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Decision Trees (Aévipa amo@icemV)

[TAeovektnuata o oyéon ue linear i logistic regression

A. Avtamokpivovtol 6T0 TG CKEPTETAL O AVOP®OTOC Kol UTOpovV EVKOAN VO,
eENynBovv ka1 e un- €EE101KELUEVOLS avOp®OTOVC.

B. Aegv anatteitor n oyéon petald tov target kor tov YopoKInpPloTIKOV Vol
EVOLL YPOLLLLLLKT)

C. To Decision Tree avtopdtmg eTAEYEL TA, KAADTEPO YOPUKTNPLOTIKA Y10l VOL
K&vel TpoPAreyn.

D. To Decision Tree sival Atydtepo gvaicnto oe akpoieg TILEC GE oYEON e
uio ToAYOpOUNGT).



* 310 mpwdyto népog (Part 1), Oa avaivcovue ™ ypnon twv Decision Trees
v classification. ®a ypnowonomocovue v E@appoyn LendingClub
TOL YPNOWOTONCAUE KOl oTn 7ponyovuevn evotnta pe 1 logistic
regression.

* A¢ Cexwviioovue pe ™ «@vony twv Decision Trees. A¢ dovue 70
TOPAOELYLLOL GTTV ETOUEVT OLOPAVELC.



IHopdoerypa oévrpov amo@docmv (Decision Tree) yo
TOV KOOOPIGH0 TOV KPLTNPilov Yo TPOcAnYN
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To decision tree xottdel yioo Eva, yopokTnpoTikd kdbe @opd kot oyt o6io poli. To mo onuavtikd
YOPOKTINPIOTIKO gival va €xel oyetikd mrvyio (relative degree). Metd omd owtd €movron T ypdvio,
EUTELPIOG KO LETA O1 EMKOVOVIOKEC 0EEIOTNTEG.



Métpa afepoardtnroc (Uncertainty)

* YroO¢ote OT1 vtdpyovy N THAVA OTOTEAEGHATO KOt P; 1 TOOVOTNTO TOV
omotelécpoTog i 0mov Y p; = 1

 Entropy measure of uncertainty: — ). ; p;log(p;)

(Enueiowon: log sivon cuvnOwg log pe Bdon to 2 ot Mnyovikn Madnon)

* GInl Measure of uncertainty: Ginizl_zn 02
i=1 '




Képodoc manpogopiov (Information Gain)

To information gain givot ) avopevouevn peimon oty afeParotnta (entropy 1 Gini).

Yno0éote Ot1 apyikd vrdpyel 20% mbavotta kamolog va £xetl job offer (ko 80% va unv £xet job
offer.)

Ymobéote emmhedv 611 vdpyel 50% mibavotnta o id1og va £xel oyetikd wruyio (degree). Av yet
oyeTIKO Tuyio M mbavotnta va €xetl job offer avEdvetar oto 30%, dapopetikd éptel oto 10%.

Initial entropy = —[0.2l0g(0.2) + 0.8l0g(0.8)]=0.7219

Expected entropy = —0.5[0.1log(0.1) + 0.9log(0.9)] — 0.5[0.3log(0.3) + 0.7log(0.7)]=0.6751
Expected information gain yvopilovtag 0tt vdpyel oxetikd mrvyio = 0.7219 — 0.6751=0.0468
Initial Gini = 1-0.2%-0.82=0.32

Expected Gini_= 0.5(1-0.1%-0.9%)+0.5(1-0.32-0.7%)=0.30

Expected information gain yvwpifovtag 0tt vdpyetl oyxetikd mrvyio = 0.32 — 0.30=0.02




Decision Tree Algorithm

* O alyopiBuoc emréyer to yoapoktnplotikd (feature) otn pila Tov d€vTpov
(tree) mov €xel To peyoAvTEPO avopevousvo information gain.

* [Tapopoime, yayvelr vy to yopoktnpiotikd (feature) pe to peyaidtepo
Information gain stovg enduevovg kéuPovg (nodes).

* Otav vmdpyer oOpro (threshold), xabopiler 10 PéATioTO Op1Oo Yoo KAOE
yopoktnplotiko (feature), dniadn, To 6P1O0 TOV UEYICTOTOLEL TO AVOUEVOULEVO
Information gain yw ovtd 1O YOpakTNPLoTIKO, Kol  Poaciler  TOLG
VTTOAOYIGHOVE GE 0VTO TO OP10.



E¢@appoyn LendingClub

* Ta dedouéva amoterovvton amd ddveia, koAd (good) 1 abetnuéva (defaulted).
* Eueic Oa ypnoipomomjcovpe LOVo T€GGEPA YOPAKTNPIGTIKA

1. Idtoktnoio omtiov (evoikiaon &vavtt doktnoio) - Home ownership (rent vs.
own)

2. Ewcoonua — Income
3. Xpéog mpog eiooonuo. - Debt to income
4. Thototikn Paduoioyio - Credit score

* To cvvolo dedouéveov €xel 12.290 mapatnpnoeig (9.733 xard ddveia “Fully Paid”
Kol 2.557 ddvetla abétnonc “Charged Off”). 7.000 ddavewn té€0nkav og training set,
3.000 o¢ validation set, kot 2.290 o¢ test set.



A. Emoyn Tov pilikov kopupfov 0tav vaapyovy TE66EPA YUPUKTPLETIKA

1o training set vmapyovv 5,542 wkoAd odvewn (“Fully Paid”) xor 1,458 ddvero abétnonc
(“Charged Off”). Xwpic xopio emmiedv minpogopio n mOoavoéOTnTo Yiow Eva KaAd OdvELD
ekTudTal oo to training set ¢ 5,542/7000 = 79.17% kot n wbovoéTnTo Yoo Evo KoKo
oaveto exktipdrol og 1,458 /7000 = 20.83% . Apa.n

Initial entropy = —0.7917xlog(0.7917)—0.2083x10g(0.2083) = 0.7382

A.l To mpwto Puo elval vo KOTOOKEVAGOVLUE €vol OEVTIPO YOl VO, LITOAOYIGOLUE TO
Information gain. Zto training set, 60.40% twmv daveloAnmT®V £Y0VV O1KO TOLG OTITL KOl
39.60% evowkidlovv. Ta ddvela mov Nrav “Fully Paid” agopd 10 81.72% avtmv mov eiyav
O1KO ToVG omitt Kl 79.29% avtdv mov evouialov.

H expected entropy av to home ownership (xoi xavéva GAAO YopoKTINPIOTIKO) YIvETOL

YVOGTO Vol
0.6040[-0.8172l0g(0.8172)-0.1828l0g(0.1828)]+0.3960[-0.752910g(0.7529)-0.247110g(0.2471)]|=057339

To information gain sivon 0.7382— 0.7339= 0.043



21 ovvéyela vroAoyilovue tnv expected entropy yio To InCOmMe. Xtnv wePInTmon ot YPeolOU0oTE
kamoto threshold income.

P, : [TiBavot T TO INCOME va givon peyolvtepo amod to threshold.

P, : [TiBavotTa To INCOMe va eivon pukpdtepo amd to threshold.

P;: IIBavotta av to Income givar kdtw amd to threshold, o davewoAnmng va abetnoelg Tig
VITOYPEMGELS TOV.

Expected entropy = P,[- P, log(P,)-(1- P,)log(1- P,)] +(1-P,) [- P5log(P5)-(1- P5)log(1- P,)].

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

To amoteAéopata yio ta optimal threshold values kot to information again cuvoyilovtotl ctov

TOPOKATO Tivako | Feature 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 éyev to peyorvrepo information gain, ape to Debt to Income ratio
tomoOeteital ot pila Tov dévrpov. Apa ta apykd branches givar Debt to Income ratio >19.85 ken Debt to Income
ratio <=19.85



A2. Eravolaupdvooue tnv o1001kacio Yo T0 ETOUEVO EMITEOO TOV 0EVTPOV. O TOPAKATM
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

*O1vrohoyiouoi Bpiokovror oto excel 7.lending_club_Excel decision_tree.xlsx




The Tree

o

FICO= 6R7.5

atl = Z9.8hE

To ofdr oynuoato eivor to leaves, onA. ta teEMKE onueion Tov OEVIPOL Kol OELYVOLV TO
probability of default v no default. I1.y. Eédv to Debt to Income ratio <= 19.85, ko1 to

FICO>722.5 10 0.920 (=739/803) sivon 1 estimated probability of no default.

12



Emloyn KpLTnpilov amoooyns 0UvVEL®V

* Onwg ko pe tnv logistic regression pmopovue vo emAEEOLUE VO dEXTOVLE
oavelo Omov 1M mBavoTnTA EVOC KOAOL Oaveiov givonl mdvem omd KATOlo Oplo
(threshold) Z. Agite v avaivon oto 7.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: 7. lending_club_DecisionTree Python.ipynb

>mv  python ywo ™V KOTOOKEL] TOV  OEVIPOV  OTOPAGEMV YPNOIUOTOOVUE  TO
sklearn.tree.DecisionTreeClassifier. To documentation givot 1o TopakdTo

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

Onwg Oa deite xou oto documentation yio tov kabopiopov tov decision tree. Oa ypelacteite va kabopicete
TI¢ TINEC TV hyperparameters.

1. Xmv mepintoon tov mapadeiypotods pog 0écope to max depth = 4. Avtoé onuaivel 611 o TpokLYOLV TO
LEYot0 4 emineda ota omoia Oa OlYWPLGTEL TO OEVTPO.

2. O gldyotog aplBudg TopaTNPCEDV ATAPAITNTOS Yo TOV/Oly®plopnoc tov oévipov gival 1,000 oto
napaderypnd pog. In_samples_split=1000. H ocvykexpwédm hyperparameter e&nysi ywuti to d&vtpo
LEPIKEC POpEC oTapatdel Tpy etacel To-4° eninedo. Iy, Yrdpyovv uoiic 803 mapatnpnoelg étav to
dti<=19.85 kou FICO>722.5. Ilapopoime ~wxdapyovv/nuoérc 304 moapatnpnoesig otav dti>19.85 ko
FICO>722.5, ko vrdipyovv pnoc 251 mapatnpnoeig gtav dti>31.375 ko FICO<=687.5.

clf = DecisionTreeClassifier{criterion="entropy’,max_depth=4,min_samples split=1668,min_samples leaf=280,random state=@)


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

Bayes Theorem (ypniowuo étav 0éAovpe pa ektipnon apfepoardotnrog
KOOGS Ko amAm¢ pa Tpopieyn)

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

Hapdaocrypo: Iapatnpoovue 6Tt 0 90% TV d6A®V cuvarraymv (fraud) eivor yio peydio mocd apyd
v nuépa (large & late). Eniong, 1o 3% tov cuvalioymv gival yio peydio mocsa apyd tv nuépa (large
& late) ka1 10 1% twv cuvarlayov eivor doAec (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 YIAMAdES £yl Lol GLYKEKPLUEVT) acBEvera.
* Mo e&étaon sivor 99% axpiPrig (Oniadn, edv To dtouo €xel T vOG0, 10 1€0T €ival 6to 99% TV Popwv:
ouoimg dtav 1o dTouo dev £yl T VOGO, T0 TEOT £ival c®woTtd 10 99% TV TEPIMTOGEWMV).

* Bpiokeoo Oetikoc.

* Ilow etvon n mBavotTa va €xete v acbévela,

« X=test positive, Y=has disease, Y= does not have disease
« P(X|Y)=10.99; P(Y) =0.0001
« P(X)=PX|Y)P(Y) +PX|Y)P(Y) = 0.99 x 0.0001 + 0.01 X 0.9999 = 0.0101

e P(Y|X) = P(X|Y)P(Y) _ 0.99x0.0001

= 0.0098
P(X) 0.0101




Naive Bayes Classifier

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

Prob(Clxq, 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)



Hapaostypo 1 (1)

H unconditional mBavotnta evog kaiov odaveiov eivar 0.85. Yrmdpyovv 3 aveEdptnro
(independent) yapoktnpiotika (features).

Edv o artov £xyel omitt (enuer@veron pe H). H mbavotta o artdv va €yel 01kd tov omitt
edv 10 ddvero lval kado eivan 60%, evod n TBavoTNTA O UTOV VA, £YEL O1KO TOV GTITL EAV TO
oaverto abetn el eivon 50%.

Eav o art@v gpydletar yio meprocotePo amd éva £tog (onueroveron pg E). H mbBavomra
Vo, aaGyoAN0el 0 art®Vv yio TeEpIocOTEPO AmO £va YPOVO AV TO 0dvelo gival kaAo eivon 70%
evm M mOavoTNTO 0TO EAV TO dAvelo afetnOel etvarl 60%.

Edv vrapyovv o0V0 a1todvrtes kot 0yt novo évag (onpuetoveror pe T). H mbBavoémro ovo
aToLVTOV OTav To Oavelo givar kadd gival 20% evo n mbavotnta 000 ArtovVIEY OTAV TO
oavelo abetn et eivon 10%.



Hapaostypa 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
novada, o ypetdleton va vworoyicovue to Prob( H and E and T.

H mBavotta yia Eva kado ddveto conditional ota H, E, and T eivau
0.0714
0.0714 + 0.0045

H mbavotnra yio Evo afetnuévo ddvero conditional ota H, E, and T eivon
0.0045

0.0714 + 0.0045
To dévtpo ot dapavelo 12 umopei va Oempnbei ko cav Eva Tapaderypo Bayesian learning

= 0.941

= 0.059




Hapaostypa 2 (1)

Mmnopobue va ypnowpomomoovpe tov Naive Bayes Classifier yw ovveyeic katovoués. 'Eotm 0Tt
ypnoomolovue ta dedouéva omd to LendingClub ywo va kédvooue pio Tpopreyn saveiov péow FICO ko dti.
Bewpovpue 0Tt avTd ToL 000 Yapoktnplotikd sivar aveEdptnta (independent). O mapakdtom Tivakag delyvel
uéon tiun ko tomikn awokion tov FICO kou dti conditional oe kaAd davelo (good loan) kai og ddvelo mov

afemOnke (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

YnoBéote KavoviKéC KaTavouEG Kol oKePTEiTE KAolov mov £xel Pabuoioyia FICO = 720 ko dt1 = 25.




Hapdoctypo 2 (2)

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

ex
J2m % 32.85 P 2 % 32.852

Probability density for dti conditional on good loan
1 < (25 — 17.37)2

ex
V21 X 8.72 P 2 X 8.727

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

V2 X 24.26 2 X 24.262

Probability density for dti conditional on default
1 < (25 — 20.41)2

ex
V2 X 9.11 P 2 X9.1172

) = 0.00958

> = 0.0312

) = 0.00642

> = 0.0385



Hoapdodcrypa 2 (3)

 Unconditional probability of a good loan eivon 0.8276

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

Q Q
omov Q Is 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.




YOUTEPUC LA

O Naive Bayes Classifier givou evkolo va ypnopomondei dtav vaapyet
ueydroc aplOuoc yopoktnpotikov. H moapaooyn e aveCoptnoiog
(Independent assumption) eivor omiBavo voa  ovpPaiver oy
TPAYUATIKOTNTO, OAAQ ODVOTOL VO YPNOLUOTONOEL GE  OLAPOPEC
TEPIMTOCELC, KLPimg o€ natural language processing spapuoyéc.
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