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Logistic (n Logit) Regression

* O ot0y0¢ €ival va tacivounbovv ol mapatnpnocelc o€ "0eTikd amotélecua”
Ko "apvnTIKO amoTEAEGUA YPNGILOTOLOVTOS G 0EOOUEVH YOUPAKTNPIGTIKA.
* H mBavotnta Betikov amoteAécuatoc Oempeiton OTL €lval (ol GLYHLOELONC

1
1+e~Y

cvvaptnon (sigmoid 7 logistic function):Q =

OOV TO Y GYETICETOL YPOUUUIKA UE TIC TILUES TV YOPOUKTPLOTIKOV:
Y —_ a+b1X1 +b2X2 + +Xm



21ypoedng cvvaptnon (sigmoid v logistic function)
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Maximum Likelihood Estimation

« Xpnowomolovpue to training set yio vo. LEYIGTOTOIGOVUE

> m@+ ) In(1-0)

Positive Negative
Outcomes Outcomes

[cooVvapo UTopovUE VO, ELOYIGTOTOGOVLE LU GLVAPTI O KOGTOVC

- m@- Y ma-o

Positive Negative
Outcomes Outcomes
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* Avtl m ueywotonmoinon (elaylotomoinon) oev  umopel vo  yivel avoALTIKA, OAAG  UTOPOVUE VO
ypnoomomocovue Evov akyopibuo gradient ascent

* Tl vo coumepthdfooue to regularization umopovue vo mposfécovue A ), bjz M 7\2|bj| oTN GLVAPTNOT TOL
elayloTomoleitan



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.



Kémowa oedopuéva (unscaled) amoé to training, validation ko test set

uUnscaled data
Trainming set

#print first five instances for each data set - unscaled - hD”E—G“”ErE“iE J;;i”; 1;:@ "c;;g
print("unscaled data"™) 1 @ Sesee.2 29.82 735
print{"Training set") : o Siieees IoEE ETE
print(X_trailn_unscaled.head{)}) 2 1 11see8.8 25.68 555

FpEf = +3in — my validation set
:IF?F ": validation set . home_ocwnership imcome dti fico
print{X_wval unscaled.head{)) a a 2seaa.8 27 .68 G558
= - 1 (=] Saaaga .8 21.51 715
jr'rt{IITESt E-Et“} 2 1 1288a9aa .8 .14 rara =]
print{X_test unscaled.head{}} = a Fseea.8  1.76 585
< 1 FEQQa .2 1s.11 S8

Test =set

home_ownership income dti FfFico
L=l SZ24aa .2 24 .53 5655
1 1 1588943 ., 8 A7 .83 785
2 1 18889 .8 Za .92 Fle
= = S97aaa . a8 1=.11 a5
=< 1 18aa9a ., 8 24 .28 585

Amotehéopata og Training Set (Unscaled data) X,= Home Ownership
|+ #Create an instance of Llogistic regression named lgstc_reg on unscaled data =
X,~ Income
lgstc_reg = LogisticRegression{penalty="none",solver="newton-cg") . .
Fit logististic regression to training set X3: Debt to Income ratlo
lgstc_reg, fit(¥_train_unscaled, y_train) # fit training date on Logistic regression X4 = CTEdIt Score

#

print(lestc_reg.intercept_, lgstc_reg.coef ) # get the coefficients of each features
[-5.98@82741] [[ 2.9765931ce-81 6£.179793172-87 -3.65499148e-82 1.12683137e-82]] Y

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

Probability of a good loan =

1+e~ Y

omov Y = —5.981 + 0.297 * 1 + 0.0006 * 44304 —

0.0365 * 18.47 4+ 0.0113 x690 = =1.439 , dpa. Probability of a good loan = 1+2_Y = 0.808. 6

n.x. ['la 10 Tpto ddvero n mhavoTnTa Vo, elvon Kadd givarl =




Kémowa dedopéva (scaled) amod to training, validation ko test set

Sscaled data
Training =<t
home_ocwnership imcome diti fico
@.829651 -2.556232 @.253182 -8.1637a1
-1.234923 -2.451393 1.387386 1.262539
-1.234923 -2.186349 -@.148259 -2.63%114
-1.234923 -2.663868 1.769728 -1.114527
@.8292651 @.388284 @.374418 -8.956856
walidation set
print(X_val.head()) home_ocwnership income dti Fico
- — ; a -1.234923 -2.911538 1.888153 -1.114527
print("Test set") 1 ~1.234923 -@.451393 ©.395877 @.628655
print{X test.head()) 2 B.289E51 @8.452899 -1.182948 2.3IF1827
3
T

#orint first fFive instances for each dota set - scaled
print{"scaled data"}

print{"Training set")}

print{X_train.head({})

print{"validation set™)

Jo RO

-1.234923 2.888753 -1.82663E8 -8.322172
a.889551 2.863971 -8.212379 -8.488643
est =set

home_ocwnership income dti fFico

a2 8.889551 -2.48721% a.747177 -8.9%6856
1 a.889551 1.3859198 -a.1877c2 2.847258
z a.889551 2.458899 a.3237a7 2.478184
= -1.234923 2.413531 -8.549855 2.311713
4 a.889651 @e.468899 B8.634181 -8.322172

Amoteléopata og Training Set (scaled data) X,= Home Ownership
. |#Create an instance of logistic regression named Lgstc_reg on scaled data

X,~ Income

lgstc_reg = LogisticRegression{penalty="none",solver="newton-cg"}

# Fit Logististic regression to training set X3: Debt to income ratio
lgstc_reg.fit(¥_train, y_train) # fit training 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

[1.4152425] [[ 8.14531837 2.03356805 -2,32484582 8,36315462]]

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

! _-0.808.

+e~Y

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

(—0.556) — 0.324 % 0.053 + 0.363 * (—0.164)=1.439, 4pa Probability of a good loan =




YrmoAioyilovue 1N ocvvaptnon kdécToug v To training, validation ko test sets.

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

Outcomes Outcomes

Unscaled data Scaled data

i # y troin_pred, y_val_pred, and y_test_pred are the predicted probabilities for the training set 1t |# 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 using the fitted logistic regression model
y_train_pred=lgstc_reg.predict_proba(X_train_unscaled) y_train_pred=lgstc_reg.predict proba(¥_train)
y_val_pred=1gstc_reg.predict_proba(x_val_unscaled) y_val_pred=lgstc_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 troining set, volidotion set, and test set # Colculate maximum Likelihood for troining set, validaotion 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_vector val = np.log(np.where(y val == 1, y_val_pred[:,1], v_val_pred[:,8])) mle_vector val = np.log(np.where{y_val == 1, y_wval _pred[:,1], v_val_pred[:,8]})

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[:,8]))
# Calculate cost functions from maximum Likelihoods # Colculate cost functions from maximum [ikelihoods
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_val}/len{y_wval))
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(‘cost function validation set =', cost_function val) print('cost function validation set =', cost_function_val)

print(‘'cost function test set =', cost_function_test) print('cost fu :

test)

cost function training set = 4.725690629145581
cost function validation set = 4.7284436817884385
cost function test set = 4.729486296578716

ost function training set = ©.49111475922183454
cost function validation set = @.486171193@624336
ost function test set - 8.4847002607351808

n.x. Ot cuvaptioelg kéoTovg yio To training xon validation sets dsiyvouv 611 T0 HOVTEAO YevikeDeTOl KOAL. ALTO OF
onuaivel amapaitnta 0Tl €lvol T0 KOAVTEPO HOVIEAD. Me TV TPOocHNKN VEOV YOPOKTINPIOTIKOV UTopEite va KataAngete
o€ KOADTEPO LOVTEAO.



Decision Criterion

* To dataset eivar Imbalanced pe nepiocotepa kard davelo (good loans) amd ddveila mov
oev mAnpavovv (defaulting loans).

* Yrdpyovv otodtkooieg yiao T onpovpyia evoc balanced dataset.

* Mg éva balanced data set 6o pmwopovcaue vao TOEWVOUNCOVLE U0 TOPATAPNON O¢ OeTIKN
av Q > 0.5 ko apyntikn av Q <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

* Mia kaAOTEPT TPOGEYYIoN Elval 1 diepedivnon dwapopetikmyv thresholds Z

* Av Q > Z 161€ 0€YOLAGTE TO OBAVELO.

* Av Q <Z 10te amoppintovue T0 0dVELO.



The Confusion matrix and common ratios (agpopotv 1o test set)

i . Predict positive outcome Predict negative outcome
Confusion matrix :
Aeiyver wy ayéon 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.

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

TP+FN
ocOoTA.

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

TN+FP
aPVNTIKAL.
* False Positive Rate = TNTFD Agiyvel TO TOGOGTO TOV APVNTIKOV ATOTEAEGUATOV OV TaStvounonkay Aavlacuéva.
* Precision,P = TPIED Aglyvel 10 T0G0GTO TV BETIKOV OTOTEAEGUATOV TTOL ATOOElYONKAY COOTA.
PxTPR . . : , . . . .
* Fscore=2X orpg - Evor évo accuracy pétpo yia imbalanced dataset ka1 deiyvel m6G0 KoAd Ta OeTiKA OmoTEAEGHLATO,

EYOLV avoyvoplobel.



Amotelécuata oto test set o e

results = pd.pataFrame(columns=["THRESHOLD", “"accuracy”, "true pos rate", "true neg rate", "false pos rate", "p

Predict no Predict default # create threshold row
default results["THRESHOLD'] = THRESHOLD
Z =0.00: Outcome positive 79.17% 0.00% i-e
(no default) # Iterate over the 3 thresholds
Outcome negative 20.83% 0.00% for 1 1 THRESHOLD:
(defaUIt) #lgstc reg.fit¢{x_troin, y _train)
Predict no Predict default et e or et et s threchots aresic
default pr'e:dsw: np'.':.lhe;'eiig;t;_r'eg.“pr'eddict_;r‘;béi)_(_{estj[:,J.] > i, 1, @)
Outcome positive 60.83% 18.34% S
Z = 0.75: (nO defal,”t) cm_=_Eézn%asli;;1irdw—altrf1;<{;fftest, preds,labels=[1, 8], sample_weight-mone) / len{y_test))*les
Outcome negative 1170% 913% print('Confusion matrix for threshold =',i)
print(cm)
(default) print(* *)
Predict no Predict
default default fue crix for threshold
gt Confusicn matrlx for resng = 2.8
7-=0.80" Outcome positive 42.71% 36.46% [[79.17030568 @. 1
It (no default) [20.22963432 @. 11
_OUtcome 6.46% 14.37% Confusion matrix for threshold = 8.75
negative (default) [[6@.82969432 18.34861135]
[11.78385677 9.12563755]]
- - Confusion matrix for threshold = 8.8
Predict no default | Predict default [[42.78742358 36.4628821 ]
[ 6.4628821 14.36581223]]
Z_O 85 Outcome positive 22.75% 56.42% Confusicn matrix for thresheld = 8.8%
—VU. . n faul [[22.7518917 G5&.41921397]
(no defau t). [ 3.e131@844 17.81659383]]
Outcome negative 3.01% 17.82%
(defau|t) Confusion matrix for thresheld = 1.8
[[ a. 79.172838568]
Predict no Predict default [ e 20.82963432]]
default
7 =1.00 Outcome positive 0.00% 79.17%
Bt (no default)
Outcome negative 0.00% 20.83% 11
(default)




Test Set Ratios yia drapopetikéc Tiuég Tov Z

for 1 in THRESHOLD:

#lgstc_reg.fit({X _train, y_train)

# If prob for test set > threshold predict 1 Z:OOO Z - 075 Z - 080 Z - 085 Z:100

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

# create confusion 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 =',1i)

P Rate

print(* *)

- caoto True Negative | 0.00% | 43.82% | 68.97% | 85.53% [ 100.00%
FP = cm[1][&] Rate

TN = cm[1][1]

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

results.iloc[j,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[3,6] = fl_score(y_test, preds) Precision 79.17% 83.87% 86.86% 88.31% n.a.

2 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 a.a 8.75 8.8 2.85 1.8
gCCuracy 8.791782 ©.693563 @.578742 @.485677 8.288297
true pos rate 1.8 8.76834 0.539437 8,287369 8.8
true neg rate 8.8 8.438155 @.889727 @.E55346 1.8
false pos rate 1.8 @.551345 @.318273 8.142654 8.8
precision 8.791782 ©.838651 8.863561 @.853851 a.a
f-scaore B.883744 9.8081957 @.5665532 8.433625 a.a



* Ymnapyer éva trade-off peta&d twv 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 pLeyaAOTEPO TOGOGTO KOKMOV OAVEIMV.
«  H ROC (receiver operating characteristics) curve deiyvel t oyéon
avTn.

« Area Under Curve (AUC) H area under the curve givai évag onuoQiAng
TPOTOG TEPIANYNG TNG TPOYVOCTIKNG IKAVOTNTAC EVOC LOVTELOV VoL EKTIULE,
wa Svadikn petafAnt (binary variable).

0 Otoav AUC =1 t61€ 10 povtéro givon téeto (perfect).

U Otav AUC > 0.5 16t€ 10 povtélo €xel (KATO10) TPOYVMOOTIKY IKOVOTNTO,

U Otav AUC =0.5 1616 10 pOVTELO OV €YEl TPOYVMOOTIKY tkavotnto (NO
predictive ability).

U Otav AUC < 0.5 t01e T0 HOVTELO €YEL OPVNTIKN TPOYVOCTIKN IKOVOTNTA
(negative predictive ability).

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

# Calculate the receiver operating curve and the AUC measure

1r_prob=lgstc_reg.predict_proba{X_test)

Ir_prob=1r_prob[:, 1]

ns_prob=[@ for _ in range{len(y_test))]
ns_auc=roc_auc_score(y_test, ns_prob)
1lr_auc=roc_auc_score(y_test,lr_prob)

print("AUC random predictions =", ns_auc)

print{"auC predictions from logistic regression model =", lr_auc)
ns_fpr,ns_tpr, =roc_curve{y_test,ns_prob}

lr_fpr,lr_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 Fositive Rate')}
plt.legend()

plt.show()

AUC randem predictions = @.5
AUC predicticns from logistic regression model = @.6577628841773786

1.0 4 ==- Random Predction
Logistic Regression "rf
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Emiéyovtac 10 Z

* H tiun tov Z umopel va Pacileton
* 2T0 VOUEVOUEVO KEPOOG OO £va OAVELD OV €lval KaAo, P
* H avauevouevn anwieio and Eva odvelo mov abeteital, L

* ®¢lovpue va peytotomotnoovpe to (P xTrue Positive)—(L xFalse Positive)

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

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

d "o Z =0.85 mpoxvmtel 0.1070P (=P x22.75% -4P x3.01%)
Apa emréyovpe 1o Z=0.80 emeon eival To wo KEPOOPOPO.

14
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