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Logistic Regression Analysis

Goals: Logistic Regression Analysis
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- Mudsuaaws, mudsamy, Mulseauauss (Outcome,
Dependent, Response) = discrete (two possible, dichotomous,
binary)
- @dsedune, Mudsdass, audsvhing (explanatory,

independent, predictor) = continuous, categorical

Logistic Regression Analysis

Logistic Regression Analysis

Model sulsadune mudsnauauas
dusdase sudsny
Simple Logistic Regression 1 ouis Nominal (dichotomous, binary)
Multiple Logistic Regression > 1 s Nominal (dichotomous, binary)
Ordinal Logistic Regression >1 gy Ordinal
Multinomial Logistic Regression >1 duus Nominal (polychotomous)

M3A Logistic Regression: m3lEmsitansifimauanan 4 2 Uszms
1. Extremely flexible and easily used function
2. It lends itself to clinically meaningful interpretation

(Cox & Snell, 1989)

Simple Regression Analysis

numuMIIANERANNFNNUSUazTavELEes

“*indedasmsAnmenuduiugszning a1y (<55 =0, > 55 U=1)
Aumstialsawila Coronary

id age chd id age chd
76 55 1 37 39 1
75 55 1 61 48 1
88 58 1 46 43 0
78 56 1 25 34 0
98 64 1 33 37 0
817 58 1 41 41 0
100 69 1 4 25 0
96 63 1 29 36 1
91 60 0 72 53 1
79 56 1 42 42 0

. cc chd agel0, w

agel0 Proportion

Exposed Unexposed Total Exposed
Cases 9 13 0.6923
Controls 1 0.1429

Point estimate [95% Conf. Interval]

|
s |
+
Total 10 10 | 0.5000

odds ratio 13.5 Llo7ass 1522113 (ool
Attr. frac. ex. 9259259 .1648211  .9934302 (Woolf
Attr. frac. pop .6410256
' chiz@1) = 5.49 Pr>chi2 = 0.0101
cle

. do "H \516707 2556\Chd |_age10.do™
. input chd ageI0 freq

agel0 freq
1.119
2. 4
3. 1
4. 6
5.
| chd agel0 [fweight=freq], nolog or
Log regression Number of obs = 20
LR chi2(1) = 5.94
Prob > chi = 0.0148
Log likelihood = -9.9809464 Pseudo R2 = 0.2292
chd | Odds Ratio Std. Err. z P>|z| [95% Conf. Interval]
+
agel0 | 13.5 16.68644 2.11 0.035 1.19735 162.2111

. logit chd agel0, or

. logit chd agel0 ,or

Iteration 0 log -12.948933
Iteration 1: log -10.105023
Iteration 2: log -9.983536
Iteration 3: log -9.9809486
Iteration 4 log 1 -9.9809464
Logit estimates Number of obs = 20
LR chi2(1) = 5.94
Prob > chi2 = 0.0148
Log likelihood = -9.9809464 Pseudo R2 = 0.2292
chd | Odds Ratio Std. Err. z P>|z| [95% Conf. Interval]
+
agel0 | 13.5 16.68644 2.11 0.035 1.19735 162.2111
odds ratio (simple logi W0 crude odds ratio
odds ratio | 435 | 1.197348  152.2113 [ (WoolF)
i oAttr. frac. ex. | 9259259 | .1648211 9934302 \ (WoolF)
i Attr. frac. pop | .8333333 1
H +
chi2(1) = 5.49 Pr>chi2 = 0.0191




Simple Logistic Regression Logistic Regression
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FNSUMIANLH logistic y = In—l_ﬁ =L, + ﬁlX i age chd
fMagN MIIeNeianuauRussenINmulsIgiy 1 20 0
msiialsanala coronary 2 23 0
Coronary §
Yo 1=thy i 100 | 69 1
e o0=ly1hg e
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NI3ILMINEH Logistic Regression Logistic Regression
-plot N9 5EWINBIEYAY coronary (1,0) MINANRANNFNRUSITINGITIEHU
14 o o 0 oon oo oDopeoDoono pogoOBoOoOODoOD O ﬂ']sl,ﬁﬂ‘[iﬂﬁl'flﬂ coronary
. id age s apage_gr chd
o . 1 20 1 0
o 4 aswalidaiau a1g 20-70 U
= Tamaifia CHD = ? 2 23 1 0
al
N 100 | 69 8 1
0o 0000 000 0000000D00CO00S0000000 O 00 O a gcoronary
& =% & & & > T ‘
age
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NI13ILAIIEH Logistic Regression
plot 197 32WINBIYNY coronary -plot N3N izWiquﬁ'ﬂ coronary (age_gr vs prob_chd)
— < L W 4 a
age_gr vs prob_chd WUANNTUNWUS 2183 CHD 110 (S-shaped)
age_gr count absent present prop s . o
1. 10 9 1 1
2. 2 15 13 2 .1333333 o -
3. 3 12 9 3 .25 :
4. 4 15 10 5  .3333333 * o] °
5. 5 13 7 6 .4615385 .
6. 6 8 3 5 .625 .
7. 7 17 4 13 .7647059 21 )
8. 8 10 2 8 .8 °
71 T T T d




plot NN 5$Wiwmqﬁ'u coronary 100 918

-age (continous) vs prob_chd

age chd prob

1. 69 1 -9124646
2. 54 1 .663803
3. 42 1 .3428171
95. 49 1 5313793
96. 34 0 .1768066
97. 45 1 .4211628
98. 25 0 .0733438
99. 41 0 .3182802
100. 55 1 .688091

MINATER Logistic Regression
-84 plot NN 531/1’51<1mqf°fu coronary (ager vs prob_chd)
WuANNENNLS 21g3nnLfia CHD %N (S-shaped)
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MAATEN Logistic Regression

L?.IEIuﬂ’J']NHNWUﬁ(LﬂLﬂu E(y/x) ,Bo +ﬂ1
H X = -00 4 +00

)’; =In p,\ :ﬂ0+'31X eeeseesnsscsnnestsasostananes
1-p XTI »: Condition mean
b B kX
1-p
LLfQ’II'dNﬂ"Ii ﬁ"lu’lmf”hﬂﬁ?Nﬁ?ﬂZLﬂui‘l‘lﬂﬁitﬁ(ﬂLﬂﬁlﬂﬁiﬂi
B+ X

IA? e
4o eﬁo i ﬂlX

p(x;)

Generalized Linear Model:

- Random component/Family: binomial

- Link Function: logit @91y g(x) =1In LS i Y
1-u 1-p
-Systematic component: X,

“Tueadady laun

|n|:1 :| Bo+Bix,

glm chd age, famlly(blnomlal) Ilnk(loglt)
Iteratmn 0: log likelihood = -9.0660353
Iteration 3: log likelihood = -8.9782115
Generalized linear models No. of obs = 20
Optimization Residual df = 18
Scale parameter = 1
Deviance = 17.95642306 1/df) Deviance = .9975791
Pearson = 20. 58145326 1/df) Pearson = 1.14897
Variance fum:tmn \/ = u* Bernoulli]
Link function In u/(l u)) Logit]
AlIC = 1.097821
Log likelihood = -8.97821153 BIC = -35.96676
oM
chd Coef. Std. Err. z P>|z| [95% Conf. Interval]
+
age .1425769 .0629518 2.26 0.024 .0191936 -2659602
_cons -6.162981 2.962017 -2.08 0.037 -11.96843 -.3575349

Simple Logistic Regression
madN MAANFANNTNNUSIzINGIUYINE (age)
Aumstialsanala coronary

id age chd id age chd
76 55 1 37 39 1
75 55 1 61 48 1
88 58 1 46 43 O
78 56 1 25 34 0
98 64 1 33 37 O
87 58 1 41 41 O
100 69 1 4 25 0
96 63 1 29 36 1
91 60 O 72 53 1
79 56 1 42 42 0

MNATIEA Logistic Regression TENITN coronary u ma

.t o 0‘.
p iy
y=1In =Ly + B X
y 15 ﬂ‘.. By
- 0
. logit chd age
+
.
Iteration 0: log likelihood = -12.948933 ."
Iteration 1: log likelihood = -9.1993409 ."

Iteration 2: log likelihood = -8.9848933 o
Iteration 3: log likelihood = -8.9782217 “‘
Iteration 4: log likelihood = 78.9782115‘0’

.
o
Logit estimates X * Number of obs = 20
. LR chi2(1) = 7.94
o Prob > chi2 = 0.0048
Log likelihood = -8.9782115 ‘,0‘ Pseudo R2 = 0.3066
R
K
chd | Coef™ Std. Err. z P>|z| [95% Conf. Interval]
+
age | .1425769 .0629517 2.26 0.024 .0191939 -2659599
_cons | -6.162981 2.962012 -2.08 0.037 -11.96842 -.3575447




° ' ' | A‘L a o Istat
ANyl UMINOLNRANITN Logistic model for chd
Classified | 5 e :IS ] Total
~ S ﬁ +,B X + ] 11 1] 12
0 -
p B +ﬂ1X A e 1 1 2 s 1 8
1 — =€ p=—"""-—F5 Total | 13 71 20
P ﬂo +ﬂ X Classified + if predicted Pr(D) >= .5
.".J.+€ 1 True D defined as chd != 0
Sensitivity Pr( +] D)  84.62%
Sp city Pr( -[-D) 85.71%
o Positive predictive value Pr( D] +) 91.67%
[ gy gy g ————+ Negative predictive value Pr(-D|] -)  75.00%
i Fal te for true ~D P ~D)  14.29%
I id age chd phat I Fiuii N ﬁ:é fg: Jﬁi D p?§ tI D; 15.38%
I ____________________________ I False + rate for classified + Pr(-D| +) 8.33%
False - rate for classified - Pr( D] -) 25.00%
1. I 76 55 1 -8427389 I Correctly classified 85.00%
2.1 75 55 1 .8427389 |
3. ] 88 58 1 .8915315 | . lIroc
Logistic model for chd
--- number of observations = 20
lg_ I 72 53 1 .8011657 I area under ROC curve = 0.8132
20. | 42 42 0  .4564233 |
Fe——————e +
Simple Logistic Regression . logit chd age
a
duung e Ho: B =0H,:p#0
Iteration 0: log likelihood = -12.948933
Iteration 1: log likelihood = -9.1993409
Iteration 2: log likelihood = -8.9848933
@ o @ Y aa Iteration 3: log likelihood = -8.9782217
ﬂjjwﬂﬁauuﬂﬁjﬂmﬂiﬁﬁnm Wald Test (Z) Iteration 4:  log likelihood = -8.9782115
~ Logit estimates Number of obs = 20
ﬂl LR chi2(1) = 7.94
Z — Prob > chi2 = 0.0048
- ~ Log likelihood = -8.9782115 Pseudo R2 = 0.3066
se(f)
chd | Coef. Std. Err. z P>|z| [95% Conf. Interval]
+
~ ~ age | .1425769 .0629517 "2.26 0.024 .0191939 -2659599
95%CI — ﬂliZa/2se(ﬂl) _cons | -6.162981 2.9620.12.“.‘ -2.08 0.037 711.96842A -.3575447

: i 95%CI Lk “
Z 7se(,é1) 5%CI = B+ se(B)

chd | Coef. Std. Err. z P>|z| [95% Conf. Interval]
age | .1425769 .0629517 2.26 0.024 .0191939 -2659599
_cons | -6.162981 2.962012 -2.08 0.037 -11.96842 -.3575447

Hy:p=0H,:p#0

HANIIATITH
ngiennduRusiumaialsamila coronary
peNINEE AN NEDR (2=2.26; p-value=0.024,
95% CI = 0.02, 0.27)

Confidence Interval for the logit

-Estimate Variance of logit
Var(f, +iﬁix,) =Var(p,) +ix,2Var(,b’,) + iinlijov(ﬁ,,/S’,)

Var(f, +ﬁx) = Var(,éo) +x2Var(/;’) + ZXCDV(ﬁO,[;’)

100(1- @)5%CI = p(x,) + Z,,,,5¢(B, + )




. use "N:\cat2552\logit20case.dta, clear
. logit chd age, nolog

o o £
msudanamanuszand

Logistic regression Number of obs = 20 .0’ .. . . .
LR chi2(1) = 7.94 +* Logistic regression is nonlinear, no approach to
Prob > chi2 = 0.0048
Log likelihood = -8.9782115 Pseudo R2 = 0.3066 . . . .
Interpretation Can fully describe the relationship between
chd | Coef. Std. Err. z P>|z| [95% Conf. Interval]
+ .
age | .1425769  .0629517 2.26 0.024 0191939 .2659599 explanatory variables & response.
_cons | -6.162981 2.962012  -2.08 0.037  -11.96842 -.3575447 o
- vee ** Suggest that try a variety of methods, with
Covariangnzv;afrix of cg;:ﬁcientscg:slogit model goal Of fll’ldll’lg
+ P R/ Yo ] I
age | 00396291 wweeeeeees Var(f) N * Y
e | oot e Jar(B) vartGiy % wlanalagldmanuinazuannaums
Y., PO @, 1% ] .
- prvalue , x(age=50) Cov(fy ) » - L, . ** wilanaaIga) odds ratio, percent of change
logit: Predictions for chd Var(ﬁn +ﬂx) = Var(ﬂo)+x Var(ﬂ)+ ZXC{)V(BOHH)
Confidence intervals by delta method
95% Conf. Interval
Pr(y=1]x): 0.7243 [ 0.4747,  0.9739]
Pr(y=0|x): 0.2757 [ 0.0261,  0.5253]
age
x= 50
. use "D:\notebook_acer530\driveE\cate2011\age_coronary.dta", clear
- logit chd age R ~
Iteration 0: log likelihood = -12.948933
chd | Coef. Std. Err. z P>|z| [95% Conf. Interval]
age | .1425769  .0629517 2.26  0.024 0191039 2659599 chd 1 Coef.  Std. Err. z  Plz) [95% Conf. Interval]
_cons | -6.162981 2.962012  -2.08 0.037  -11.96842 -.3575447 age || .1425769 0629517 5.26  0.024 0101939 .2659509
_cons | -6.162981 2.962012  -2.08 0.037  -11.96842 -.3575447

maulakaddinlszand nadidayadaiiias
—aanuthasiduannaums
e £> 0, p(x) Wau e x L
L <0, p(x) anaN o x Liiadu
MpEe Lﬁamql,ﬁu%u 1 vihe lvenuhazdu
Tumstinlsaihla coronary iy
S hx

b By + B X

b _ ot hX S
+p, X

1re 0 1L

p=

. predict phat
(option pr assumed; Pr(chd))
. gen phat_cal=(exp(-6.1629808+.14257692*age))/ (1+(exp(-6.1629808+.14257692*age))

. list
+ +
| id age chd phat phat_cal |
I I ~ ~
1.] 76 55 1 .8427389  .8427389 |
2.1 75 55 1 8427389  .8427389 | Bo +ﬂ1X
3] 88 58 1 8915315  .8915315 | ~ e
9.1 72 53 1 .8011657  .8011657 | p P n X
200 | 42 a2 0 4564233  .4564233 | Bot ﬂl
+ + l+e
. su phat
Variable | Obs Mean Std. Dev. Min Max
+
phat | 20 .65 2564946 .4 .9

anuhazitiuaasmsiinlsaiila coronary Henaauad 0.4 &9 0.9
Tosiidmasrasenuibhaziulumsiialsauhiu 0.65

MSuUanNNBNIY odds ratio: nsaiMILUSHBLILBY

-msidsuutas 1 vl is not clinically interesting
g 1 U viaanuaulafiaiiady 1 mmHg

-mswdsuwdasmsidu 5, 10,..

-¥3R59NUIN x e 0-1 B Msdsuwdad 1 vy
Wumanald msuiin 0.01 anafianaumninzaunh

-38mM5AMUID odds ratio NIAAILUSABLIBIAT

c

B 1

[Cﬂl tZ,,clse(B)]

OR(c)=e

95% CI of OR(c)=e

. logit chd age

chd | Coef. Std. Err. z P>|z| [95% Conf. Interval]

+
age .1425769 -0629517 2.26 0.024 .0191939 -2659599
_cons -6.162981 2.962012 -2.08 0.037 -11.96842 -.3575447

. logit chd age, or

chd | Odds Ratio Std. Err. z P>zl [95% Conf. Interval]
age | 1.153242  .0725985 2.26 0.024 1.019379  1.304683

. listcoef ~
Ioglt (N=20): Factor Change in Odds
dds of: 1 vs 0

chd | b z P>]z]  e’b  enbstdx SDoFX
+
age | 0.14258 2.265 0.024 1.1532 5.3806 11.8028

. lincom 10*age , or
(1) 10 age =0

chd
(€]

Odds Ratio  Std. Err. z P>|z| [95% Conf. Interval]
4.161057 2.619455 2.26 0.024 1.211597 14.29056

|
i
|

. di_exp(10*.1425769
4.16105g§ )

P -1 oy = ' a o '
dangiivady 10 U filamadesdamsiialsanila coronary 4.16 11




Msulanumwang odds ratio: Jazasfittdzuulas
wilasuulaarhiu [exp(c/3)-11x100
duoguintu 1 1 flamaialsaiala Coronary ilaay
Soway 15.3

. qui logit chd age
istcoef, hel

p
logit (N=20): Factor Change in Odds
Odds of: 1 vs 0
chd | b z P>|z| erb  ebStdX SDofX
age | 0.14258 2.265 0.024 1.1532 5.3806 11.8028

b = raw coefficient

e’ = exp(b) = factor change in odds for unit increase in X

. listcoef, percent help
logit (N=20): Percentage Change in Odds
Odds of: 1 vs 0

chd | b z P>1z| % %StdX SDOFX
+
age | 0.14258 2.265 0.024 15.3 438.1 11.8028

% = percent change in odds for unit increase in X

. logit chd age

Iteration 0: log I -12.948933
Iteration 1 log I -9.1993409
Iteration 2 log I -8.9848933
Iteration 3 log I -8.9782217
Iteration 4: log likelihood = -8.9782115
Logistic regression Number of obs = 20
LR chi2(1) = 7.94
Prob > chi2 = 0.0048
Log likelihood = -8.9782115 Pseudo R2 = 0.3066
chd | Coef. Std. Err. z P>|z| [95% Conf. Interval]
+
age | .1425769 .0629517 2.26  0.024 -0191939 .2659599
_cons | -6.162981 2.962012 -2.08 0.037 -11.96842 -.3575447
. di exp(10*.1425769)
4.1610565
. lincom 10*age , or
(1) 10 age = 0
chd | Odds Ratio Std. Err. z P>|z| [95% Conf. Interval]
W1 4.161057 2.619455 2.26 0.024 1.211597 14.29056

daangiingu 10 U filemaidesdanmsiialsanila coronary 4.16 1h

1195 Fit Model Tun153tAas12H Logistic Regression

likelihood without the variable

- logit chd age G = —2{ }
. . - = . - . likelihood withg the variabl
-AUIUA coefficient G?]IFJ’EJ'J%‘ Maximum Likelihood Iteration 0:  log likelihood = -12.948933 i elitood withe e varlable
v o o Iteration 1: likelihood = -9.1093409 1}
-MINATDUTEAUUETIAYYBI Model Iteration 5. log likelihood - -o.076217
Y aa . A Iteration 4 likelihood = -8.9782115
1%aD@ likelihood ratio test (G ) sewinalaaaniimme Logit estinates \unbor of b - 0
@ . » LR chi2(1? i 7.94
constant ﬂu fltted MOdel Log likelihood = -8.9782115 :;gﬁdo g;lZ ; ggggg
chd | Coef. Std. Err. z P>|z| [95% Conf. Interval]
G — _o|n| likelihood without the variable Lcons | -6-des1 a0l  2.0B 0.057  -it.eass> - so7aer
likelihood with g the variable
likelihood without the variable Simple Logistic Regression: #UU98852 Dichotomous
G = —2In

likelihood withg the variable

G = (D(model without variable)- D(model with the variable)
D = -2In(likelihood of the fit model)

: Iteration 0 log likelihood = -12.948933
i Iteration 1: log likelihood = -9.1993409
: lteration 2: log likelihood = -8.9848933
: Iteration 3: log likelihood = -8.9782217
: Iteration 4 log likelihood = -8.9782115
: Logit estimates Number of obs = 20
H LR chi2(1) = 7.94
H Prob > chi2 = 0.0048
i Log likelihood = -8.9782115 Pseudo R2 = 0.3066

G =-2[-12.9489333-(-8.9782115)] = 7.9414436

ez (v)

-nndaya MIAwNziaNNFIRUsIEnINmLUIgIUMSia

Tsaala coronary iwvuali a1g <55 U=0, 18 > 55 U=1

id age chd agelO
76 55 1 1
75 55 1 1
88 58 1 1
78 56 1 1
98 64 1 1
87 58 1 1
100 69 1 1
96 63 1 1
91 60 O 1
79 56 1 1

id
37
61
46
25
33
41
4

29
72
42

age
39
48
43
34
37
41
25
36
53
42

chd agelO

ORPPFPOOOOORER

[eNeNeoNoNoNoNoNoNoNe]

AenzianuaniusIsningusey (agel0)iumsiialsamla
coronary n3adnmangilutadudesdanisiia Tsaila coronary




. logit chd agel0

M3udamINKBNNg odds ratio: MU dichotomous

Iteration 0: log likelihood = -12.948933
Iteration 1:  log -10.105023 IB]-
log -9.983536 _
log -9.9809486 OR =e
Iteration 4 log likelihood -9.9809464
Logit estinates Nunber of obs = 2 (Hosmer & Lemeshow (2000). Applied Logistic Regression.
LR chi2(1) = 5.94
Prob > chi2 = 0.0148 Page 48-50.)
Log likelihood = -9.9809464 Pseudo R2 = 0.2292
chd | Coef. Std. Err. z P>|z| [95% Conf. Interval]
chd | Coef. Std. Err. z P>|z| [95% Conf. Interval]
agel0 |  2.60269  1.236032 2.11  0.035 .1801107  5.025269
agel0 |  2.60269  1.236032 2.11  0.035 1801107  5.025269 _cons | -.4054651  .6454972  -0.63 0.530  -1.670616  .8596862
_cons | -.4054651  .6454972  -0.63 0.530  -1.670616  .8596862 560269
- OR =e”™ =135
msmaauamgmgm H02 pB=0
5t X (9h (e a 5 Nl fl'lil,ulaﬂ'fl']N‘WN']ﬂ
E]’]EIqNﬂ'l’]NﬂNWuﬁﬂ‘Uﬂ’]itﬂﬂiiﬂ‘ﬂ'ﬂ"\] coronary 28NN
oo as nguene >=50 1 dlematdsssemsiinlsamla
UHAAUNNEDA (2=2.11; p-value=.035, 95%CI = Ll
< 1 1 =
18-5.02) coronary LU 13.5 t¥N 2849 ngxag <50 U
. - . q 9
°_ . o g o o
A1d4 logit & logistic A9 glm
IOgit Chd agelO or . glm chd agel0 ,f(binomial) link(logit)
- s
i - i i = - Generalized linear models No. of obs = 20
Iteration 0: log likelihood 12.948933 Optimization s Residual SF z e
c N Scale parameter = 1
Logit estimates Number of obs 20 Deviance = 19.96189281 1/df) Deviance = 1.108994
LR chi2(1) 5.94 Pearson = 20 1/df) Pearson = 1.111111
Prob > chi2 0.0148 Variance functlon V(u) = u*(1l-u) Bernoulli]
Log likelihood = -9.9809464 pseudo R2 = 0.2292 Link function é g = In(w/d-u) frogitl = 1.198095
Log likelihood = -9.980946404 BIC = -33.96129
chd | Odds Ratio Std. Err. z P>|z| [95% Conf. Interval]
+ oIM
age10 | 13.5  16.68644 2.11 0.035 1.19735  152.2111 chd ! Coef.  Std. Err. z Pzl [95% Conf. Interval]
agel10 2.60269  1.236033 2.11  0.035 .1801094 5.02527
_cons | -.4054651 .6454972  -0.63 0.530  -1.670616  .8596862
. logistic chd agel0 . glm chd age10 ,f(binomial) link(logit) ef
Logistic regression Number of obs = 20 s
- d Ilnear models No. of obs = 20
LR chi2(1) = 5.94 z R z
Prob > chi2 = 0.0148 e gﬁ;:g";;rg;eter = ®
Log likelihood = -9.9809464 Pseudo R2 = 0.2292 Deviance = 19.96189281 1/df) Deviance = 1.108994
= 20 1/df) Pearson = 1.111111
< Variance functlon V(u) = u*(1-u) Bernoulli]
chd l oOdds Ratio Std. Err. z  pslz| [95% Conf. Interval] variance func g g = lngu/(l—u)) A
= 1.198095
agel0 | 13.5 16.68644 2.11  0.035 1.19735  152.2111 Log likelihood = -9.980946404 BIC = -33.96129
oIM
chd Odds Ratio Std. Err. z P>|z| [95% Conf. Interval]
+
agel0 | 13.5 16.68645 2.11  0.035 1.197348  152.2113
o & > S g
AN listcoef M3ulaaunINg odds ratio: sasazitasuulas
i P "o
- logit chd age10 wilaaunlaariu [exp(S)-11x100
Logistic regression Number of obs = 20 ' ] ) W o a 0
LR chi2(l) o.5:0 wungumgannvsahiy 55 U dlamaiialsaiila Coronary
Log likelihood = -9.9809464 Pseudo R2 = 02292 Xy 4 o w
vinziy Seeay (13.5-1)x100 = 1250 WawlSauiisununauas
chd | Coef. Std. Err. z P>|z] [95% Conf. Interval] 9 N
+ o ' =
age10 2.60269  1.236032 2.11  0.035 1801107 5.025269 uaenM 55 U
_cons | -.4054651 .6454972  -0.63 0.530  -1.670616  .8596862
listcoef, help
o 8dds gfzog VFactor Change in Odds . listcoef ,percent
chd | b z P>]z] e enbStdX SDofX logit (N=20): Percentage Change in Odds
+
agel0 | 2.60269  2.106 0.035 13.5000 3.8006 0.5130 odds of- 1 vs 0
b = raw coefficient

z-score for test of b=0

z
P>|z] —value for z-test
A

b*SD of X) = hange i

e
e"bstdx
SDofX = standard devlatlon of

n odds for crease in X

gb) = factor change in odds for unlt lncrease in X
exp

chd | b z P>1z| % %StdX SDofX
+

agel0 | 2.60269 2.106 0.035 1250.0 280.1 0.5130
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NITAIUIN odds ratio
MIN 2x2 MIAUIU odds ratio NN ad/be
- e A e e« o

30 [enwhaziluimsdudadaldouasiialsas
annihazdunlidudadadswazsialsa] msee
nmhasdunmsduialadowazliinialsas
annihazdunbiduiadatewazliniale

_alc _oddsl _ad _ p(l)(l—p(O))

" Tbid " odds0 be  p(0)(-p()
D+ D-
- r1) N 1-pQ)
c |d
r(0) 1- p(0)
.

] < ~
NnaNNATY p=

Forhix

BB X
1+ eﬂ0 ﬂl

WUA E = 0 was E = 1 azlamanuihazduly oxe

D+ D-
(Bo+By)

e 1
- pl)=——s—n— | I-p)=—m———
1+e(/f0 +8) s 1+e(ﬂo +8)

c|d
E- . By
p(0) = = 1-p(0)= =
1+ef0 1+e"0

1389270 or = ad/bc AIUUTINMTN

(Bo+ By
e -
B eﬂo+ﬂ1
or = = —
eﬁ'o
or = eﬁo+/31e_ﬁ0 = éﬁb“"’ﬂi—ﬁa """
D+ D-
,BA’ (ot By .
o =2 |1p0-—F——
or=e B+ RN N RN
¢ |d
e’ 1
r(0) = = 1-p(0) =
E- 11ePo 14efo

PN Xy o A .. A
Maaneidayaladld odds ratio Uszanmen risk ratio

-Majority of biostatistician/statisticians use the odds ratios produced from

logit model as an estimate of risk ratio or relative risk

-Cornfield (1951) originally proposed the notion of odds ratio as a good

approximation to relative risk when the latter could not be determine.

~o0dds ratio Us¥aneu risk ratio NSel outcome is rare

=t . . . . . .
-N9% outcome is not rare -> Bias to approximation risk ratio

M5 uaAeA Risk ratio tW3suiiteunu Odds ratio muamanihazdulumsiiamamsel

P(eventlx) .25 .50 .75 1.00 1.50 2.00 4.00
2 .2941 .5556 | .7895 | 1.000 1.364 1.667 2.500

.1 2702 .5263 | .7692 | 1.000 1.429 1.818 3.077
.01 2519 .5025 | .7519 | 1.000 1.493 1.980 3.883
.001 .2502 .5003 | .7502 | 1.000 1.499 1.998 3.988
.0001 .2500 .5000 .7500 |1.000 |1.500 2.000 3.999

*Gould (2000). Interpreting logistic regression in all its forms.

Estimating relative risk in Cohort studies of common outcome
. . . . I .
** Adjusted odds ratio: Convert binary response logistic regression
odds ratio prospective cohort studies to estimated risk ratios

(Zhang & Yu, 1998)

rr

(1= po)+(po *or) o /(L= po)

p, = incidence of the outcome in exposed group (y=1Ix=1)

p, = incidence of the outcome in non-exposed group (y=1Ix=0)

or or = p. /(L= p,)

Estimating relative risk in Cohort studies of common outcome

<& Log-Biomial: Generalized linear regression with a log link and

binomial distribution

(Wacholder, 1986; Robbins, Chao, & Fonseca 2002; McNutt et al. 2003;
Barros & Hirakata 2003
Called log-binomial (Blizzard & Hosmer 2006) or

Biinomial log-linear regression (Greenland 2004a)

adjusted odds ratio (Zhang & Yu) is incorrect & will produce

biased estimate when confounding is present.

Anwlaaadne ) Useanaue risk ratio: Log-binomial, Poisson etc.

-> less standard error prefer

“Generalized linear regression with a log link & binomial distribution”

—wuﬁiym lack of covergence

J




Estimating relative risk in Cohort studies of common outcome

-A modified Poisson regression (Zou, 2004 ) approach to prospective

studies with binary data.

a v o & s A
Tuwnadadulaasianilu family = Poisson; Wenduzaulas link=log

& robust variance

-Generalized linear models: Extensions to the binomial family

(Hardine & Hilbe, 2007) TuaaBadulaaiionalu family = binomial;

o 4
WeAduanle link=log & iterative reweight least square (IRLS)

fhathe msdnmitadedsadans Microalbuminuria (ma:ﬁﬁmsﬁu albumin
ﬂﬁﬂﬂﬁﬂﬂ;‘:; micro24: 1=microalbuminuria, O=normal) ML 172 18
’E’ayaduuwf‘lwmmsﬁnm Diabetes Control & Complication Trial: DCCT)
s Explanatory
intensive = treatment (O=intensive, 1=conventional)
hbael=the average level of blood glucose control over the preceding
4 to 6 weeks. (Hb, | at baseline)
duration=the prior duration of diabetes in months
sbp=the level of systolic blood pressure (in mmHg)

female = gender (1=female, O=male)

Tudtiiesziiawzauls micro24 AU intensive

- ©5 micro2d intensive ive | . glm micro24 intensive , family(binomial) link(logit) nolog ef
1 Exposed Unexposed | Total ~ N
generalized linear models No. of obs 172
Cases | 31 11 | 42 Optimization oML Residual df 170
Noncases | 52 78 | 130 Scale parameter 1
+ + Deviance = 176.2679883 (1/df) Deviance 1.036871
Total I 83 89 I 172 Pearson = 172 (1/df) Pearson = 1.011765
Risk | .373494 1235955 | 244186 ~ -
1 1 Variance function: V(u) = u*(1-u) [Bernou
1 Point estimate ] [95% Conf. Interval] Link function 2 g(uw) = In(u/(1-u)) [Logit]
Risk diffi I 2498985 I 1253782 3744188 ae z 109807
isl ifference . . N A A - -
Risk ratio | 37021908 I 1 62654 57614318 Log likelihood 88.13399417 BIC 698.8061
Attr. frac. ex. | -669083 1 .3851982 .821884
Attr. frac. pop | .493847 1
+ | o
chi2(l) =  14.53 Pr>chi2 = 0.0001 micro24 | Odds Ratio  Std. Err. z Pzl [95% Conf. Interval]
- cc micro24 i"tfnff‘zgﬁsvi"gg'f | Proportion intensive | 4.227273  1.665451 3.66 0.000 1.953016  9.149865
1 Exposed Unexposed | Total Exposed
Cases | 31 11 | 42 0.7381
Controls | 52 78 | 130 0.4000
+ +
Total | 83 89 | 172 0.4826
| I
| Point estimate ] [95% Conf. Interval]
I +
Odds ratio | 4.227273 1 1.953016 9.149865 (Woolf)
Attr. frac. ex. | .7634409 1 .4879715 .8907088 (Woolf)
Attr. frac. pop | .5634921 1
chi2(1) = 14.53 Pr>chi2 = 0.0001
Estimating relative risk in Cohort studies of common outcome Estimating relative risk in Cohort studies of common outcome
®,
K3 . . o R .
o Adjusted odds ratio (Zhang & Yu, 1998) s* Log-Binomial McNutt et al. (2003).
. su micro24 if intensive==0 - glm micro24 intensive , family(binomial) link(log) nolog ef
Variable | Obs Mean Std. Dev. Min Max
+. Generalized linear models No. of obs = 172
micro24 | 89 .1235955 .3309842 0 1 Optimization oML Residual df = 170
Scale parameter = 1
. su micro24 if intensive==1 Deviance = 176.2679883 (1/df) Deviance = 1.036871
Variable | Obs Mean Std. Dev. Min Max Pearson = 172 (1/df) Pearson = 1.011765
micro24 | 83 -373494 -4866722 0 1 variance function: V(u) = u*(1-u) [Bernoul
N Link function 2 g(u) = In(w) [Log]
. di (.373494 /(1-.373494 ))/(.1235955/(1-.1235955))
4.2272734 AIC = 1.04807
L likelihood = -88.13399417 BIC = -698.8061
. di 4.2272734/((1-.1235955)+(.1235055%4.2272734)) 09 Tikelthoo
3.0219061
R - - R 1 o
- oddsrisk micro24 intensive micro24 | Risk Ratio  Std. Err. z  Pslzl [95% Conf. Interval]
Incidence for unexposed risk group = 0.1236 N N +
intensive | 3.021906 .9550514 3.50 0.000 1.62654 5.614318
Predictor 0Odds Ratio Risk Ratio [95% Conf. Interval]

intensive 4.2273 3.0219 1.7472 4.5583




Estimating relative risk in Cohort studies of common outcome

*$* Modified Poisson regression (Zou, 2004)

. glm micro24 intensive , family(poisson) link(log) nolog vce(robust) ef

models No. of obs = 172
ML Residual df = 170
Scale parameter = 1
Deviance = 107.0572151 (1/df) Deviance = .6297483
Pearson = 129.9999993 (1/df) Pearson = .7647059
Variance function: V(u) = u [Poisson]
Link function 2 g(u) = In(u) [Log]
AlC = 1.134054
Log pseudolikelihood = -95.52860757 BIC = -768.0168
] Robust
micro24 | IRR Std. Err. z P>|z] [95% Conf. Interval]
+
intensive | 3.021906 .9578398 3.49 0.000 1.623601 5.624481

Estimating relative risk in Cohort studies of common outcome

% Generalized linear models: Extensions to the binomial family
(family = binomial; link=log & iterative reweight least square (IRLS)
Hardin & Hilbe (2007)

binreg micro24 intensive, rr nolog

Generalized linear models No. of obs = 172
Optimization : MQL Fisher scoring Residual df = 170
(IRLS EIM) Scale parameter = 1
Deviance = 176.2679883 (1/df) Deviance = 1.036871
Pearson = 171.9997346 (1/df) Pearson = 1.011763
Variance function: V(u) = u*(1-u) [Bernoulli]
Link function : g(u) = In(u) [Log]
BIC = -698.8061
1 EIM
micro24 | Risk Ratio Std. Err. z P>|z| [95% Conf. Interval]
+
intensive | 3.021906 .9550499 3.50 0.000 1.626542 5.614312
_cons | .1235955 .0348865 -7.41 0.000 .0710787 .2149146

Simple Logistic Regression: ausdase Polychotomous
-gudsdaseiihnnungn (k) > 2

- U Mulsi@emanumsiialsaila coronary

Mot luaarad logit nsamuUsEeama (211=0, M=1
au9=2)

P ,\
In E = Lo+ BD st + BoDirgces

Mmuls@ama (am, M, du ) WU discrete vy
éﬁLL‘lJiTju (dummy variables)= k-1 = 3-1 = 2

o D1 D2
M 0 0 *i Reference Cell
(78] 1 0
ﬁu 9 0 1

J; =a+ ﬂl(raceBlack) + ﬂz (raceothers)

1% software 15u STATA 3¢ xi: logit y i.race

. xi:logit chd i.race

i.race _lrace_1-3 (naturally coded; _lrace_1 omitted)
Iteration 0: log likelihood -12.948933
Iteration 1: log likelihood 12.787652
Iteration 2: log likelihood 12.787329
Iteration 3: log likelihood = -12.787329
Logistic regression Number of obs = 20
LR chi2(2) = 0.32
Prob > chi2 = 0.8508
Log likelihood = -12.787329 Pseudo R2 = 0.0125
chd | Coef. Std. Err. z P>|z] [95% Conf. Interval]
+
_lrace_2 | -.6286087 1.132843 -0.55 0.579 -2.84894 1.591723
_lrace_3 | -.2231436 1.204159 -0.19 0.853 -2.583253 2.136966
_cons | .9162907 -83666 1.10 0.273 -.7235328 2.556114

Assessing The fit of The Model

1. Computation and evaluation of overall measures of fit
(summary measures of goodness of fit)
- Pearson Chi-Square/Likelihood Ratio
- Hosmer-Lameshow Test
- classification table
- Area under the receiver operating characteristic curve
(ROC curve)
- other summary measure: r°
2. Logistic regression diagnostics

3 Assessing of fit via external validation (predictive model)
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. logit chd age

: Iteration 0:  log likelihood = -12.948933
Goodness of Fit teration ©g likelihoo
2 U (y, 7#)2 Iteration 4:  log likelihood = -8.9782115
S atd = A T A Logistic regression Number of obs = 20
-Pearson Statistics & pearson z ~ LR chi2(1) = 7.94
i=1 Mo, y Prob > chiz =  0.0048
. . . gl 2 _ i Log likelihood = -8.9782115 Pseudo R2 = 0.3066
-Likelihood ratio Statistics ;= 22 v, log| =~
P . chd | Coef. std. Err. z P>|z| [95% Conf. Interval]
i=1 i
—-Hosmer-Lemeshow statistics age | .1425769  .0629517 2.26  0.024 0191939 2659599
_cons | -6.162981 2.962012  -2.08 0.037  -11.96842 -.3575447
. & . . o ' &
H LLUQ“ZJE)HQL‘IJL! 10 @i g nu (enxnanuihasitu)
. estat gof
’ ’ 2 Logistic model for chd, goodness-of-fit test
(Ok'ek ) number of observations = 20
3 g —_ N number of covariate patterns 17
H — Z Pearson chi2(15) 20.68
ek Prob > chi2 = 0.1473
k=1 . estat gof,group(2)
Logistic model for chd, goodness-of-fit test
(Table collapsed on quantiles of estimated probab
number of observations = 20
number of groups 2
Hosmer-Lemeshow chi2(0) = 0.00
Prob > chi2 =
o . .
'¢* Classification table Other Summary Measure
. Istat 2
Logistic model for chd -Measures R
77777777 rue --------
Classified D -D Total ! 2 ! 2
assified | ! ota -McFadden s Pseudo R? ,Efron s Pseudo R? etc.
+ 11 1 12
- 2 6 I 8 L
1 + 2 2 P
Total 13 7 20 '
! ! McFadden's Pseudo R =R°, =1-—-*%
Classified + if predicted Pr(d) >= .5 mff L
True D defined as chd != 0 0
Sen t Pr( +| D) 84.62% = ikeli 0 ini i
Senefthvity Pr¢ 1Dy 84-62¢ o = log likelihood for models containing only the intercept
Positive predictive value Pr( D| +, 91.67% . . N L. .
Negative predictive value Pr¢-bl -)  75.00% o= log likelihood for models containing only the intercept
IEa:se + rage ;or %rue ED Er + ~B %g.%g% . ”
alse - rate for true r( - -
False + rate for class pre-o| + 8.33% plus the p covariate ~\2
False - rate for classi Pr¢ Df - 25.00% (y’ —ﬂ'l-)
c tly classified 85.00% - 2 2
orrectly classitie Efron's Pseudo R° = R(,/ =1-=
=)\2
% . . Z o
** Area under the receiver operating ~ (y =Y )
i=
characteristic curve (ROC curve) Hosmer & Lemeshow, (2000 p 167)
Iroc . ‘g 2
Logistic model for chd - Do not Recommend routine publishing of R
number of observations = 20 . I
area under ROC curve -  0.8132 - However ,may be helpful in model building stage.
. logit chd age
Iteration O log likelihood = -12.948933 =
Iteration 1:  log likelihood = -9.1993409 - fitstat
Iteration 2: log likelihood = -8.9848933
Iteration 3: log likelihood = -8.9782217 Measures of Fit for logit of chd
Iteration 4 log likelihood = -8.9782115
Log-Lik Intercept Only: -12.949 Log-Lik Full Model: -8.978
Logistic regression Number of obs = 20 D(18): 17.956 LR(1): 7.941
LR chi2(1) = 7.94 Prob > LR: 0.005
- _ Prob > chi2 = 0.0048 McFadden®s R2: 0.307 McFadden®s Adj R2: 0.152
Log likelihood = -8.9782115 Pseudo R2 - 0.3066 Maximum Likelihood R2: 0.328 Cragg & Uhler®s R2: 0.451
McKelvey and Zavoina®s R2: 0.463 Efron®s R2: 0.377
Variance of y*: 6.122 Variance of error: 3.290
hd Coef. Std. Err. P: 95% Conf. Interval r
cnd | o " z Pz [95% Conf. Interval] Count R2: 0.850 Adj Count R2: 0.571
age |  .1425769 0629517 2.26  0.024 .0191939  .2659599 AlC: 1.098 AIC*n: 21.956
_cons | -6.162981  2.962012 -2.08 0.037 -11.96842  -.3575447 BIC: -35.967 BIC™: -4.946
. di 1-((-8.9782115)/(~12.948933))
30664469
' 2 2 LP
McFadden's Pseudo R® =R, =1-—-
LO
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