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Abstract

In this paper, we propose a machine learning method for household poverty level
prediction based on a combination of feature engineering, Synthetic Minority Over-sampling
Technique (SMOTE) and tree-based classification models.

We test the performance of our proposed system over census data from Costa Rica. A
feature engineering method is applied to construct a group feature of the household. Then, after
applying SMOTE, hyperparameter tuning of each classification model is implemented. Our
proposed model employing gradient boosting classifier yields the best accuracy equal to 67.6%
with precision equal to 0.46 and macro F1 score equal to 0.43. Three most important features
contributing to the performance of the proposed model are roof quality of the house, years of
education and Ratio of non-working age to working age whose values are equal to 0.0286, 0.0267
and 0.0206, respectively. Our performance is superior to the baseline model using random forest
whose F1 score is equal to 0.32. Performance enhancement is partly due to SMOTE which
randomly resamples minority data classes to improve the classification performance of the
proposed model. Future work will focus on hyperparameter tuning to improve the performance

of the model.
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2. Machine learning

3. Operations

Data Data Data
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2.1.1. Exploratory data analysis (EDA) [5]
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Model learning Tuseunsuszaianadeya luguuuuniledanasiuaiunsaussanana
¥ v v a [ ¢ v (Y &) § ' a a k% 5 A a [ ¢l
Toyalamendniugivoyalrdduluna wiluuinsudngluuunisiieuiveunsofondndmued
dnldiitelideyaiisdnvseiiiuyan (Guldansavhwenainussiudele)

Model validation 38n1sn3lulunisasisaeunuuinaesienisdrsesdayanis train
Puubntesfivzneaeuivlumagarine aulddeyanis train Wielnuuudiasinisiseuives
wsesuazdayan1snaaevargnlilielumaanysaliiensivasuniugniesvesdeyaiiuadliviu

[

Aagun 2
Prepared data
Training data Validating data

Model Model
learning validation

Machine learning

SUN 2 : Jayanns train Wguiutoyan1snageudmsuN1snTIRERULUUTIABY

Y U

(fian : https://www.ibm.com/developerworks/library/ba-intro-data-science-1/index.html(,2018)


https://www.ibm.com/developerworks/library/ba-intro-data-science-1/index.html,2018
https://www.ibm.com/developerworks/library/ba-intro-data-science-1/index.html,2018
https://www.ibm.com/developerworks/library/ba-intro-data-science-1/index.html,2018

2.1.3. Operations [4]

fupouithdeyailldainnisvhnszuiuns EDA, Machine learning tnuanudunsininie
sUn e WlelsifBuaunsailaliine

Model deployment 1ianisi3suimeiaiondunuuirassiliivieuiiouiudoyalu
ounan awuuldlunaluanminedesnie Ul iudeyalvsl

Model visualization ludeyauumdnlidndudoaduuvuiaesiinansenasoudie
wosaniunsniiiiugunuumssdiunuiinuaniigaludata science Aouuudrassifliisly
MsmeumauAIfuyadeyaduatiu fudendmiunmsaieamilinnaneuazanssananldain
MM aFgulusingy

2.2 adﬁﬂ?’mil,ﬁmﬁ'u Machine Learning [6]

L“‘f;Jumm'mﬁwaai’]@zgwﬂizawiﬁﬁwmmmﬂmiﬁmﬂ’]miifﬁi’ﬁLLUULﬁm%aﬁumiﬁﬂwmazma
aedanesiufienunsaifouddeyauaryiunedeyald Saneifniuasrhalasodelunatiadnenainys
Toyasegravnduiensviueniednaulaluniends unufiagyiaunudriuresdidlusunsy
AoNfimes wioanidu 3 Ussnm

1. Supervised learning

nsidieya output figndfeslst Machine l¢vihnnsiSeus Tasdredeann Output wie Label Al
foyalu a$19 Algorithm/Model tiloviunenadwsly Tagaz Train Machine luaunitazlé Output #
Qﬂéfaumusﬁ 19819013 Algorithm 7 Supervised Learning laun Linear Regression, Decision
Tree, Random Forest, KNN, Logistic Regression

2. Unsupervised learning

n3efiut1uiuiu Supervised learning aglifinsszydaya Output w3e Label VOINAENST
Fosnsliums Machine 1éi3ou3 uAszyindiosnts Ouput senuduingy ué Machine Learning ag
vnsudsngudeyailndidssdul douuinlunislduts Customer Segmentation #1981
Unsupervised Learning tauA Dimensionality reduction, Clustering, Manifold learning

3. Reinforcement learning

Jusumilaves machine learning w3e artificial intelligence (A1) #ilddmS Ui robot (Mo
agent) Wanusadadulanieldusazanunisaifietundmadnsiinian lneil robot duaglailégnuen
T#sHengunasilunisidennsgidslanelianiunsaflalnenss us robot agneneufimunsEUUAIMAR
nsimdulatesannmismaasiinassgnuazSouiluzen Moty nsidumnngn axdesiinsviung
sravthiazannsaineglstuldtng fanmafuuiasaionegliidunafdendsiuuderainailuate
somniufle

Tnguidetagidulufl Supervised learning lnglunaiiaulausenausis Random  Forest,

Gradient boosting, XGBoost, AdaBoost Wag Light Gradient Boosting



2.2.1 aaﬁmmféﬁmﬁ’u Bagging [7]

Bagging #91121n Bootstrap Aggregation lay bagging tree 1 2gvin1sasng GREN]
subset WUUANAIN train data waIwAATYAILYNLIEUIAIY Tree naansilare agld Tree

MAINVANY LBINISEUSIINYATBYALUUEN (random subset)
2.2.2 89AANU3IAYINU Random Forest [8]

a K o Y  aa .. X
WUIAAUBY Random Forest LAnn15a319latnan1835n15 Decision Tree VUUINRANY
lumalagdsnisduiinds wadwanlausaglinaunsuiuniontuduunanidnuiugiuuin
a [ @ Y] 4 b4 aa .. & A ay v 1Y) 1% <
ign afneenulunadnsgavine 35015989 Decision Tree Aawnadiaiilvinadnsludnwugidu
lassasavesduld aneluduliazusenauludielnun(node) Faudazlnunasiiioulvvas
Y 2 W a Y v = 1 aa v o a A
Audnwuzdudmegeu Nwwesiulilibranch) wanstsenilululavesnudnuvaugngnidennaaey

& a a 1 Y vy = | v & U cay v
warlu (leaf) Wudsegananvesdiulyd wanstanquussdoyalclass) AAonadnsnlaainnis

NYINTO
Instance
Random Forest __— ,r' ot ¥
4-'/";"" V o -

/@\ \ : o e

\/o\\ ):\P\ - ';/b

KARR KAKRR ™ KARA
bdd &b & SO do &v’d o o do de'd

Tree-1 Tree-2 Tree-n

Class-A C'lalSS-B Class-B
[ Majority-Voting | |

{Final-Class

'g‘U‘ﬁl 3 : Random Forest

. https://www.semanticscholar.org/paper/Detection-and-classification-of-breast-cancer-from-Ghongade-

Wakde/04f3e376672318a7c8bfe12059069d033c688951)

Hyper-parameter 489 Random forest [8]

n_estimators : integer, optional (default=10) §1u1u tree Tu Random Forest 31u7u
tree flunduazsiild model performance a%{uﬁ]uﬁﬁﬁmﬁﬂﬁ performance B3u9fiausuay
tree liifinasa model performance

oob_score : bool (default=False) Jun1sszyinagld data Iua’i’auﬁlﬂigﬂ sample LU
training laellsag decision tree Tu Random Forest @11SUAWIM error Fufeuwitunisii
validation 970 training set ImfJﬁl@Jéf@MﬂLLﬂq%;ﬂaﬁm%’uﬁﬁ validation tuiee Faaziuselov]

ae19uNeeEULSNE dataset Tlwgjunn waglilognnuustoyadmiu validation set 8n



min_samples_split : int, float, optional (default=2) fheghesutumiisiduluns
wUslnuantely mn int 19150 min_samples_split Wudaavdus windu float
min_samples_split aztduAvarunay ceil (min_samples split * n_samples) Avfiog1991UU
Fushdmsunmsuenusazade

min_samples_leaf : int, float, optional (default=1) missqﬁm’m%yja%uﬁﬂu leaf
node Ya4ufiay decision tree mﬂﬁﬁi’ﬂmusﬁayjaﬁﬁﬂ’h min_samples_leaf Iﬁ‘wqm split node
Huqfunisan overfitting AzAmUAAIMIn_samples_leaf liidanndasn1uauInuey data set
Fegautu faust 2-100 AuIadoya

min_weight fraction leaf : float, optional (default=0) Lﬂwdauﬁﬂwﬁﬂﬁﬁﬂqmaﬂ
mai’;maﬁ’mﬁmwﬁﬁﬁLﬁué’fma@jﬁﬁvﬂwum Aa18 min_samples_leaf

max_leaf nodes : int %38 None, optional (default=None) IMUﬂﬁaﬁ?jﬂgﬂﬁ’mumﬁa
Hunns ananuduiusilidaeu dldfinssmunsunulnuadnagdlisite

min_impurity decrease, max_impurity decrease : float, optional (default=0) lviun
wgnuUs finsuendileniianas wnnin viewinfuenil

min_impurity split : float, (default=1e-7) inasidnsunisvganisiasaiulavasulil
Iupazuanindiaegimvilodndnnia fazthuazfudnivun

max_features (0.0-1.0) : int, float, string #58 None, optional (default="auto”) N1
seyiusiag decision tree lu Random Forest agamsadundy feature lonnitganiesidus
(0-100%) Fannslsiiwarfsnaigeauwiuly azidunisanmiuduiusiuieses tree (an
correlation) uazanlon1anisiin overfit U84 model

max_depth : integer 438 None, optional (default=None) 117U level ﬁmaﬁqﬂ VDI
node 719311113 split observation 33ag¥h tuning A1 max_depth hailviunniAuly Wietlosiy
Uy overfitting

n_jobs : int w30 None, optional (default=None) F1ururasLiidosfuLuy parallel
Tingaudonsieszi (ufivuneds 1)

random_state : int, RandomState instance %38 None, optional (default=None) a1
Gy int w8 random_state 1Huidnitusililaginiosduiaiay d1lu RandomState instance,
random_state 1Uusasssnavgu 61y None fasnssavguda RandomState instance i
T#lae np.random

verbose : int, optional (default=0) \uAruaun1s verbosity Tuvaznsituel
WLy

warm_start : bool, optional (default=False) wiassrndu True Tilsgduvenisins

v & N o

Aot dnavunlglrliiafiutaziiusiussunamiasiulnums dasdunnaniullluunaun



class weight : dict, list of dicts, “balanced”, “balanced subsample” #1580 None,
optional (default=None) ﬂlﬁvveight‘ﬁlLﬁIEJ’JSfJJaQﬁJUﬂmaﬁLuEULLUU {class_label: weight} winilu
None 9giinsatfuayuadmilsvasweight dmfullamivatsiensing list veq dicts 13150
JASLINAR U UREINUADAUTBY v

criterion : string, optional (default="gini”) cost function izl sy regression
tree 9¥dlAn default 1Yu ‘mse’ 138 mean square error @ classification tree 9 dA1 default

Bl . .y = A @ , @ v
Wu gini’ Feaunsaazidenidu ‘entropy’ nla

31N Hyper-parameter yiavuafinaut sy ftdsaseluinauiniianfie max depth

2.2.2 89AAUSAYINU Boosting [9]

Boosting Lﬂuﬁug’lumm AdaBoost %30 Gradient Boosting Tulausi3i9u XGBoost way
LightGBM boosting Aan151i1 weak classifier %39 classifier ﬁﬁmmLL@Juz‘J’w‘hmﬁmw%;ﬂaﬁﬁ
Mniuarly weak classifier faluslanudla error il Tnenasauwes classifier asdnidu classifier
Tvaifuan %‘vﬁLLum‘ﬂUﬁ]uléTuLmaﬁaﬁqmmﬂmaiamaa classifier 8118ININTIUAITHIIUVOI
Boosting fimilounsiaududiu lasnnsien classifier filaildfunninsufusuinnedeya
Fudounngld Feideveinsld boosting Aefosunatsnswandugiuninnglsluwaiideanis
19910 Bagging Viamwmjm%’agaléfué’aLmuimmaléfw%famqﬁ’maa uATeAUDY library LYu
XGBoost 1 13navannsaiden alinvas weak learer 3o weak classifier dlaaae lidnazsdy
wuuslel (tree) iauuudunss (inear) waslunaneqasetumnaiin boosting dnansaviiune

Poyanimnudugauningliuinniinisly bagging

2.2.3 aefnMuiREIfU XGBoost [10]

XGBoost %38 Extreme Gradient Boosting QnusidlasuiAsumeaIn Gradient boosting
U model 7dten Decision Tree 11 train Aeqiunaneq tree Inafiufay decision tree g
138U3IN error Y84 tree nounin vilrAuwiug1vadlun15¥n prediction Ay wilugunIu
d' A = 1Y oA o a = = v A
5089 WalimatSeuives tree Aiaillosiuauinudnuinwe war model agneniseusiilolilvie

pattern 484 error 310 tree AeuUVNlMSEUI?

2.2.4 aﬂﬁﬂ?mﬁlﬁmﬁu AdaBoostClassifier [11]

Adaptive Boosting Algorithm 138 AdaBoost Lunaiialungu Boosting Ailin1stunld
Y] 1 A = a o o 56 v . . (% 1 1
Wanseiles Teuddenisuiludssendldesuly machine learning Aus199 WU Face

Detection luwatifilasuainutenun welinnudanguusuldlaiunn learmning algorithm
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wagldimaliavesnisAtuiagl waausuaumitn vinlian Bias Error agld waglivinlwiAnnis
over fitting 1iuly wwIRAnanUes AdaBoost Aen15iUdsU weak model Tnanaidu strong
model Usgananainsiznideyangy data set Wenfiu ldlumaifieniu 15uduainng classify

LUUSTTUAY LBYINN1S observe f1 error 7ilAin foulsy 115 adjust weight lungudaya ey

N3 classify #oilas AUNILA strong model M3 accuracy Afian aaniN

2.2.5 99ARU3NYINU Gradient Boosting [10]
nsas1ausay Tree aztfuluu Sequence g input wHagz Tree az1du output 31N
Tree noUNN 1ag concept Ao GBT 2w¥1N158519Usaz Tree 1WoanA1 error NARN Tree

nouni 1ne35 Gradient Descend
Y(actual) = Y(predict) + Error< - (@314 Tree e predict Error)

uarthwuadnsaleunsiudu AazvinlilaalnalAsesiu Yiactual)

2.2.6 aaﬁmmilﬁmﬁ'ﬂ Light Gradient Boosting Machine (LightGBM) [12]

Light Gradient Boosting filldinalla leaf-wise growth Asuan tree luanulumige

]

wanaNUElY Falaunsu Tunsuseanainis data MIRsaLAaE node UWNUNILTUALNUUULAGN

WU vlsranansasuluwalaisy wil dataset agdlaunlug)

o9
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2.3 asdrudiieaiudeyaiiliauna (Imbalanced Datasets) [13]

Toyailiauna mnefa deyaiinsnszareditlbivinieuiu vieteyatednsdnauandnlu
nguvdnuazngusesiidruaulaivinf 19y 100:1, 1000:1 %30 10000:1 1Hudiu sndrBE1ITUINFUT 4
e udeyatsernafertuiudfunitududilivng damidmeuisdionis fo aulfdudll
‘Uﬂ(ﬂ (Positive) 3o Aufifidudund (Negative) mmauaﬂivmﬂiwmuaﬂﬂm (ﬂawaﬂ) awa“mamawma
viluAY Lmauaﬂiumﬂiﬂwmuﬁlmﬂﬂmmammeﬂivmmwaﬂiaaﬂu (ﬂamaﬂ) Fatdy drihdayatisaos
nauuUIngutoya wionfuimun 1fewut desuvesmaneinsaiftensutangudoyann feya
sxgnimfunguussansifBudunivianun (Negative Class) iflesandeyavesauiififuduniuinniau

Aaa

MgUANRAUNG duguniedie Ae fog19vedayafiaunaiusenIAnAYIBULasI AN

Example of balanced and imblanced data

male oncogene

female normal gene
Megatives = Positives Megatives > Positives
Balanced Imbalanced

E‘U‘ﬁl 4 : imbalanced datasets
(ﬁuﬁ . https://blog.coodaudience.com/how-to-handle-imbalanced-datasets-d67176dfb0aa)

2.4 93AAUZNYTU Synthetic Minority Over-samplingTechnique (SMOTE) [14]

Synthetic Minority Over-sampling Technique: SMOTE L“fluwmﬁﬂm‘mumiLLﬁﬂiymﬁéfa\‘mﬁ
Puundeyaliauna Jedayalidwiudiesgaunndiuinnluidazaata Wevihnisiuundssian gyl
= = I 1Y oA v va o ¥ ! aa @ ad a o ¥
fimsiSeuiwadeyanguiiunn wanlanazduunivludoyanguuinds SMOTE Wwisnisiiindnwiudeya
Ussinnniideyates iiuuSunadeyalndifesiuuseianidunnigalagduaduuivisauasnien
srEriesEnINAIdeniunng a1 enAfilndifesiign 91ngune azmulaindeyadduiduiuntes
nideyailedi vinliddulinsiindunuteyailndlfesiutuun@oyadiden) Wevhnsiudeyaaiens

@ Yy v Y o o a X Y - v v oA
wiulideyadduasiuuniuvulilndifiswizowiniuiuaih
Synthetic

= ] ‘\ _-m samples " ]
° ° L e u
® o, o o ¢ b ® o g =
] \“ ,”.\/f.n - .
¢ m ® = ° i ¥ . ¢ m ¥ =
e o e o g | e o -
e ® nm " e ©® r i e ® u
e o e e e e
[ ° [ . [ ° o . ® ° ™Y .
e © o © e ©
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(ﬁan . https://www.kaggle.com/rafjaa/resampling-strategies-for-imbalanced-datasets)

2.5 N5IUsEANSNIvaeluma [15]

2.5.1 89AANAYANU Confusion Matrix

nsaeegUluuNIsesugUseansninvedliinaved Binary Classifier 9¢l% Confusion
Matrix LHutp3odioluniseduie way Aulrumanisiiutgveslunalulioswn1sg 1ngAunNI8v8s

Confusion Matrix %a%maié’é‘ﬁgﬂﬁ 6

Predicted class

P N
True False
P | Positives Negatives
(TP) (FN)
Actual /]
Class
False True
N | Positives Negatives
(FP) (TN)

E‘U‘ﬁ 6: Confusion Matrix

(ﬁm . https://www.auoychai.com/big-datadata-analytic/%E0%B8%A/)

913U 6 Actual Class e #ie 518M5 Label vasdoyafiiudneudmiunouvinluing
Predicted Class fie S18msnanisviuevasiuma alusiuwmsinegwes Matrix assdulswed
fog1985U13UR 6 Aemsieindulsauziimieli lasauyfdnAfinanimvie Actual /
Positive A luiluugiSe

TP (True Positive) fig Namsﬁwmw’mlﬁgﬂé’aqmm'}ﬁmwi’ﬂ (Actual) Mu Positive
nsdidfe Actual ifunzide wdwhunedn duusd

FP (False Positive) e wasiuielignies auerfinnants iy Negative nsdiiide
Actual (Hunzi5e udn wavihwenldidungiss

TN (True Negative) A® mamiv‘hmwwiﬁgﬂéfaqmumﬁﬂmui’q ATy Negative nsdidl
Ao Actual \Junwise uad navhwiginduugiSe

FN (False Negative) A® mamiv‘huwlﬁjgﬂéfaqmmmﬁmwi’qﬁ@u Positive n3diiiAe
Actual ThifunziSe udmaviuneinduusiss

nsunuATluLsazAIIn ﬁﬂﬂ WIMURaNIsNSNAdeUlnanyinuelais uAuKNaT v

Data Test
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Precision AiaAausiugn Precision = TP / (TP + FP) Feagulsindsiosnisanauusiugy
u 100% Adeslan FP imeiawvuidemedananimiandu qud dawdslusuaie
Precision faaiduinls V199Ul o19azFeulu 100% wifidesaniunisiliealid vie 14
nattunswaniuu wse 19 Algorithm Fimunzay wuwan1siueiieidesiudiea aaeiiug
nu1RREiinIsimualesidus error Tigauduls wan1aufdReaazieseinanisvingIuun
pndeuLarldatnaly Feature nilwnidusindunsesdmiunindensemstuuinmadey
Fseauinnusnady

Recall Aoarusaulmlnefignslunisdndd Recall = TP / (TP + FN)Fsagulé &
Awgeulna 100% Adedlvian FN Aimeiauuuidemedauiuudandy qud duios widn
N Recall = 95% Huvaneaaazdsensivhuieia wuusensasslidu uwinaviuet
Hu audaognednedu 8a 5% TudsfiRisasdléai msleuvesiinlulunguueadeds 5% 7
fioagnlauiia

Accuracy FBALQNABY e‘z‘fnmmgﬂﬁmﬁﬁa ﬁﬂmagﬂﬁmuu Positive lay Negative 1ng
991ngm3lda Accuracy = (TP + TN) / Total Data Test agulddn dmisgnitnun udaen

Accuracy = 100% wsilun1sufUiRassliiinenozdulaludnuael

2.5.2 89AANN3IAYIRU F1 Score

ANUMTNLRAYYDY Recall way Precision (F1 = 2 * (Precision * Recall / Precision +

A 1

Recall)) agUuuumuLIMangui] gnisuitRreaiiafigade 1 uay udgade 0

2.6 NUATeTiAeIdas
Transfer Learning from Deep Features for Remote Sensing and Poverty Mapping (2015) [2]
rz:{l,wiﬂ Michael Xie, Neal Jean, Marshall Burke, David Lobell and Stefano Ermone

NAdenanAMsBeuiiNgiuaTednsiiefsiuwnaasygfakavderdlussiuanudnu

14

INIUGINMENLIINATIALY AavIevdnAedayanis train enunnvilieniagldmedinadielng

1 Convolutional Neural Networks (CNN) feiiuisndaaueidsnisiseuinisanelowdeyalagldaauidy
yosuastunan Insuuudiass CNN uguuuuiioranisaiuaslunainisauanamnansiunieniunis
Foudnadnuusiifulsslonidmiunsisanueinay wuseesiadsufifsiuinsesiiseynd
Ussinaiunninsiuuaslasadneiisdaindunmiouuemauasiufineasnsslaglifinemuele

(%
v 1A

9 uenwfloanuasenua uansliiuinudnyaensousvaililutoyailidoyaiesiunisiiumy

Y

d' v v a Y av v ° a  ¢a v
Vlmmmﬂﬁ]uumﬂﬂaLﬂ*ENﬂUsua;‘Jja‘i/leﬂmﬂmiaﬁ%ﬂuWam%mmmiiﬁb

Mapping poverty using mobile phone and satellite data (2017) [1]
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QJLLGN Jessica E. Steele, Pa’l Roe Sundsgy, Carla Pezzulo , Victor A. Alegana , Tomas J. Bird1
, Joshua Blumenstock, Johannes Bjelland , Kenth Engg-Monsen, Yves-Alexandre de Montjoye ,
Asif M. Igbal , Khandakar N. Hadiuzzaman, Xin Lu, Erik Wetter, Andrew J. Tatem and Linus
Bengtsson

Y a

AdeinanfmsUszdiuAmauenauLuuasy Iaglddeyaanndliusnisinsdnvilletowas

D

=

Toyaniansaunanilogedrsunsvany lumansinuvasteyavaiilvnanngalunisaianisel

q

A o

(gean 77 = 0.78) uaziidoRanansngn uilneiluluaadlddoyaiiotoarlinadnsviiudasinaue

(%
[

Ananmlunisinanueinaulivestunagluseiuagidenuniu nswuseniusuulunundieuasyuun

1% =i

Tiauddyiunisliteyatiefeluvndemazdoyaniuanaiuluviuniiuansieiu nans33edliin

femnudululdlunisuszanauasfanuegissaiesludnsanueinauniiauazideadaiung sy

Uszinanfidndinlunissessuisnisiiutoyawuuiis

Costa Rican Household Poverty Level Prediction (2018) [3]

QJLLGN Will Koehrsen

(%
= 1 = o

MAjeilnanialingUsrashiioaansalmnueinauluseiuaiiseu Jeyanlasuiieiiusediu

Tannyaraiuusazyaraninaanvuziane wazdeyaingliuasauasiveaninian desiungynauly

9 9

Yanaaay wel "Hiilesimiiafiseuwitungniunldlunisiiesuun’ Fmuneanudifesnisiiune

[

ANNEINIUTUATITOU LBLANITURDUNITATIMUUTIRBIATININILTTRMTMUNUTEIAN Random Forest
Class Feliaunsaasanugiu ldunnsn1s F1 Macro wiedssiiudsgansnim muddeiilaasdddlunatu
WUgIUBE19MTLUaIA0 Random Forest Classifier @eliunlas F1 NANgaAvinfy 0.34 uar Gradient
Boosting Machine #1A71gawinfiu 0.43 uslaesaudalsuaiugnun 919835USuUssUseanSnn unlae sy
I =~ = & o v aAw o A v o & A v
pnaliiifeyaiiimeazussy UssinudAnyidesandirelunsuvingvasaudisavisennuaumaives

lassmsineneanideyavziiuFesnunniazyTinaudeyaniet

Predicting Poverty - World Bank (2018) [16]

QJLLGN World Bank

swaslanfimnefiazginruenauandull 2030 eddgdmiudhmneddomaialuns
fvuanagnsnmsanruenauilduaznagnslailivnzan uinsinnsananueinaudniugedinng
faruenaulupeuusnuazsngitmsinauinauduiessn suimslantnglvissmaiidaiam
#111503IAMULINIUAIINITYIIMU U TBIEITIMUUIEAN UGN D8R sEnshulsema Tunis
fanuenaunsdsndulngndrdnunuteyansandeaiinafunisuiinavesndaieunnegig
FausemsuarngAnssunsvuddliauiinisdifinnsinumeiuiasasnsutetuiinn welwldnmi
FaawieafuaniusanueInauveInsiiou waztl XGBoost, LishtGBM way CatBoost unllunis

wgANLeINIULazWATANMINEauIandl lanadns AN

q
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unil 3
N15AEUIIUIRY

Tuunilazsudulaenaifisyndeya (Dataset) MY 31ntuazaiursludIuveInisvi Exploratory

Data Analysis (EDA) Wagna1ifeisn1siminaue wumsaiiuau gunsaluazinsasilonldimu

3.1 qu%’aada (Dataset) it [3]

YatayadurlulszynsvesUsemanaaainmisiaulatuiivianun 9557 uaiay 143 aeduil (&
AdnuzanIzILI 143 vila lnednudnvasamnziiludoyarila Float6d 91uiu 8 67 Aranvy

wmzidudeyasila Int6d 1w 130 fuaraudnvusiamziiiudeyaiin Object 1w 5 i) lng

JUN 7 wanssiregevasgadeyanninazuniuansieunnaninunazunasaeduiilunudnvuziany

U Ll q

o [ 1

dwiuusazyanavsed miunsazaiuTeuvssazAY enfieg1Yu idhogar ABFAITEUATILIDULAAY
ASA38U parentescol Aszyinuanailiduimihesidounsely (0-lidy, 113u)

idhogar parentescol Target

0172ab1d9 0 3
0172ab1dS 0 2
0172ab1d9 0 3
0172ab1dS 1 3
0172ab1dS 0 2

(% 1

JUN 7: degemeduianaeduivianie

ADRNY Target uansteszAUANNEINAUlUSEAUL-4 lnupand 1 Ae Extreme Poverty #3a3¥aufl
1 FipASITAUNLANFIEINILeINAU AATE 2 Vulnerable ABATILTauilAUEITIAveINIUNDANATS

a YR aa a 2 v P & o A av oA
AaNd 3 AT PUNTAINULESLANTReTNALEINIU waEAaIE 4 NonVulnerable Aaasatsaun biiinlny
deanaze1nay  eglugadeyadsziinata 1 91U 604 Wad AATE 2 91U 967 WAY AANE 3 I1UU

1,278 und hazAand 4 31U 4,796 undnawandlugui 8
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Household Poverty Levels in Train Data

5000
4000
3000
2000

1000

MonVulnerable Moderate Poverty Yulnerable Extereme Poverty

A Y} o A
EU‘V] 8 1 TEAUAIUYINIUVDIATIIIDU

o A aa v [y

Tupeunilindrdygalunisiiesendeyadisisnenismariviemeliluteyauazisdnnisd

v A o Yo a & A = v v « - A o

Toya Anivinmeluazdedlasunmsifuiunsuisasldlunanisseuimenios 3nmnseW 1 Aediuiu
=

Toyanvnglluwsiazaaduil Inemneduu rez_esc Faunefiad unuindaunisfing Idayavialudua

7,926 1 (83.31 Wosifud) Aodunl visql Jemmnedsduiu veuduideluaiaFou fdeyameludiuu
7342 f1 (76.82 Wosidus) modut v2al Fwwnedrignseiiou Tfeyavmeluduiu 6,860 A1 (71.77
Wesidud) Aoduy SQBmeaned FsmnefsiinsAnunlneindsdmiviiengiiu 18 Vluaiaeusnigs
aos fdoyamelusiuau 5 A (0.05 Wesldud) Aedind Meaneduc Fmanefisdnsinulnaadsdmsy
flongiiu 18 Wuedadeu Ideyamelusiuau 5 A (0.05 Wesidus) deyaimeldisnazynisunuei 0

aslduny

ell o v el' 1
M5 1: wudeyaimgliluwsas column

Total Percent
rez_esc 7926 83.31
v18qgl 7342 76.82
v2al 6860 7177
SQBmeaned |5 0.05
meanduc 5 0.05




3.2 Exploratory Data Analysis (EDA)

o}
O

® train.csv

9,557 Uo7
143 AUt

Train
O 7,645 U072
O 143 Aaauyl

17

® Test
O 1,912 uD7
O 143 paduil

O
O

® Train(Head of Household)

2,378 Uo7
143 padu

o
O

® Test(Head of Household)

595 ua2
143 podu

d‘ g a ¥
JUN 9 : MsdnmsBLYeaya

U 9 Flan1sdnwseutoya Inedeyavianuavse train.csv 9zvin1suuadu train dataset Anlu

80% way test dataset AR 20% LAILAIDNRANIZHINTNATOUATILARA

6000

2000

4000

3000

2000

1000

Household Poverty Levels

NonVulnerable

Moderate Poverty

Vulnerable Extersme Poverty

PN v o I 1
E‘IJ‘V] 10 : T@Nﬂai%@Uﬂ'ﬂqmﬁJ'}ﬂﬁ]uﬁLUQijLi@umﬂ‘ﬁll@l

JU7 10 wanstoyaseivanueinauluasiiou Jsgnuusesnidu 4 szdu Ae NonVulnerable &

UBYATIIMUA 5996 WAI Moderate Poverty i

£

L WagExtreme Poverty NN 755 oo

Y

Tayananua 1597 uad Vulnerable ddayavianun 1209
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Household Poverty Levels in Train Data

5000
4000
3000
2000

1000

Nonvulnerable Moderate Poverty Vulnerable Extereme Poverty

'
¥ L

U 11 : Toyasziuauenauluaiiseuves Train Data

[y

JUT 11 wansdeyaseiuaiueinauluaiauiouves Train Data Jagnuuseendu 4 szdu fe

NonVulnerable fiYeyaavian 4796 ua1 Moderate Poverty fiYayaviavian 1278 ua3 Vulnerable 4

(%
v U

VOHAYNUNUN 967 a3 WagExtreme Poverty 1v9a 604 1a7

Head of Household Poverty Levels

2000
1500
1000

500

NonVulnerable Moderate Poverty Vulnerable Extereme Poverty

JUN 12: ToyaserunnuginauvesimtiateuasiluasIsauianue

JUT 12 wansdayasziuanueinauvesivinaseuniiluniiiou Jagnuuseendu 4 szau fe
NonVulnerable fayaniaviua 1954 ua3 Moderate Poverty dayaviavida 442 wan Vulnerable $iYeya

NA 355 Uo7 wagExtreme Poverty SMsvian 222 wan
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Head of Household Poverty Levels in Train Data

NonVulnerable Moderate Poverty Vulnerable Extereme Poverty

PN 1% Y] Y o o o .
E‘U‘V] 13 W@Haigﬂ"Uﬂ'l']ﬂJE’J']ﬂQu"U@Q‘W’JVu’]ﬂi@Uﬂi'ﬂUQTJLi@u‘ﬂ@\‘] Train Data

SUT 13 k@t aseauAINLeINIUYIINLNIATaUASI LA DU %qgﬂl,mﬂaamﬁu 4 26U A

Y RV

NonVulnerable {tasanivun 1563 Ua3 Moderate Poverty dtayansvan 363 uaa Vulnerable dtaya

LA 284 a0 wazExtreme Poverty Ae 178 uan

Tablet Refrigirator
1500 - 1500
1000 1000
500 500
Extereme Moderate Vulnerable NonVulnerable 0 Extereme Moderate Vulnerable NonVulnerable
Computer Television
1000 1000
500 500
I L
Extereme Moderate Vulnerable MNonVulnerable 0 Extereme Moderate Vulnerable MonVulnerable
MaobilePhone

1500
1000

500

Extereme Moderate Vulnerable  MonVulnerable

=§ o a LY & Y 2/ o/ v A
E‘U‘VI 14 : uINdunsndgvesintiaseuadiluasiiseu

UM 14 asuvaludinatedeuy fe fseyld (1) uarBindewsatneng fe liuflszyld (0) wievh

Y

Tsdunudunindvesimiaseunsilupiideu anunsaasulaidunised 2
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AN5199 2 : LEASINUIUAUNSNEVDILFATAANE

NonVulnerable Vulnerable Moderate Extereme
duning . , . ,
sey | Wissy | swy | Tasey 53y ladsey sey | lsey

Tablet 458 1105 32 252 22 331 11 167
Refrigirator 1513 50 269 15 326 27 157 21
Computer 193 1370 11 273 5 348 3 175
Television 488 1075 60 224 68 285 23 155
MobilePhone | 1530 33 262 22 326 27 166 12

A9 2 awnsaaguladn Refrigirator wag MobilePhone lidunaganunsatunldlunissey

3

Anuenaulange Audiulungdladuduauinn sileravenlaindudsesinesddluiinusysu 39
laiaunsanaguusnaueInaunsold wagdiu Tablet, Computer uazTelevision hild@svosiinudiuiu

A [ | Ay A = a | o Aa = °
1N ";\Nﬁ’]ll']iﬂllaﬂlﬂ?qﬂuaju.lﬁiyﬂvl:ﬂm@ﬁqmLaﬁl\iﬂ"\]gﬁﬂﬂ"\]ULWqUUWN PWAIUT0ULDN Tablet,

Computer wazTelevision 1ldlunsszyanueinauls

NonVulnerable Vulnerable [ Moderate [ Extereme
600
400
200

I N
y C vy A, 7 7 G
e, 0, e, ) e, [¢]
N, K , S Toge %er % K “or,
' /e s (5 Grs, B, (7 9,
e €. o, e, S, @, le % g,
s Tin, S 7] c 'S¢ 78 Scp ‘o,
g, . On < s Sp
o o} + Export to pl

dl U = U t%4 U
E‘U‘Vl 15 : S¢AUNITANTIUBININUIATBUAST]

'
=]

JUT 15 Wugunndivenseiunisfinwvesiimiinaseunss aiiuladn uvawsn Aeuviaiuend
ay & = oA & oA = an = oA & oA = ::4'
AuTldautulszaudne) wisil 2 Aeuvisiivendsaunlidnis@ne) wisdl 3 Aouvisiivendeauiiay
Uszaufne wvisdl 4 Aesuvisiivendsaudiliaunis@neseautseufne) uisi 5 Asusiivenisauiau
NsAnusEAulseNAng) wriahl 6 ABWINUBNAIAUNIUTEAUUTYQYINTHAZRANANY WS 7 AN

= dl 1 U = a ! dl = | dl = dl o = a ! dl A
vantauldauiisenfnwviaunaie s 8 Aowsiivenisauiaulseudnwiniunaila Wisn 9 A

wrisivanepuniinnsfnusziugindnUayaes awnsaasulalunnsed 3
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Gﬂi’]ﬂ‘ﬁ 3 LEPNIZAUMSANYIVDILAAE ARG

ITAUATANT NonVulnerable Vulnerable Moderate Extereme
Incomplete Primary 184 69 93 52
Complete Primary 398 104 124 a3
Incomplete Sc. 270 43 62 a2
No Education 28 27 31 17
Complete Sc. 223 25 32 15
Undergraduation 356 12 10 7
Incomplete Tech Sc. | 11 a4 - 1
Complete Tech Sc. 25 - - 1
Posteraduation 67 - - 1

a I ! 1ay 1A d' PN = )
NeNT197 3 danseasulian avdwlvgildfinnudesitzeanauazaunisfinuiluseau

NsANwIgandnUIeysyns (Postgraduation)
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3.3 5n15N1UNLEUD

Dataset (Train.csv)

\ 4 A 4

Train set Test set
\ 4
EDA
\ 4 \ 4
Select Head of Select Head of
A\ 4 \ 4
Groupbyv Groupby

List of feature
Feature > Feature

\ 4
<
o]
o
®

Cross Validation

JUN 16 : Fnsaniiuany

JUN 16 uansfiaismveasdiiemlunanisiseuivesasesinsienldlunisseygenau lag
Tuduwsniidewdoyaduelulssanseenluassyafie Train uaz Test 1Uudns1du 80:20 Iay Train
set fiYoyadiuiu 7,645 und uag Test set ddoyadnuiu 1,912 uad sieunideya Train w1y

Exploratory Data Analysis {@3iasizvimanuduiusvestdeya anduideyaisasyauiniiiniii
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ATEUATY WawyinIg feature engineering WioTiuasSowdeatudlidefulnednisiaueddnd
U7l 17 ilemAnindsvosusazaiaFou fguil 18 19uien feature v2al (ANFITIBIRew) 1vinsmean
WseousigavesndaFou (min), AiineiieugsgaueiniauFou (max), HasmAtIeiieuyes
A%30uU (sum), AdIeeuRdsensIEou (mean), Adonuuresmaneiourersatiou (std),
NaRNaALE IR eUggALazianYeIniIEeu (range) N¥INNTTUILNTHI LI feature 27N 143
Fadudu 828

#FGEroupby the household

range_ = lambda x: x.max() - x.min{)

range_._ _name__ = 'range_’

ind_agg_train = train.groupby('idhogar’).agg(['min’, 'max’, 'sum’, 'count', ‘std’, range_])
ind_agg_train.loc[['2c9872b82"]]

U7 17 : [An19¥ Groupby

idhogar Id v2a1 | hacdor rooms hacapo
2c9872b82 ID_ffcf7coff | 50000.0 0 4 0

2c9872082 ID_01b900841 | 50000.0
2c9872082  1D_473M3b8T | 50000.0
2c9872b82 |D_b76398684 | 50000.0

2o © .9 ©
I
o © O O

2c9872b82 ID_1311912ec k50000.0
S

v2al hacdor
min max sum count std range_ |min max sum count
idhogar

2c9872082 QOOOO 0 500000 250000.0 5 00 Oy 0 0 0 5

gﬂﬁ 18: 115 Groupby

nduirdeyalukiazdiuilaainnszuiunistisfunimauduiuslusuvesdulssdns

AMUAUNUS (correlation coefficient) Aauandlugui 18 3In3UaLIn Feature Selection LieaAYUIAYRY

' v
a0 U

AENYTIaNE lngauanvazRNeNLAd@UUsEaEANUdUTUSIAY 0.95 Ixgndnivesnly Gmdsan

&J LY :.’/ 1 Y A d
AITUIUNTITURAUANWILSLUNIZATNYIRNUUR 828 ANASHNANLARBLNYY 713

# Create correlation matrix
corr_matrix = ind_agg_train.corr()

# Select upper triangle of correlation matrix
upper = corr_matrix.where(np.triu(np.ones(corr_matrix.shape), k=1).astypa(np.bool})

# Find index of feature columns with correlation greater than 0.95
to_drop = [column for column in upper.columns if any(abs{upper[column]) > 0.95]]

fig = plt.figure(figsize=(16,12))
sns.heatmap(corr_matrix.loc[corr_matrix[ tamhog-sum'].abs() > 0.9, corr_matrix['tamhog-sum'].abs(} > 0.9],
annot=True, cmap = 'Blues’, fmt=".1f" linewidths=.5);

gﬂﬁ 19 : 1AAN1991 Feature Selection
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tamviv-min -

wEmviv-max -

tamviv-sum -

hhsize-min

S0Bhogar_total-min -

SOBhogar_tatal-max -

SOBhogar_total-sum -

rdt3-min

rdt3-max
rdt3-sum -

tamhog-min
tamhog-max -
tamhog-sum -
Emviv-min -
mmviv-max -
mmviv-sum -
hhsize-min -
hhsize-max -
hhsize-sum -

hogar_total-min

hogar_total-max

hogar_total-sum -
SOBhogar_total-sum -

SOBhogar _total-min -
S0Bhogar_total-max -

gﬂﬁ 20: Feature Selection

Ingludiuuas Test agld Feature MlA91nn19911 Feature Selection 483 Train 11vi1 Feature
Selection ¥841 Test siayn Train set AwLinIzUILMTAILTUMBE1INgu e lneillANTTYInUagUT 21
Weunlulgymdeyailiaunaniiniu lagrnawinIsn1sduiiinding e nautesiasnawinisn1sduiity

fegnautiosgldainnnsnan 4 audiuiingy extreme poverty (Aand 1) YaaAuil 178 uasnasaindy

a Y '

WndIeg1enquilosudiil 1563 Ny moderate poverty (AANE 2) YouAudl 284 LATNAIIINGULNY

Y

Aogangutasuall 1563 nguvulnerable households (Aand 3) YauAuil 353 wagnaIINGULY

Mvgengutasualll 1563 d@3unay non vulnerable households (Aaa 4) Hvinfiume 1563 dlesann

o

[ I aa
Hunguitdisrurusnniigadslallégnduiiuusetndla

- 1000

-0.975

-0.950

-0925

-0.900
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sm = SMOTE(random_state=42)
X_train_res, y_train_res = sm.fit_sample{X_train, y_train.ravel())

print("After Oversampling, the shape of train_X: {}'.format(X_train_res.shape))
print("After Oversampling, the shape of train_y: {} \n'.format(y_train_res.shape))

print('Resampled dataset shape %s' %% Counter(y_train_res))

U7 21 : 1AAn15911 SMOTE
M15199 4 : MIYIIBNSEULeg NduTiaeYa LAY AATA

nowindsn1sduiin | wawin3snsgduiiiu

Adveangutiay Aleg1engutiay
Shape of train (2378,713) (6252,713)
non vulnerable households (class4) 1563 1563
vulnerable households (class3) 353 1563
moderate poverty (class2) 284 1563
extreme poverty (classl) 178 1563

nudngnisuaums Cross-validation ieldlunsnaaeuyssansnmvedluna Tng
wntsnguiinun 10 dnlasfiudarduiidnnuteyavintu udwindudoyanisduaslidum
nadeulsyaninmaadiuaa vhiulvauasudnauiiuidliuanidoyaiiansndléann train
uag test 1gmsvilunaileiauseansnmuesluiaa lnem199 5-9 uansfiog19n 1

hyperparameter tuning ¥adluina Random Forest laiaa Gradient Boosting lutaa LightGBM

Tuwma XGBoost wazlutna AdaBoost AuUaNsU



Hyperparameter

bootstrap

class_weight

criterion

max_depth

max_features

max_leaf nodes

min_impurity _decrease

verbose

Value

True

None

‘gini'

100,110,200,250

5,10,20,30

None

0.0

5797l 5: Hyperparameter ¥4 Random Forest model

Hyperparameter

min_impurity_split

min_samples_leaf

min_samples_split

min_weight_fraction_ leaf

n_estimators

n_jobs

oob_score

warm_start

INANT9N 5 A1 hyperparameter NIquusenaulusme

max_depth #Avifiu 100

max_features JAVIAU 20

min_samples_leaf {AYINAU 2

min_samples_split A 2

n_estimators AAWIAU 900

26

Value

None

N
W

2,3,4,5

0.0

900,1000,1500

-1

False

False



AN5991 6: Hyperparameter U89 Gradient Boosting model

27

Hyperparameter Value Hyperparameter Value
criterion friedman_mse' min_impurity_split None
init None min_samples_leaf 1
learning_rate 0.05,0.1,0.5 min_samples_split 2
loss ‘deviance’ min_weight_fraction_leaf 0.0
max_depth 2,3,4,5 n_estimators 400,700
max_features None min_impurity_decrease 0.0
max_leaf_nodes 10,50,100 tol 0.0001
n_iter_no_change None verbose 0
presort ‘auto’ warm_start False
subsample 1.0 validation_fraction 0.1
random_state 10

INM15799 6 AN hyperparameter NI3uUsznaulusae

learning_rate iAviAU 0.1

max_depth fAviniu 4

max_leaf nodes #AyAU 100

n_estimators AAVAU 700




ANST 7 Hyperparameter U89 LightGBM model

28

Hyperparameter Value Hyperparameter Value
boosting_type gbdt class_weight balanced
colsample bytree 1.0 n_jobs -1
learning_rate 0.01,0.05,0.1 importance_type split
min_split_gain 0.0 objective None
max_depth 5,10,20,30 n_estimators 100,400,500,600
min_child_weight 0.001 random_state 10
min_child_samples 10,20,24,25 num_leaves 20,30,40,49,50
gamma 0 reg_lambda 0.0
scale_pos_weight 1 reg_alpha 0.0
subsample 1.0 subsample_freq 0
silent True subsample_for_bin 200000

INA15°99 7 A1 hyperparameter fi3uusznaulusae

learning_rate #ALYINAU 0.05

max_depth fAwviiu 30

min_child_samples finviiu 24

n_estimators AALVIAU 100

num_leaves TAWiAY 49




A5 8 Hyperparameter U89 XGBoost model

29

Hyperparameter Value Hyperparameter Value

base score 0.5 max_delta_step 0

booster 'gbtree’ n_jobs -1
learning_rate 0.01,0.05,0.1 nthread None
colsample_bylevel 1 objective 'multi : softprob'
max_depth 5,10,20,30 n_estimators 400,500,600,700
min_child_weight 1 random_state 0

missing None colsample_bytree 1

gamma 0 subsample 1
scale_pos_weight 1 reg_alpha 0.2,0.3,0.4

seed None reg_lambda 1

silent True

INAT199 8 A1 hyperparameter NIquusenaulusme

learning_rate HALYINAU 0.05

max_depth #AyiAU 10

n_estimators AANWIAU 400

reg alpha fAwvinfu 0.3
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AT 9 Hyperparameter 983 AdaBoost model

Hyperparameter Value
algorithm SAMME.R
base_estimator None
learning_rate 0.01,0.05,0.1
n_estimators 300,500,700,900
random_state 42

NA13199 9 A1 hyperparameter N13uUsznaullsag
learning rate AU 0.01

n_estimators AU 500
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3.5 gunsnluazinsasianldwmun

1. Hardware
ADUNIADS
- 53uuUURNIS: Windows 10 Pro [10] (64-bit)
- lgUszanawa: Intel Core i7-4510U @ 2.60 GHz
- mhHeANI: RAM 8 GB
2. Software
- Python3
- Anaconda Navigator
- Sklearn version 0.20.2
3. Server
- 5yuuUUANIS: IBM X System
- MUszanana: xeon 32 cores

- MUIYAINEN: 128 GB

32
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Tuauid

Yaaupazluna nelasain |

[ 1

AN Confusion Matrix, Macro F1 Score, Precision, Recall, Accuracy

uni 4

NEN1INAADI

4.1 pan1snagauUsE AN vawsazlang

33

sBull pagHInYlavinsneaeuUsEansamuedlung lnenisiSeuiieudsednsan

31NNTEUIUNITNLANE 1IN T9AuaElaAT Confusion matrix Aslugu# 22-26 laeguil 22 As

True labe|

gﬂﬁ 22: Confusion matrix 989 Random Forest model

class 1

class 2

class 3

class 4

Confusion matrix

8 13 2 22
4 2 2 41
0 9 4 2l

2 12 9
T T T
Ny =
& ,;:.' P &
o B \,I._;J \,51
¢ C ¢

Predicted label

matrix 984 Gradient Boosting Tuynqaaiadiauusiugigninlunadu

200

150

- 100

Confusion matrix Y84 Random Forest model g‘d'ﬁl 23 Av Confusion matrix U89 Gradient Boosting
model g‘dﬁ 24 \Ju Confusion matrix 984 LightGBM model ;J‘Uﬁ 25 19u Confusion matrix 784

XGBoost model LLazg‘U‘ﬁ 26 Wu Confusion matrix 989 AdaBoost model %Q%Lﬁumﬁﬁ’] Confusion



E‘Uﬁ 23: Confusion matrix 984 Gradient Boosting model

True label

Confusion matrix

cass14 1 10 4 18
— class 2 1 8 35 8 39
2
-}
w
=
= class 3 5 20 11 43
class 4 4 24 17
T T T
v Vv % ™
£y ] & &
e’b‘g (}'b" (}’h" ‘u\'b!’
Predicted label

Confusion matrix

class1{ 10 18 7 B
_cass24 12 31 . 7
B
5
w
2
F cdass3{ 3 5 8 k)

class4{ 9 ar 5

T T T
Py & &5 ﬁh
(}1;’ b’b‘" 01;7 ep"

Predicted label

350
300

50

200

150

100

gﬂﬁ 24 : Confusion matrix U89 LightGBM model

Confusion matrix

class 1 1 8 10 7 13
class2{ 10 24 6 40
class 3 5 1 8 52
class 4 4 4 2 10
T T T
5 Ve &) ™
& & & &
F ¥ o ¥

Predicted label

350

gﬂﬁ 25 : Confusion matrix 984 XGBoost model
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Confusion matrix

350
J 10 10 8 15
class 1 300
250
— class 2 A B 3 9 4
8 200
w
= |
F class 3 1 7 10 6 4 150
100
class 4 A 6 18 10 50
T
. ™
o 'ai} a"ﬂ) &7
ol ol & o®

Predicted label

gﬂﬁ 26 : Confusion matrix U89 AdaBoost model

4.2 wan1sseuiisuuseansninvsslumassuinalananiinazsliinisyn SMOTE

ANS99 11: MsUS8ueuUsEansnw

Groupby Groupby No Groupby No Groupby | Baseline

+ SMOTE | + No SMOTE + SMOTE + No SMOTE
10 fold CVF1 0.87 0.32 0.88 0.35 0.34
precision 0.40 0.39 0.37 0.38 -
recall 0.36 0.31 0.34 0.32 -
fl-score 0.36 0.30 0.34 0.32 -
Accuracy 0.667 0.66 0.65 0.663 -

915197 11 AensiUSeuliieudszansnimaes Random Forest model 1flaaandesnisiin
mallansguifindiegrenguiies (SMOTE) wazn15¥1 Groupby finadenisiasizuield Tnoas
Wiuifeusitonun 4 uuu Ae

1. %1 Groupby Wag SMOTE

2. 9 Groupby welivin SMOTE

3. laivih Groupby w#vin SMOTE

4. laivih Groupby wag SMOTE



36

PNNIMARBINUINNATAnsduLiuiegengutesiidutislunsiiuusEaniamvedunaly

N135¢YANEINIU taen15ldluna Random Forest Niinsdaiindiegnanguties (Random

Forest) 11iA1 10 fold Cross validation F1-Score infiu 0.87 A1AI11QNA®Y (Accuracy) Wifiu

66.7% A1ANNLLUET (Precision) WU 0.40 uazANLAT F1 (macro F1) 1@fewiriu 0.36 dgs

ninlunatrdunldinisguiiudiegninguties (Baseline)

4.3 wan15Sguiisulssansninvssuiazluma

10 fold CV

F1-Score

precision

recall

F1-Score

Accuracy

RandomForest LightGBM | Gradient |AdaBoost

0.87

0.40

0.36

0.36

0.667

AN519N 12: MslSeusiguUseansnnwmazluma

0.87

0.43

0.38

0.39

0.672

Boosting

0.88

0.46

0.42

0.43

0.676

0.55

0.40

0.41

0.40

0.62

XGBoost

0.89

0.42

0.38

0.39

0.669

Baseline
(RandomForest

w/o SMOTE)

0.32

0.39

0.31

0.30

0.66

NA1597 12 nudlumanisiseuivesasesdnsiuuauliviia Gradient Boosting duszdnsan

Anaalunsyingauenauluszauaiseuilaiguiulieadus Wy Random Forest, LightGBM,

Adaboost wag XGBoost laglviAnaugneias (Accuracy) Wiy 67.6% AnAaalaiug (Precision) iinfiu

0.46 warA1ul@as F1 (macro F1) wagwiniu 0.43 F9dA1aenin

LiLmaInsgu (Baseline) Flaluiaauuy

Random Forest uwaylifimsduiiiusieganguiios (SMOTE) @sladamnugnaeaviniu 66% A1Au

wiuginiu 0.39 uagaAnanlas F1 wdswiriu 0.30 uaglunafiilussdnsninesenandlaiiguivlung

auqAe Random Forest laglviAnmnugneas (Accuracy) Wiy 66.7% faduusiugl (Precision) Wiy

0.40 wazA1alAs F1 (macro F1) laaswiniu 0.36
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4.4 wan1suanIAMansasNdAyvausiazlaeg

[

= - = =2 @ o o w '
INFIT19N 13-17 ABATITNIVILANINA AN YEUSNE ALY (Feature Importance) 3 ANRULLTN VBDILE

o

azluna lagnnseil 13 Ae AuanvaeidAyauaInuLINTadluna Radom Forest 1131991 14 fig

[y o

AAN v NAAaUE IR ULINTBILULAES Gradient Boosting 151971 15 Aiw AudNwMgNdAyaua1sy

wsnvesluea LightGBM ¢15797 16 fip AndnwasdAyaua1fuwsnuadling XGBoost kagm1319¥

17 fie AaudnuazidAgauaduusnvedlina AdaBoost Jsaziiiuledn § 3 Auanvuzfid Ayl

o

wilouiunngafe dnsdruvesauniisnedesenunviia, egdevesanndniuiiu uaslnsdny

s

lnandedmsuauiongiiu 18 U Faenvazuanliiinaanvue 3 anansuziionatsiinadonisinge

AINNYINIU

o w

M7 13 : AuAnvMENd1AaNaAuLINYediaa Radom Forest

Random Forest Model
Feature Importances
Sasndrnvasnuiianiorfodeauivhau 0.0145
91gdsvesanTnluty 0.0131
Unsfnwilagiadedmiuauiiengiiu 18 T 0.0126

o w

M15199 14 : AN AaERULINTBILUNa Gradient Boosting

Gradient Boosting Model

Feature Importances
FuuUluanuAne 0.0286
AN NUBINGIAT 0.0267

DNINAIUVDIAUNNINI DA B DAUNYINY 0.0206
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M157 15 : AuanvueNdAyauaAuLINYediag LightGBM

LightGBM Model

Feature Importances
01giAsvesanTnluty 0.0134
Unmsfnwlnetadedmiuauiiongiiu 18 0.0063
ALY 0.0056

o w

MINT 16 AMENYULNEIARAINAIIURINTDS

luma XGBoost

XGBoost Model

Feature Importances
EREIOLHENRNGHRGRIANTRY, 0.068803
UmsAnwlnedudwivauiiengiiu 18 U 0.040040
uuesneludiu 0.027688

o w

M15NN 17 : AANYMENEAaUEAULINYRY

luwna AdaBoost

AdaBoost Model

Feature Importances
DNINEIUVBIAUNTNINI DAY DAUNYINI9Y 0.084

o =1 v 1 =

IuuAuianyteeni1 12 U 0.070

%) v %) = Y = 6

PINUNATBUAS ANAT BT LA S UNITANBIAIULN DU 0.048
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UNN 5

dyUnNan1Inaasg

51 asunanisaniiulasesnu
mAteilfinauonisliiBnndoulvenaiesdmiunssssdunnusnadluaiadoules
91fININANNAUSEMINTE UM TUT UL udnuzlamzvestoya,  walansduiiiuiiegiangy
tlosuaznislilinanisSeuiveamdosdnsuuudulilunmsinszidoyadwsluuszang INWANTT
naaomuIlneanuudulivdn Gradient Boosting fszAnsamannianlunisinneauginaulaed
AN Accuracy = 0.68, precision = 0.46, recall = 0.42, Fl-score = 0.43 (AgLUU Fl-score UDI luma

baseline ey 0.32) lnenuamamanidinanonueInIuAe AMANYIiulIY 91gwndeves

ASASAULATIUILALNTNIUASIFBU

52  Ugyvuazauassa

1. deyanldiilgymiedeyaliaugaiu (mbalanced Dataset)
nsufle : 19 SMOTE lumshlvideyaaugariu

2. 14arlunis Tune Hyperparameters Tuusiag model w1

5.3  UoldusLkuy

1. W9NHaaNsALALUAMNNA2S msylumaduiulunIsIAsIZ

2. apwlsuldiudeyadusluniissynsvessenalny
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A pandas

pip install pandas

fiams scikit-learn

pip install -U scikit-learn
A numpy

pip install numpy

A plotly

pip install plotly

Aana lightgbm

pip install lightgbm
fane seaborn

pip install seaborn
fane random

pip install random

ana matplotlib

pip install matplotlib
fiams collections

pip install collections
fiams imbalanced-learn
pip install -U imbalanced-learn
A xgboost

pip install xgboost
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# 91udeya
df = pd.read _csv('train.csv')

df.head()

HOIUSI8ALLDYA
df.info()

#91UADAUY

df.columns

#11 missing data

missing_data = pd.DataFrame({'total_missing": df.isnull().sum(), 'perc_missing":
(df.isnull(.sum()/9557)*1003})

missing_data = missing data.sort_values(by=[total missing'], ascending = False)

missing_data.head()

#unluayun missing data 1neld fillna() Wa¥m$29%1 missing data
df = df.fillna(0)

print ("Top Columns having missing values")

missmap = df.isnull().sum().to_frame()

missmap = missmap.sort_values(0, ascending = False)

missmap.head()

#911 Outlier
num_cols = [ 'v2al'SQBescolari', 'SQBage’, 'SQBhogar_total', 'SQBedjefe’,
'SQBhogar_nin’]
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plt.figure(figsize=(18,9))
dffnum_cols].boxplot()
plt.title("Outlier", fontsize=20)
plt.show()

#meﬂsw\l%gaﬁy’wm

target = df[ Target'].value counts().to frame()

levels = ["NonVulnerable", "Moderate Poverty", "Vulnerable", "Extereme Poverty"]

trace = go.Bar(y=target.Target, x=levels, marker=dict(color="orange', opacity=0.6))

layout = dict(title="Household Poverty Levels", margin=dict(l=200), width=800,
height=400)

data = [trace]

fig = go.Figure(data=data, layout=layout)
iplot(fig)

#uendoyailuyatrain wavyntest

y = df[ Target]

train, test = train_test_split(df, test_size=0.2,stratify=y)
print(train.shape)

print(test.shape)

#meﬂi’l‘l/\lﬁﬁa%aﬁgwm%aﬁqmrain

target = train[Target'l.value_counts().to_frame()

levels = ["NonVulnerable", "Moderate Poverty", "Vulnerable", "Extereme Poverty"]

trace = go.Bar(y=target.Target, x=levels, marker=dict(color="red', opacity=0.6))

layout = dict(title="Household Poverty Levels in Train Data", margin=dict(l=200),
width=800, height=400)

data = [trace]

fig = go.Figure(data=data, layout=layout)

iplot(fig)

#lanansdunsngluadisou

def compare_plot(col, title):
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trl = train[train[ Target'] == 1][col].value counts().to dict()
tr2 = train[train[Target'] == 2][col].value counts().to_dict()
tr3 = train[train[Target'] == 3][col].value counts().to_dict()
trd = train[train[ Target'] == 4][col].value counts().to dict()

levels = ['Extereme’, 'Moderate', Vulnerable', 'NonVulnerable']

tracel = go.Bar(y=[tr1[0], tr2[0], tr3[0], trd[0]], name="Not Present", x=levels,

marker=dict(color="orange", opacity=0.6))

trace2 = go.Bar(y=[tr1[1], tr2[1], tr3[1], trd[1]], name="Present", x=levels,
marker=dict(color="purple", opacity=0.6))

return tracel, trace?2

trl, tr2 = compare_plot("v18q", "Tablet")

non

tr3, trd = compare_plot("refrig", "Refrigirator")

non

tr5, tr6 = compare_plot("computer”, "Computer")

tr7, tr8 = compare_plot(“television", "Television")
tr9, tr10 = compare_plot("mobilephone”, "MobilePhone")

titles = ["Tablet", "Refrigirator", "Computer", "Television", "MobilePhone"]

fig = tools.make_subplots(rows=3, cols=2, print_grid=False, subplot_titles=titles)

fig.append tracel(trl, 1, 1)
fig.append trace(tr2, 1, 1)
fig.append_trace(tr3, 1, 2)
fig.append_trace(trd, 1, 2)
fig.append_trace(tr5, 2, 1)
fig.append_tracel(tr6, 2, 1)
fig.append_trace(tr7, 2, 2)
fig.append trace(trs, 2, 2)
fig.append_trace(tr9, 3, 1)
fig.append trace(tr10, 3, 1)

fig['layout'].update(height=1000, title="What do Households Own", barmode="stack",

showlegend=False)

iplot(fig)
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#ugnansvinsAnwluadiseu wagnsman ugveENTInluasauAs
def find_prominent(row, mats):
for c in mats:
if row[c] == 1:
return c
return
def combine2(starter, colname, title, replacemap, plotme = True):
mats = [c for c in train.columns if c.startswith(starter)]
train[colname] = train.apply(lambda row : find_prominent(row, mats), axis=1)
train[colname] = train[colname].apply(lambda x : replacemap(x] if x != None else x )
om1 = train[train[ Target] == 1][colname].value counts().to_frame()
om?2 = train[train[ Target] == 2][colname].value_counts().to_frame()
om3 = train[train[Target] == 3][colname].value_counts().to frame()
om4 = train[train[ Target] == 4][colname].value counts().to_frame()
tracel = go.Bar(y=om1[colname], x=om1.index, name="Extereme",
marker=dict(color="red', opacity=0.9))
trace2 = go.Bar(y=om2[colname], x=om2.index, name="Moderate",
marker=dict(color="red', opacity=0.5))
trace3 = go.Bar(y=om3[colname], x=om3.index, name="Vulnerable",
marker=dict(color='orange', opacity=0.9))
traced = go.Bar(y=om4[colname], x=om4&.index, name="NonVulnerable",
marker=dict(color='orange', opacity=0.5))
data = [tracel, trace2, trace3, traced]
layout = dict(title=title, legend=dict(y=1.1, orientation="h"), barmode="stack’,
margin=dict(l=50), height=400)
fig = go.Figure(data=data, layout=layout)
if plotme:
iplot(fig)
flr = {"instlevell" "No Education", "instlevel2": "Incomplete Primary", "instlevel3":
"Complete Primary",

"instleveld": "Incomplete Sc.", "instlevel5": "Complete Sc.", "instlevel6™ "Incomplete

Tech Sc.",
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non non non

"instlevel7": "Complete Tech Sc.", "instlevel8": "Undergraduation”, "instlevel9":
"Postgraduation"}

combine2("instl", "education_details", "Education Details of Family Members", flr)
flr = {"estadocivill": "< 10 years", "estadocivil2": "Free / Coupled union", "estadocivil3":
"Married",

"estadocivild": "Divorced", "estadocivil5": "Separated”, "estadocivil6": "Widow",

"estadocivil7": "Single"}

combine2("estado”, "status_members", "Status of Family Members", flr)

flr = {"lugar1": "Central", "lugar2": "Chorotega", "lugar3": "PacAfA-fico central",
"lugard": "Brunca", "lugar5": "Huetar AtlAfAjntica", "lugar6": "Huetar Norte"}

non non

combine2("lugar", "region", "Region of the Households', flr, plotme=False)
#ﬂi?WLLﬁﬂ\‘iL‘WﬂLLa%@WQ
def agbr(col):
templ = train[train[Target'] == 1][col].value counts()
tracel = go.Bar(x=templ.index, y=temp1.values, marker=dict(color="red",
opacity=0.89), name="Extereme")
temp2 = train[train[ Target] == 2][coll.value_counts()
trace2 = go.Bar(x=temp2.index, y=temp2.values, marker=dict(color="orange",
opacity=0.79), name="Moderate")
temp3 = train[train[ Target] == 3][coll.value_counts()
trace3 = go.Bar(x=temp3.index, y=temp3.values, marker=dict(color="purple",
opacity=0.89), name="Vulnerable")
tempd = train[train[ Target'] == 4][col].value_counts()
traced = go.Bar(x=temp4.index, y=tempd.values, marker=dict(color="green",
opacity=0.79), name="NonVulnerable")
return [tracel, trace2, trace3, traced]
layout = dict(height=400)
fie = go.Figure(data=[tracel, trace2, trace3, traced], layout=layout)

iplot(fig)
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titles = ["Total Persons", "< 12 Yrs", ">= 12 Yrs", "Total Males", "Males < 12 Yrs", "Males
>= 12 Yrs", "Total Females", "Females < 12 Yrs", "Females >= 12 Yrs"]
fig = tools.make subplots(rows=3, cols=3, print_grid=False, subplot_titles=titles)
res = agbr('rdt1")
for x in res:
fig.append _trace(x, 1, 1)
res = agbr('rdt2)
for x in res:
fig.append _trace(x, 1, 2)
res = agbr('rdt3')
for x in res:
fig.append _trace(x, 1, 3)
res = agbr('rdh1’)
for x in res:
fig.append trace(x, 2, 1)
res = agbr('rdh2’)
for x in res:
fig.append _trace(x, 2, 2)
res = agbr('rdh3’)
for x in res:
fig.append _trace(x, 2, 3)
res = agbr('rdm1")
for x in res:
fig.append _trace(x, 3, 1)
res = agbr('rdm2)
for x in res:
fig.append trace(x, 3, 2)
res = agbr('rdm3')
for x in res:
fig.append trace(x, 3, 3)
fig['layout].update(height=900, showlegend=False, title="Gender and Age Distributions")
iplot(fig)
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nsnseudaya
# 91udeya

df = pd.read _csv('train.csv')

#uendeyadugatrain wazyatest

train, test= train_test split(df, test size=0.2,stratify=y)

#NN15E0NLATINUIATOUATY

heads train = train.loc[train['parentescol] == 1].copy()

# @51979ATU range
range = lambda x: x.max() - x.min()

range . name__ = 'range '

# ¥11n13 GroupBy
ind_agg_train = heads_train.groupby('idhogar’).agg(['min’, 'max’, 'sum’, 'count’, 'std’,

range ])

# WasuTonedunl
new_col =[]
for ¢ in ind_agg_train.columns.levels[0]:
for stat in ind_agg_train.columns.levels[1]:

new_col.append(f{c}-{stat})

ind_agg_train.columns = new_col

ind_agg_train.head()

# @519 correlation matrix

corr_matrix = ind_agg_train.corr()
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# 189N upper triangle U84 correlation matrix

upper = corr_matrix.where(np.triu(np.ones(corr_matrix.shape), k=1).astype(np.bool))
# yAedutififien correlation 1AN31 0.95

to_drop = [column for column in upper.columns if any(abs(upper[column]) > 0.95)]

print(fThere are {len(to_drop)} correlated columns to remove.)

# auABANIINIAY correlation 1nNIT 0.95
ind_heads_train = ind_agg_train.drop(columns = to_drop)
# 1115574 household id
final_train = heads_train.merge(ind _heads train, on = 'idhogar’, how = 'left)
#vinsiugdeyalmdudi yes Tidu 1 no iiu 0
mapping = {"yes": 1, "no": 0}
# 14 operation Lamﬁuﬁgﬂ train ey test
for df in [X train,X_testl:
# RuANmeNITugligndes
dffdependency'] = df['dependency'l.replace(mapping).astype(np.float64)
dff'edjefa’l = dff'edjefa’l.replace(mapping).astype(np.float64)
dff'edjefe] = dfl'edjefel.replace(mapping).astype(np.float6d)
X_train[['dependency’, 'edjefa’, 'edjefe'T].describe()

#unlvlgyyn missing data Tagld fillna()
X_train = X_train.fillna(0)
X _test = X_test.fillna(0)

#v11n13 SMOTE Tvideyawirfiu

sm = SMOTE(random_state=42)

X train_res, y train_res = sm.fit_sample(X_train, y_train.ravel())

print('After OverSampling, the shape of train_ X: {}'.format(X_train_res.shape))
print('After OverSampling, the shape of train_y: {} \n'.format(y train res.shape))

print(Resampled dataset shape %s' % Counter(y train_res))
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#MunUseAN f1_score

scorer = make_scorer(fl_score, greater is_better=True, average = 'macro’)

113 hyperparameter tuning
# vihnshyperparameter tuning Ineld GridSearchCV
from sklearn.model _selection import GridSearchCV
# Create the parameter grid based on the results of random search
param_grid = {
'bootstrap”: [Truel,
'max_depth' [100,110,200,250],
'max_features": [5,10,20,30],
'min_samples_leaf": [2, 3],
'min_samples_split" [2,3,4,5],
'n_estimators": [900,1000,1500]
}
# @379 based model
rf = RandomForestClassifier()
# 11 grid search Lﬁammwwswﬁma%ﬁmmxamﬁqﬂ
grid_search = GridSearchCV(estimator = rf, param_grid = param_grid,
cv = 10, n_jobs = -1, verbose = 2)
grid_search.fit(X_train_res,y train res)

grid_search.best _params_

Tunadild

#l1ma RandomForest

modell = RandomForestClassifier(bootstrap= True,max_depth=100,
max_features=20,min_samples_split=2,min_samples_leaf = 2, n_estimators=900,

random_state=10, n_jobs = -1)

#luea LightGBM
model2 = lgb.LGBMClassifier(max_depth= 30,min_child_samples=24,

num_leaves=49,learning rate=0.05,class weight = 'balanced, random state = 10)
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#1318 GradientBoosting
model3 = GradientBoostingClassifier(learning rate= 0.1, max_depth = 10,

n_estimators=700, random_state=10)

#luwma AdaBoost

modeld = AdaBoostClassifier(learning rate=0.01,n_estimators=500, random_state=42)

#luwa XGBoost
model5 = xgh.XGBClassifier(max_depth=10, learning rate=0.05,reg_alpha=0.3,
n_jobs=-1, n_estimators=400)

# fit Tuoa
model1.fit(X_train_res, y train res)
# predict Tuina

preds = modell.predict(X test res)

nsinUszansnmvausazluea

# 911 10 fold cross validation

cv_score = cross_val_score(modell, X train_res, y train_res, cv = 10, scoring = scorer)
print(f 10 Fold Cross Validation F1 Score = {round(cv_score.mean(), 4)} with std =
{round(cv_score.std(), 4)})

#Import scikit-learn metrics module for accuracy calculation
from sklearn import metrics
# Model Accuracy, how often is the classifier correct?

print("Accuracy:",metrics.accuracy score(y_test, predictions))

from sklearn.metrics import confusion_matrix

cnf_matrix = confusion _matrix(y_test, predictions)

from sklearn.metrics import classification_report

target names = ['class 1', 'class 2', 'class 3','class 4]
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print(classification report(y test, predictions, target names=target names))

#%1 feature_importances
features = list(X_train.columns)

feature_importances = pd.DataFrame({feature" features,

importance:modell.feature importances }).sort values(importance),
ascending=False)

feature_importances.head(20)




