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a [ A ¥ L)

TlUslutduiiededuatiiesnseie (one-time deal hunter) (2) gnAfinduun@edudg (loyal

o '
o

customer %38 repeat buyer) lnggnAmldluslutuiietefuaniivensusgwilnlusluduniniu
LifiinAnudue nsasiswuudiassnisiuienisdedivesiedaduniediefilasuanuilen
Weiagldlumsiueigndaulafissdugniinfianudndsessiasusmdanniilasulusludu

Tuduelilangugndfuaiuguasiiuauauatun1sdnviluslugu
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TunuideiifidelaaueiBnisaiawuudasinsinunensnauingeg1vesdolite
TuungnAaznauinedlueuandmsuaiuneldliiuiua uazeelvgsiasuiansuu

¥
av ava ¥ L

lunisdainlusludulueuian Inglusuidedgiduldynteyasnn Kaggle “Acquire Valued

¥ '
U

Shopper Challenge” Tngtirdoyauss iinsdeduduasteyalusluduiigniléisu senisaia
faosanmsiangunasiudoyatss Hinstoduduazlusludulutisssezinaidis o Tngldinada
ns9undeya (Classification) Warn133AT18YiN150ANRY (Regression) Tunisas1anuudnaeinis
Buglawn Random forest classifier, Random forest regressor, XGBoost iay Gradient Boost
fauffuinaiia Leave One Out wagInnaUsEansamnisvituiedefiufilélds ROC (Area Under
the operating characteristic Curve #38 AUC) Ingldnadnsganiiafa 0.60936 niaiieuiniu

JUAUN 20 V0IN1THYeTU IneAzuuUYRIYULAD 0.626703
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Many consumer brands try their best to offer promotions that attract new
customers and the hope that customers will remain loyal to the brand and come back to
buy more. Customers who use promotions can be classified into two categories: (1)
customers bought products because they had a promotion (one-time deal hunter); (2)
customers who come back to buy more products after the promotion period (loyal
customers or repeat buyers); customers who use the promotions to buy products only
once make the promotion seem less worthwhile. Thus, the prediction model is now a
popular tool to make predictions about customers who remained loyal after the
promotional period and to make it more targeted to maximize its effectiveness. In this
paper, a solution is proposed for repeat buyer predictions in order to identify buyers with
the potential to come back to buy more products. This solution would help companies
reduce their budgets in terms of distributing promotional offers to customers, not just one-
time deal hunters. In this study, the dataset used was called "Acquire Value Shopper
Challenge", which focused on customers transactions and used promotion offering
information on the Kaggle website. The aspect of feature engineering was based on a
summary and the aggregation of customers transactions over a few months. The classifier
and regressor techniques for creating prediction models, which included a random forest
classifier, a random forest regressor, an XGBoost classifier, and a gradient boost
regressor, which were incorporated with Leave one out technique. To evaluate the
models, the area under the operating characteristic curve (AUC) was used. The final result
was 0.60936 which was equivalent to twentieth place in the contest. The first place in the

contest was 0.62703.

Keyword : Machine learning techniques, Repeat Buyer Predictions
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1.1 NuuazanudAgyvasdemnn

a v Y o

sanafuiiinaziausluslutuiiofsgagnaitndlvdedust degnandalaindu

Y a Y o

anAilnuAviegsiafe gnAfinduindeduiinienas Fddutagtugsiafuaduiuinnd

3

' 1 ¥
14 =

nsInlUsutuauelvinugna dalAldinsausonalagnAnundeduniiesnsuferdmsy

Y

TUsluduiliviniu (one-time deal hunter) @sliiinUsyloviniagsialussezeninediud

Y o

ndymidandnll §Ideladilsslovivestayayssinsgsnssun1sdedudn (shopping
history) ieviueNsNEUNTeT1veIgNAT (repeat buyer) NTalsungnAINGNTIN gnAddl
AUANA (loyal customer)

Aaiunsihgianmeuladlontanduin@edugn (repeat buyer) agaelunis

v A

Amdenngudminglunisdnvinlusludunazansulszanaludvedlusiudundsdviugnen

a = '

(B Y a o < t-:l' av Hdvao o a a 14 A
iamaimﬂmmamlimﬂqim AUUUNUIVDIUIYY WAFGUNNAUANTTLITUIUVDILATDINN

WAUITEUUNISVINIUNIENTTRTIVRIND

€

1uﬂﬂu3%’851%’sqmsﬁa%aam Kaggle “Acquire Valued Shopper Challenge” Faudu
foyaililunisutediy (Competition) Msviunemsdetnuasdugadoyaidameuuiuled
Kaggle [1] I@ﬂﬂgmﬁa;ﬂaﬁaﬂénﬂizﬂa‘uﬁastiTaquJanzi’ami%adaulﬁ%Uﬂ’liLauaI‘tJﬂm%’wum
naugnAdunils degansiauslusluduliiugniuaznadwsnssuungninidugni

Induindedvisell Ynteyaiiilugiudoyaruinuszuia 20.7 GB Adwiudoyauszuo

9 Y

350 a1uT18NSNLTeYAvIgnAkINITIEUAIAUYRITE (Anonymized transactional

Y U

data)

o 3 [
1.2 IngUszaeAYaINsIY
1. wefnwnmsimalianisseuiveunsesluldiudymnisvinenisdedivesy
& 19 a = o a
wolagldinallanisiseuivedaios
2. WeAnwinaziUSeuinauwmaiian15v1 Feature Engineering tlag Machine

Learning 356174 ¢ 1ndNanenshauglunsinueegals



1.3 YBULUAYDINITINY
miteifmunvudassnisihuielaslinadanisdoudvenndos (Machine
Learning) TvhauluguiuuTusunsunenfines nefivoulumdsil
1149 ya91n3uled Kagsle Tunasutedu “Acquire Valued Shoppers
Challenge” TngradnsnisyituneLanstanmuu1azidu (Probability) ¥een1s
nduINTeTn Felisywing 0-1
2. ANW1I5n1591 Feature Engineering
3. Wisuisuwmaiianisiiuiefinainuaigléun Random forest regressor,
Random forest classifier, Gradient Boosting gy XGBoost

4. UszliuUseanSaanwuudnasanisniiulgnl8ml Area Under Receiver

Operating Characteristic Curve (AUC) Fadulumuniininisudstuves Kaggle

1.4 35adun1578

FuneunsAITuuYesUATe it

1. MUMIUITINTINLELIWIRE (Literature Review) Tiiendes

2. WU lUsunINaIMSUN199 Feature Engineering wazn1svinulelngldinaila
ﬂWiLgauiLﬂéaﬂlﬁLLd Random forest regressor, Random forest classifier,
Gradient Boosting Wag XGBoost

3. Yszliudsednsameewuudnaeinisviiuiglusuuuuves AUC waddiun
Usuugstsunsuiteliiuuudrassnmsvinedinnugndesnniign

4. Uszilluupzasuauiag

1.5 Uslewiifianndnagldsuainnsise

NIIUDINENNI5N191UY 89 Random forest regressor, Random forest classifier,
Gradient Boosting way XGBoost iethuldnuldegramunyay wazldfwesuunzauunld
Tunsduungde waensuisladefidmansgnusonisdaduladodudvosde e
ﬂﬁz?m%mwiums%’mﬁwu,wum'ﬁmmmqua%’wLLﬁqgﬂafLuﬂﬁS?iyaﬁlﬁmqﬁumajmLﬂmma Jioan

AunUluN1TINIURUNTIAT9



uni 2

WUIAR e walulag wazszuuuineIdas

M3¥Iune (Prediction) WudumilswesmsiFeuiuesados (Machine Learning)
Fauvsoanidu 2 sUkuUndng fie (1) nsvihnemensiiasginisanaee (Regression) 1y
MsfnwAnmduTussEniniliae wagihdoyanuduiusildannisiinsegiluine
(2) nsviensien1sdundeya (Classification) LUunIzUIUNITASIMUUIIA0INS

° v Aa % o A A v a
unqﬂﬂqﬂmayjamuaﬂ I@Saiqﬂﬂaﬂialﬁ@ﬂ.ﬂﬂ]LW@SU'JEJIUﬂ']imﬂﬂuﬁL‘U

Y

v
Av Ava v

Tummﬁ]au@’mﬂéfﬁﬂmLaﬂmiLLamm‘ié’aﬁLﬁ'wﬁmé’qﬁ

1.9anesAnlun1sas1suuudnasen1syinune laun Decision Tree, Random
Forest Regressor, Random Forest Classifier, Gradient Boost, XGBoost

2. wailalun1sas19fliaes (Feature Engineering) lawn Content-Based uay
Collaborative filtering

3. 6% anaUsrAnsaimvesuuusianinisiaute teun Area Under the
receiver operating characteristic Curve, Cross-validation, Leave One Out

ey Cross-validation

4. 91138 MNIVDINUNISVINTUIENNSTRYN

74 ]
= = = L . .
2.1 NYYNWUFULNYINU Machine Learning
2.1.1 nqud)NeINU Decision Tree
sulsidnaula (Decision Tree) [2] WuwmatanlvnasnsludnyuzvalAsIas
¥ Y A aNv a v Iy} | o & 1 v = a 1Y) a v ¥
sulyl WeliTeyanidesnsdanguaziliaedeing o vesdeyaluiSeufisuiumuniveswiulil
(branch) aunsevsdisluansan (leaf) Fudunguvestayawmilouiu lnsateluduldae
Usznaumelnug (node) Inawsazlnuniinisnaaauiliaasinediwunmiunavesnulsl
(branch) wansderdululsvasiiiaesidenuvegsu wazlu (leaf) wansdinisanaulaves

] o P o ey v o
nauvestaya (class) Faudunadwsnlaarnnisviiug



tree1 tree2

2\ am (&
o &2 N1
+2 +0.1 A +0.9 0 :

(]

f( @ )=2+09=29 f( aj\ )=-1-09=-19
AUsznau 1 sUuuulasaaineved Decision Tree
fisn; https://xgboost.readthedocs.io/en/latest/tutorials/model.html

2.1.2 quﬁlﬁ'&l’aﬁl‘u Random Forest

Random Forest (RF) [2] iluuvuiiaes iudnnsvineildfiugiuanduls
sndula (Decision Tree) 1un13viuIBwULYATEI Decision Tree #a1e9 fiu (Ensemble of
Decision Trees) lagai19a1nnsdudayasiiogisuuuidonudlldnau (random sampling
with replacement) iftothanadrafunuusassiulilneusasfuiidnvasdilisitu Tnous
avuuuaesariinsiena Jsmannmsiwsvesiuliusaziuaziinisimmdennans
ﬁmwﬁiﬁ%’umﬂmmnﬂﬁqm%%‘mﬁﬁﬁamf'l Bagging %58 Boostraping Ineeuideiily
Random forest 984 scikit-learn [3] (Random Forest Regressor) glanadnseanunue
arutaniy dunsunsfwesmdniiusuldlunisasawuusiaes Random Forest lun

n_estimator: 91u3usuliMInualukuudnaIn1sviTue Falaeialuliaigs

ynvilinsvinuneuiugy wazldnaiuiulunisaiuie

- max_features: Sruruvesiliaesfignduunaidiuliiadula (Decision Tree)
uAaZAU

- max_depth: Snudiutuvesdulidnaule

- min_samples_leaf: ﬁi’mau%’agaaéwqﬁaaﬁajmﬂ%lﬂu leaf node

- random_state: Afildlunsduyateyalunisinaeunasyadoyanadeu



2.1.3 quwﬁlﬁmﬁlu Gradient Boosting Tree

Gradient Boosting Tree [2] \uni1sadisuuusiaesiildweaiadulddndula
(Decision Tree) F1uauUnaN89fU (Ensemble of Decision Tree) N1928fuinuIlAgLANAIY
910 Random Forest assiiduliifndulausiazsuazgnaiianiuddiu (Sequence) Tnedighilsl
dnaulausaziazgnadrstunniouslunanisiuneiianannvesiuliFadulanouniigs
9N oUAU Random Forest Regressor §1%5UN15@319UUUT188919%1UNE Gradient
Boosting Tree fimsfiwmesndnfiusulalunsadiwuusiaadlaun

~ n_estimator: S1uausuliimelusuusiaesmeving

- max_depth: Srunuddutuvesduliiinguls

- leaming_rate: Arfil¥aruauautnduiiduliudagdudilunilunim

nanatnvasrulinauniin

Instanceindex  gradient statistics

Q g1, hi N
@ Is =42,3,5}

1

2 g2, h2 N0 G3=g2+93+9s
7= Iy = {1} I = {4} Hj3 = hy + h3 + hs
3 % g3,h3 G1=n G2 =ga
o .
, G?
B Obj = -5, 7z +
5 g5, h5

The smaller the scoreis, the betterthe structure is

AMUTENOU 2 1AT9A519U99 Gradient Boosting
fian; https://xgboost.readthedocs.io/en/\atest/tutorials/model.html
Tnglusuideilidonls Gradient Boosting Regressor 984 scikit-learn [3] way

1aus13 XGBoost [4] Fadulausi3dmiumaiia Gradient Boosting Tree fiamualag Tiang

Chen FauinyinlmsrlunisAuulazinU e ans NN U UIIas



2.14 quwal,ﬁmﬁ"u Cross-validation
Cross-validation [3] 10u357la5uAudsnlunisinusedndnmuesiuudiass
° A A va oA A ) a a Y ad . . & °
nsviueiiesainnanladauiigeds n1sinUszansnmmieis Cross-validation dagvi
msuustayasendunangadui 9 A 3and1 K-fold 1wy K-fold wiriu 5 Ais nsuusdeya
& | A ) o o S o w = v 2 o
panlu 5 drulaefiwdavdiuazidiuiuiinniu anduiditeyaniazyauildidudin
Usgansnmaessuuudnaeinisinue wazliteyanmdadudeyalunismsu vinulises 9
UATUT LWL
2.1.5 quwal,ﬁmﬁ'u Leave One Out Cross Validation
Leave One Out [5] {w3smsnsivaeuarugniedlaenismageudeyarianun
wiriudnudeya N i1 lnenisihdeyawmsusenunfiasnilsiiielfidudeyanageu uazi
Toyatimiodldingy wuuiassmsvhweriuuuiuliiEes 9 auasuyne

2.1.6 Vlz]‘isﬁl,ﬁ'mﬁu Content-based

Y

Content-based [6] LHumafian1suuzilaeideniansanainanuazesduaid
zuuziIdiauadeadaiuAndnyuzvesduANUagdul velnedenIeltuinou wazd

AZLUUAIINYDUADUT9EY TaN13HAedldTayaesuIEd Nz vesduAls Wedielun1sv

Y

(%
LY va o

Snvasanurouvesauity Tnglusd aﬁmﬁ]slé’ﬂ%Lwﬂﬁﬂﬁiumia%’N?\lwa%
2.1.7 quwﬁl,ﬁ'ﬂ’aﬁu Collaborative filtering
Collaborative filtering [6] mﬁLLuzﬁﬂmLﬁaﬂﬁmﬁmmﬂé’ﬂwmzﬁumqﬂﬁwﬁma
ﬂé’um%ﬁuﬁﬂﬂLLé’adﬂﬁﬂmméﬁaﬂﬁqﬁugﬂﬁﬂmjuazLLuzﬁﬁuﬁwﬁﬁé”mmﬁqﬁ’ﬂﬁﬁuqﬂﬁw
iieagldillonaunnnitiigninazseududndne o fu
2.1.8 quwﬁl,ﬁlﬂ’aﬁu Area Under the receiver operating characteristic Curve
(AUO)
Receiver Operating Characteristics (ROC) 1usiafauszansainlunanns
"\]°1LL‘Lm‘IJizLJW]IG]E’JLLﬁ@QﬂiW‘Wﬂ?ﬁmﬁmﬁuﬁizﬁ’hﬂ%auﬂaﬁ‘VT’]‘L!’]EJQH (WAU Y: True Positive

rate) WazUayYaNIUIERA (WNU X: False Positive rate) laga1dladnlng 1 uaneind

UseanSans iesandiAfvinunegn (True Positive) lngdn Area Under Curve (AUC) 1%

[ ' '
a a o

wanaiuilansiw ROC lnedlA1isuduil 0 84 1 lae? 0 nungdsuudnaesiuliussansaine
] = ° & = a a = au & v
N uay 1 vngfawuudnasatuivssaviamgeaiganuninuseney 3 Inglunuideliasly

A1 AUC Msdenaliiiiu Kaggle 1ieinm1ndnugnaes



ROC Curve
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TPR

0.4

0.2

— AUC=0.604
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FPR

AMUSENBU 3 Awend ROC Curve

un: https://towardsdatascience.com/receiver-operating-characteristic-curves-

demystified-in-python-bd531a4364d0

2.2 uieiiedos

MInUNILITINNTIIYeNLIdel Tivhnmsfnyauideiidedestunsiuems
YoivesidolnatiunaSouivenaiesiaemaiing q dneandeaduioluil

(1) unAuIseiSes “Prediction of the shoppers loyalty with aggregated data
streams” [7]

‘Lumu'ﬁé’aﬁmua?ﬁmﬁa%ﬂLmuaj’waaqmﬁﬁwmamie'?'?asz};waqqﬂﬁﬁﬁ%ﬂé’uuﬁa

nisanldduanlunds dredoyatseiinistoduivosielasldyndayaainivled
“Kaggle” Tun15ua9du “Kaggle Acquire Valued Shopper Challenge” [1] Tud 2014 dqg
N13%1 Feature Engineering laalddana39u Random Forest, gbR, glmNet, Vowpal
Wabbit wag nnet wuuiilal3eulisusanisiung

IngiUSeuiisumnuutiug1iiea AUC aasulain Random Forest tulvidngs

ign lneAugnaeweInsviiueignaaule ﬁ%Lﬂugﬂﬁwﬁﬂé’um%wé’qmﬂiﬁ%’u%Laua


https://towardsdatascience.com/receiver-operating-characteristic-curves-demystified-in-python-bd531a4364d0
https://towardsdatascience.com/receiver-operating-characteristic-curves-demystified-in-python-bd531a4364d0

lUudn \Juwuu Area under receiver operating curve (AUC) IAnaaws 0.61172 LLﬁﬂéfﬁ 13
dmsunsudeduil
@ unA11u3Fe1309 “Generic Framework to Predict Repeat Behavior of
Customers Using Their Transaction History” [8]
IR RunumddyensimuasuUszanalunsialavannissnang
wAnfuriuaznstvuadivnegndnifades uitlymilfe Standard Predictive Model

Tagwaue meta-model #iazldAu Dimension fiumnsnsfufiflogluyadoya Transaction
5'5& Dimension @1115013 uléfﬁu’q customer, product, offer, target, marketplace Wae
transactions

Framework 18813 dbilldun n3adhs feature set finsounquiuedanaiiu
suaﬂmeﬂ’wammw‘hmmﬁaﬁauif Predictive model Wag Common Data Format (CDF)
Aevanavgninag vesdeya transaction Hifleszymuunnsi1awes dimension v8sdoya
Transaction kuUN3139 lae Feature Engineering ¥1191139uAU user data wag CDF Audq
N19%1 Data Schema mapping \fiea3ns feature set ﬁﬂiuﬁiuaugﬁﬂlﬁuﬁ Customer
based features, Target Entity-based features, Customer-Target Entity Interaction-
based features, Product-based features, Similarity-based features

mu%%’aﬁlﬁa%maLLmﬁmﬂ"ﬁUﬁm%’umsmﬂmszﬁ‘wqﬁmmma%a%wmqﬂf”ﬁ

[ 1Y

wieufuluganisadunudnvasiiduuusssudahauldfugadeyanaisuszan wazd
oS siinUsEansamlunsliteiausiirasviniugnén aavhesinisaassiugadeya
Kaggle “Acquired Valued Shopper” [9] wag IJCAI 2015 “Repeat Buyer Prediction” [10]
(3) unpIAdeises “Deep Temporal Features to Predict Repeat Buyers” [11]

Tunuidsiagndnfanisusnuey frofiagnduandodimdsinnistefldsy
TusTuduluafausnluuds Taegaiulufiussloviangtefisnfitedutmunsvesuauiuyy
memsnann ilethelunsandunulunsvinlusludulasifiumanauunuainnsasmu uagyin
Tgnénlisudeiausinsafuanudesns lneuseiigsnssuvesgnaanadnauuudiasins
yunengfingsunistesvesgnAndiniundnusiang  lagldinada Feature Extraction
Lﬁ@ﬁ%ﬁﬂ@mamﬁaaﬂuﬂizLﬂ% lawA Customer-based features, Product-based features,
waz Customer-Product interaction based features uaglduuudasini1siseus QR based

aggregate level model, LSTM based temporal model, Mixture of Experts over QR and

LSTM models



ﬁ]’]ﬂmamimmaaﬂﬁuﬁauﬂamﬂ “Kaggle Acquire Valued Shopper Challenge”

¥

foyausziRgsnsudounds 1 Unougniaglaiuusagdlannlusiudu anmnsausnnua
14 9 ntayausyIAn15vngInssuvin Feature Extraction taa$14 Feature 9117u 88
31901587M35U QR wag 19 temporal features @115U LSTM a@salumanisnanalaguus
ooy 9 manaaingnétavin 38,000 AU 28.8% Aegnéiann 9 aan

(4) 1éna1n Github Y89 Auduno [9]

Auduno Lﬂuwﬁﬂu@usﬂﬁﬂumu Kaggle Acquire Valued Shopper Challenge
filfadne Features iuduaindoyalszTfganssunisdedudn doyanisléudoiaue
TusTuduvesifie uasdoyanuazdenadiusludu Tiun druutmsnimmaravesdudiluu
ast’m'Vi;‘J: (market share of each product in category) s1AAudlneiads (average
price for the product) ehuLw'wmqﬂﬁwﬁ%}aﬁuﬁﬁﬁw%wmwyjﬁ (share of customers
who bought the product/category) mﬂ%ﬁiwimwiazi]@ma‘ua&ﬁu?’ﬁﬁ?u (Seasonal
spending per product) 561iﬂmiﬂﬁumg‘ga%’mm%uﬁﬂ%@Jmﬂﬂizfﬁmi%a (General
repeat-buy-probabilities for a product base on historical repeat buys) 471UUN1TWUITU
848U (how much competition a product faces) AuANAYBIALALTDIUTB UL
fUBuA3U (how cheap a product is compared to other products) SYUTIANRILANIT
afausn (Time since customers first transaction) kazldad1auuusiassnsyuneainans
fanosAuu1TInAU lawn XGBoost, ExtraTreeClassifier, Sofia-ml kay Vowpal wabbit 1ng
nsthradnsredaruuuiaeIALRaY

(5) Marios Michailidis [12]

Marios Michailidis A ® QJGU UgNI19LYITU Kaggle Acquire Valued Shopper
Challenge léds1anuindoya train uazdioya test Sdoyaddouasdoyalusluduiiunnsis
AULIN LﬁaLLﬁ‘lmﬂiymi‘i 9dmalia Leave One Out ultlun1smIuLuudIanInIsioule
Tnenisidendeyasenunitaglusludy (Offer) wieldiludoya test uarléfeyaiindedu

Yoya train lagisenmailaildn “Leave One Offer Out” waraseillaesA18n15ldnan

Content-Based uag Collaborative filtering



uni 3
N1IWAILNTEUUNSIIUENTTed1vai@alagldinatiansiteuives

=
LA

(%
v

Tuunilideladiawenisimunssuunsinunenisdegivesgnmanlse Tgsnssy

11461;61%834”660@0 “Kaggle Acquire Valued Shopper competition” [1] unlglusiuidelagld
WANANTSSEUTVRNLATEY nglSuaINAnwiyndoya N15a3519ML903 (feature engineering)
LATESIILUUTIa8INITVIUIEUUUAI8 Random Forest Regressor, Random Forest

Classifier, Gradient Boost kg XGBoost lagilsneasidennadl

3.1 ﬁmwuaaf]zym “Acquire Valued Shopper Challenge”

= v A

N133MUNNAINLAIIUANG (loyal customer) NHlonaNSUNITORUANLDIINT
uslusludunileg vseazlugnAfundefivsasuieniiosulusiutu (one-time deal

hunters) 1NUsEIRNST0AUAT

3.2 a5ueyadaya (Data Exploration)

Y

<, % =

yadoyathiluyateyainelfuuseiRgInssuni1svedun s1eazidedeyanisdn

9 Y

be

1
= =

TusTuduilnedatu sadasedinislasulusluduresgndn tnedifoyaiovun 349,655,789
srensitlissydamug@oaingienin 300,000 Au way 160,057 faoluyndoyaiinasy
(training set) lunduiliignAnfifnd (repeat buyer) ag 43438 AuvdoUszanm 27.14% way
151,484 auluynadayanaaay (test set) lnaynrnaou (training set) Azdl Label 0 uaz 1

Y

Y A

dievaningnanaulalugndiinduundedn tneflaseadisaiuduiusvesdoyaniy

Y

(%
Y 1

nUszneu 4 wazdeyavisunazuiseondu 3 n1ssliun
1. YoyaUseIRgInITuNTTORUAAIUAITI 1

ayaTazentaiauslusludunumsng 2

4
Usgiinslasuteiausluslutuvesi@onunisng 3



Offers

PE | offer

category
quantity
company
offervalue

brand

M15719 1 Transaction

11

History Transaction
PK | shopper _id el PE | id

chain chain

offer (index) dept

market category

repeattrip company

repeater brand

date of offer date
productsize
productmeasure
productquantity
productquantity

AnUsenau 4 ER-diagram

id saUszd1sagnen (L)
chain WA
dept NANYRIVIANS]
Y
category VUIANYUDIFUAT
company FIUIUATINGNAN O
brand A1 “a39” 139 “liaTe” 1ngRaNTIUIUATINTRYY AALTeTIaY
A 1 I a
ARPRSYIORN
date TungnAnlasutaiaue
Product size UIVDIEUANTD (WU U1 16 aOUT)

Product measure

MUIYVDIFUAT (WU DOUD)

Purchase quantity

INUIUFDNUNY

3

G0

Purchase amount

2

o a N
AMUIUNUNDD




Ineilieg197euaUse IRgINTIUNSTORUALANIAINITI 2

M3 2 g etayalseIRgInTsuNTPeduAlun1se Transaction

12

Product

Product

Purchase

Purchase

id chain  dept  category company brand date size measure  quantity amount
86246 205 7 707 1078778070 12564  3/2/2012 12 oz 1 7.59
86252 205 99 9908 103338333 33170  5/14/2012 8 oz 2 4.18
12332190 95 58 5834 103196131 15963  6/8/2013 12 oz 1 5.99
12277270 95 36 3601 104900040 3809 8/4/2012 96 oz 1 4

12262064

95

11 1102

104480040

22728

7/14/2012

100

cT

3.59

#1519 3 Offers

0 offer (index)

saUsedagnen (laig)

1 Category A1

2 Quantity Sumbeiidedaiielilasudiuan
3 Company $ruaunsafignindesn

4 Offer value Srunuiduiildsundiuan

5 Brand sabvesdud

Ausrunudeyadeiauesiig 4 Nasusgelalunisdevegndt 1wu auss diuan

719 9 Ineiiviavue 37 519015 lngiifieg 1oy anandsiinisng 4

M99 4 ﬁaasjwi’fauuaﬁ]'mmiw Offers

offer category quantity company offervalue  brand
1190530 9115 1 108500080 5 93904
1194044 9909 1 107127979 1 6732
1197502 3203 1 106414464  0.75 13474
1198271 5558 1 107120272 1.5 5072
1198272 5558 1 107120272 1.5 5072
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#1979 5 History

0 Shopper ID

1 Chain

Offer (index)

Market

Repeat trips

Repeater

N | POV DN

Date of offer

=2 ¥

Anaou (training data) Wazdeyanaaoy (test data) lnsldadoyail 4 Ae

Y

Joya
Y
IUIUATININAUNTORUA (repeat trips) Uay 5 AoA1naUiNdTeAutuIsnduNNTag mIalyl

(repeater) vi3a138n11 (label) azhifiluyndoyanaaeulaeiifiagateyauantfsnisng 6

M5 6 FIENUBYANNT1N History

id chain offer market repeattrips repeater  offerdate
86246 205 1208251 34 5 t 4/24/2013
86252 205 1197502 34 16 t 3/27/2013
12682470 18 1197502 11 0 f 3/28/2013
12996040 15 1197502 9 0 f 3/25/2013
13089312 15 1204821 9 0 f 4/1/2013
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3.3 MIRAILTTUUIINUNENSYag1vesdFelagldinaliansiseusvanIas
3.3.1 ATMNFIUVITZUU (System Overview)
AMNTINVBITEUUUTENBUAIY 2 d@ruldln Training Phase way Testing Phase

[ [

Tngludruves Training Phase Lalddauan1nouainmise History (repeater) 0 w3 1 lag 1

Y

(%
o

mnefsgnénflagnduandodudisuag 0 nunedsgnéifiundedudniissnafoaiield
Tsludu iloviinnsa$ailies (Feature Engineering) 9Mnn1sTausindoyalsyifgsnssu
nazdeyaswazdunlusludy isanvuinvesdeyaiiazldlunisiinasy (Train) uuudrass
nmsviunelagld 4 danesyinlunisasisuuudtaeslaun Random forest regressor, Random
forest classifier, Gradient Boost ag XGBoost Tu Testing Phase ag @319 a9 snu
Training Phase walduuusiasinisiiutediléann Training Phase Tunisad1anadnsnis

YueAUNINUTENDU 5

Training Phase

[ Training Label (0/1) }

Classifier )
- Feature GradientBoost
Training Computation
RandomForest
data
ExtraTree
Testing Phase
— ;
Feature Trained Classifier
Testing data
Computation Model Result

AMNWUTENBU 5 ANTIUUBI5EUU (System Overview)
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3.3.2 51882198AYBITTUY

(1) miwﬁmﬁﬁayja (Data Preparation)

91001381999 9eyalustudy (offen wuiru3en (company), WulInng
(category) %38 WusUA (brand) Tuﬂ335’@mﬂ§1’%’u‘1ﬂﬂu%maaqﬂé”] (m1514 History) lula
asouAguiayaUsriRnsteduianun fideTadeniondoyadl Uisn vanem vidouusud
lieglugadoyaluslutusonainUsefAnisdodudianun (transaction) iiloanuuinves
Foyaildlunsviune esandeyadsnanlaililifunsdalusiuduiazldluiune iean
vavestayade 1.66 GB aMnvimua 20.7 GB

v

Tngd@iutosuaslan (code snippet) Landlansil

1. def reduce_data(offers_file, transactions_file, reduced file):

2. start = datetime.now()

3. #get all categories and comps on offer in a dict

4. offers_cat = {}

5. otfers_co = {}

6. for e, line in enumerate( open{offers_file) ):

7. offers_cat[ line.split(",")[1] ] =1

8. offers_co[ line.split(",")[3] ]1 =1

g. #open output file

18. with open(reduced_file, “"wb") as outfile:

11. #go through transactions file and reduce

12. reduced = 8

13. for e, line in enumerate( open(transactions_file) ):

14. if e == B:

15. outfile.write{ line ) #print header

16. else:

17. #only write when if category in offers dict

18. if line.split(",")[3] in offers cat or line.split(",")[4] in
offers_co:

19. outfile.write( line )

28. reduced += 1
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(2) 138519 Features (Feature Engineering)
NNSANMIUITeRRe9eewes Nikulin [7] wag Michailidis [12] laad

Waeslagldnannis Content-based [11] wag Collaborative filtering [11] ABN158519WLa05

lnugananuarvesduaiggeaulasiuiugdnyurvesrdenaaeafeiu Wi fEeLaeiinis

1% ' 1 [ '
a 14 = IS

FoAUA19INUIIN nuany wusualiunaziilonianazdedudgaudioldsulusluduain

Y

D

[ £% £%
¥ 1 = 13 A A U caa o w

AUAIVDIVTIN WUINAL NIDUUTUALY LaZNAUNIADDNAST IG]EJWL‘-UE]iVI@Jﬂ’J’]&Jﬁ’]ﬂiUW@ﬂ’ﬁ

)

Y

Andulaldun Company, Category, Brand @181350%1AUTELYDIUTEN MUIANY YTOUY

4

=

sus lagganduIugnandureuduaAdenaIInteyayseiinisyedunuazdoya
TWsludu wazdidelamaiuddgyveunaziliaes (feature importance) ngld Random

Forest 84 scikit-learn Tun15A1uUMT Features Importance Wua1ilaasnilaudAgy

<

3

g9dn 3 d1auusn Lawn “Company”, “Category” war “Brand” #am1319 11 Felanadns

y =

wiloufiuauiddeves Nikulin waziosanluyadeyaildulififoyaiissyfeduduvuey

ya o

;ﬁ pIuaeN 3 V\ILﬁ]aimm’;maamuLﬁamﬂ “Product”

Ineaudgnnisaialiaesinemssiudeya (Feature Aggregation) il

1. PMUIUASINANAIAUNTLALYDINNUSEINNT

Y
: f\i”lu’mfﬁuﬁaﬂﬁ’mwﬁﬂma%mm%ﬁwﬁq

U

%

.fﬁﬁmuaum anAAUNTIAET RN UTENNI

. ai’wmuﬂ%’ﬂ ane Ftennussivilansly 30 Juneuitayléulusludu

De

nfgnUITMmianely 60 Yudeufiaglasulusludu

aflee
=b.
D)

N

€

nfgeanUITMmianely 90 Yurdeudiaglasulusludu

ee
=b.
D)

. IUIUA

€

. 9UUA nEenUSEvannely 120 Suneudiaglasuluslutu

Aee
=b
D)

%

. UIUA nEenUSEvannely 150 Suneuiaglasuluslutu

Aee
=b.
D)

ee
e

=b.

2
3
q
5. UIUA
6
7
8
9

. uATIgnAgenuTENvidinely 180 Tuneunazlasulusiutu

10. liheteanuidnilias 1 negative feature Ysuanitgnéliinstoves
MNUIEMiniou

Tneilassuuuaidnglinuddyiuiees “Uson” whiuwazfinnsailu

d1UY09 “UUTUA” uar “niiany” lwiueudednuy INN1mMAaeeId8ldYiaian 6 ey

Ao 30, 60, 90, 120 way 180 Ju lnyazisen Feature ﬂgﬂ‘ﬁvﬁ “Base features” $798149 base

features M1UM1519 7
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A1519 7 MI9819 base features

Label Repeat Id Offer id Never Never Never Has bought
trips bought bought bought brand

company category brand company

1 5 86246 1208251 0 1 0 0

1 16 86252 1197502 0 0 0 1

0 0 12682470 1197502 1 0 1 0

0 0 12996040 1197502 1 1 1 0

0 0 13089312 1204821 0 1 0 0

waras1y features LULRNUlABAENY1ANIAAYRY Auduno [9] tawA

1.

8.

dURUIMNIIN1TAAIAYRIFUAlULAAENLIANY (market share of each

product in category)

. 511@uAlneady (average price for the product)

L AUKUIUBNANTRAUAIUNTONUINVYT (share of customers who

bought the product/category)

nsldielunsazganiavesdudiu (Seasonal spending per product)

Y (Y 4"{’ ’J a b wa ‘3
. IMTININAUNNTRTIVRIAUALALAAINUTEIRNTSTE (General repeat-buy-

probabilities for a product base on historical repeat buys)

. IIUIUNITURITUVDIEUAT (how much competition a product faces)

Y a v A a a v a v A .
. AUANAIYBIAUAILLBLUIBUBUNUAUA18U (how cheap a product is

compared to other products)

SEYLLIANNILANITTBASILSN (Time since customers first transaction)

Iﬂ&L‘%Sﬂ%’ayja Features M19vunilsiunu Base features 71 “All features”
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3.3.3 9aN23IULAZLUUIIA9N151U18 (Model Training)

=1

ludrudgideldmalianisisouiveunsas (Machine learning techniques)
dmsuairuudiassmsvinenisnaunngegivesidelagly Random forest regressor,

Random forest classifier, XGBoost wag Gradient Boot hagUs5U tune w1514 LS

a

WAUNEAUSINAUMALA Leave One Offer Out [12]

¥
av A v

TuauAtediiderhuisanuinanduiignéagnduateauddmdanlaty

Tusluduluguuuu 0 e 1 Tnglduvudrassusziandng 4 uazdsziiuuszansainues

WUUI1809978 Area Under the receiver operating characteristic Curve (AUC) f?ﬁﬁf
3.3.3.1 a5 NUUYTIa0N 159 U8laelY Random Forest Regressor 984 scikit-
learn

[

Tngdrutiopuaslan (code snippet) Landlanail

1. clf = RandomForestRegressor()
clf.fit(X_train, y_train)
3. predRF = clf.predict(X_test)

N

3.3.3.2 a9 1uyyTIaesn15vielngly Random forest classifier 994 scikit-
learn

[

Tngdugosvailan (code snippet) Lanslagiadl

4. clf = RandomForestClassifier()
clf.fit(X_train, y_train)
6. predRF = clf.predict(X_test)

Ul

3.3.3.3 36U YT1889015111808lY Gradient Boosting Regressor ¥a4
scikit-learn

[y

Tnedrutioeuaslan (code snippet) Landlanail

1. clf = GradientBoostingRegressor()
clf.fit(X_train, y_train)
3. predRF = clf.predict(X_test)

N
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3.3.3.4 a5194UVUT1809n 5118 ne T XGBoost Y84 scikit-learn

v

Tngdrutosuaslan (code snippet) Landlansil

param[ 'eval _metric'] = 'auc'

dtrain = xgb.DMatrix(X_train, label=y train)
clf = xgb.train(param, dtrain)

dtest = xgb.DMatrix(X_test)

predRF = clf.predict(dtest)

uuhwNnER

' [
S Y I

Lﬁa%’uIUiLmimLLé’aﬁ]zlﬁwamiﬁmwmmﬁ’mzL‘flu‘wzg%uiama%ﬂé’um

cglJ g 0 ! = LY e‘dy 1 [ [ 1 !
Y01 98 19UA1919 8 Fanaanstlalunisdslunisudetures Kaggle HaaNSUeINITETlY

ATWUITUBARIAIAITI 12 F9AzNa1Tes18azdennald

A1519 8 é‘ha&hmaé’wa‘mENLLU‘U@?’]ammiﬁwmmawﬁawiazﬂuﬁﬁLLummﬁaﬂa‘%ﬁu

Repeat Probability

Id Random forest Random forest Gradient boosting XGBoost
regressor classifier regressor

12262064 0.238325 0.34416064 0.34416064 0.44184661

12277270 0.325746 0.63062609 0.63062609 0.47733018

12332190 0.281708 0.07709697 0.07709697 0.20715557

12524696 0.122981 0.22649302 0.22649302 0.22845522

13074629 0.166164 0.25424540 0.25424540 0.24076188

3.3.3.5 Public Score iag Private Score
Tun1suaedu Acquire Valued Shoppers Challenge 9ginUsg@nsnInwnns
Muremeaziuy 2 Ussianlaun
1. Public Score A1UAINAIN 20% VoaToYA test Lazdn 80% Tnde
furnandeyady
2. Private Score AMWIAINTRYA test 80 % Uazdn 20% fidoasfn

NVeYadY
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3.3.3.6 Leave One Out Cross-validation
AIdenuindeyalsyiinislasulusiuturesgnaluyadeyaiinasy (Train

set) wagdayanaaou (Test set) UayandauazlusludunuandrafiuAoudiauings

Y Y

AMNUSENaU 6 39L@8n1Y Leave One Out Cross-validation 714U Random forest

=

regressor g sidendeyasanuiiiay Offer lieldilu Test set uazlddoyanmdeluyn

IS4

Toyatlnaeulngluyntoyanaaeuaziiveyariaun 24 Offer aglavianun 24 Model lnaidon
o &

Tuinafiafian 2 Susuieidenyndoyaiiidu Offer Id 1200581 wag 1199857 BONLLANIGS

#1319 9

M1319 9 ATLUUGNER 2 BUAULINAIN 24 Model

Offer Id Public Score Private Score
1200581 0.61570 0.60964
1199857 0.61556 0.60947

3.4 N3UTUUWITLADS

k% a 1

Tuauwddatedvely Grid Search Cross-Validation Tun15uIn1515@ s AN aL

Y

sa & (Y

dmiuusiazdanasnulagisnvazidenfini1sng 10 lnggreveamsilimesiaentdiu §3de
1ANYTATOUARUNITITLABTVDIMANE I UITUMAE NI TWB3FAINMWITeYeS Nikulin [7]

WDMINISI TR DS NAUNILEUAULUUIIADINSVN U8 NES 19T

3.4.1 Random forest regressor

Tudiureanisusugumsdmedifievuisnsnduandedivesfieludosiu
AMUUAAINITIIRBTE1MSU Random forest regressor il

1. n_estimators: 100, 150, 200, 250, 300

2. max_depth: 10, 12, 14

3. min_samples_split: 6, 8, 10
4. min_samples_leaf: 3, 5, 7
5

. random_states: 42
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awvnidenld random states 42 ilosanndiosnslvlanadwsimiloufunaon
dloasausudsuady q uazideonldwia n_estimators, max_depth, min_samples_split,
min_samples_leaf mszmnidenidfiunnniniaziilfiae Overfitting vilviuszansnin
YBUUINABINTIUILARA
3.4.2 Random forest classifier
Tudiureanisuiugumsdimedifieviuisnisnduindedivesideludosdu
fuuneinesdmsu Random forest classifier fail
1. n_estimators: 100, 150, 200, 250, 300
2. max_depth: 10, 12, 14
3. min_samples_split: 6, 8, 10
4. min_samples_leaf: 3, 5, 7
GNYNY fidenlddas n_estimators, max_depth, min_samples_split,
min_samples_leaf ms1zmnidenidefiunnniniaziiliiae Overfitting vilviuszansnin
YDIKUUIABINTHIUIEANA
3.4.3 XGBoost
Tudruveamsuugumnniimediiierhuisnisnduidedwosdeludouay

[
Y

Farmnsilnesdmsu XGBoost fai

1. learning rate: 0.08, 0.09, 0.10

2. max_depth: 6, 8, 10, 12

3. n_estimators: 150, 200, 250, 300, 400

mmqﬁl,ﬁaﬂi%wwmﬁma% n_estimators, max_depth tLag learning rate
”Luﬁdaaﬁl,ﬁaamﬂmﬂLﬁaﬂmﬁqmdwﬁ%ﬁﬂﬁlﬁm Overfitting ¥yl s@NSAMLUUTIADINT
MUNBanAY

3.4.4 Gradient Boost Regressor

Tudruveamsuugumnaiimesifievhusnisnduindeswesdioludosiuay
farmnsnesdmsy XGBoost #ail
1. learning_rate: [0.08, 0.09, 0.10]
2. max_depth: [5, 6, 7]
3. n_estimators: [200, 300, 400, 500]
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aWLMQﬁLaaﬂiéﬁWﬂiﬂﬁLma§ n_estimators, max depth la¢ learning rate
lugretiillosanmnideneifigenitiiagyiliiin Overfitting viliuseansamuuudnaeanis

YNUILANAY

m1379 10 hyperparameter 983uAazSaNI NN

Algorithm Parameters

Random forest regressor n_estimator: [100, 150, 200, 250, 300]
max_depth: [10, 12, 14]
min_samples_split: [6, 8, 10]
min_samples_leaf: [3, 5, 7]

random_states: [42]

Random forest classifier n_estimator: [100, 150, 200, 250, 300]
max_depth: [10, 12, 14]
min_samples_split: [6, 8, 10]

min_samples_leaf: [3, 5, 7]

XGBoost learning_rate: [0.08, 0.09, 0.10]
max_depth: [6, 8, 10, 12]
n_estimators: [150, 200, 250, 300, 400]

Gradient Boost Regressor learning_rate: [0.08, 0.09, 0.10]
max_depth: [5, 6, 7]
n_estimators: [200, 300, 400, 500]
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1. HadnsueINTIATIevaya

. NAANSVRINTIASIZNTLIDST

2
3. maé’wa‘mia%’]aLLUUﬁ‘haaamiﬁwmEJ'T,mst%’%agaﬂszi’ams%jaﬁuﬁw
4. paansvesnsissuifisuiliaes

5

. NAGNSVBILUUIARINITWALA Leave One Offer Out

HadWsUaIN1TIATIEIdoYa

1%
¥ VN ¥

NnMsdTanuIeyad@euareyaluslutuluyadeyaiinasu (training set) uae

YAUBUANAADU (test set) HAUUANANAULINKAAIWININUTENDU 6 IABunU Y AT U

va v

ToyauseTAlslutuigdeinslasuvausaslusluduuasunu X Aelustudu (Offer ID) §338

Y Y

v

9ldwmAille Leave One Offer Out u1928TuN1S@519bU V180901591 U8LH B TALAR

ca A& a
A01UNTUNLAND U

45k B Record in test set
B Record in training set
40k
35k
30k
25k
20k

15k

10k

qqqqqqqqqqqqqqqqqqqqqqqqqqqqqqqqqqq

AMUsENOU 6 ANULANA1Nasteyalusluduluyadoyaindeuuasynioyanaaoy



24

o ¢ a LS 4
NAANTNI5AATIEVNLADT

va o

Wmaéﬁﬁﬁluﬁm%’azﬂa Kaggle “Acquire Valued Shopper Challenge” E&’Jﬁ]&lléfﬁ’m’l
WisuifsumaudAguesiiaesiagly Random forest Uas scikit-learn TANasNEAINITS
11 wazidlofiansanAmanudfyvesdasfinesnuinflosiifanuddyrionansenuse
maé’wémiﬁwmamﬂﬁqmléﬂm Company, Category wag Brand dnadnsiildmioufunu
999 Nikulin [7] 99nnadnsiildfeadiafnesainnissiufuves 3 fweddredudendn

“Product” wazaisiiaesannnannis Content-Based wag Collaborative Filtering

M 11 AudAgediliaes (Feature Importance)

N Feature Importance
1 Company 0.311937
2 Category 0.196459
3 Brand 0.172855
4 Chain 0.118947
5 Offer Value 0.103365
6 Market 0.093643

NAANSVDINTTAS1UUIIa09lne Y Base features waz All features

a

Tunisadesiliaesiidulanian Feature Importance ¥8suAazHLa9InI1un1519 11

[

it
Y
dagunadraduiiesiul wWioldlunisadrsuwuuiiassduuday

Medndenilwesifinnnudn
ganasyiy bawn Random forest regressor, Random forest classifier, eXtreme Gradient
Boost (XGBoost) uay Gradient Boost lagldfiiansiiasrsdui 2 ndu Inemuinieldfiaes
All features WUIHAANGVDILUUT1889319AN Cross-validation Score (CV), Public AUC
Score (PB) way Private AUC Score (PV) ﬁqqmﬂmﬂﬁﬁm?\lwa% Base features \ig99814

LYINNUAITIE 12
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A15719 12 Haansn1svinunelaely Base features way All features Vaduwpardanasyiu

Used Random forest regressor Random forest classifier XGBoost Gradient Boost
Features cv PB % cv PB PV cv PB PV cv PB PV
Base 0.56580 0.60053 0.59511 0.64967 0.54256 0.53740 0.70724 0.58055 0.57749 0.70600 0.58612 0.58176
features

All features 0.58109 0.61119 0.60669 0.65971 0.55521 0.56043 0.71365 0.56878 0.56721 0.71410 0.60222 0.59898

HAANSYBINTITUTUIUWITENDTVRILUUTIALY
nuadnsnsuntifITelavsugunisiiinesvesuuuinaeanisiiuigunaz

Sanosiulaensly Grid Search Cross-validation Tumismnisfiwmesfimnsauuaz nagey

Aun1s1dmesves Nikulin [7] Lﬁmﬁmmzﬁw%mwmei’ﬂaaamiﬁﬁmaimm’?iwamﬁEJ@

a § I v 6 2
WITULHDIAINTITIN 13 LASHNIANWILEAIIANITIN 14

naansvaswuuIaaailaldivaiia Leave One Offer Out

#331414maflA Leave One Offer Out $aufuTiiaasianunfiadieiu (Al
Features) Tun1sa31suuudnasinisiiuisuaagdanasfiulaoiinaa wsn19v1 Cross-
Validation (CV) Tagl4 K-fold 5 waztmadnsainuuusiassiilalunaaeuiiieviinisiana
Uszandninlu Kaggle Aaea1 AUC Score laun Public Score (PB), Private Score (PV) lny

NAANSVDILAAL DANDITNULANIAIAIS 15

M58 13 Wndwesilivansusugu

Algorithm Parameters

Random Forest Regressor n_estimator = 300, criterion="mse', max_depth=12,

min_samples_split=10, max_features ='sgrt’, min_samples_leaf=3

Random Forest Classifier n_estimator = 200, max_depth=12, min_samples_split=10,

min_samples_leaf=3
XGBoost learning_rate: 0.08, max_depth: 10, n_estimators: 400

Gradient Boost Regressor learning_rate: 0.08, max_depth: 5, n_estimators: 500
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MITN 14 HAGNEYRIMUUTIRINTIWEwsazdanasiuaTugumsiives

Used  Random forest regressor Random forest classifier XGBoost Gradient Boost

Features CV PB PV cv PB PV cv PB PV cv PB PV

Base  0.70420 0.60053 0.59511 0.70444 0.59717 0.59359 0.70432 0.54839 0.55297 0.70750 0.57266 0.57106
features
All 0.71459 0.61515 0.60759 0.64909 0.61731 0.60956 0.70934 0.57477 0.56837 0.71437 0.60207 0.59851

features

M54 15 HAANSURILUUT180INISTINUIELRazeanesTiuliloldinatia Leave One Offer Out

Used Random forest regressor ~ Random forest classifier XGBoost Gradient Boost

Features cv PB PV cv PB PV cv PB PV cv PB PV

All features +  0.75020 0.61574 0.60880 0.60730 0.61296 0.60731 0.70670 0.60623 0.60311 0.71200 0.58755 0.57638
Leave One

Offer Out
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A3UNAN1338 BAUTIENA wazUalauaIuL
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nuidgidnauenisaiiuuuinaesnisiuienstedivesgelagldinatianig
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o

(loyal customer) ifillonaagnaunn@edud Wedinsawsluslutunila o w3oandugnen

' [
a

Mungaiiissnsufeialdlusiudu (one-time deal hunter) fiaamsTwung@eiagnduuie

1%
¥ o

dudngnluswianraaniasulusiutuliuds lnegidulainussansainvednuuinaedusas

)

9ane3fiuuagn15¥n Feature Engineering JULUUAY 9 dWiounadnsunuSeuiiouway
asUnalasansauisidelunsasulddwiolud

1. agunansivy

2. 9AUTIINANITINY

3. UDLEUBDLUY

5.1 #3UNan157Y
nsiuensteTvesaevzgligiaiuAaisaaniunuuazyIelunis

IAVHUNITAAA LD UIAR

1%
¥ vV

lunudeididulaldyndeya “Acquire Valued Shopper Challenge” 21An13

9 Y

Y Y

uwdaduluduled Kagsle lnedAdulaasnsiiesainnissiusiudeya (Aggrecate) Tutiaiani
P dy P (% < 1% 1 @ 1 i 1
aulaeanvuiaiulunsdaiutoys Iaeuuadu 2 ngu taun (1) Base features wag (2)
All features lasasauseianisyeduailuvesgnalalvianuddgyfuwusus (brand)
ANy (category) Wazu3¥m (company) naglddanesfiuivainvane loun random forest

a

regressor, random forest classifier, XGBoost, Gradient Boost uaﬂmnﬁﬁgﬁﬁalmsmwﬂﬁﬂ

Leave One Offer Out el ldnadnsnsviunefiagy

INNITNAADINUIN Random forest regressor $9uAU Leave One Offer Out 1%
nadwS7innI1358u wWethnadnsiile submit 7 Kagele 16 Public AUC Score 0.61574 uas
Private AUC Score 0.60936 A1uA nUsznay 7 wsewfisuinfususuil 20 uu Private

L eader Board Wa@nafanInydsenau 8
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leave_one_offer_out_1311_2018.csv 0.60936 0.61574 O

5 months age by ThanatCharanasomboon

add su ion details

AUsENaU 7 wadnsnlaainnisawmalunisudetu Kaggle “Acquire Valued Shoppers”

i https.//www.kaggle.com/c/acquire-valued-shoppers-challenge/leaderboard

rboard is calculated with approximately 80% of the test data.

£ Refresh

This competition has completed. This leaderbeard reflects the final standings
H In the money W Gold B Silver B Bronze
# Aput Team Name Kernel Team Members Score Entries Last
1 - Marios & Gert E A 0.62703 198 5y
2 a1 The Slippery Appraisals 2 | 0.62449 472 Sy
3~ zzspar 0.62422 400 5y
4 2 B Yang ‘ﬂ 0.62259 93 Sy
5 = beile . 0.62133 172 By
6 a2 DB2 Sl 0.61560 86 By
7 — Martin & Abhishek ‘ ‘ﬂ 0.61548 241 By
8 a1 vknet 0.61540 296 5y
9 -5 YSDA Team # é é :‘i 0.61438 234 5y
10 -1 dynamic24 . 0.61364 155 By
11 -1 Bohdan Pavlyshenko E 0.61178 348 By
12 -2 Fidel Castillo E 0.61174 51 Sy
13 .4 wsu - | 0.61172 7% 5
14 -2 SIST What'sBigData 4% 0.61137 180 5y
15 211 npetitclerc ‘ﬂ 0.61036 40 Sy
16 a2 Hiroyuki ‘ﬂ 0.61028 69 By
17 -4 The Virtuosi *Z I8 5 0.60994 154 5y
18 15 data_js ‘ﬂ 0.60965 75 By
19 P dima.ignatovich a 0.60956 76 By
20 -8 gakhov & 0.60919 101 Sy
21 ~5 HDKIM ‘ﬂ 0.60884 298 Sy
"

NNWUsENaU 8 Private Leaderboard

i https://www.kagsle.com/c/acquire-valued-shoppers-challenge/leaderboard



https://www.kaggle.com/c/acquire-valued-shoppers-challenge/leaderboard
https://www.kaggle.com/c/acquire-valued-shoppers-challenge/leaderboard
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5.2 aAUs18Nan1sIVY

I1InNN1sAsauNfAgIumInly All Features Tunisasrauuudnasinisviiuneaslv

=4

NAAWSNATULLBLN8UNUNITLY Base Features 8819LA 8@ WU Random Forest
Regressor 1459uf7u Leave One Offer Out Winadnsasnigailloisudiudanaiiiudulag

FSnstiaunsalidusuinislunisadrisiuuiiassnmsvinuedesilusuants

R RILIGILITE
{93 ndeya Transaction HUSuruunyinlin1smIsudeya (Data

preparation) tfieazasisuuudiasansvinededddiaiuiu asdnsiiudeyaluguwuud

} %4 =

wiouldauinissiudeya (Aggregation) Tuguuuuimingaulunisidasislunaiaeiiodae

Sy

anfiunnsedldlunisifudeyauazaniaitunisasnuwuudiasnisvineg
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(%
Ya o L

NUITENAILILUUIIaeIn1siuelagldniwn Python 1astu 2.7 sliidele

e

LARILANAIDENIANNSUNTES19NLRa s avUA LY 1nelARdIUYBINTITES 19 NLRBSNINUAENN5A

v oA

aAlfan https:/bit.ly/2KSGUwy wagdiagnslanuisdunidAgyiieldusenaunuidelaed

UaAZLDYNRIL
1. lanlddmivanvuindeyalagnisidendeyaniainuneivesiulusiuduiig

aulamaninusenau 9

def reduce_data(offers_file, transactions_file, reduced file):
start = datetime.now()
#get all cotegories and comps on offer in g dict
offers_cat = {}
offers_co = {}
for e, line in enumerate( open{offers_file) ):
offers_cat|[ line.split(",")[1] ] =1
offers_co[ line.split(","}[3] ] =1
#open output file
with open{reduced file, "wb™) as outfile:
#go through transactions file and reduce
reduced = @
for e, line in enumerate( open(transactions_file) ):
if e == @:
outfile.write( line ) #print header

else:
#only write when if category in offers dict
if line.split(",")[3] in offers_cat or line.split(",")[4] in offers_co:
outfile.write( line )
reduced += 1
#progress

if e % Seoeaed == a:
print e, reduced, datetime.now() - start

print e, reduced, datetime.now() - start

amuszneu 9 laalddmsuanuinteya

2. TAnnsmAuaAgUesilaeg (Feature importance) LansasnIwdsznau 10

clf = RandomForestRegressor{n_estimators=200,criterion="mse', max_depth=12,
min_samples_split=1@,max_features ='sqrt', min_samples_leaf=3)

clf.fit(X_train, y_train)

pred = clf.predict(X_test)

clf.feature_importances_

ANUTENU 10 lann1smandAguesiliaes (Feature importance)


https://bit.ly/2KSGUwy
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3. landwsunisafansuansiruiudeyaluyadeyatinasunasdoyanaaauly

waazlUsluTULanIRININUSENBU 11

import plotly.plotly as py
import plotly.graph_objs as go

tracel = go.Bar(

w=xtrain,

y=ytrain,

name="Record in training set'
)
trace? = go.Bar(

¥=xtest,

y=ytest,

name="Record in test set’

)

data = [tracel, tracel]
layout = go.layout(

barmode="stack’
)

fig = go.Figure(data=data, layout=layout)
py.1iplot{fig, filename="'stacked-bar")

AnUsenau 11 landmsunisasinivuansdudeyaluyndeyainasulasdayanaaey

Tusazlusludu
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4. TAnd s uas19 Base features hanIRdNINUIENaU 12 AMNUSENOU 13 hay

Awdsenau 14

def generate_features(transactions_file, out_file):

#keep a dictionary with the offer data

offers = {}

offers_categories = {}

offers_companies = {}

for e, line in enumerate( open(offers_file) ):
row = line.strip().split(",")
offers[ row[8] ] = row
offers_categories[row[1]] = 1
offers_companies[row[3]] = 1

# dicts with variables from history
ids = {}
for e, line in enumerate( open(history_file) ):
ife > @:
row = line.strip().split(","
ids[row[@]] = row

seen_ids = set([])

outfile = open(out_file, "wb™)
outfile.write("label repeattrips id "+string.join(feature_list)+" market chain\n™)

#iterate through reduced dataset
last_id = @
features = defaultdict(float)
for e, line in enumerate( open(transactions_file) ):
if e » @: #skip header
#poor man's csv reader
row = line.strip().split(",™)
#write away the features when we get to a new shopper id
if last_id != row[@] and e != 1:

#generate negative features
if "has_bought_company™ not in features:
features[ "never_bought_company'] = 1

if "has_bought category” not in features:
features[ "never_bought_category'] = 1
if "has_bought_brand” not in features:
features[ "never_bought_brand'] = 1
if "has_bought_brand” in features and “has_bought_category” in features and “has_bought_company”
in features:
features[ *has_bought_brand_company_category'] = 1
if "has_bought_brand” in features and "has_bought_category” in features:

features[ "has_bought_brand category'] = 1

if "has_bought_brand” in features and "has_bought_company” in features:
features[ "has_bought_brand company'] = 1

outline = ™"
if not testset and last id in ids

outline += str(features["label™]) + " " + ids[last id][4] + " " + str(last_id)
else:

outline += "-1 -1 "+str(last_id)
for 1 in feature_list:
if 1 in features:
outline += " "+str(features[1])
else:
outline += " @"
# write chain and market
if last_id in ids:
outline += " "+ids[last_id][3]
outline += " "+ids[last_id][1]
outline += "\n"
if last_id in ids:
outfile.write{ outline )
seen_ids.add(last_id)
#reset features
features = defaultdict(float)
#check if we have a valid sample
if row[@] in ids:
#generate label and history
history = ids[row[@]]
if not testset and row[@] in ids:
if ids[row[@]][5] == "t":
features[ 'label'] = 1

else:
features['label’'] = @

AMnUsenau 12 lendnsuasns Base features



ies):

last_id = row[@]

features[ 'offer_value'] = offers| history[2] ][4]
features['offer_id"'] = history[2]

offervalue = offers[ history[2] ][4]

features[ 'total spend_all'] += float( row[18] )

if row[3] in offers_categories or row[4] in offers_companies:
features["total spend_ccb'] += float( row[18] )

if offers[ history[2] ][3] == row[4]:

features[ "has_bought_company'] += 1.8
features[ "has_bought_company_q'] += float( row[2] )

features[ "has_bought_company_a'] += float( row[1@] )

date_diff days = diff_days({row[6],history[-1])
if date_diff days < 3@:
features[ 'has_bought_company 30'] += 1.8

features[ 'has_bought_company q 38'] += float( row[3] )
features[ 'has_bought_company a_3@'] += float( row[18] )

if date_diff days < &@:
features[ 'has_bought_company 68'] += 1.8

features[ "has_bought_company q 68'] += float( row[2] )
features[ 'has_bought_company a_68'] += float( row[18] )

if date_diff days < 9@:
features[ 'has_bought_company 98'] += 1.8

features[ 'has_bought_company q 9@'] += float( row[2] )
features[ 'has_bought_company a_9@'] += float( row[18] )

if date_diff days ¢ 13@:
features[ 'has_bought_company_180'] += 1.@

features[ 'has_bought company q 186'] += float( row[2] )
features[ 'has_bought company a_188'] += float( row[18] )

if offers[ history[2] ][1] == row[3]:

features[ "has_bought_category'] += 1.@

features[ “has_bought_category_q'] += float( row[2] )

features[ "has_bought_category_a'] += float( row[1@]
date_diff_days = diff_days(row[6],history[-1])
if date_diff days < 3@:

features[ 'has_bought_category 30'] += 1.8

)

features[ 'has_bought_category_q_38'] += float( row[2] )
features[ 'has_bought_category_a_38'] += float( row[18] )

if date_diff days < &@:
features[ 'has_bought_category €8'] += 1.0

features[ 'has_bought_category q 68'] += float( row[3] )
features[ 'has_bought_category a_68'] += float( row[1@] }

if date_diff days < 9@:
features[ 'has_bought_category 98'] += 1.0

features[ 'has_bought_category q 98'] += float( row[2] )
features[ "has_bought_category_a 98'] += float( row[1@] )

if date diff days < 18@:
features[ 'has_bought category 188'] += 1.@

features[ 'has_bought category q 188'] += float( row[2] )

features[ 'has_bought_category_a_188'] += float( row[18] )
if offers[ history[2] ][5] == row[5] and (row[3] in offers_categories or row[4] in offers_compan

features[ “has_bought_brand'] += 1.@

features[ *has_bought_brand q'] += float( row[9] )
features[ *has_bought_brand a'] += float( row[18] )
date_diff days = diff_days(row[6],history[-1])

if date_diff days < 3@:

features[ 'has_bought_brand_30'] += 1.8
features[ 'has_bought_brand_q 38'] += float(
features[ 'has_bought_brand_a 38'] += float(

if date_diff days < &@:
features[ 'has_bought_brand 68'] += 1.8
features[ 'has_bought_brand_q 68'] += float(
features[ 'has_bought_brand_a 68'] += float(
if date_diff days < 9@:

features[ 'has_bought_brand %@'] += 1.@
features[ 'has_bought_brand_q 920'] += float(
features[ 'has_bought_brand_a_20'] += float(

if date_diff days < 18@:
features[ 'has_bought_brand_180'] += 1.@

row[9] )
row[18] )

row[9] )
row[18] )

row[3] )
row[18] )

features[ 'has_bought brand q 188'] += float({ row[2] )
features[ 'has_bought_brand a 188'] += float( row[18] )

if e % 100000 == @:

# do stuff for ids without transactions

allids = set(ids.keys())

unseen_ids = allids.difference(seen_ids)

for ui in unseen_ids:

features = defaultdict(float)
history = ids[ui]
features['offer_value'] = offers| history[2] ][4]
features['offer_id'] = history[2]
if not testset:
if ids[ui][5] == "t":
features['label'] = 1
else:
features[ label’] = ©

AMnUsEnau 13 landnsuasne Base features (519)
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if "has_bought_company" not in features:
features[ ‘never_bought_company'] = 1
if "has_bought_category” not in features:
features[ "never_bought_category'] = 1
if "has_bought_brand" not in features:
features[ ‘never_bought_brand'] = 1
if "has_bought_brand” in features and "has_bought_category” in features and "has_bought_company” in features:
features[ ‘has_bought_brand_company_category'] = 1
if "has_bought_brand” in features and "has_bought_category” in features:
features[ 'has_bought_brand_category'] = 1
if "has_bought_brand"” in features and "has_bought_company” in features:
features| 'has_bought_brand_company'] = 1
outline = ""
if not testset:
outline += str(features["label"]) + " " + dds[ui][4] + " " + str(ui)
else:
outline += "-1 -1 "+str(ui)
for 1 in feature_ list:
if 1 in features:
outline += " "+str({features[l])
else:
outline += " @"
# write chain and market
outline += " “"+ids[ui][3]
outline += " “"+ids[ui][1]
outline #= "\n"
outfile.write( outline )

if _name__ == '__main__':
reduce_data(offers_file, transactions_file, reduced_file)
generate_features(transactions_file, out_file)

AMnUsEnau 14 landnsudsne Base features (Mo 2)
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# create features on time since first transaction
import string,datetime, os

testset = False
if testset:

folder = ",/ /test/"

history = "../data/testHistory.csv"
else:

folder = “./train/"

history = "../data/trainHistory.csv”

user_dates = {}

fi = open(”../data/user_dates.csv","r")

fi.next()

for lines in fi:
1li = lines.strip().split(",")
startdate = datetime.datetime.strptime(1li[1],"%Y-%m-%d").date()
#enddate = datetime.datetime.strptime(li[2], "XY-Zm-Xd").date()
user_dates[li[@]] = startdate

fi = open(history, "r")
fi.next()
of = open(os.path.join(folder, "first_transaction_features.csv"),"w")
of .write("id,days_since_first_transaction\n")
for lines in fi:
li = lines.strip().split(",")
uid = life]
if testset:
offerdate = datetime.datetime.strptime(li[4],"%Y-Em-Xd").date()
else:
offerdate = datetime.datetime.strptime(li[6],"%Y-%m-%d").date()
days_since_first = (offerdate-user_dates[uid]).days

of .write(uid+”, "+str(days_since_first)+"\n")

AMNUsENaU 15 Tendnsuas1aiiaestuiufwsnIsgansawnsn
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6. landmsuasnsiiaeslunisau (negative features) LansfanInUsznoy 16 uag
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# get "negative" features:
# bought product just once
# returned product

import datetime,string,os
import numpy as np
from collections import defaultdict

testset = False

if testset:

folder = "./test/"
else:

folder = “./train/"

# get products belonging to eoffer

offers = {}

fi = open("../data/offers.csv”,"r")

fi.next()

for lines in fi:
1i = lines.strip().split(","})
offers[1i[@]] = Li[1]+" "+1i[3]+" "+1i[5]

# Life] = offer id, Li[1] = category, Li[2] = quantity, Li[3] = company, Li[5] = brand

# get history information
history = {}
fi = open("../data/trainHistory.csv","r")
fi.next()
for lines in fi:
li = lines.strip().split(","}
history[li[@]] = 1i # li[@] = id
fi = open("../data/testHistory.csv","r")
fi.next()
for lines in fi:
1i = lines.strip().split(",")
history[li[@]] = 1i # Li[8] = id
# offer is Li[2] here

user_dates = {}
fi = open("../data/user_dates.czv","r")
fi.next()
for lines in fi:
1i = lines.strip().split(",")
user_dates[li[@]] = 1i[2]

of = open( os.path.jein(folder, "negative features.csv™),"w")
of .write("id, returned_product,days_from_lastdata until offerdate\n™)

fi = open("../data/transactions.csv","r")
fi.next()

# set standard variables

returned = False

lastid = @

for e,lines in enumerate(fi):
1i = lines.strip().split(","})
if not lastid == 1li[@] and e > @
of .write(lastid+",")
if returned:
of .write("1,")
else:
of .write("@,")

# get lastdate and offerdate
offerstuff = history[lastid]
if len(offerstuff) == 7:

offerdate = datetime.datetime.strptime(offerstuff[6], "¥Y-¥m-%d").date()

else:

offerdate = datetime.datetime.strptime(offerstuff[4], "8y-Rm-%d").date()
enddate = datetime.datetime.strptime(user_dates[lastid],"%y-%m-%d").date()

daydiff = (offerdate-enddate).days

O PR T T - TN
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user = 1li[@]
product = string.join(li[3:86]," ")
pi = offers[history[1i[@]][2]]

if product == pi:
if float(li[18]) < &:
returned = True
lastid = 1i[0]
if e % 1000000 == @ and e > @:
print e

# Last entry
of .write(lastid+",")
if returned:
of.write("1,")
else:
of .write("0,")
# get Lastdate and offerdate
offerstuff = history[lastid]
if len(offerstuff) == 7:
offerdate = datetime.datetime.strptime(offerstuff[6],"%Y-%m-%d").date()
else:
offerdate = datetime.datetime.strptime(offerstuff(4],"%Y-%m-%d").date()
enddate = datetime.datetime.strptime(user_dates[lastid],"%Y-%m-%d").date()
daydiff = (offerdate-enddate).days
of .write(str{daydiff)+"\n")

AmUsenau 17 lanasnsiliaesluideau (negative features) (#1)
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# get start and enddate of all users
user_dates = {}
fi = open("../data/user_dates.csv","r")
fi.next()
for lines in fi:

1i = lipes.strip().split(","}

user_dates[li[@]] = {'firstdate' : datetime.datetime.strptime(1li[1],"%Y-¥m-%d").date(), 'lastdate’

rptime(1i[2], "%Y-%m-%d").date() |

# get products we are interested in
productids = set([])
for e, line in enumerate( open("../data/offers.csv","r") ):
ife » @:
1i = line.strip().split{",")
productids.add{1i[1]+" "+1i[3]+" "+1i[5])
productids = list(productids)

of = open( os.path.join(folder, "product_repeat buy_probability.csv"),"w")
of .write("product_id,repeat_buy prob_3@d,repeat buy_prob_6@d,repeat_buy_prob_9ed\n™)

repeaters_3ed = defaultdict(list)
repeaters_6@d = defaultdict(list)
repeaters_98d = defaultdict(list)

fi = open("../data/reduced.csv™,"r")
fi.next()

# set standard variables
bought_pre_ém = defaultdict(bool)
firstbuy date = {}

repeatbuy_dates = defaultdict(list)
lastid = @

for e,lines in enumerate(fi):
1i = lipes.strip().split(","}
if not lastid == 1i[@] and e > @:
# check if it's valid
for pi in productids:
if pi in firstbuy date:
if (user_dates[user]['lastdate']-firstbuy date[pi]).days > 3@:
repeat_within_3ed = @
# check if it's repeated within thirty days
for d in repeatbuy dates[pi]:
if (d-firstbuy date[pi]).days < 3@:
repest_within 38d = 1
repeaters_3@d[pi].append(repeat_within_38d)

AMnUsznau 18 landnsuas1aliaeslon1an1snaunIYodumuaa
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# create seasonal feature
import numpy as np
import pandas as pd
import datetime, os

testset = False

if testset:

folder = "./test/™

history file = "../data/testHistory.csv"
else:

folder = “./train/™

history file = "../data/trainHistory.csv"

# load seasonal_cat.csv

seasonal = pd.io.parsers.read_csv("../data/seasonal_cat.csv", index_col=2)
# drop data with Low amount of customers

seasonal = seasonal[8:388]

datetime.date(2€12,3,10)

earliest =
= datetime.date(2013,3,24)

latest

categories = ['706°, '799', '1783', '1726', '211%', '2282', '3283', '35@4', '3580', '44@81', '4517', '5122', '5824', '5558', '561

6', '5618', '6202°, '7205', '9115', '9989']

# calculate trendlines for each category
cat_trend = {}
for ¢ in categories:
# divide spending in 2813-83-85 - 2013-83-19 by spending in 2812-83-85 - 2812-83-19
avg2@12 = seasonal[c][@:15].mean(}
avg2@13 = seasonal[c][365:38@].mean()
cat_trend[c] = avg2@13/avg2@12

# remove estimated trends from spending (i.e. only get seasonal effects)
for ¢ in categories:
div = 1. + (cat_trend[c]-1.)*np.array(range(38@))/365.
seasonal[c] = seasonal[c]/div

# sum over similar dotes
for c in categories:

seasonal[c][@:15] = (seasonal[c][@:15]*seasonal[ 'num_customers'][@:15]).values + (seasonal[c][365:38@]*seasonal[ ' num_cus

tomers'][365:388]).values

seasonal[c][@:15] /= ( (seasonal['num_customers'][@:15]).values+(seasonal[ 'num_customers'][365:380]).values )

# remove extraneous dotes
seasonal = seasonal[@:365]

# get 38 day spending average for each category
cat_spend_avg = {}
for c in categories:
cat_spend_avg[c] = seasonal[c].mean()*3@.
# get offers (for category)
offer_data = {}
fi = open("../data/offers.csv","r")
fi.next()
for lines in fi:
1li = lines.strip().split(",")
offer_data[li[@]] = 1i[1]

fi = open( history file,"r")
fi.next()
of = open( os.path.join(folder, "seasonal_features.csv"),"w")
of .write("id, seasonal_spend_rate_3@d,seasonal_spend_rate_3@d_no_trend\n™)
for lines in fi:
1i = lines.strip().split(",")
if testset:
offerdate = datetime.datetime.strptime(li[4],"%Y-X%m-%d™).date()
else:
offerdate = datetime.datetime.strptime(1i[6],"%Y-%m-%d").date()
offerdateindex = (offerdate-earliest).days
avgied = 2.8
category = offer_data[li[2]]
# average spending month after offerdate for the category
for r in range(3e):
avg3@d 4= seasonal[category][(offerdateindex+r) % 365]
avg3ed /= cat_spend_avg[category]

# then multiply this by the extrapolated trendline from the year ( i.e. (days since 2012-83-12 * trend/365) )

avg3ed_w_trend = avg3@d * (offerdateindex+r)/365.*cat_trend[category]
of .write(li[@]+","+str(avgldd_w_trend)+", "+str(avg3ed)+"\n")

anUsenau 19 landmsuas1siiaasmsunnisiaanelulsasdiavoannayiInvy
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# get the products ond categories we are interested in

productids = set([])

categories = set([])

for e, line in enumerate( open{offers_file) ):

if e > @:

1i = line.strip(}.split(",")
categories.add(1i[1]}
productids.add{1i[1]+" "+1i[3]+" "41i[5])

categories = list(categories)

productids = list(productids)

category preoduct_unit prices = {}
for ¢ in categories:
category_product_unit_prices[c] = {}

filt = open(transactions_file, "r"}
filt.next()
for e, line in enumerate{ filt ):
1li = lipe.strip().split(",")
category = 1i[3]
if category in categories:
prodid = string.join(1i[3:6]," ")
unit = string.join(li[7:9],™ ")
if not prodid in category_product_unit_prices[category]:
category_product_unit prices[category][prodid] = {}
if mot wnit in category_product_unit_prices[category][prodid]:
category_product_unit_prices[category][prodid][unit] = []
if float(li[1@]) > @:
category_product_unit prices[category][prodid][unit].append(float{1li[18]))
if e ¥ 10000000 == @ and e > 8:
print e

product_features = {}

product_comparisons = {

‘4491 185108850 13791 : {'product_container' : '19.6 OZ", 'category container® : "19 0Z'},
‘5824 185190858 26456° @ {'product_container' : ‘13 0Z', 'category_container’ @ '13 0Z'},
‘4517 185458050 1322' : {'product_container’' : '18 0Z", ‘category_container' : "18 OZ'}, # also mayk
h 16 0Z°
‘1726 184450040 7668' : {product_containmer' : '35 CT°, “category_container' : "35 CT'},
‘9909 1889520383 288408°' : {'product_container' : '5 0Z', 'category container' : 'S5 OZ'},
‘5619 187717272 182584' : {'product_container' : '8 0Z', 'category container' : '8 OZ'},
‘3580 183320030 375' : {'product_container’ : '58 0Z', ‘category_container' : 'S8 0Z'},
‘2119 188879383 6926' : {'product_container' : 144 0Z', 'category container’ @ "144 0Z'},
‘9909 187127979 6732' : {'product_container' : '12 0Z", ‘category_container' : "12 0Z'},
‘7205 183700030 4294' : {'product_container' : '5.8 O0Z', 'category container' : '5.8 OZ'},
‘6282 18577445388 64486 : { product_container' : '8.8 0Z", 'category_container' : "9 0Z'},
‘5558 187120272 5872" : {'product_container’ : '9.3 0Z', 'category container' : 9 0Z'},
‘3504 184460040 7668' : { product_container’ : '22 0Z", ‘category_container’ 20 0Z'},
‘5122 187186878 17311° : {'product_container' : '42.72 0Z', 'category_contalner® @ "42.72 0Z'},
‘9115 188500080 93964° : {'product_container' : '@.75 LT, 'category container® : "@.75 LT'},
‘2202 184460040 3718' : {'product_container' : '32 0Z", ‘category_container' : "38.3 0Z'},
‘1723 194450040 7668° : {product_container' @ 32 » "category_container' : "32 0Z'},
‘786 184127141 26189° : {’product_container' : '64 0Z", ‘category_container' : 64 0Z'},
‘3203 186414464 13474 : {'product_container' : '5 0Z", ‘“category_container' : 5 0Z'},
‘799 1676211171 17286 : {'product_container' : '12 0Z", 'category container' : "12.7 0Z'},
‘5616 184610840 15889° @ {'product_container' : '8 0Z°, “category_container' : "8 0Z'},

}

#conts = defaultdict(list)
#[[conts._ setitem (R, conts._ getitem (k) + category product unit prices['2282°[[p][k]) for k in categor)

['2282"J[p]] for p in pids]

AnUsEnau 20 Tandunsuas1eiiaesiuseuiisusimaumnuauaneaianu



39

for pr in productids:

category = pr.split()[e]
catdict = category_product_unit_prices[category]

category_container = product_comparisons[pr]['category_container®]
product_container = product_comparisons[pr]['product_container']

prices = []
for prod,val in catdict.iteritems():
if not prod == pr:
if category container in val:
prices = prices + val[category_container]

product_prices = catdict[pr][product_container]

if not category container == product_container:
cat_size = float(category_container.split()[@]}
prod_size = float(product_container.split()[@]}
prices = np.array(prices)*prod_size/cat_size

# compare price for our products to other products in category with same container

# store productprice divided by median price in category
if np.mean(prices) ==
print "
import pdb;pdb.set_trace()
mean_prod = np.mean(product_prices)/np.mean(prices)
# store productprice divided by mean price in category
if np.median(prices) ==
print "median is zero"
import pdb;pdb.set_trace()
median_prod = np.median(product_prices)/np.median(prices)
# store which quantile it is
median_prod_price = np.median(product prices)
sorted_prices = sorted(prices)
for i, sp in enumerate(sorted prices):
if median_prod price < sp:
quantile = float(i)/float({len(sorted prices))
break
# median price difference
median_diff = median_prod price-np.median(prices)

mean is zero"

product_features[pr] = {'median_rate' : median prod, 'mean_rate®' : mean_prod, 'quantile’' : quantile, 'median_difference’
: median_diff}
of = open{os.path.join{folder,"product_cheapness features.csv"), "w"
of .write("product_id,price_guantile,price_median_compare,price_mean_compare,price_median_difference\n")
for pr in productids:
of.write(pr+","+str(product_features[pr][ 'quantile’])+","+str(product_features[pr][ 'median_rate'])+","+str{product_featu

res[pr][“mean_rate’])}+","+str(product_features[pr][ ‘median_difference'])+"\n")

AMnUsEnau 21 TandnsuasialmesiSouiisusimausnuausnaaieiuy (5e)
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def savePredictionResultForSubmission(offer id, algo):
test_data = pd.io.parsers.read _csv("../data/test/all_features.csv", sep=" ")
del test_data[ 'repeattrips']
del test_data['label']
predTest = clfOneOffer[offer id].predict_proba(test_data)
# if features:
# predTest = clfOneOffer[offer id].predict_proba(test data)
zipall = zip(test_ids, predTest)
result = pd.DataFrame(zipall)
result.columns = ["id", "repeatProbability"]

result.to_csv("../result/leave_one_offer" + str(offer_id) +"_" + algo +"_" + "_out_28_ JAN_2019.csv", index=False)
print "save result offer", offer id, "for kaggle submission to csv file"

print "at"+"../result/leave_one_ offer" + str(offer_id) +"_" + algo +"_" + "_out_28_JAN 2019.csv"

print " "

AnUsznau 22 landiuwesnisainglnadmiunisas Kaggle (submission file)
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def leaveOneOfferOut(offer id, model):
print "leave offer =>", offer_ id, "out"
select_data[offer id] = train_data.loc[train_data['offer_id'] != offer_ id]
select_test_data[offer_ id] = train_data.loc[train_data['offer_id'] == offer_id]
# train label
select_data_label[offer_id] = select_data[offer_ id]['label']
select_test_id[offer_id] = select_test_data[offer_ id]['id']

y_train = select_data[offer_ id]['label']
del select_data[offer_id]['label']

del select_data[offer id]['repeattrips']
X_train = select_data[offer_ id]

y_test = select_test data[offer_id]['label']
del select_test_data[offer_ id]['label’]

del select_test_data[offer_ id]['repeattrips']
X _test = select_test_data[offer id]

if model == 'xgboost':
param = {}
param[ 'eval_metric'] = 'auc'

dtrain = xgb.DMatrix(X_train, label=y_train)
dtest = xgb.DMatrix(X_test)
clfoneOffer[offer_id] = xgb.train(param, dtrain)
predLeaveOfferOut[offer id] = clfOneOffer[offer id].predict(dtest)
elif model == 'rfclassifier':
# start train model
clfoneoffer[offer id] = RandomForestClassifier(n_estimators=200, max_depth=12,min_samples_split=10, min_sample
s_leaf=3)
print "created rf classifier model"
start = time.time()
# print "train with data not offer =>", offer id
clfoneOffer[offer id].fit(X_train, y_train)
endtime = time.time() - start
print "use time to train this offer out=>", endtime
predLeaveOfferOut[offer id] = clfOneOffer[offer_id].predict proba(X_test)[:,1]
elif model == 'xgbregressor':
# start train model
clfoneOffer[offer id] = GradientBoostingRegressor(learning rate= 0.08, max_depth= 10, n_estimators= 400)
print "created gradient boost regressor model”
start = time.time()
# print "train with data not offer =>", offer id
clfoneoffer[offer id].fit(X_train, y train)
endtime = time.time() - start
print clf.best_params_
print "use time to train this offer out=>", endtime
predLeaveOfferOut[offer id] = clfOneOffer[offer id].predict(X_test)
else:
# start train model
clfOoneOffer[offer id] = RandomForestRegressor(n_estimators=200,criterion='mse', max depth=12,min_samples_split
=10,max_features ='sqgrt', min_samples_leaf=3)
start = time.time()
# print "train with data not offer =>", offer_ id
clfoneOffer[offer id].fit(X_train, y_train)
endtime = time.time() - start
print "use time to train this offer out=>", endtime
predLeaveOfferOut[offer_id] = clfOneOffer[offer_ id].predict(X_ test)
## CALCULATE ROC AUC SCORE
select_zipall[offer id] = zip(y_test, predLeaveOfferOut[offer id])
resultLabelProp[offer id] = pd.DataFrame(select_zipall[offer id])
resultLabelProp[offer id].columns = ['label', 'repeatProbability']
#print resultLabelProp[offer id]
resultOfferOut[offer id] = roc_auc_score(resultLabelProp[offer_id].label, resultLabelProp[offer_ id].repeatProbabil
ity)
print "predicted leave this offer out=>", offer_ id, resultOfferOut[offer id]

AMnUsENaU 23 1And1uueIni1syin Leave One Offer Out
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