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[MpenmyLiecTBa Kaggle

»Hanbonee packpydeHHaa nnatgopma
+»B03MOXHOCTb 3anyckaTb in-class COpeBHOBaHUSA
»KpyTble copeBHOBaHUS OT TOMOBLIX IT KOMNaHNI
»Kpacusblin, npocTton cant

“»bonbLloe Konn4yecTBo y4acTHUKOB kaggle
»boratbin hopym

< [1aTtaceTbl

»TyTopmnansl

»CKpunTbl

»[Nonck paboTbl B Data Science

KpyTon npodgrann Ha kaggle.com oTnn4Haga cCTpo4ka B pe3tome Ans
Kakgoro data scientist-a U He TONbKO ®
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Kak BbIrnagaT copeBHOBaHUsA no DM?

mpleted - $10,000 - 3,514 teams

Otto Group Product Classification Challenge

ar 2015 - Mo 8 May 20

Competition Details » Getthe Data » Make a submission

Classify products into the correct category

Get started on this competition through Kaggle Scripts

The Otto Group is one of the world's biggest e-commerce companies, with subsidiaries
in more than 20 countries, including Crate & Barrel (USA), Otto.de (Germany) and 3
Suisses (France). We are selling millions of products worldwide every day, with several
thousand products being added to our product line.

A consistent analysis of the performance of our products is crucial. However, due to
our diverse global infrastructure, many identical products get classified differently.
Therefore, the quality of our product analysis depends heavily on the ability to
accurately cluster similar products. The better the classification, the more insights we
can generate about our product range.
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Linkn peweHusa 3aga4y DM

Data Mining Life Cycle

O —

<

N

Business Understanding Data Understanding Data Preparation Modeling Evaluation Deployment
identify project objectives collect and review data select and cleanse data manipulate data and evaluate model and apply conclusions to
draw conclusions conclusions business
Determine Business Collect Initial Data Data Set Select Modeling Evaluate Results Plan Deployment
Objectives Initial Data Collection Report Data Set Description Technique Align Assessment of Data Deployment Plan
Background (Log and Report Process) (Log and Report Process) Modeling Technique Mining Results with (Log and Report Process)
Business Objectives Modeling Assumptions Business Success Criteria
Business Success Criteria Describe Data Select Data (Log and Report Process) (Log and Report Process) Plan Monitoring and
(Log and Report Process) Data Description Report Rationale for Inclusion/ Maintenance
(Log and Report Process) Exclusion Generate Test Design Approved Models Monitoring and
Assess Situation (Log and Report Process) Test Design Review Process Maintenance Plan
Inventory of Resources, Explore Data (Log and Report Process) Review of Process (Log and Report Process)
Requirements, Assumptions, Data Exploration Report Clean Data (Log and Report Process)
and Constraints (Log and Report Process) Data Cleaning Report Build Model Parameter Produce Final Report
Risks and Contingencies (Log and Report Process) Settings Determine Next Steps Final Report
Terminology Verify Data Quality Models List of Possible Actions Final Presentation
Costs and Benefits Data Quality Report Construct Data Model Description Decision (Log and Report Process)
(Log and Report Process) (Log and Report Process) Derived Attributes (Log and Report Process) (Log and Report Process)
Generated Records Review Project
Determine Data Mining (Log and Report Process) Assess Model Experience
Goals Model Assessment Documentation
Data Mining Goals Integrate Data Revised Parameter (Log and Report Process)
Data Mining Success Criteria Merged Data (Log and Report Process)
(Log and Report Process) (Log and Report Process)
Produce Project Plan Format Data
Project Plan Reformatted Data
Initial Assessment of Tools and (Log and Report Process)
lechniques
(Log and Report Process)
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NMoHumaHue 3agaum

+OnpeneneHne n popmMmynuposaHmn busHec 3agaym
+»OueHKa pucKos, 3aTparT, obLlero npoduta
<*[locTaHoBKka DM uenen

<+ OnpeaeneHne KpUTEPMEB YCNELLHOCTH
*BbipaboTka nnaHa pelwleHnst 3agad

“»YeTkoe NoOHMMaHWe Toro YTo HaJo NpeackasaTth

71340



[ToHuMaHue AaHHbIX: [lepBbIN War

*C0O0op AaHHbIX

»Kakune gaHHble eCTb: CKOMbKO MPUMEPOB, CKOMbKO NPU3HAKOB, Kakne
NpU3HaKku no npupoae

»[locTaTouHO N1 AaHHbIX 4NN pelleHns 3aaadu, eCTb N HeobXoANMOCTb
cobupaTb AONONMHUTENBbHbIE JaHHbIE

BEHIND THE DATA

8 13 40



[ToHnmaHue gaHHbIX: BTopow war

< OnucartenbHble CTaTUCTUKNK
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[MoarotoBKa AaHHbIX

»BbI60op 1 nHTErpaumsa aaHHbIX

s dopmaTupoBaHme JaHHbIX

»[1penobpaboTka gaHHLIX: 3aMnosIHEHME NPOMNYCKOB, onpeaeneHne
BbIOpPOCOB, HOpManuaauma AaHHbIX, T.4.

»BbIBop/aKcTpakumns NPU3HaAKOB, COKpaLLEHNE Pa3MEPHOCTH

> HxeHepuna npnsHakos

+»Pa3bureHne Ha TPEHNPOBOYHOE, TECTOBOE MHOXECTBA

10 n3 40



[MocTpoeHue mopeneun

+»Bbibop noaxogsaLwwmnx mogenemn, COOTBETCTBYIOLLNX MPOBEPSEMbIM
rmnoresam

<+ OnpegeneHne an3amnHa TeCTUPOBAHUS

»Oby4yeHne moaenen c HAaCTPOMKOW rmrneprnapamMeTpoB

»KoHTponb overfitting/underfitting

scikit-learn

algorithm cheat-sheet

SVR(kernel="rbf")
EnsembleRegressors

reduction

11 n340



OueHKa KayecTBa Mmoaeneu

<**AHann3 aPeKTUBHOCTN MOAESNIEN HA TECTOBOM MHOXECTBE:
cTaTUCTUYECKME TMNOTE3bI, Koppenaummn

»BbluncneHne METPUK OLIEHKM KayecTBa Moaenemn

»[poBepka overfitting/underfitting

[locTnpoueccuHr

»[JOCTUrHYT NK XXenaembln pesyneraT?

12 n3 40



Pa3BepTbiBaHMEe CUCTEMDI

S PUHanNbHbIN OTYET MO NPOEKTY
+BbINonHeHbI N Bce NocTaBreHHble DM Lenu?
»YN0BNETBOPSAIOT NN pe3ynbTaTbl KPUTEPUS YCNELLIHOCTAN?

13 1340
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UccnepoBaHue pacnpeaeneHum:

IluHeapusauus

00?80 185 190 195 200 205 -210 215 220

~

"4

loglp(z)

loglp
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NMpenobpaboTka AaHHbIX

»[NpeobpasoBaHne KateropmanbHbIX NepeMeHHbIX: OneHotEncoder,
LabelEncoder

>>> from sklearn.preprocessing import OneHotEncoder

>>> enc = OneHotEncoder() >>> le = preprocessing.LlabelEncoder()
>>> enc.fit([[e, @, 3], [1, 1, @], [e, 2, 1], [1, @, 2]]) >>> le.fit(["paris”, "paris", "tokyo", "amsterdam"])
OneHotEncoder(categorical features='all', dtype=<... 'numpy.float64'>, LabelEncoder()
handle_unknown='error', n_values='auto', sparse=True) >>> list(le.classes_)
>>> enc.n_values ['amsterdam’, 'paris’', 'tokyo']
array([2, 3, 4]) >>> le.transform(["tokyo”, "tokyo”, "paris”])
>>> enc.feature_indices_ array([2, 2, 1]...)
array([@, 2, 5, 9]) >>> list(le.inverse_transform([2, 2, 1]))
>>> enc.transform([[@, 1, 1]]).toarray() N ["tokyo', 'tokyo', 'paris’]

array(]]:3s5 =0, @05 Yoy 105 0i; i, 05 00]]) —

>>> from sklearn.feature_extraction import FeatureHasher
>>> h = FeatureHasher(n_features=18)
>>> D = [{'dog': 1, 'cat':2, 'elephant':4},{'dog': 2, 'run': 5}]

»[1peocbpazoBaHy >’ [ ;" transforn(®) time, T.4.

>>> f.toarray()

S lpeobpasopaHy | il Sv g she Tre B w2 S 2l

[ 0., ., o.,
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3anosiHeHue NpPonyckoB

+»3anonHeHne HynaMmu

«»3arnosfiHeHne cnegyrLwmmMmn, npeablayLwmmm s3HavyeHnamm (pandas.fillna)

< 3anonHeHne cpeaHumMmn, Mmogamu, MmeguaHamm
(sklearn.preprocessing.Imputer)

+»3anofiHeHne ¢ UCnosib30BaHMEM (aBTO)pErpeccunmn/ce3oHHbIX Moaenen

50 000

| »9, +%e,
75 000 ﬁ‘“&.—‘,m‘—

70 000 <+ '
,

/
65 000 1 - > #

»3a° eM cneuyuanbHbIX aganTUpPOBaHHbIX

EER W10 TH Iy oy o o e o e e e e

=13 [
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OnpeaeneHve BbLIOPOCOB

<+ OnpegenexHne Yepes pacnpenerieHnst: No KBaHTUNSAM, NEPUEHTUNAM, MO
OPYyrMm npasunam nanbua

<+ OnpepgenexHne Yepes BM3yanunsaunto, MCNonb3yr anropuTmbl
Knactepusauum (k-means, affinity propagation, ..), COkpalleHu4
pasamepHocTu (PCA, t-SNE, ..)

<+ OnpegeneHne 4yepes aHann3 NOCTPOEHHbLIX MOAESIEN, MOCTNPOLIECCUHT

<+ OnpegeneHne Yepes crneunanbHble aganTUpPoBaHHbIE aNropuUTMbI:
OneClassSVM, EllipticEnvelope, IsolationForest

1. Isolation Forest (errors: 0) 2. One-Class SVM (errors: 8) 3. Robust covariance (errors: 0)

- |learned decision function
ooo true inliers
ee®e ftrue outliers

- - learned decision function §l—4 — learned decision function
ooo true inliers 00o true inliers
eee true outliers -6 eee true outliers
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Hopmanu3auusa gaHHbIX

«»CTtaHgapTHasa HopMmanusauusd

<*Hopmanusauua B 0-1 nnu B -1, 1(4Ns HENPOHbLIX CETEN)

»CTeMMUHr, nemmaTtmsaumng, TF-IDF v gpyrme metoabl 4na Tekcta
«»Hopmanusauna ons 3Byka

«*BblunTaHne cpeaHero no BCeEM NUKcensam, Hopmanusaunsa LBeToB And

KapTUHOK
Define
“normal’!

19 13 40



Bbi6op npu3HakoB

*BbI0op yepe3 model-free MmeToab!: scikit-feature
< CtatTncTtuku (sklearn.feature_selection.SelectKBest)
»Koppensuuu lNnpcoHa, CnnpmeHa

*BbIbop yepe3 model-based meToabl:
«*RandomForest (rf.feature_importances_, PFl)
«*Lasso, ElasticNet (Ir.coeffs )

NN (DFS, HVS, PFI)

SRFE (SVM, kNN, T.1.)

2013 40



Permutation Feature Importance

def shuffle(array):

return np.array(sorted(array, key=lambda *args: np.random.random()))

def pfi(model, data, target, metric, bootstrap=18):
perfomance metric(target, model.predict(data))
feature_importances []
for feature in range(num_features):
feature_score []
clone = np.copy(data)
for step in range(@, bootstrap):
clone[:,feature] shuffle(clone[:, feature])
pred - model.predict(clone)
feature_score.append(metric(target, pred))

feature_importances.append(perfomance-np.mean(np.array(r2_feature_score)))

return feature_importances

211340



Deep Feature Selection

mln f(8) =1(0) + )\1( |'w||2 + )\2”"””1)

K+1

+an (~2 z W2 +ar 3 [WE,)

k=1

Li, Yifeng, Chih-Yu Chen, and Wyeth W. Wasserman. "Deep Feature
Selection: Theory and Application to Identify Enhancers and
Promoters." Journal of Computational Biology 23.5 (2016): 322-336.

22 1340



Heuristic Variable Selection

fan-out(j)

5 4
= DL mb
Tij leij | : i€fan-out(4)
|wik|
k€fan-in(3) 1 ifunitie O
L S; ifunitie H

Yacoub, Meziane, and Y. Bennani. "HVS: A heuristic for variable
selection in multilayer artificial neural network classifier." Intelligent

Engineering Systems Through Artificial Neural Networks, St. Louis,
Missouri. Vol. 7. 1997.
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JKCTpaKUMA NPU3HAKOB

«»OKCTpaKuuna Yepes Bu3yarbHbln aHanuna (handcrafted npusHaku)

< IKCTpakumnsa Yyepesd model-based metoabl (NN, RandomForest, T.4.)

S IKCTpaKkuua Yepes aBToaHKogepbl (AE) (Stacked AE, Denoising AE, T.4.)

S IKCTpaKUUAa Yepesd METObI COKpaLLeHUSA pa3dmepHOCTHU (PCA, kernel PCA,
t-SNE)

S IKCTpaKkuua Yyepes metoabl knactepusaumm (kNN, AffinityPropagation,
DBSCAN, T1.4.)

Extraction
* » .Q
\.‘.'.rq'. G o XA\ )
Sample o B B o . C’,‘ oD
AR o b

® " Contaminants "4Pr-:tans
° [+
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NHXXeHepusa NnpuU3HaKoB

[1pocTteniune handcrafted npmnsHaku: cpegHee, aucnepcud n T.0. no
npumepy

»/lccnegoBaHue B3aMMogencTBMA NPU3HAKOB Mexay cobon 1 Nnpn3HakoB
C Tapretamu

s»Handcrafted npnsHaku, oCHoBaHHbIE Ha 3HaHWUK obnactu (dbopmynebl, T.4.)

<BBeaeHune 3aBucumocTten x1*x2, x172, sin(x1)*x2, loglp(x1), T.4.

«*Handcrafted npn3HaKkn, OCHOBaHHbIE HA aHann3e BPEMEHHbIX PA40B
(ce3oHHOoCTb, T.4.)

<*Handcrafted npu3Hakn, OCHOBaHHbLIE HA NpaBunax (Npaeswuna Nnepexoaos,
T.0.)

«*Handcrafted npn3Haku, OCHOBaHHbIE Ha NPOCTPaHCTBEHHOWU
3aBUCMMOCTM NpUMepPOoB (bnmxaniune cocean, T.4.)

251340



[MocTpoeHue mopeneun

Simple data

Input layer Hidden layer Output layer
n feature H neurons M neurons
N et e, et e,

]
Complex data T

X
- - Ve
Recognition? |
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OOy4yeHue HeNPOHHbLIX CceTeu

»/cnonb3oBaTb MeTOAbLI perynapusauun anga ceten: Dropout,
BatchNormalization, weight decay

NN without BN NN without BN

Output Q Q Output O O
/‘“; \\;\;X\/,"‘",‘ \\‘\ TN /// \

£ XN W,
W2 ________ :./‘_ & f- &*-\ -—— —-l
I Hidden O O ,
I Layer "
. v.B |
1 BN Layer Q Q |
[/ [ \\

/ X SR
///'/ \ «'/ AR
1/ \/ N
Hidden
Layer
INZANPZA
£ NN X'// / '\
/ N\ \
[ /\ AR

W,

fFm=0 _\"
f)=ay
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OOy4yeHue HeNPOHHbLIX CceTeu

28 340



OOy4yeHne HEUPOHHbIX ceTeun

Waight spaca Waight spaca
2

o
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Mopaenu nobeauntenu Ha Kaggle
COpEeBHOBAaHUAX

< /cnonb3oBaTb GBM 13 xgboost, random forest, regularized greedy forest

amlc

—— (72740 L~ S
theano

311340



TexHun4veckue Tips & Tricks

»[lenatb BEpHYIO NpeaodbpaboTky AaHHbIX

»[paBunbHO paboTaTb C HOpManu3auuen/Boibpocamm/nponyckamm

»[1poBoAUTb BU3yanbHbIA aHaNN3 aHHbIX, YTOObI Ny4yLle NOHATb
OaHHble, N3BreYb BbICOKOYPOBHEBBLIE MPU3HAKK

< [lenatb cokpalleHmne pa3mepHOCTU, BbIBOP/aKCTpaL Mo NPU3HAKOB
model-free & model-based meTogamu

+CTpounTb pasHble MOJENU Ha Pa3HbIX AAaHHbIX

+BbibpaTb NpaBuUnbHbIE METPUKM

»BbibpaTb BEpHYIO KpoccBanuaauuto

< [NpaBunbHo noabupaTtb Mogensb K ee runepnapameTpsl

*[logbupaTb onTUManbHbIN NOPOr NpeackasaHnu

»[lenatb KannbpoBKy BEPOSATHOCTEN MOAENEN

»[NpaBunbHo paboTaTtb ¢ HecbanaHCUPOBAHHBLIMU AAHHbLIMU

»/icnonb3oBaTb ayrmeHTaunio AaHHbIX

*CTpounTb aHcambnu mogenen, T.e. Aenartb CTEKUHT (Stacking)

321340



HacTtpouka runepnapameTpoB

sHantn onTmanbHoe NogMHOXECTBO JaHHbIX Ha KOTOPOM CTOUT
oby4yaTbCs U HacTpauBaTb rMnepnapamMmeTpbl Moaenew

*»/cnonb3oBaTb cneayrouyo cxemy GridSearch, RandomSearch:

+»Ha nepBoMm Luare ncrnonb3yem nonapameTpoBbl grid search ans 6onbLIOro KonuyecTea
3Ha4YeHumn

«»Ha BTOpOM LLare Ans nNyywmx 3Ha4eHnn ncnosnbdyem obbluHbIN GridSearch, RandomSearch

</cnonb3oBaTb MeTOAbI DanecoBCKOM ONTUMUIALINN:
<*baeys_opt Ana mogenen sklearn
«»hyperopt ANa Mogenen HEMPOHHbIX ceTen Ha Theano

331340



True Positive Rate (Sensitivity)

OnTnmanbHbIU NOpoOr

ROC curve for diabetes classifier
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Count

KannbpoBKka BepoATHOCTEMN

Calibration plots (reliability curve)
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sklearn.calibration.CalibratedClassifierCV
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HecbanaHcupoBaHHbIe AaHHble

»/cnonb3oBaTb MeToabl 6anaHCUPOBKM AaHHbIX: imbalanced-learn
<*Undersampling (SVM, kNN, NN)
<Oversampling (SVM, kNN, NN)

«»/cnonb3oBaTb MeTOALI reHepupyroLmne gaHHbIE B NPOLLEeCcce CBOEro
00y4eHus (NN)

<*/cnonb3oBaTb METPUKN AN HecbanaHCcMpoBaHHbIX AaHHbIX (F1-score,
Matthews correlation cofficient)

=Tz
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Cnacnoo 3a BHumMmaHue!
Bonpockl?
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