GLM

Sometimes life is going to hit you in the head with a

brick. Don’t lose faith.
-Steve Jobs
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7|1E de Ao Fuftl of, 2[HE M 50| 097]0f| £t Cfet 2 x5 WELL

B2 73N, 2 SI 20| 2R W40|0 CHy XS mECt,

—

LINK &=

2t 3| HEYH2 E(y) = u = Xb, (Xb S ¥ F =, linear predictor} 8HCHO[EZ p7t 7HE &= U
= WUE (—00, 00) AEHO|DZ Xpof fsf BH7FsStCE 2Lt O[T y ~ B(p) &l B2 E(y) = pOl
B2 (0, 1) &x2= =t JeiA Chsat 22 38 g= 0185101 g(E(Y |x)) = g(w) = Xb, g(u)7t
7HE = U= US (—0, 00) ALY 22 WSO MK Fet0f O[3l 0| F3tct.

&5 1
Y~Gamma &% : g(u) = — ; = Xb, log

Y-HI250] 2 : g = In- i
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Common distributions with typical uses and canonical link functions

o o . . Link function,
Distribution Support of distribution Typical uses Link name
XB = g(u)
Normal real: (—oo, +oo) Linear-response data Identity X,B =N
Exponential Negative
real: (0, +oo) Exponential-response data, scale parameters ) Xﬂ — _/[1
Gamma inverse
Inverse Inverse
real: (0, +00 X8 — ;2
Gaussian ©, ) squared B=n
count of occurrences in fixed amount of
Poisson integer: 0,1,2,. .. , Log XA =In(u)
time/space
Bernoulli integer: {O, 1} outcome of single yes/no occurrence
count of # of "yes" occurrences out of N yes/no
Binomial integer: 0,1,..., N
occurrences
integer: [0, K 7]
. [0, K) _ Logit X8 = ln<
Categorical | K-vector of integer: [0, 1], where exactly one outcome of single K-way occurrence 1—pu
element in the vector has the value 1
count of occurrences of different types (1.. K)
Multinomial | K-vector of integer: [0, ]|
out of Ntotal K-way occurrences
o it
@|Z|Z|C|OF

Sk g

Il

23 g(E(y)) =Xb+e, e ~ N0,6°)

¢ O|TIY BE P(y,=1)=p, p =" => g(p) = In(p,) = — Ox
e Poisson E(y) =4, 1 = ne%, g(A) = In(n;,) + 0 *i

X|£=Z exponential family

o f(3:0) = h(Wexp(O)T(x) — A(B) 2 EHE|= HBWA y= X2ZF0|Lh g D2, T S2E

AZOICt,

o (dB) X529 T(x)= 2HH[SAZE0|H T(x)2| &+ & 2Hds BEsh= S7420] MVUEO|LCY.

o (&) Z2OARX8 = In(f(y; 0))= LS d&S H=Ch. (1) score &4 U =

2 E(U) = 0 0|C}. (2) US| 242 InformationO|2t 2|ttt v(U) =

dU
29| 7[thgt2 E(—) = — V(U) = — J ZA4S Z=C
do
c JTIRE, UOIRE ZOISEE, O|YEE, HEHEE S (22| RS

do
( ) 3) AT &

2=9| g 1X} O
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CHEE O|20f| sl [OIRFEA] U'T~'U ~ 2(p), p=272] =

MLES| ZE4AE: E[(0 — 0)(0 — 0)] = J(O)
Wald ZAEEAZF (@ — 0)' T 1(0)0 - 0) ~ y2(p)
LR REH| HE H,:0=0

G L(y;é? under Hy)

z ~ 2Inl ~ yX1)
L(y;0)
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o3
= 0 = AL
7HE 2EX| z; B@ = n)0|BE2 (—F2t2| 8 3[+= y, ~ B(n, 1)
Subgroups
1 2 A N

Successes Y; Y, o YN

Failures ni—Yy no—Ys ... nny-—YnN

Totals ny no o nN

_IE1D§ — ~ b(m) => E(y,/n) = =,

i
215814 o(r) = Xb? B|ADH HBE Aok 2T5H40| BRI HHEA| (— oo, 00)0|0{OF BiTH, 112
D2 b5 2HEHet (AR 1 = Xbs MESIX| 943
HEEE

1) Probit 28 : &~ l(z) = Xb, @ ! : AHAEEE ¢

o UL HHEO| —5 JHX|E 50% ZLAAIE = A= dose &

) = XD,
T

o S| AS p ol ES= T2l Mol OjX|= ol SH4( X, ) Dot H5ot Ut
o etz 0| S X, @XH|

3) Complementary log-log function (Gumpertz) : log(—log(1 — x)) = Xb
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™
=
x
1
0%

{0 2 po| -T2 MLE B, N R HHO = ZHIC

At

ZX|= (0, 1)2] 0| Zo|Lt =F 2| A0l ofsfl AlLtE HMetX|= (0, 1) At0|2] =&
of= AEE Ul FEEe S= (1R E et At=0|C}. 650f=] £ of
1.69 8= & X3S M 60te|= =41 LI X| 590t2|= HESIRICE.

Dose, x; Number of Number ® O ®
(log1oCSomgl™1)  beetles, n;  Kkilled, y; OB BN )
1.6907 59 6 8 8 : @
1.7242 60 13 : 20 o @
1.7552 62 18 & siieiie @
1.7842 56 28 2 16 6 6 @
i - 2 O
1.8369 59 3% & o 0.0 o
1.8610 62 61 J e O O
1.8839 60 60 S
03 log( ) =a+ b(Dose) + e, m; = P(Success|Dose = x;)
]z-l
T . Y
QXH| ; = exp(a + b(Dose)), Dose=X 1t2| S7t5tH Q@ RH|= POtE S7ISIC
— T
1 4
Filied dim = - 3| HAe| BS7F L+0]|10 10| HX[H (d3: x , event)?}
1 —exp(a + b(Dose))
HAXEE H3 &E0| Z0HX|11 57t S4=> HUZ0| HX[H 7, 7t 20X |22 MZ &F0| HOlXIC,



HHYIL

Confussion &=

HESHE 8.
AN oS-> = ATj
Nz P FP
Alj FN TN
HEZ H|S : (TP+TN)/(TP+FP+FN+TN) =2 230 £[& 23

_Iel_
BIZ = sensitivity : (TP)/(TP+FP) / £0| & specificity : (TN)/(FN+TN)

Ol IOl 2M RI=E7I FOZE H)

import pandas as pd;import numpy as np
dose=pd.Series([1.69,1.72,1.76,1.78,1.81,1.84,1.86,1.88])
n=pd.Series([59,60,62,56,63,59,62,60]); y=pd.Series([6,13,18,28,52,53,61,60])
a=pd.Series(np.repeat(dose,n-y)) ; a2=pd.Series(np.repeat(dose,y))
a.reset_index(drop=True,inplace=True); a2.reset_index(drop=True,inplace=True)
b=pd.Series(np.repeat(0,sum(n-y))); b2=pd.Series(np.repeat(1,sum(y)))
b.reset_index(drop=True,inplace=True); b2.reset_index(drop=True,inplace=True)
ab=pd.concat([a,b], axis=1) ; ab.columns=['dose’,'y']

ab2=pd.concat([a2,b2], axis=1); ab2.columns=['dose’,'y’]
df=pd.concat([ab,ab2],axis=0)

import seaborn as sns
sns.barplot(x=df['dose’].astype(str),y="y',data=df) B L BRELL © L b B B

dose
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dff'int] =1

import statsmodels.api as sm
logit_model=sm.Logit(df['y'],df[['int’,'dose']])
result=logit_model.fit()
print(result.summary2())

Model: Logit Pseudo R-squared: 0.419
Dependent Variable: y AIC: 378.8720
Date: 2020-06-15 08:43 BIC: 387.2237
No. Observations: 481 Log-Likelihood: -187.44
Df Model: 1 LL-Null: -322.72
Df Residuals: 479 LLR p-value: 8.5287e-61
Converged: 1.0000 Scale: 1.0000
No. Iterations: 7.0000

Coef Std.Err. z P>|z]| [0.025 0.975]
int -60.1033 5.1642 -11.6385 0.0000 -70.2249 -49.9817
dose 33.9342 2.9029 11.6898 0.0000 28.2446 39.6237

dose g|HAl+= BES7} +0|B 2 He| Z30f &2
D=0 =02l

[ 1] 1 np.exp(result.params)

G int 7.897277e=-27
A+§§%§9152255|E§ dose 5.462866e+14
=)

5.460|22 AtEEFS Stohe| Sk mio
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EFOJERS] ALz

CIOIH 74 L7|

import pandas as pd
df=pd.read_csv('http://wolfpack.hnu.ac.kr/Stat_Notes/example_data/titanic_data.csv’)
df.info()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 1310 entries, 0 to 1309
Data columns (total 14 columns):

# Column Non-Null Count Dtype
0 pclass 1309 non-null floaté64
1 survived 1309 non-null float64
2 name 1309 non-null object
3 sex 1309 non-null object
4 age 1046 non-null floaté64
5 sibsp 1309 non-null float64
6 parch 1309 non-null floaté64
7 ticket 1309 non-null object
8 fare 1308 non-null floaté64
9 cabin 295 non-null object
10 embarked 1307 non-null object
11 boat 486 non-null object
12 body 121 non-null floaté64
13 home.dest 745 non-null object
7t55tH Of| S (survived)E (0,1) =ALZ E= A0| &t &857| HElsiTE 12|10 oSt 531
H~E MENSET Nan(Z&R()2 M2 St

dfO=df[['survived’,'age’,'sibsp’, fare’,'sex’,'pclass’]]
dfO.dropna(inplace=True); dfO.shape

Cl|O|Ef XH& (1045,6)

B A 12 MES H7Y|

I F e P ko) A — B}

] 1 df0.groupby([ 'pclass','sex']).mean()[ 'survived']

pclass sex

1.0 female 0.962406
male 0.350993
2.0 female 0.893204
male 0.145570
3.0 female 0.473684
ma]..e 0.169540 ( :I ':)\-I) )éﬂ?_&% e 96%
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import seaborn as sns
sns.barplot(x="pclass’, y="survived’, data=df0)

pclass

ZX|AE 3 ES FF

genders = {"male”: 0, "female": 1}
dfO['sex']=dfO['sex'].map(genders)

dfO['int']=1; y=dfO['survived']; X=dfO[['int’,'age’,'pclass’, fare’,'sex']]
import statsmodels.api as sm

logit_model=sm.Logit(y, X); result=logit_model.fit()
print(result.summary2())

—

0] 371 0] &el BR0ll= H{O|

lterations b
Results: Logit

Model: Logit Pseudo R-squared: 0.305
Dependent Variable: survived AIC: 992.8071
Date: 2020-06-15 09:14 BIC: 1017.5660
No. Observations: 1045 Log-Likelihood: -491.40
Df Model: 4 LL-Null: -706.79
Df Residuals: 1040 LLR p-value: 6.2537e-92
Converged: 1.0000 Scale: 1.0000
No. Iterations: 6.0000
Coef Std.Err. z P>|z| [0.025 0.975]
int 2.0110 0.4235 4.7486 0.0000 1.1810 2.8410
age -0.0337 0.0063 -5.3489 0.0000 -0.0460 -0.0213
pclass -1.1080 0.1285 -8.6222 0.0000 -1.3598 -0.8561
fare 0.0007 0.0017 0.3836 0.7013 -0.0027 0.0040
sex 2.4900 0.1670 14.9111 0.0000 2.1627 2.8173
= O], A S20| 2242
=5 AE 7ted RO 1@ A 8) 28 =trEsrS 01d0|H dE 7Isd 04Tt
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1 import numpy as np
2 np.exp(result.params)

int 7.470678

age 0.966874

pclass 0.330224

fare 1.000662

sex 12.0e1147 sex 0{4=0|22 0| H|s| &= 7ts42 128 =Cf. LIO[7} =
7tsd2 JotX|o{(3| HAHI S4) 1/0.97=1.03H] A2 7Hs 0| =OtXICt,

HaF H[E (dE-> dZ 76%=(300)/(127+300), ArH->AH2 80%=(523)/523+95) 78.8%0|Lt.

from sklearn.linear_model import LogisticRegression
logreg = LogisticRegression()

logreg.fit(X,y)

y_pred=logreg.predict(X)

round(logreg.score(X,y) * 100, 2)

> 78.76
from sklearn.metrics import confusion_matrix
confusion_matrix = confusion_matrix(y, y_pred) [[523 95]
print(confusion_matrix) [127 300]]

from sklearn.metrics import classification_report
print(classification_report(y, y_pred))

precision recall fl-score support

0.0 0.80 0.85 0.82 618

1.0 0.76 0.70 0.73 427

accuracy 0.79 1045
macro avg 0.78 0.77 0.78 1045
weighted avg 0.79 0.79 0.79 1045
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>
ol
Jiok
]

[ ] 1 logreg.predict proba(X)

[> array([[0.07504328, 0.92495672],
[0.27433915, 0.72566085],
[0.0337357 , 0.9662643 ],
ey

[0.89600832, 0.10399168],

[0.89754085, 0.10245915],

[0.90342425, 0.0965757511) _\ . juor uy

S i) —| o

Zo=, 0|2H0|H AMEe 2 EFEC,. 2 threshold (cut-offy= 0.

ROC #HH

import matplotlib.pyplot as plt

from sklearn.metrics import roc_auc_score

from sklearn.metrics import roc_curve

logit_roc_auc = roc_auc_score(y, logreg.predict(X))

fpr, tpr, thresholds = roc_curvel(y, logreg.predict_proba(X)[:,1])
plt.figure()

plt.plot(fpr, tpr, label="Logistic Regression (area = %0.2f)' % logit_roc_auc)
plt.plot([O, 1], [0, 1],'r--)

plt.xlim([0.0, 1.0])

plt.ylim([0.0, 1.05])

plt.xlabel('False Positive Rate’)

plt.ylabel('True Positive Rate’)

plt.title('Receiver operating characteristic’)
plt.legend(loc="lower right")

plt.savefig('Log_ROC)

plt.show()

Z250| EHEICH 0.5 0|f0]H
50|Ct
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Receiver operating characteristic

10 -
08 A ) .
2 o vy AL, x-F2 (1-50|x)
=4
gl o 45 MZ|EM)2 RIZtE=(1-
£ -E0|T)7t ElE MO = HHE(ZAL
e
3 71E 28 M=2) dAE 2ol
g e AUC(area under curve) excel-
gt — Logistic Regression (area = 0.77) lent Z4AF 90~100%, Good
0.0 Ll Ll L |
0.0 0.2 0.4 0.6 0.8 10 80~90%, 70%0|A0|H fair

False Positive Rate

optimal cut-off 2t : Al=EHE0] 0.42 0[&0[H AP O|2H0|H Ao = EF/ot= A0| Bl E, E0|=

1% =2 7|&Z40|Ct. Youden's J-Score W12 Z2MO =2 HE J1a He| EHZT 22 A 7|&4e
2 H|otstCt,

i = np.arange(len(tpr)) # index for df Youden's J-Score

roc = pd.DataFrame({'fpr' : pd.Series(fpr, in-
|dex=i),"tpr" : pd.Series(tpr, index =), "1-fpr": [26] 1 cutoff youdens j(fpr,tpr,thresholds
pd.Series(1-fpr, index =), 'tf' : pd.Series(tpr -
(1-fpr), index = i), 'thresholds' :
pd.Series(thresholds, index = i)})
roc.iloc[(roc.tf-0).abs().argsort()[:1]]

import pylab as pl

# Plot tpr vs 1-fpr

fig, ax = pl.subplots()

pl.plot(roc['tpr'])

pl.plot(roc['1-fpr'], color = red’)
pl.xlabel('1-False Positive Rate’)
pl.ylabel('True Positive Rate’)
pl.title('Receiver operating characteristic’) e
ax.set_xticklabels([]) 1-False Positive Rate

[> 0.42373518300781265

Receiver operating characteristic

) ) © H
o+ (=] [s4] o

True Positive Rate

o
N

o
o
L
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Recursive Feature Elimination in Logistic Regression

from sklearn.linear_model import LogisticRegression
from sklearn.feature_selection import RFE
y=dfO['survived']

X=dfO[['age’,'pclass’, fare’,'sex']]

# Build a logreg and compute the feature importances
model = LogisticRegression()

# create the RFE model and select k=2 attributes

rfe = RFE(model, 2)

rfe = rfe.fit(X, y)

# summarize the selection of the attributes
print(‘'Selected features: %s' % list(X.columns[rfe.support_]))

[> Selected features: ['pclass', 'sex'] oS,

CHE =iC|olE 2 HE

Stochastic Gradient Descent (SGD)

from sklearn import linear_mode|

sgd = linear_model.SGDClassifier(max_iter=5, tol=None)
sgd.fit(X,y)

Y_pred=sgd.predict(X)

round(sgd.score(X,y) * 100, 2)

Random Forest

from sklearn.ensemble import RandomForestClassifier
random_forest = RandomForestClassifier(n_estimators=100)
random_forest.fit(X,y)

Y_prediction = random_forest.predict(X)
round(random_forest.score(X,y) * 100, 2)

HESZ HIE =97.7%
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Linear Support Vector Machine

from sklearn.svm import SVC, LinearSVC
linear_svc = LinearSVC()
linear_svc.fit(X,y)

Y _pred = linear_svc.predict(X)
round(linear_svc.score(X,y) * 100, 2)

Decision Tree

from sklearn.tree import DecisionTreeClassifier
decision_tree = DecisionTreeClassifier()
decision_tree.fit(X,y)

Y_pred = decision_tree.predict(X)
round(decision_tree.score(X,y) * 100, 2)

HEFHE =97.7%

K Nearest Neighbor

from sklearn.neighbors import KNeighborsClassifier
knn = KNeighborsClassifier(n_neighbors = 3)
knn.fit(X,y)

Y_pred = knn.predict(X)

round(knn.score(X,y) * 100, 2)

oA
M
3n

HIE =81.2%

MHO
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