Logistic Regression



XELPLOMOC KaTNYOoPLKWVY
XAPAKTNPLOTLKWY-ZTOXWV:
AoyLoTtikr NMaAwdpdunon



Mivakag: Eva o0voAo 6edopévwy mov mapabéTel
XOPAKTNPELOTIKE YL évav aplBud yevwnTpLwv.

ID RPM Vibration Status ID RPM Vibration Status
1 568 585 good 29 562 309 faulty
2 586 565 good 30 578 346 faulty
3 609 536 good 31 593 357 faulty
4 616 492 good 32 626 341 faulty
5 632 465 good 33 635 252 faulty
6 652 528 good 34 658 235 faulty
7 655 496 good 35 663 299 faulty
8 660 471 good 36 677 223 faulty
9 688 408 good 37 685 303 faulty
10 696 399 good 38 698 197 faulty
11 708 387 good 39 699 311 faulty
12 701 434 good 40 712 257 faulty
13 715 506 good 41 722 193 faulty
14 732 485 good 42 735 259 faulty
15 731 395 good 43 738 314 faulty
16 749 398 good 44 753 113 faulty
17 759 512 good 45 767 286 faulty
18 773 431 good 46 771 264 faulty
19 782 456 good 47 780 137 faulty
20 797 476 good 48 784 131 faulty
21 794 421 good 49 798 132 faulty
22 824 452 good 50 820 152 faulty
23 835 441 good 51 834 157 faulty
24 862 372 good 52 858 163 faulty
25 879 340 good 53 888 91 faulty
26 892 370 good 54 891 156 faulty
27 913 373 good 55 911 79 faulty

28 933 330 good 56 939 99 faulty
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ZxAQMa: Aldypappa SLaoTopdC TWY TIEPLYPAPLKWV
XopakTnploTtikwvy RPM kat Vibration and to oOvoAo
5e6oHEVWY TWY YEVVNTPLWY TIOL @aiveTal aTov Mivaka, émov
ol ‘good’ yevwwnTtpleg eppaviovTal He oTALPOOC Kal Ol
faulty’ pe tplywva.
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ZxAQMa: Aldypappa SLaoTopdC TWY TIEPLYPAPLKWV
XopakTnploTtikwvy RPM kat Vibration and to oOvoAo
5e60UEVWY TWY YEVVNTPLWY TIOL QaiveTal atov Mivaka 1 Bl
EugpaviZetal eniong éva épLo andéeaong mov dlaxwpilet TIC
‘good’ yevwitpleg (otavpol) and Tig ‘faulty’ (tplywva).



Noylotikr MaAwsp.
[e]e]e]e] Telelele)

e E@dboov 1o 6plo andpaong e{val €vag YPAMHULKOG
dLaywproTAg, unopel va oplotel pue tTnv e€lowon
TNn¢ evbeiac wg €EAC:

Vibration = 830 — 0.667 x RPM (1)

830 — 0.667 x RPM — Vibration =0 (2)



Noylotikr MaAwsp.
[e]e]e]ele] lelele)

e E@apudlovtac tnv EElowan (2) otnv napatripnon
RPM = 810, Vibration = 495, n omnola BplokeTal mdvw
and to 6pLo andeaaonc, divel To akdAovbo
anoTéAeoua:

830 — 0.667 x 810 — 495 = —205.27
e AvtiBeTa, av epapudéoovue tnv EElowon (2)1 otnv
napatripnon RPM = 650 kat Vibration = 240, n omnola
BplokeTal kK&ATw amnd To épLo andépaonc, MAi{PVOLE

830 — 0.667 x 650 — 240 = 156.45



Noylotikr MaAwsp.
000000800

o OAa ta onueia 6ebopévwy avw amnd to dplo
andépaonc Oa 6waoovy apvnTikg T éTav
avTIKaTaoTaBolv otnv Elcwaon tov oplov
andégaong, evw 6Aa Ta onuela kK&dtw and to 6pLo Ba
dwaovv BeTIkA TWA.



Noylotikr MaAwsp.
000000080

@ Apa €XOULE:
1 avw-X>0
0 OlapopeTikA

o H empdvela mov opietat and avtdy TOv Kavéva
elval yvwoTh we emL@avela amoé@aong.

Y(X) =



Noylotikr MaAwsp.
00000000e

@ To avotnpd dplo andpaong mov dlvetal oTNY
nopandvw eElowon elval acvveyEg, EMOUEVWC BEV
elval napaywylolpo Kat £ToL dev PnmopolE va
vnoAoy{oovue TNV KAlON TNG empdvelag oPAAUATOC.

o EmunAéov, To HovTéAo Kdvel MAvToTE AMOADTWCG
BéBatec mpoPBAéyelc 0 i 1, evw elval emBupnTA Alyn
neploodtepn AentdHTNTA.

o AvtiuetwniCoupe avtd Ta NTHMATA
XPNOLUOTIOLWVTAC JLa TILo oOVBETN ouvdpTnaon
KaTtw@Al{ov mov elval ouveXAC, KAl EMOUEVWC
nopaywylowun, Kat EMTEEMTEL TNV €BLUNTA
AentdTNTA: TN AOYLOTLKH oLvdpTNnOoNn.



Logistic (1] Logit) Regression
* O ot0y0¢ €ival va tacivounbovv ol mapatnpnocelc o€ "0eTikd amotélecua”
Ko "opvnTIKO OmoTEAEGUA YPTGILOTOLWVTOC (G OEOOUEVO YOPOUKTTPIOTIKA.

* H mBavotnta Betikov amoteAécuatoc Oempeiton OTL €lval (ol GLYHLOELONC
1
1+e~Y

cuvaptnon (sigmoid M logistic function):Q =

OOV TO Y GYETICETOL YPOUUIKA UE TIC TIUEC TOV YOUPUKTPIOTIKDOV:
Y —_ a+b1X1 +b2X2 + +Xm



21YLOEONC cuvaptnon (sigmoid 1) logistic function)
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Maximum Likelithood Estimation

e XpNolHomolove To training set yio vol LEYIGTOTO|GOVLE

> m@+ ) In(1-0)

Positive Negative
Outcomes Outcomes

[cooVvapo UTopovUE VO, ELOYIGTOTOGOVLE LU GLVAPTI O KOGTOVC

- m@- Y ma-o

Positive Negative
Outcomes Outcomes

S|

* Avtl m ueywotonmoinon (elaylotomoinon) oev  umopel vo  yivel avoALTIKA, OAAG  UTOPOVUE VO
ypnoonomcove Evay alyoptbuo gradient ascent

* T'lo vo cvumepthdfooue to regularization pumopovue vo mpocécovue A ), bjz M 7\2|bj| GT1 GLVAPTNGT TTOL
elayloTomoleitan



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.



Kdamoia dedouéva (unscaled) amod to training, validation kon test set

unscaled data
Trainmning set

#print first five instances for each dota set - unscaled - h':'”E—G“”EFS“iE 4}1;;2”; 1;2 "c;;g
print{"uUnscaled data") 1 & Seeea.@ 29.82 2 T35
print("Training set") : o Soioe-o iToEE =T
print{X_train_unscaled.head{}) < 1 11see8.8 I5.685 &5&5
3 " = 8 — my walidation =et
|':|F'T|1tl: validation set : home_ocwnership imcome dti fico
print{X_val_unscaled.head{)}) ] a Zseea.@ 27.68 G52
3 " - my 1 = Saaaa8a . a8 21 .51 F15
|':|r'?|'|t|: TESt 3Et . 2 1 1288008 .8 .14 7B
print{¥_test unscaled.head{}} ] & 7seea .8  1.76 525
£ 1 FEQQQ & 1s.11 =S cis]
Test =et
home_ocwnership income dti fico
L= SZ24aa . 24 .53 &565
1 1 158883 .8 AT .83 785
2 u 188893 .8 Z2a .92 Fle
= = S9Faaa . 1=.11 a5
A 7\{, . . 1 d d =< 1 1280093 .8 24 .88 85
noteléopata o€ Training Set (Unscaled data) X,= Home Ownership

|: | #Create an instance of logistic regression nomed lgsic_reg on unscaled dote

X,™ Income

lgstc_reg = LogisticRegression(penalty="none",solver="newton-cg")

2 (S — o P N S RS-
F1T LOgLSTISTLC regression 0 Traintng set

X;= Debt to income ratio

#

lgstc_reg.fit(X_train_unscaled, y_train) # fit troining date on Legistic regression X4 = C]/'edll‘ score
print{lgstc_reg.intercept_, lgstc_reg.coef ) # get the coefficients of each features
[-5.98882741] [[ 2.97€5931ee-81 6£.17979317e-87 -3.65499148e-82 1.12683137e-82]] Y

= —5.981 + 0.297X; + 0.0000006X, — 0.0365X5
+0.0113X,

Probability of a good loan =

1+e~ Y

n.x. ['la 10 Tpto ddvero n mhavoTnTa Vo, elvon Kadd givarl 1+l_y, omov Y = —5.981 + 0.297 1 + 0.0006 * 44304 —

0.0365 x 18.47 + 0.0113 *690 ==1.439 , 4pa Probability of a good loan = 1+2_Y = (0.808. >




Kdamola oeooueva (scaled) amod to training, validation ko test set

Scaled data
Training =et
home_ocwnership income diti fico
Eﬁr_“'..?t first five instances for each data set - scaled f _f:igﬂgi; :g:igfi;g ?:ggg;gé 'f:;ggggg
print("sScaled data") 2 -1.234923 -2.186349 -@.148259 -2.639114
print("Training set") 3 -1.234923 -2.663868 1.769728 -1.114527
print(¥_train.head()) 4 B.889651 @.398284 0.974418 -8.9S6856
print{"validation set") walldation set i i .
print(X_val.head()) hiome_ownership income dti fico
N = g 2 -1.234923 -@.91153% 1.888153 -1.114527
print("Test set") 1 -1.234923 -8.451393 @.395877 ©.628655
print{X test.head(}) e B.E88%E651 8.452892 -1.182348 2.371837
E: -1.234923 @.888753 -1.826638 -8.32Z2172
4 8.889651 8.863971 -8.212373 -9.42a643
T

est set
hiome_ownership income dti fico
& a8.889551 -&.487219 a.747177 -8.9%5856
1 a.889551 1.389198 -a.la77a2 2.847258
2 a.889551 2.458899 a.3287a7 2 .478184
3 -1.224923 2.4132531 -8.549855 2.311713
= a.889551 g.458899 a.684181 -&.322172

Amotedéouata o€ Training Set (scaled data) X,= Home Ownership
. |#Create an instance of logistic regression named Lgstc_reg on scaled data _
lgstc_reg = LogisticRegression{penalty="none",solver="newton-cg") XZ lncome
# Fit Logististic regression to training set X3: Debt to income ratlo

lgstc_reg.fit(¥_train, y_train) # fit troining dota on logistic regression

X, = Credit score
print{lgstc_reg.intercept_, lpstc_reg.coef ) # get the coefficients of each features Y — 1416 _|_ 0145X1 _|_ 0033X2 —_ 0324X3 _|_ 0363X4

[1.4152429] [[ 8.14531837 2.03366805 -2,324@4582 8,36315462]]

Probability of a good loan = =
omov Y = 1.416 + 0.145 x 0.810 4+ 0.033 =

L _-0.808.

+e~Y

n.x. ['la 10 Tpto ddverlo n mhavotnTa va. eivon Kadd gival =

(—0.556) — 0.324 % 0.053 + 0.363 * (—0.164)=1.439, Gpa Probability of a good loan =




Y noloyiCovpe T GuvAPTNGT KOGTOVS Yo TO training, validation ko test sets.

%[_ Z Positive ln(Q) _ ZNegative ln(l _ Q)]

Outcomes Outcomes

Unscaled data Scaled data

i |# y_train_pred, y_val_pred, and y_test_pred are the predicted probabilities for the training set 1: |# y_troin_pred, y_val pred, and y_test pred are the predicted probabilities for the training set
# validation set ond test set using the fitted logistic regression model # validation set and test set wsing the fitted logistic regression model
y_train_pred=lgstc_reg.predict_proba(¥_train_unscaled) y_train_pred=lgstc_reg.predict_proba(X_train)
y_val_pred=1gstc_reg.predict_proba(X_val_unscaled) y_val_pred=1gstc_reg.predict_proba(x_val}
y_test_pred=1gstc_reg.predict_proba(X_test_unscaled) y_test_pred=1gstc_reg.predict_proba(x_test)

# Calculate moximum Likelihood for troiming set, volidation set, and test set # Calculate maximum Likelihood for troining set, validation set, and test set
mle_vector_train = np.log{np.where(y_train == 1, y_train_pred[:,1], y_train_pred[:,8])) # if y_troin == 1 set y_tr mle wvector_train = np.log{np.where(y_train == 1, y_train_pred[:,1], y_train_pred[:,2]))
mle_vecter_val = np.log{np.where{y _val == 1, y_val_pred[:,1], v_val_pred[:,28]}) mle_vector val = np.log(np.where{y_val == 1, y_wval _pred[:,1], v_val_pred[:,28])})
mle_vector test = np.log{np.where(y_test == 1, y_test pred[:,1], y_test_pred[:,8])}} mle_vector_test = np.log{np.where(y_test == 1, y_test_pred[:,1], y_test_pred[:,a]))
# Calculate cost functions from maximum Likelihoods # Colculate cost functions from maximum likelihoods
cost_function_training=np.negative(np.sum(mle_vector_train)/len(y_train)) cost_function_training=np.negative(np.sum({mle_vector_train)/len(y_train}}
cost_function_val=np.negative(np.sum(mle_vector_val)/len(y_val)) cost_function_val=np.negative(np.sum({mle_vector_wval}/len{y_val)}
cost_function_test=np.negative(np.sum(mle_vector_test)/len{y_test)) cost_function_test=np.negative(np.sum{mle_vector_test)/len{y_test))

print(‘cost function training set =', cost_function_training) print({'cost function training set =', cost_function_training)

print('cest function validation set =', cost_function_val) print('cost function validation set =', cost_function val)

print('cost function test set =', cost_function_test) print('cost functi sEseb -t ign test)

cost function training set = 4.72569639145581
cost function validation set = 4.7284436817884385
cost function test set = 4.72%486296578716

ost function training set = ©.49111475922183454
cost function validation set = 2.486171193@624336
ost function test set - 8.4847002607351208

w.y. O1 ocvvapTtoelS KOGTOVG Yo Ta. training kot validation sets O0glyvouv OTL TO HOVTEAO yeviKeDeETO KAAL. AvTO O€
onuaivel amapaitnta 0Tl €lvol T0 KOAVTEPO HOVIEAD. Me TV TPOocHNKN VEOV YOPOKTINPIOTIKOV UTopeite va KataAnéete
0€ KOADTEPO LOVTEAO.



Decision Criterion

* To dataset €ivan imbalanced pe mepicootepa KaAd oavela (good loans) and odvela mov
oev mAnpovouv (defaulting loans).

* Yrapyovv oladtkacieg yia tn onuovpyia evoc balanced dataset.

* Mg ¢va balanced data set Oa umropovcape vo TAEIVOUGOVUE L0 TAPOTPNOT OC BETIKN
av O > 0.5 kol apvnrikn av O <0.5.

* Qo1060, aVTO 0gv AauPaver vTOYN TO KOGTOG NG €0PAUAUEVNC TOSIVOUNONG €VOC
EMGQAAOVC OUVEIOV KOl TO OLPLYOV KEPOOC OO TNV ECPOAUEVT TACIVOUNGT) EVOC KAAOV
OUVELOV

* Mo KaAVTEPT TPOGEYYIOT €ivar 11 O1EPELVTION OtpopeTIK®VY thresholds Z

* Av O > Z t01€ 0€YOLOGTE TO OAVELO.

* Av O <Z 101€ QmOPPITTOVUE TO OAVELO.



The Confusion matrix and common ratios (apopovv 10 test set)

. . Predict positive outcome Predict negative outcome
Confusion matrix :

Aeiyver wy oyéon Predictions - outcomes Outcome positive TP (True Positive) FN (False Negative)

Outcome negative FP (False Positive) TN (True Negative)

Common ratios:
TP+TN

TP+FN+FP+TN ~

 Accuracy = AgiyveL TO TOGOGTO TV TAPATNPNGEMV TOV TASIVOLOVVINL GOGTA.

TP
TP+FN

* True Positive Rate (sensitivity or recall) = . Aglyvel 10 1060010 TV OETIKOV AMOTELEGUAT®VY TOV TPOPAETOVTOL

ocOoTA.

» True Negative rate (specificity) = . AglyvelL TO TOGOGTO TOV APVITIKOV OATOTEAEGUATOV TOV TPOPAETOVTOL MG

TN+FP
aPVNTIKAL.

* False Positive Rate = . AEYVEL TO TOGOGTO TOV APVITIKOV OTOTEAECUAT®V OV TaStvounOnkay Aavlacuéva.

TN+FP

* Precision,P = . Aglyvel 10 T0600TO TOV BETIKOV AMOTEAECULAT®V TOL ATOdElYONKAV GOGTA.

TP+FP
PXTPR

P+TPR
EYOLV avoyvoplobel.

* Fscore =2 X . Etvan éva accuracy pétpo yio imbalanced dataset ko deiyvel 1Oco KaAd ta BeTikd amoteAécpaT



Amotelécuata 6To test set

Z=0.00:

/Z=0.75:

/=0.80:

7=0.85:

Z=1.00:

Predict no Predict default
default
Outcome positive 79.17% 0.00%
(no default)
Outcome negative 20.83% 0.00%
(default)
Predict no Predict default
default
Outcome positive 60.83% 18.34%
(no default)
Outcome negative 11.70% 9.13%
(default)
Predict no Predict
default default
Outcome positive 42.71% 36.46%
(no default)
Outcome 6.46% 14.37%
negative (default)
Predict no default | Predict default
Outcome positive 22.75% 56.42%
(no default)
Outcome negative 3.01% 17.82%
(default)
Predict no Predict default
default
Outcome positive 0.00% 79.17%
(no default)
Outcome negative 0.00% 20.83%

(default)

# Creote dotaframe to store resultd

: THRESHOLD = [@.@8, .75, .28, .25 , 1.88]

results = pd.DataFrame(columns=["THRESHOLD", "accuracy", "true pos rate", "true neg rate", "false pos rate",

# Create threshold row
results["THRESHOLD'] = THRESHOLD

j=8
# Iterate over the 3 thresholds

for 1 in THRESHOLD:

#lgstc reg.fit{x_troin, y_train)

# If prob for test set » threshold predict 1
preds = np.where{lgstc_reg.predict_proba(X_test}[:,1] » 1, 1, @)

# create confusion motrix

cm = (confusion _matrix(y_test, preds,labels=[1, &],

print('confusion matrix for threshold =',i}

print{cm)
print(' '}

Confusion matrix

[[79.17838568 @.
[20.22969432 @,

Comfusion matrix

[[68.82969432 18.
[11.78385677 9.

Comfusion matrix

[[42.78742358 3&.
[ 5.4528821 14.

Conmfusion matrix

[[22.7518917 SE.
[ 2.21310844 17.

Comfusion matrix

[ e. 79,
[ a. 2@,

for threshold
1
11

for threshold
34261135 ]
12663755]]

for threshold
45285821 ]
36681223]]

for threshold
41921397 ]
81659383]]

for threshold
178385568 ]
229659432]]

sample_weight=None) / len{y_test))}*18e

2.8

2.75

8.8

n

[52]
o
(42}

n
=
o

10

"B



Test Set Rat1os yio 01popeTIKEG TIUES TOV Z

for 1 in THRESHOLD:

#lgstc_reg.fit(X_train, y_train)

# If prob for test set » threshold predict 1 Z=0.00 Z — 0.75 Z — 0.80 Z — 0.85 Z=1.00

preds = np.where(lgstc_reg.predict_proba(x_test)[:,1] » i, 1, &)
Accuracy 79.17% 69.96% 57.07% 40.57% 20.83%

# create conffusion matrix

cm = (confusion_matrix(y_test, preds,labels=[1, 8], sample weight=None) / len(y_test))*1ea

True Positive | 100.00% | 76.83% 53.94% 28.74% 0.00%

print('confusion matrix for threshold =',i)

prj.nt(clm? Rate

print( 3

e - enlelle] True Negative 0.00% 43.82% 68.97% 85.53% 100.00%
) Rate

results.iloc[1,1] = accuracy_score(y_test, preds) False Positive | 100.00% 56.18% 31.03% 14.47% 0.00%

results.iloc[],2] recall_score(y_test, preds)

results.iloc[j,3] = TN/(FP+TN)
results.iloc[j,4] = FP/(FP+TN} Rate

results.iloc[j,5] = precision_score{y_test, preds)

results.iloc[,6] = f1_score(y_test, preds) Precision 79.17% 83.87% 86.86% 88.31% n.a.

Te=1 F-score 88.37% 80.20% 66.55% 43.36% n.a.

print("ALL METRICS')

print( results.T)

ALL METRICS

a 1 2 3 4
THRESHOLD 8.8 8.75 8.8 2.85 1.8
aCCuracy 8.791783 9.693563 8.578742 ©.485677 8.2882397
true pos rate 1.a 2.76834 @.539437 @.2E7369 a.a
true neg rate 8.8 @.438155 @.539727 @.855346 1.8
false pos rate 1.8 8.351845 @.318273 @.142654 a.a
precision 8,791782 ©.338651 9.363561 @.883851 8.2
f-scaore 8.883744 9.881957 0.665537 8.433625 8.8



* Ymapyer éva trade-off petad tov True Positive Rate -
False Positive Rate:

Otav peyolover to True Positive Rate pueyoiover xor 10
False Positive Rate.

XT0 TOPAOELYUd HOG oVTO CNUOIVEL OTL UTOPOVE VO AVOYVMOPIGOLUE
Eva. LEYOADTEPO TOGOGTO KOA®MV Oaveiwv HOVO OtV TOEIVOUOVUE
AGOoc Eva pLeyaAbTEPO TOGOGTO KOUKMV OUVEI®V.
*  H ROC (receiver operating characteristics) curve deiyvel  oyéon
aVTY.

* Area Under Curve (AUC) H area under the curve givar évog dnmUo@IANg
TPOTOG TEPIANYNG TNG TPOYVOCTIKNG IKAVOTNTAC EVOC LOVTELOV VoL EKTIULE,
uo ovadikt petafBintn (binary variable).

0 Otoav AUC =1 t61¢ 10 povtéro sivau tédelo (perfect).

U Otav AUC > 0.5 161€ 10 povtéro €xel (KATO10) TPOYVMOTIKY IKOVOTNTO,

U Otav AUC =0.5 1616 T0 HOVTELO OEV €YEL MPOYVMOOTIKY KavOTNnTo (NO
predictive ability).

U Otav AUC < 0.5 t0te T0 HOVTELO €YEL OPVNTIKN TPOYVOCTIKN IKOVOTITA
(negative predictive ability).

I'a to LendingClub model pe ta 4 yapaktnpiotikd (features), AUC = 0.6578.

# Colculate the receiver operating curve gnd the AUC meosure
1r_prob=lgstc_reg.predict_proba{X_test)

1r_prob=1r_prob[:, 1]

ns_prob=[@ for _ in ramge{len(y_test))]
ns_auc=roc_auc_score{y_test, ns_prob)
lr_auc=roc_auc_score(y_test,lr prob)

print("AUC random predictions =", ns_auc)

print("AuC predictions from logistic regression model =", 1r_auc)
ns_fpr,ns_tpr,_=roc_curve{y_test,ns_prob}
1r_fpr,1lr_tpr,_-roc_curve{y_test,lr_prob}

plt.plot(ns_fpr,ns_tpr,linestyle="--"',label="Random Predcticn')
plt.plot(lr_fpr,lr_tpr,marker='.",label="Logistic Regression')

plt.xlabel('False Positive Rate')
plt.ylabel('True Positive Rate')
plt.legend()

plt.show()

AUC randem predictions = @.G
AUC predicticns from logistic regression model = @.6577628841773786

1.0 4 === Random Predction il
Logistic Regression H'__-'
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EmA&yovtac 10 Z

* H tiun tov Z umopel va Pacileton
* 2TO OVOUEVOUEVO KEPOOC amd Eva OAVELD OV givat KaAd, P
* H avauevouevn anwieio and Eva odvelo mov abeteitan, L

* ®@éAovpue va peyiotonotoovue to (P xTrue Positive)—(L xFalse Positive)

* Av Bempncoovue 0Tl TO KOGTOC TMV O0VELMV OV adeTOVVTOL VO, Elval 4 QOPES
TO KEPOOG TV KAAWDV OOVEILDV, TOTE Ylo

d T Z2=0.75 mpoxvmter 0.1402P (=P x60.83% -4P x11.70%)
d I'io Z=0.80 poxvmtel 0.1686P (=P x42.71% -4P x6.46%)

d ' Z=0.85 mpoxvmtel 0.1070P (=P x22.75% -4P x3.01%)
Apa emirgyovue 1o £Z=0.80 me101 ivon 10 O KEPOOPOPO.

13



	Χειρισμός Κατηγορικών Χαρακτηριστικών-Στόχων: Λογιστική Παλινδρόμηση
	Slide 1: Logistic (ή Logit)  Regression
	Slide 2: Σιγμοειδής συνάρτηση (sigmoid ή logistic function)
	Slide 3: Maximum Likelihood Estimation
	Slide 4: Εφαρμογή LendingClub
	Slide 5: Κάποια δεδομένα  (unscaled) από το training, validation και test set
	Slide 6: Κάποια δεδομένα  (scaled) από το training, validation και test set
	Slide 7
	Slide 8: Decision Criterion
	Slide 9: The Confusion matrix and common ratios (αφορούν το test set)
	Slide 10: Αποτελέσματα στο test set
	Slide 11: Test Set Ratios για διαφορετικές τιμές του Z 
	Slide 12: Η ROC (receiver operating characteristics) curve δείχνει τη σχέση αυτή.
	Slide 13: Επιλέγοντας το Z

