novcka

e Recursive Feature Elimination

7 \ J . 7 . 7 . 7 . 7 . 7

model.fit



Panxnpyem pesynbraT novcka

e Recursive Feature Elimination
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Panxnpyem pesynbraT novcka

e Recursive Feature Elimination

_J_JTL 7 S P S—

model.fit



Panxnpyem pesynbraT novcka

e Recursive Feature Elimination

e

model.fit



Panxnpyem pesynbraT novcka

e Recursive Feature Elimination

N T.0. 00 OCTAHOBKU
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Panxnpyem pesynbraT novcka

e Recursive Feature Elimination

CKonbKo oTtbpacbiBaTb?
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Panxnpyem pesynbraT novcka

e Recursive Feature Elimination

—/

2
Ckonkko oTOpackIBaTh? train df.shape = (46152, 10667)

Iteration time: 1 min



Panxnpyem pesynbraT novcka

e Recursive Feature Elimination

CKonbKo otopacbiBaTb?
CKoOnbKoO ocTaBnATL?
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Panxnpyem pesynbraT novcka

e Permutation importance selection

Feature Target

Score
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Panxnpyem pesynbraT novcka

e Permutation importance selection

Feature

(shuffled) 1arget

i corrupted score
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Panxnpyem pesynbraT novcka

e Permutation importance selection

Feature -
(shuffled) T@rget

. PFI = score - corrupted_score
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Panxnpyem pesynbraT novcka

e Permutation importance selection

Feature -
(shuffled) T@rget

. PFI = score - corrupted_score
(B cpegHem 3a K ntepaumn)

) K* N nporoHos
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Panxnpyem pesynbraT novcka

Permutation importance selection

Feature

(shuffled) 1arget

. PFI = score - corrupted_score
(B cpegHem 3a K ntepaumn)

) K* N nporoHos

train df.shape
K =3

(46152,

10667)
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Panxnpyem pesynbraT novcka

e Boruta

shadow features = shuffled

80



Panxnpyem pesynbraT novcka

e Boruta

)

—

?

z-score < max(shadow z-score)

z-score = avg(importance) /
std(importance)
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Panxnpyem pesynbraT novcka

e Featurewiz

@ https://github.com/AutoViML/featurewiz
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Panxnpyem pesynbraT novcka

e Featurewiz
@ https://github.com/AutoViML/featurewiz

+ Cam onpegensier KonmyecTso puyen
+ BcTtpoeHnHbin FE, Habop aHkogepoB
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Panxnpyem pesynbraT novcka

e Featurewiz

@ https://github.com/AutoViML/featurewiz

+ Cam onpegensier KonmyecTso puyen
+ BcTtpoeHnHbin FE, Habop aHkogepoB

-  TpebyeTt npenobpaboTkn gataceta
-  MepaneHHbIn
- OT1bupaet crnmwKkom MHOro
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Panxnpyem pesynbraT novcka

e CBon 0B6EPTOUHBIN METOL,
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Panxnpyem pesynbraT novcka

e CBon 0B6EPTOUHBIN METOL,
o BHanaHc CKOpoCcTU K
KadecTBa
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Panxnpyem pesynbraT novcka

e CBon 0B6EPTOUHBIN METOL,
o BHanaHc CKOpoCcTU K
KadecTBa
o CTabunbHOCTb (3awmTa
oT overfit)

87



Panxnpyem pesynbraT novcka

sklearn.feature_selection.RFE(step=137)
https://github.com/smazzanti/mrmr
FeatureWiz

Upgini

88


https://github.com/smazzanti/mrmr

Panxnpyem pesynbraT novcka

train df.shape = (46152,
drHTEX

BuHapHasa kJjaccuburkaumsa
Baseline: GINI=0.394962

10667)

Anroputm Bpemsa GINI Uplift
RFE 79 MUHYT 0.489 0.095
MRMR 77 MUHYT 0.492 0.097
Upgini 58 MUHYT 0.487 0.093
FeatureWiz 8 yacoB 0.481 0.086

48588 cTpok B eval_df
6 CPU, 32Gb RAM
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PaHxupyem pesynbstaT nomcka

Arnroputm

RFE
MRMR
Upgini

FeatureWiz

Bpems
79 MUHYT
77 MUHYT
58 MUHYT

8 yacos

drHTEeX

train df.shape = (46152,

BuHapHasa kijlaccudmralumsa

10667)

Baseline: GINI=0.394962
GINI Uplift
0.489 0.095
0.492 0.097
0.487 0.093
0.481 0.086
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Panxnpyem pesynbraT novcka

drHTEeX

train df.shape = (46152,

BuHapHasa kJjaccubmxaumsa

10667)

Baseline: GINI=0.394962
Anroputm Bpemsa GINI Uplift
RFE 79 MUHYT 0.489 0.095
MRMR 77 MUHYT 0.492 0.097
Upgini 58 MUHYT 0.487 0.093
FeatureWiz 8 yacos 0.481 0.086

... 9TO comnn 25K CTpokK
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Panxnpyem pesynbraT novcka

train df.shape = (46152,
drHTEX

BuHapHasa kJjaccuburkaumsa
Baseline: GINI=0.394962

10667)

Anroputm Bpemsa GINI Uplift
RFE 79 MUHYT 0.489 0.095
MRMR 77 MUHYT
Upgini 0.487 0.093
FeatureWiz 8 yacoB 0.481 0.086
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Panxnpyem pesynbraT novcka

train df.shape = (46152,
drHTEX

BuHapHasa kJjaccuburkaumsa
Baseline: GINI=0.394962

10667)

Anroputm Bpemsa GINI Uplift
RFE 79 MUHYT 0.489 0.095
MRMR 77 MUHYT
Upgini 0.487 0.093
FeatureWiz 8 yacoB 0.481 0.086

-25% Bpemsi paboThl 3a -0.9% kayecTBa
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Panxnpyem pesynbraT novcka

train df.shape = (46152,
drHTEX

BuHapHasa kJjaccuburkaumsa
Baseline: GINI=0.394962

10667)

Anroputm Bpemsa GINI Uplift
RFE 79 MUHYT 0.489 0.095
MRMR 77 MUHYT
Upgini 0.487 0.093
V' FeatureWiz 8 uacos 0.481 0.086
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Panxnpyem pesynbraT novcka

train df.shape = (46152,
drHTEX

BuHapHasa kJjaccuburkaumsa
Baseline: GINI=0.394962

10667)

Anroputm Bpemsa GINI Uplift
RFE 79 + 58 MuHyT 0.489 0.095
MRMR 77 + 58 MUHYT
Upgini 0.487 0.093
V' FeatureWiz 8 uacos 0.481 0.086
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Panxnpyem pesynbraT novcka

train df.shape = (46152,
drHTEX

BuHapHasa kJjaccuburkaumsa
Baseline: GINI=0.394962

10667)

Anroputm Bpemsa GINI Uplift
RFE 79 + 58 MuHyT 0.489 0.095
MRMR 77 + 58 MUHYT
Upgini (65) 0.487 0.093
V' FeatureWiz 8 uacos 0.481 0.086
(2308)
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PaHxupyem pesynbstaT nomcka

Arnroputm

RFE
MRMR
Upgini

FeatureWiz

Bpems
79 MUHYT
77 MUHYT
58 MUHYT

8 yacos

duHTEeX

Baseline:

train df.shape = (46152, 10667)

BuHapHasa kJjaccubmkaumsa

GINI=0.394962

Y6panu 6amxarmmii k train Mecsis

Uplift
0.095
0.097
0.093
0.086

Uplift ¢ “gbipkon”
0.079 (-0.014)
0.067 (-0.030)
0.080 (-0.013)
0.065 (-0.021)
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PaHxupyem pesynbstaT nomcka

Anroputm

RFE
MRMR
Upgini

FeatureWiz

Bpems
79 MUHYT
77 MUHYT
58 MUHYT

8 yacos

duHTEeX

Baseline:

train df.shape = (46152, 10667)

BuHapHasa kJjaccubmkaumsa

GINI=0.394962

Y6panu 6amxarumi k train mecsr

Uplift
0.095
0.097
0.093
0.086

Uplift ¢ “gbipkon”
0.079 (-0.014)
0.067 (-0.030)
0.080 (-0.013)
0.065 (-0.021)
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Panxnpyem pesynbraT novcka

train df.shape = (46152, 10667)
duHTEX

BrHapHad kJjlaccupmrKaumda
Baseline: GINI=0.394962

Y6panu 6amxarumi k train mecsr

Anroputm Bpemsa Uplift Uplift ¢ “gbipkon”
RFE 79 MUHYT 0.095 0.079 (-0.014)
MRMR 77 MUHYT 0.097 0.067 (-0.030)
Upgini 58 MUHYT 0.093 0.080 (-0.013)
FeatureWiz 8 yacos 0.086 0.065 (-0.021)

HanmMmeHee CcTabunbHble duyn
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PaHxupyem pesynbstaT nomcka

Anroputm

RFE
MRMR
Upgini

FeatureWiz

Bpems
0.5 MuHyT
2 MUHYTDI

/ MUHYT

12 MUHYT

train df.shape = (12080,
HeHbI Ha HeIBUMXNVMMOCTDb
Perpeccusa

Baseline: R2=0.493

2345)

R2 Uplift
0.533 0.040
0.523 0.030
0.566 0.073
0.514 0.021

1812 cTpok B eval_df
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Panxnpyem pesynbraT novcka

train df.shape = (12080,
HeHbI Ha HeIBUMXNVMMOCTDb
Perpeccusa

Baseline: R2=0.493

2345)

Anroputm Bpemsa R2 Uplift
RFE 0.533 0.040
MRMR 2 MUHYTBbI 0.523 0.030
Upgini 7 MUHYT
FeatureWiz 12 MUHYT 0.514 0.021
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Panxnpyem pesynbraT novcka

train df.shape = (12080,
[leHEl Ha HEeIBMXMMOCTBb

2345)

Perpeccus
Baseline: R2=0.493

Anroputm Bpemsa R2 Uplift

RFE 0.533 0.040

MRMR 2 MUHYTBbI 0.523 0.030

Upgini 7 MUHYT 0.566 0.073

FeatureWiz 12 MUHYT 0.514 0.021
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Panxnpyem pesynbraT novcka

train df.shape = (12080,
HeHbI Ha HeIBUMXNVMMOCTDb
Perpeccusa

Baseline: R2=0.493

2345)

Anroputm Bpemsa R2 Uplift
RFE 0.5 MUHyYT 0.533 0.040
MRMR 2 MUHYTBbI 0.523 0.030
Upgini 7 MUHYT 0.566 0.073
FeatureWiz 12 MUHYT 0.514 0.021

CaMmbin BbICTPLIM — HE CaMbl NyYLLNKA
Camblt MeaneHHbIN — ToXe
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KamMHM Ha nyTu
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KamMHM Ha nyTu

Fun fact: LightGBM He moxeT obecneuntb
naemMnoTeHTHbIN feature importance Ha
pa3HOM nopsiaKke KONTOHOK

% J guolinke commented on Mar 31, 2018 Collaborator

This is by design. feature order will affect the accuracy.
The reason is, when choose a feature to split tree node, if two features have the
same split gain, the feature with smaller index(id) will be chosen.

& 4
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KamMHM Ha nyTu

e CrTporo cnegmm 3a COPTUPOBKOW
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KamMHM Ha nyTu

[depeBbs pewieHnn
“npogBurarot”
CcKoppenupoBaHHble (pnum

107



KamMHM Ha nyTu

KonnyectBo cnnutoB 6yaet noxoxum!
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KamMHu Ha nyTu

e CTporo crnegmm 3a COpTUPOBKOM
e Ybupaem chuuu,
CKOppPEnMpoBaHHLIE C APYrMMu

109



KamMHWn Ha nyTu

e CTporo crnegmm 3a COpTUPOBKOM
e Ybupaem chuuu,
CKOppPEnMpoBaHHLIE C APYrMMu
o SULOV B FeatureWiz
(search for uncorrelated
list of variables)
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KamMHu Ha nyTu

CtaHaapTHble MeToAbl NNOXOo
pabdoTaloT C paspexXeHHbIMU
nyamm
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KamMHWn Ha nyTu

train df.shape = (12080, 2345)
HeHbI Ha HeIBUMXNVMMOCTDb
Perpeccusa

36 ¢muem c hit <= 40%

Uplift 6e3 paspexeHHbix  Uplift ¢ paspexxeHHbIMK

Anroputm 8
donden domnyamu
RFE 0.050 0.040
MRMR 0.012 0.030
Upgini 0.053 0.073
FeatureWiz 0.043 0.021
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KamMHWn Ha nyTu

train df.shape = (12080, 2345)
[leHEl Ha HEIBMXMMOCTE
Perpeccusa

36 ¢muem c hit <= 40%

Uplift 6e3 paspexeHHbix  Uplift ¢ paspexxeHHbIMK

Anroputm 8
donuen donyamm
RFE 0.050 0.040
MRMR 0.012 0.030
Upgini 0.053 0.073
FeatureWiz 0.043 0.021
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KamMHWn Ha nyTu

-

features

target
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KamMHWn Ha nyTu

(.

features

target
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KamMHu Ha nyTu

e CTporo crnegmm 3a COpTUPOBKOM

e Ybupaem puuum,
CKOPpPEnMpoOBaHHbIE C APYrMMMN

e YUnTblBAEM CETMEHTDI
3arnoNHEHHOCTU ANA pa3peXKeHHbIX
Jonden
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N ewe pas npo FE

train df.shape = (100000, 3311)
[lpenckaszaHme obopoTa
Perpeccusa
MHOT'OMEPHEIM BPEMEHHOU pPAL
Upgini

Bpewms Uplift
Tonbko oTbop 12 MUHYT 0.067

FE + otbop 25 MUHYT 0.147
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149 relevant feature(s) found with the search keys:
['date', 'phone', 'hashed email', 'ip']

Accuracy after enrichment

[F"’ Copy] [ ~ Share]

Dataset type Rows Mean target Baseline GINI Enriched GINI  Uplift

Train 55920 0.4464 0.4352 0.6575 0.2223

Eval 1 6061 0.4267 0.3496 0.4759 0.1263
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Tor

120



Tor

e BwmecTo MeTagaHHbIX — ULLEM MO JTaJ1OHY
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Tor

e BmecToO MeTagaHHbIX — ULWLEM MO 3TanoHy
e Hawnwn paHHbIe? A Hago — dounum
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Tor

e BmecTo MeTagaHHbIX — NLWEM MO 3TanoHy
e Hawnwn paHHbIe? A Hago — dounum
e UYT06LI BCE paboTaro, HyXHO:

o 0ObxoanTb KOMBUHATOPUKY
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Tor

e BmecTo MeTagaHHbIX — NLWEM MO 3TanoHy
e Hawnwn paHHbIe? A Hago — dounum
e UYT06LI BCE paboTaro, HyXHO:

o 0ObxoanTb KOMBUHATOPUKY

o Ynydwarb amMoegauHrun
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Tor

e BmecTo MeTagaHHbIX — NLWEM MO 3TanoHy
e Hawnwn paHHbIe? A Hago — dounum
e UYT06LI BCE paboTaro, HyXHO:

o 0ObxoanTb KOMBUHATOPUKY

o Ynydwarb amMoegauHrun

o YcKOpsATb anroputMmbl
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Tor

e BmecTo MeTagaHHbIX — NLWEM MO 3TanoHy
e Hawnwn paHHbIe? A Hago — dounum
e UYT0OObI BCE paboTano, HY>XHO:

©)

O
O
O

O6xoanTb KOMOUHATOPUKY
Ynydwartb amMbeaanHru

YCKOpPATb anropmuTMbl

3ab0TUTBLCSA O CKOPPENUPOBAHHbIX
N paspexeHHbIX puyax
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Tor

e BmecTo MeTagaHHbIX — NLWEM MO 3TanoHy
e Hawnun paHHbIe? A Hago — dnun
e UYT0OObI BCE paboTano, HY>XHO:

©)

O
O
O

O6xoanTb KOMOUHATOPUKY
Ynydwartb amMbeaanHru

YCKOpPATb anropmuTMbl

3ab0TUTBLCSA O CKOPPENUPOBAHHbIX
N paspexeHHbIX puyax

... MHOIO Yero ewé
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Tor

e BmecTo MeTagaHHbIX — NLWEM MO 3TanoHy
e Hawnun paHHbIe? A Hago — dnun
e UYT06LI BCE paboTaro, HyXHO:

o 0ObxoanTb KOMBUHATOPUKY

o Ynydwarb amMoegauHrun

o YcKOpsATb anroputMmbl

o 3aboTuUTbCA O CKOPPENUPOBAHHBLIX

N paspexeHHbIX ouyax

... MHOIO Yero ewé
(4McTKa aTarnoHa, NpaBUsbHLINM TUMN KpOCcC-Banuaaumu,
time series 3agayn, nepebanaHcnpoBKa, pacyET METPUK...)

O
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Tor

e BwmecTo MeTagaHHbIX — ULWEM NO 3TANOHy
e Hawnn gaHHble? A Hago — dnun
e UYTOOLI BCE paboTasno, HY>XHO:

o ObxognTb KOMBUHATOPUKY

o YnydwaTb amMoeganHrun

o YCKOpSATb anroputmbl

o 3aboTUTbCSA O CKOPPENUPOBAHHbIX

N paspexeHHbIX douyax

O ... MHOTO Yero ewe
(4McTKa aTanoHa, NpaBUnbHLIA TUMN KPOCC-Banuaauum,
time series 3agayn, nepebanaHcMpoBKa, pacye€T METPUK...)
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Cnacunbo 3a BHMmMaHue!

U pg i ni https://upgini.com/

@ 4 @Suncelesta

B ponsax:

Mawa

k>

BONOTHbLIN MOHCTP
by Amethyst Studio
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7
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>

[uranT
by Eucalyp
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https://thenounproject.com/browse/icons/term/swamp-monster/
https://thenounproject.com/browse/icons/term/giant/

