oA,
OIKONOMIKO .5 ATHENS UNIVERSITY
NMANEMIETHMIO W OF ECONOMICS

AOHNAN iy AND BUSINESS Evotnto 9 — Supervised Learning
Decision Trees (Adévtpa amopaocewvy)
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Decision Trees (AEvtpa amo@AcEmV)

[TAeovektnuata ce oyeon ue linear 1 logistic regression

A. Avtamokpivovtol 6T0 TG CKEPTETAL 0 AVOP®OTOC Kol UTOPOoVV EVKOAN VO,
eENynBovv Kal 6 Un- EEE10IKELUEVOVS oVOpOTOVC.

B. Agv amatteiton n oyéon petacd tov target Ko TV YOpoKTNPLOTIKOV Vo,
EVOLL YPOLLLLLLKT)

C. To Decision Tree avtondtmc eMAEYEL TO, KAADTEPQ YOPOKTPLOTIKA Y10 VO
KAvel TpoPAreyn.

D. To Decision Tree givon Arydtepo evaichnto o€ akpaieg TIWEC OE GYEOT UE
uio ToAVOpOUN o).



* 210 p®dTO pEPOC (Part 1), Oa avardoovue t ypnomn twv Decision Trees
vio. classification. ®a ypnowomnomocovue v E@apuoyn LendingClub

TOV YPTNCIUOTONGALE KOl GTNN vOoTnTa pe T logistic regression.

* Ac Cexwvmoovue pe 1N «evon» twv Decision Trees. Ag oobdue 10
TOPAOELYLLOL GTNV ETOUEVT] OLOPAVELC.



Hapdaocrypo osvrpov anopaccsmv (Decision Tree) ywo
TOV KOOOPIGH0 TOV KPLTNPilov Yo TPOcAnYN
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To decision tree kottdel yio Eva yopakTnploTikd kabe popd ko Oyt 6Aa poali. To mo onuavtiko
YOPOKTNPLOTIKO €lvarl va €xel oyetikd mtuyio (relative degree). Metd and avtd Emovial ta ypovia
EUTELPIOG KO LETA O EMKOIVOVIOKEC OECIOTNTEC.



Méetpa afePoarotntag (Uncertainty)

* YnoOéote 0Tt VTLOPYOVY 7 MOV ATOTEAEGUATA KAl p; 1] TOOVOTNTO TOV
OOTEAEGUOTOC § OTIOV )it p; = 1

* Entropy measure of uncertainty: — )", p;log(p;)

(Znueimon: log eivar cuvnbwc log ue Bdon to 2 otn Mnyoviky MdOnon)

* Gini Measure of uncertainty: Gini=1-) " pf

* O deiktng Gini pmopel val epuNVEVTEL W TO TTOOO cuXvA Ba KOLVCll.lE AaBoc¢ otnv
ta&vouncn LLLOLG naparnpnonq, av v Katataocaus Tuxaia cupdPwva UE TNV
KOTOVOLN TWV KATNYOPLWV 0TO oUVOAO Se00UEVWV N TTLo amAd

0 68u<tnc; Gini ekppaleL Tnv meavomta AavOoouevng taEtvounonc; LLLOLG
naparnpnonq, av n katnyopla tng amodobel pe Bacn TNV KATOVOUN TWV
KATNYopLwv oto Selypa.



Képooc mAnpooprwv (Information Gain)

To information gain givou n avapevouevn ueimwon otnv apefordtnta (entropy 1 Gini).

Ynobéote 011 apyikd vidpyel 20% mbavotnta kamoloc va £xel job offer (ko 80% va, unv £yet job
offer.)

YnoOéote emmAcov OtL vdpyel S50% mbBavotnTa 0 1010¢ va £xel oYeTKO TTvyio (degree). Av €xel
oyeTKd mTvyio M mbavotnta va €yet job offer avédvetar 6to 30%, owapopetika tEptel 6to 10%.

Initial entropy = —[0.2log(0.2) + 0.8log(0.8)]=0.7219
Expected entropy = —0.5[0.110og(0.1) + 0.910g(0.9)] — 0.5[0.310g(0.3) + 0.710g(0.7)]=0.6751

Expected information gain yvaopilovtag 0Tt vdpyel oxetko nrvyio = 0.7219 — 0.6751=0.0468
Initial Gini = 1-0.22-0.8>=0.32
Expected Gini = 0.5(1-0.12-0.9%)+0.5(1-0.32-0.7%)=0.30

Expected information gain yvopilovtag 0Tt vdpyel 6xetkod nrvyio = 0.32 —0.30=0.02




Decision Tree Algorithm

* O aAyoplOuoc emAéyel 10 yopaktnpotiko (feature) otn piCo ToL 0EVTIPOL
(tree) mov €xel TO LEYOADTEPO avauevOoLEVO Information gain.

* [lopopoimg, yayver vy 10 yopaktnplotikd (feature) pe to peyaAdTEPO
information gain 6tovg enduevovg KOUPovc (nodes).

* Otav vmapyer Opro (threshold), xaBopiler 10 PéATIGTO Oplo Yoo KAEOE
yopaktnploTiko (feature), OonAaor], To OP1o TOL UEYIGTOTOLEL TO OLVOUEVOUEVO
information gain Yy ovVTO TO YOPOKTNPIOTIKO, Kol Poacilel TOVG
VTTOAOYIGHLOVE GE AUTO TO OP10.



Eo@appoyn LendingClub

* Ta ocooueva amotelovvtal omtd odvela, KaAd (good) N abetnuéva (defaulted).
* Eueic Oa ypnoipomomjcovpe LOVo T€GGEPA YOPAKTNPIGTIKA

1. Idwoktnoeio omitiov (evowcioon €vavtt woktncio) - Home ownership (rent vs.

own)
2. Eiwosoonua — Income
3. Xpéog mpog eicoonuo - Debt to income
4. Thototkn Babuoroyia - Credit score

* To oOvoAo oecdouevmv £xel 12.290 napatnpnoelg (9.733 kaid odveln “Fully Paid”
Ko 2.557 odvelo aBétnong “Charged Off”). 7.000 odvelo t€0nkov ce training set,
3.000 o¢ validation set, kot 2.290 o¢ test set.



A. Emoyn Tov pilikov kopupfov 0tav vaapyovy TE66EPA YUPUKTPLGTIKA

210 training set vmapyovv 5,542 kaid oavewn (“Fully Paid”) wou 1,458 odvero aBétnong
(“Charged Off”). Xwpic kouio emmAedov mAnpoeopio n wOavoTNTa Yo £val KOAO OBGVELD
exTipatonl oo 1o training set ¢ 5,542/7000 = 79.17% wou n mBavotnta yo £va KokO
oaveto extipdror g 1,458 /7000 = 20.83% . Apa.n

Initial entropy =—0.7917xlog(0.7917)—0.2083%10g(0.2083) = 0.7382

A.1 To mpoto Pruo eivor vo KOTOOKELAGOLUE £va OEVTIPO YO VO VTOAOYIGOLUE TO
Information gain. 2to training set, 60.40% tov oaveloAnmT®OV £YOVV OKO TOVLG OTITL KO
39.60% evowkidlovv. Ta odvela mwov Ntav “Fully Paid” agopd 10 81.72% avtmv mov giyav
O1KO ToVG omitt Kl 75.29% avtov mov evoikialav.

H expected entropy ov to home ownership (kot kavéva GAAO YOPAKTNPIOTIKO) YiveTOL

YVOGTO Vol
0.6040[-0.817210g(0.8172)-0.182810g(0.1828)]+0.3960[-0.752910g(0.7529)-0.247110g(0.2471)]=017339

To information gain givon 0.7382— 0.7339= 0.043



211 ocvvEyEln voAoyiCovue tnv expected entropy Yo To Income. XTNV TEPITTOCN QLT YPELOUACTE
Kdmoro threshold income.

P, : [TiBavotTO TO income va gival tdve oo to threshold.

P, : [TiBavotTTO 0v TO income givar mavw omd to threshold, o daveioAnming d¢ Ba abetnoel TIg LVTOYPEDGELS
TOV.

P;: [IiBavot T av to income gival kKdtw and to threshold, o daveloAnning O abetnoet Tic vToype®GELS TOL.
Expected entropy = P,[- P, log(P,)-(1- P,)log(1- P,)] +(1-P,) [- P;log(P;)-(1- P;)log(1- P;)].

[terative search: Threshold income = $48,079. P, = 70.84%, P, =81.15%, P, = 74.38%

Ta aroteléouota yio ta optimal threshold values kot to information again cuvoyiCovton ctov

TAPOKOTO TVAKA  ['peature Threshold value Expected Expected
entropy Information gain
Home Ownership N.A. 0.7339 0.0043
Income ($°000s) 48.079 0.7342 0.0040
Debt to income 19.85 0.7254 0.0128
ratio
FICO credit score 717.5 0.7270 0.0112

To Debt to Income ratio pe threshold=19.85 &yev 1o peyorvrepo information gain, dpo to Debt to Income ratio
Tomofsteitarl otn pila Tov dEvrpov. Apa to apytkd branches givar Debt to Income ratio >19.85 ko Debt to Income
ratio <=19.85



A2. Eravoiaufdvovpe tnv o00tkocio Yo T0 ETOUEVO EMIMTENO TOL OEVTPOL. O TopaKAT®

mivakog Oglyvel Ta amoteAéopata™ yio
Debt to Income ratio >19.85

Feature Threshold value Expected entropy | Expected Information
gain

Home Ownership N.A. 0.8438 0.0060

Income ($°000s) 30.84 0.8463 0.0035

Debt to income ratio 33.87 0.8425 0.0072

FICO credit score 687.5 0.8361 0.0136

Debt to Income ratio < 19.85

Feature Threshold value | Expected entropy Expected
Information gain
Home Ownership N.A. 0.6411 0.0030
Income ($’°000s) 60.81 0.6409 0.0033
Debt to income ratio 10.74 0.6418 0.0023
FICO credit score 722.5 0.6340 0.0101

*O1 vroloyiopoi Bpiockovton oto excel 9.lending club Excel decision tree.xlsx



The Tree

Ta ofdA oymuata eivar to leaves, ONA. Tt TEMKA GMUEiDl TOV OEVIPOL KOl OELYVOLV TO
probability of default 1 no default. I1.y. Edv to Debt to Income ratio <= 19.85, ko1 7o
FICO>722.5 10 0.920 (=739/803) €ivou n estimated probability of no default. 5



Emloyn KpLTnpilov amoooyns 0UvVEL®V

* Onw¢ wou pe v logistic regression PUMOPOVUE VO, EMAEEOVUE VO OEYTOVUE
oavelo Omov 1M mBavoTnTA EVOC KOAOL Oaveiov givonl mdvem omd KATOlo Oplo
(threshold) Z. Agite v avdivon oto 9.lending club Excel decision tree.xlsx

AUC=0.6322

True Positive Rate

False Positive Rate

0 0.2 0.4 0.6 0.8 1



Python file: 9. lending club DecisionTree Python.ipynb

v  python 7y TNV KOTOOKELY) TV  OEVIP®V  OITOPACEDV YPNOIUOTOOVUE  TO
sklearn.tree.DecisionTreeClassifier. To documentation ivou 1o mopoxkdTm

https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html

Onwc Ba ocite ko ot0 documentation yia tov kabopispov tov decision tree. Oa ypelacteite va kabopicete
TIC TWEG TV hyperparameters.

1. Xnv mepintoon tov mapadeiypatds pog 0écape to max depth = 4. Avtod onuaivel 6t Bo TpoKLYOLVV TO
LEYoto 4 emimeda ota omoia Oa O1YWPIGTEL TO OEVTPO.

2. O eldyrotog aplOudc mopaTnpNoE®V AmoPoiTNTOS Yiou TOV/ Sloy®PIod tov dévipov gival 1,000 oto
mopadeyud pog: in samples split=1000. H ocvyxexpiuévn hyperparameter eEnyel yiati to 0évipo
LEPIKEC POPEC oTapatdel Tpy etacel T0.4° eninedo. Iy, Yrdpyovv uoiic 803 mapatnpnoels 6tav to
dti<=19.85 won FICO>722.5. Ilapouoim¢ vmdpyovv,/ nwoig 304 mapatnpnoelc Otav dti>19.85 ko
FICO>722.5, xou vdpyovv noAg 251 napatnpnoelc étav dti>31.375 kor FICO<=687.5.

clf = DecisionTreeClassifier(criterion="entropy’ ,max_depth=4,min_samples split=16868,min_samples leaf=286,random_ state=8)
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Bayes Theorem (ypnowo otav 0¢hovue o ektipnon apeparotnrog
KoOMOS Kol atAmg pa TpoPfreyn)

_ P(X&Y) P(XIV)P(Y)
PO =% =~ P

Hopaoderypa: Iopatnpovue otL 10 90% TtV 006MwV cuvorllaymv (fraud) eivon yio peydio mood apyd
v nuépa (large & late). Emiong, 10 3% tov cuvarloaydv gival yio peydia mooa apyd tnv nuépa (large
& late) ko to 1% tov cuvardayov etvan d0Aeg (fraud).

P(large&late|fraud)P(fraud) 0.9 x 0.01 03

| =
P(fraud|large&late) P (large&late) 0.03




Bayes can be counterintuitive

* 'Eva dtopo oTic 0€ka YIAMAOES £YEL Ll GLYKEKPIUEVT] aGOEVELQL.
* Mo eE€taom eivon 99% axpiffg (OnAaon, edv 10 Atopo £xel T VOGO, TO TEGT £ival 610 99% TV PopOV:
OLOI®C OTAV TO ATOWO OV £YEL TN VOGO, TO TECT Elval GGTO TO 99% TOV TEPINTOGEWMV).

* Bpiokeow Oetikoc.

* Ilow etvon n mBavotTo va €xete TV acBévelo;

* X=test positive, Y=has disease, Y= does not have disease
« P(X|Y)=0.99; P(Y) = 0.0001

« P(X) = P(X|Y)P(Y) + P(X|P)P(Y) = 0.99 x 0.0001 + 0.01 X 0.9999 = 0.0101

PIXINP(Y) _ 0.99%0.0001 _ o 10gg
P(X) 0.0101

. P(Y|X) =



Naive Bayes Classifier

Ano6 to Bayes theorem
Prob(Xq, X5, *** X, |C)
PrOb(xliXZJ'“xn)

Prob(C|xq, x5, x,) = Prob(C)

If the features x; are (approximately) independent this reduces to

Prob(x;|C)Prob(x,|C) --- Prob(x,|C)
PrOb(xlr X2, " xn)

Prob(C|xq, x5, x,) = Prob(C)



Hopaoerypa 1 (1)

H unconditional wBavotnta evdg karod oaveiov eivar 0.85. Ymdpyoov 3 aveCdptnto
(independent) yapaxktnpiotikd (features).

Eav o artav £ye onitt (onuerdveron pe H). H mboavotnta o attaov va £xel 01kd T0ov Omitl
edv 10 0avelo eival kaAd givar 60%, evod n TOavOTNTA 0 CITOV VA £YEL OIKO TOV OTITL EAV TO
oavelo abetnOel etvan 50%.

Eav o art@v gpydletar yio meprocotePo amd éva £tog (onueroveron pe E). H mbBavomta
Vo, aaGyoAN0el 0 art®Vv yio TeEPIocOTEPO AmO £va YPOVO AV TO 0dvelo gival kaAo eivan 70%
evod N mBavotnTa owto €4V TO 0dvelo afetnOetl eivon 60%.

Eav vrdapyovv 600 artovvtes kot Ot povo évag (enuewwveror pe T). H mbBavotnta ovo
aITOLVTOV 0TV TO OAVELD gival KaAd glval 20% evod n mbavotnta 000 ArtovVTIO®V OTOV TO
oavero abetnOel etvon 10%.



Hopaoerypa 1 (2)

0.6X0.7X0.2 0.0714
Prob(Good Loan|H,E, T) = Prob(H and E and T) X 0.85 = Prob(H and E and T)
. _ 0.5X0.6x0.1 _ 0.0045
Prob(Defaulting Loan|H, E, T) = Prob(Hand E and T) X 0.15 = Prob(Hand E and T)

AM\G ovtéc ot mbavotnteg Prob(Good Loan) kat Prob(Defaulting Loan) npénet vo. apoilovtor ot
novaoa, o ypetdletar va vwoloyicovue to Prob(H and E and T).

H mBavotnta yio Eva kadd odavelo conditional ota H, E, and T eivou
0.0714
0.0714 + 0.0045

H mBavotta yia Eva abetnuévo odavelo conditional ota H, E, and T eivou
0.0045

0.0714 + 0.0045
To 0évtpo ot owpdvela 12 umopel va BewpnBel ko cav Eva mapdostyua Bayesian learning

= 0.941

= 0.059




Hopaoerypa 2 (1)

Mmnopovpe va ypnowonomoovue tov Naive Bayes Classifier vy ovveyeic xatavouéc. 'Eotom oTt
YPNOLOTO0VUE Ta 0edoueEva artd o LendingClub yia va kédvovpe po tpdPreyn oaveiov uéswm FICO kon dti.
Oewpodue OTL aTA ToL dVO YopaKINPLoTIKE ival aveEdptnta (independent). O mapaxdtom mivakog Ogiyvetl
uéon T ko tomikn omwokAlon twv FICO kot dti conditional o kald ddvelo (good loan) kot 6e odvelo mov

aBetOnke (default loan).

Loan result Mean FICO SD Mean SD

FICO dti dti
Good loan 697.38 32.85 17.37 8.72
Defaulting loan 686.73 24.26 20.41 9.11

YnoOéote KavoviKES KaTavouEG Kal okePTeite KAmolov mov £xel Pabuoioyio FICO = 720 ko dt1 = 25.




Hopaosiypa 2 (2)

Probability density for FICO conditional on good loan
1 < (720 — 697.38)2

ex
J2m % 32.85 P 2 X 32.852

Probability density for dti conditional on good loan
1 < (25 — 17.37)%

ex
V21 % 8.72 P 2 X 8.722

Probability density for FICO conditional default
1 < (720 — 686.73)2
exp| —

V21 X 24.26 2 X 24.26%

Probability density for dti conditional on default
1 < (25 — 20.41)?

ex
V2 x 9.11 P 2 x9.112

) = 0.00958

> = 0.0312

) = 0.00642

> = 0.0385



Hapdaosrypa 2 (3)

* Unconditional probability of a good loan givon 0.8276

* Probability of a good loan conditional on FICO and dt1 ivat
0.00958 x 0.0312 X 0.7917  2.366 X 10~*

Q Q
omov O 1s the probability density of FICO and dti.

* The probability of a defaulting loan conditional on FICO and dti

, 0.00642x0.0385x0.2083 0.516x10~%
vl 0 — 0

* Probability of a good loan sivan 2.366/(2.366 + 0.516) = 0.821.
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