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Objectives

1.Understand the reasons behind the use of logistic
regression.

2.Perform multiple logistic regression in SPSS.
3.ldentify and interpret the relevant SPSS outputs.

4.Summarize important results in a table.
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Introduction

* Logistic regression is used when:

— Dependent Variable, DV: A binary categorical variable [Yes/
No], [Disease/No disease] i.e the outcome.

* Simple logistic regression - Univariable:

- Independent Variable, IV: A categorical/numerical variable.
* Multiple logistic regression - Multivariable:

— IVs: Categorical & numerical variables.

* Recall - Multiple Linear Regression?
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Introduction

* Multiple Linear Regression
-y=a+bx,+bx,+..+bx,

* Multiple Logistic Regression
- log(odds)=a + bx, + bx, + ... + bx,

— That's why it is called “logistic” regression.
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Introduction

* Binary outcome: Concerned with Odds Ratio.

— Odds is a measure of chance like probability.
— Odds = n(Disease)/n(no Disease) among a group.
— 0dds Ratio, OR = Odds(Factor)/Odds(No factor)

— Applicable to all observational study designs.
* Relative Risk, RR
— Only cohort study.

* OR = RR for rare disease, useful to determine risk.
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Introduction

Factor vs CAD CAD No CAD
Man 24 [a] 76 [b]
Woman
(i.e. not Man) 13 [c] 871d]

* Odds(man)=a/b=24/76=0.32

* Odds(woman) =c¢/d=13/87=0.15

* OR(man/woman) =0.32/0.15=2.13

e Shortcut, OR=ad/bc=(24x87)/(76x13) =2.11
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Introduction

(i.e. not Man)

Factor vs CAD CAD No CAD
Man 24 [a] 76 [b]
Woman 13 [c] 87 [d]

* Risk(man) =Proportion CAD =a/(a+b) =0.24
* Risk(woman) = Proportion CAD c¢/(c+d) =0.13
* RR(man/woman) =0.24/0.13=1.85=0OR, 2.11

Multiple Logistic Regression




Steps in Multiple Logistic Regression

* Dataset: slog.sav

* Sample size, n=200
 DV: cad (1: Yes, 0: No)
° |Vs:

— Numerical: sbp (systolic blood pressure), dbp (diastolic
blood pressure), chol (serum cholesterol in mmol/L), age
(age in years), bmi (Body Mass Index).

— Categorical: race (0: Malay, 1: Chinese, 2: Indian), gender (0:
Female, 1: Male)
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Steps in Multiple Logistic Regression

1.Descriptive statistics.

2.Variable selection.

a. Univariable analysis.
b. Multivariable analysis.
c. Multicollinearity.

d.Interactions.

3.Model fit assessment.

4.Final model interpretation & presentation.
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1. Descriptive statistics

* Set outputs by CAD

status.

- Data > Split File > da s

split File h +

& sbp
& dop

Select Compare groups @ cno

ﬁ age
& bmi

— Set Groups Based on: & race

cad, OK

% gender

Analyze all cases, do not create groups
@ Compare groups
Qrganize output by groups

Groups Based on:

..
=

%cad

@ Sort the file by grouping variables

File is already sorted

Current Status: Analysis by groups is off.

[ QK ][ Paste ][ Reset ][[ancel][ Help ]
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1. Descriptive statistics

* Obtain mean(SD) and
n(%) by CAD group.

Frequencies + X

— Analyze - Descriptive —
° ° ° @4 id & sbp
Statistics > Frequencies | |& - 2 w0
& ag
— Include relevant 2
variables in Variables —
_R}

IE Display frequency tables

[ Ok ]Easte ]Eeset ”Eancel” Help ]
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1. Descriptive statistics

e Cont...

. . . f Frequencies: 5tatistics h. + X |
- Stat|St|CS 9 tl k 9 —Percentile Values —Central Tendency
° [¥iQuartiles t| | [¥ Mean
CO ntl n ue [T] Cut points for: equal groups [of] Median
[] Percentile(s): [] Made
] sum

D Walues are group midpoints

—Dispersion Distribution
[&f] 5id. deviation [&f] Minimum [] Skewness
[] variance [3] Maximum [] Eurtasis
[] Range [] 5.E mean

[Eontinue][ Cancel ][ Help ]
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1. Descriptive statistics

o " T
Cont... Frequencies: Charts + X
— Charts > tick > Chart Type [
Continue > OK None
(©) Bar charts

Pie charts
@ Histograms:

Chart Values

o 8]

| Continue || Cancel || Help |
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1. Descriptive statistics

 Results

Statistics
shp Swstalic dbp Diastolic chol serum

Blood Blood cholesteral age Age in farmi Bodhy gender

cad coronary artery disease Pressure Pressure ‘mmaolfh Years fass Index race ethnigity dender
Onocad M W alid 1632 1632 1632 1632 1632 1632 1432
Mizsing 0 0 0 0 0 0 0
Mean 12929 a0.80 60970 45,15 36 9056 a4 47
Median 124.00 0,00 60200 4,00 37,8000 1.00 oLy
std. Dewiation 22.264 12 607 116623 8.412 377178 BE6 LS00
Minimurm g8 56 4.00 21 25.30 0 0
M aximum 218 120 9.25 62 41.20 2 1
Percentiles 25 114.00 70,00 5.2350 37.00 36,1000 e ity
50 124.00 0,00 £.0500 CENY 37,9000 1.00 AP0
75 14000 0,00 6.7650 52.00 3892000 2.00 1.00
1cad M walic 37 37 37 37 37 27 37
Mizsing 0 0 0 o] o] o] o]
Mean 143.76 88.97 664549 47.432 364464 &7 55
Median 125.00 90,00 66550 5000 37.1248 1.00 1.00
atd. Dendatian 25611 12.171 1.17041 8.796 2.99414 823 44
Minirmurm 1o 70 4,12 X 25,50 0 0
Maximurm 224 114 .05 &1 45.03 2 1
Percentiles 25 122.00 7E.00 5 8537 2850 24,0802 Rils) Nils)
50 125.00 90,00 66550 5000 37.1248 1.00 AP0
75 159,00 87,00 72875 55,00 38.5146 2.00 ity
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1. Descriptive statistics

 Results

race ethnicity

Cumulative
cad coronary artery disease Frequency | Percent “Walid Fercent Percent
Onocad  Yalid O malay &0 i6.8 IG5 i6.H

1 chinese 52 319 319 La.7
2 indian 51 31.3 31.3 100,10
Taotal 163 1000 1000
1 cad Walid O malay 12 5.1 351 351
1 chinese 12 2.4 2.4 676
2 indian 12 2.4 2.4 1000
Total 37 1000 1000
gender gender
Curmulative
cad coronary artery disease Freguency | Percent | Walid Percent Percent
O nocad  Yalid O waman a7 TE 534 53.4
1 man TE 46 6 46 8 1000
Total 163 100.0 100.0
1 cad Yalid O woman 1= 5.1 351 35.1
1 man 24 G4 9 &d.9 1000
Total 37 100.0 100.0
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1. Descriptive statistics

 Results
— Look at histograms to N —
deCide data normality for %id @}:ﬁnalyze all cases, d%nn:nt create grnupsé
numerical variables. e O o arouns
Remember your Basic Stats! | [§ <
& bmi -
e Caution! Reset back the y . |
data. '

Current Status: Compare:cad

— Data - Split File - Select
Analyze all cases

- OK

[ QK ][ Paste ][ Reset ][[ancel][ Help ]
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1. Descriptive statistics

* Present the results in a table.

Factors CAD, n=37 No CAD, n=163

mean(SD) mean(SD)

Systolic Blood Pressure 143.8(25.61) 129.3(22.26)
Diastolic Blood Pressure 89.0(12.17) 80.8(12.61)
Cholesterol 6.6(1.17) 6.1(1.17)
Age 47.4(8.80) 45.2(8.41)
BMI 36.4(3.99) 36.9(3.77)
Malay 13(35.1%) 60(36.8%)
Race* Chinese 12(32.4%) 52(31.9%)
Indian 12(32.4%) 51(31.3%)
Cender* Male 24(64.9%) 76(46.6%)
Female 13(35.1%) 87(53.4%)

Multiple Logistic Regression




2. Variable selection

* To select best variables to predict the outcome.
* Sub-steps:
a. Univariable analysis.

b. Multivariable analysis.

c. Checking multicollinearity & interactions.
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2a. Univariable analysis

* Perform Simple Logistic Regression on each IV.
* Select IVs which fullfill:

— P-value <0.25 - Statistical significance.

— Clinically significant IVs > You decide.
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2a. Univariable analysis

* Analyze numerical
variables:

- Analyze > Regression -
Binary Logistic

- Dependent: cad,
Covariates: sbp

— Click Options > Tick
Iteration history, CI for
exp(B) > Continue > OK

— Repeat for dbp, chol, age,
bmi

Logistic Regression b
oo
a gorical...
2. - - .
& sbe Block 1 of 1
2 w0
Mext
# o :
f age Covariates:
& bmi sh
R
& race
&b gender *
Methaod: |Emer '|
Selection Variable:
| |

(ox ) (amme) (s cancet) (e )

Logistic Regression: Options
Statistics and Flots

[] Classification plots

[7] Hosmer-Lemeshow goodness-of-fit

[] Casewise listing of residuals

Display
@ At each step At last step

Probability for Stepwise

Entry: Removal:

D Conserve memary for complex analyses or large datasets

Classification cutoff:

Maximum Iterations:

[ Include constant in model

[Cominue][ Cancel ][ Help ]

05

]
=]
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2a. Univariable analysis

Model: SBP P-
 Results value=0.001 by
Omnibus Tests of Model Coefficients L|kel|h00d Ratio (LR) . EXp(B) iS OR
Chi-souare df Sig. :
Step 1 Step 10, 464 1 001 test ° OR(]. unit in SBP)
Jock | 10.464 o R =1.04(95% Cl: 1.01
Mol 10,464 1 001 SBP P-value=0.001b 1 04) Unadjusted/’
Wald test o
Crude OR.
Yariahles in the Equation * Interpretation:
5% C.1.for EXF(E) ImmHgincrease in
B 5.E. ifald of 5ig. ExpiR) Lower pper .
Step 17 shp 024 Nelery 102390 1 0ol 1.024 1.0049 1.0349 SBP Increasc .Odds Of
_ Constant | 4684 | 1039 | 20303 1| 000 | 009 CAD by 1.02 times.

a. wWariahlefs) entered on step 1. shp. o In va riable Selection
ConteXt, less concern
about OR &
interpretation.
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2a. Univariable analysis

° Logistic Regression + X
* Analyze categorical - o o G
: gr |t =
variables: 5o
&o [gender(Can
%racd Py
- Dependent: cad, .
Method: [E =]

Covariates: gender

— Click Categorical > (o) Caone) Come) e o)
Categorical Covariates: Logiticfagreson: efin CatsgoicalVariable -
gender > Change Contrast
-> Reference Category:
First > Change > Continue.

Cavariates: Categorical Covariates:

gender{indicator{first))

rChange Contrast

Contrast: |Indicator = |[C_I:|"ange]

- Repeat for race et asgry O @
[Cnntinue][ Cancel ][ Help ]
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2a. Univariable analysis

* Results
Women=0 becomes
Categorical Variables Codings the reference group.
F‘ara&r}eter
coding _
Fraguency T * OR(male)=2.11(95%
gender gender 'ii*«rzzr:an 122 1:235( Model: Gender P- Cl: l.(?l, 4.44),
value=0.044 by LR tes Unadjusted/Crude
. P OR.
Omnibus Tests of Model Coefficients .
Chi-sguare of Sig. * Interpretathn: Man
Step 1 Step 4 1| 044 Gender P-value=0.048 has 2.11 times odds
Block 4. 063 1 044
Model 4053 L ods by Wald test of CAD as compared
to woman.
Variahles in the Equation
A95% C.Lfor EXP(R)
B 5.E ifald cf 5ig. Expi(BE) Lower Upper
Step 1*  genderi(1) F48 2T7E 3.904 048 2113 1.007 4 437
Constant -1.501 297 40,870 000 145

a. variable(s) entered on step 1 gender.
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2a. Univariable

analysis

* P-values of IVs - select P-value <0.25

Factors P-value (Wald test) P-value (LR test)
Systolic Blood Pressure 0.001 0.001
Diastolic Blood Pressure 0.001 0.001
Cholesterol 0.012 0.011
Age 0.143 0.141
BMI 0.505 0.511
Race e atay 0857
Gender Man- Woman 0.048 0.044

*For both variables

Multiple Logistic Regression
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2b. Multivariable analysis

* Selected variables:
- sbp, dbp, chol, age, gender

* Perform Multiple logistic regression of the selected
variables (multivariable) in on go.

* Variable selection is now proceed at multivariable
level.

* Some may remain significant, some become
insignificant.

Multiple Logistic Regression



2b. Multivariable analysis

e Variable Selection

Methods:
Logistic Regression + X
- Automatlc, : Dependent:
g’? Isdhpzu 2 |_£) cad | Save..
o, rBlockl of 1
* Forward: Conditional, LR, & o —
. chol — -_sme...
Wald. Enters variables. 4 Covarates
mi sbp
.. . &) race db
* Backward: Conditional, LR, & venier o
age
Wald. Removes variables. S
Enter Methad: |Emer TE|
- M a n U a l. Ez:ﬁ:;‘ E:ndltu:unal Selection Variable:
Forward: Wald ) | |
Backward: Conditional
* Enter. Entry & removal of st U ) o G ) G

variables done manually.
(Recommended, but leave to
experts/statisticians).
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2b. Multivariable analysis

* Variable Selection in this workshop:

— Automatic by Forward & Backward LR.

— Selection of variables by P-values based on LR test.
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2b. Multivariable analysis

 Enter all selected variables.

* Perform ZX% 1x Forward LR,

kBackward LR.

Logistic R gressior[}

+ X

Categarical...

/ | &y id
y B
# o
E & chal
& age
& bmi
&) race
&) gender

Dependent:
oy id - (&) che
& sbp Block1 of 1
& dbp
y chol
& age Covariates:
& bmi <bp.
&b race . dbp*
&5 oender i chal
age
gender{Cat)
Methad: |3:orward: LR
Selection Variable:
R |

[ QK ][ Paste ][ Reset ][Cancel][ Help ]

Logistic Reg ress[';gn

Dependent:

Rea

Block 1 of 1

Covariates:

age
gender(Cat)

sbp
dbp
chol

Method: |Eackward:LF{ v

- |

Selection Variable:

|

[ QK ][ Paste ][ Reset ][Cancel][ Help ]

+

x

Categorical...
Save...

Options...

Style...

Probability for Stepwise

Entry: Rem oval:

Options: Just leave at the default values.
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2b. Multivariable analysis

Yariahles in the Equation

G5% C.1.for EXPE)

B 5.E. fald of Sig. ExpiE) Lowwer pper
Step 17 dbp 045 L0ls 11.298 1 00l 1.0%0 1021 LOg0
Constant -5 620 1277 19 258 1 alale] 004
o Resu lts step 2¥ dbp 050 015 | 11.444 1 001 1.051 1.021 1.081
gender JB0E 391 4.250 1 Nk 2.238 1.040 4. 815
Constant - 120 1217 21.606 1 Q00 o2
a. variable{s) entered on step 1. dbp.
FO rwa rd LR b. Wariable(sy entered on step 2: gender.
Variahles in the Equation
5% C.Lfor EXP(B)
B 5.E irald cif Sig. Expi(E) Lowver Upper
step 17 shp 003 014 271 1 542 l.oos L8981 1.0Z7
* BOth methOdS diap 034 025 1799 1 180 1.o=4 J9BE 1.08¢
keep same chol 187 188 J2EY 1 221 1.205 JB24 1.742
age -.0le 028 235 1 Se2 984 831 1.040
IVs: dbp & gender 755 401 3.544 1 B0 2.127 969 4 667
Constant -5.334 1524 17272 1 000 002
gender. Step 2% shp 006 013 183 1 668 | 1.006 980 | 1031
dbp 035 025 1 965 1 el 1.0zZ6 L2986 1.087
* P_Values by chol 12 182 sl 1 272 1.17% 822 1.8l
Wald test. gender 28 L2398 3.351 1 BT 2.070 .a50 4.512
Canstant -5.623 1.44% 20,882 1 000 00l
Step 3% dbp 043 01 F.2a0 1 Q07 1.044 1.012 1077
chol 175 180 L2948 1 220 1.191 JBZE 1.694
gender 74l 1) 2455 1 el 2.098 LAG5 4,564
Constant -6 65T 1.452 21.017 1 000 00l
step 42 dbp 050 015 11. 444 1 .00l 1051 1021 1.081
Backward LR N\ gender B0 391 | 4.250 1 039 | 2.238 1.040 | 4.815
Constant -6, 120 1217 21606 1 000 002

a. Wariakhle(s) entered on step 1. sbp, dbp, chol, age, gender.
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2b. Multivariable analysis

 Results

Model if Term Remowved

Forward LR

%

* Both methods keep same

IVs: dbp & gender.

* P-values by LR test.

Backward LR

Change in -2

Madel Lag Log 5ig. af the

Yariahle Likelihood Likelihood df Change
otep 1 dbp -85 778 11.923 A0l
% dbp -932.747 12.28%9 Q00
gencder -89.512 4.414% Qe

Model if Term Remowved
Change in -2
Model Log Log 5iQ. of the

“ariahble Likelihood Likelihood df Change
tep 1l shp -87.054 BT 1 542
dip -87.795 1.858 1 173
chol -57.363 9B8 1 220
age -B7. 035 239 1 560
gender -88.698 2657 1 RIEY
step 2 shp -87.130 (182 1 BT
dbp -88.056 2.034 1 154
chal -7 436 FE3 1 R
gender -88.765% 2,451 1 NE3
step 2 dbp -80.934 .09 1 06
chol -87.602 JAd5 1 231
gender -858.932 2.604 1 58
tep 4 dbp -92.747 12.2849 1 000
gender -89 812 4.41% 1 RIEL
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2¢. Multicollinearity

Logistic Regression + X
. . - Dependent:
* Indicates redundant variables - y > [& e |
: 2w
highly correlated IVs. @ o Nex —
g y ﬁage Covariates:
[ J

. & bmi dbp
Perform Enter method withdbp & | S L el
gender.

\ ]
Look at coefficients (B) & std [ [ethod e el

Selection Variable:

errors (SE) / ORs (95% Cls) if they =) |

are suspicio\lsly lar Lok J(Lpeste J( geset ][ cancel] _rerp
Results .
 / Variahles in the Equation L SES are qurte Sma“

&

bttt relative to Bs
B S.E fald if Siq. Expi(B) Lower Upper *
Step 13 dbp 050 015 | 11.444 1 001 1.051 1021 1081 | o 9504 Cls are not too
gender B06 391 4.250 1 039 2.238 1.040 4.815 .
Constant | -6.120 1.217 | 21.606 1 000 JloF: Wlde.

a. variable(s) entered on step 1. dbp, gender.

* No multicollinearity.

3
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2d. Interactions

® IVS Combination that ( Logistic Regression + ¥ N
requires interpretation of B Al e
. & a
regression separately 4 o - -
& bmi _dhp — |
base.d on l.evels of IV> B Eﬁ:
making things /L

complicated. /%//ﬁ e L
election Variable:
| @

* Perform Enter metW/ o (e ) ) G
dbp, gender & dbp x gender.

Select bothender
(hold Ctrl on keyboard) >
Click >a*b>
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2d. Interactions

 Results

Variahles in the Equation

S5% C..for EXP(E)
B S.E irald df Sig. Expi(B) Lower Upper
step 12 dbp Rl 28 4 515 1 032 1.062 1.005 1122
gender(1) 2.117 2,411 529 1 A&7 B8.208 A28 | 2495 947
dip by gender(l) -.015 JOEE 208 1 648 J4BS Va2 d 1.051
Constant -F.070 2.502 7987 1 /005 001

a. Wariahleis) entered on step 1. dbp, gender, dbp ™ gender . J
Wald test for dbp by gender
(dbp*gender) not sig. Can

remove the interaction term
from model.
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2. Variable selection

* At the end of Variable Selection Step »> Preliminary
Final Model.

o _ * P-values by Wald
Variahles in the Eguation .
i 95% C.l.for EXP(B) teSt per Vanable
B 5.E Wald df sig. Exp(B) | Lower | Upper by Enter method.
Step 13 dbp 050 015 | 11.444 1 00l [ 1051 1ozl | Lo81 e Take this adjusted
gender(1} JBOE 391 4.250 1 RUES 2.238 1.040 4.81% OR
Constant -5.120 1.317 [ 21606 1 Q00 a2 )
a. variable(s) entered on step 1 dbp, gender.
Omnibus Tests of Model Coefficients P-ValueS by LR test fOI‘
Chi-sgquare of Sig.
step 1 step 16.352 2 000 both dbp & gender by
Black 16.352 2 000 Enter method.
Muodel 16.352 2 000
Model if Term Remowed
Change in -2 )
“ariahle HESI?ADLSE% LikELIIi:IthDd oif Slghéj;gtge / P-Values by LR per
Stepl  dbp —a% 77E 11933 1 0ol Va”able. Obta|ned W|th
step 2 dbp -93.747 12.289 1 000 Forward LR method.
gencler -53.812 4.419 1 RVEL
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3. Model fit assessment

* By these 3 goodness-of-fit assessment methods:

a. Hosmer-Lemeshow test
b. Classification table.

c. Area under Receiver Operating Characteristics (ROC)
curve.

e Atthe end > Final Model.

Multiple Logistic Regression



3. Model fit assessment

Logistic Regression: Options + X

 Perform Enter method with vl

[[] Classification plots [7] Carrelations of estimates

[ Hosmer-Lemeshow goodness-of-fit [ Iteration histary

dbp & gender. [] Casewise listing of residuals [/ Cifor expiE): %

—Display

» Additionally

rProbability for Stepwise Classification cutoff:

E = R I
& em oy Maximum lterations:

° [ ] °
- C l I C k o ptl o ns. o0 9 T I C k D Conserve memory for complex analyses or large datasets

[¥ Include constant in maodel

Hosmer-Lemeshow () o) )
gOOd ness-Of-fit Logisticﬁegression:s.ave + X

rResiduals

rPredicted Values

- Click Save... > Tick VB || s

[7] Group membership [7] Logit

Probabilities under

[7] Cook's
[7] Leverage values [ o

Predicted Values o

Export model information to XML file

— A new variable PRE_1 will be —
Created. (o) (G G

[7] studentized
[7] standardized

eviance

Multiple Logistic Regression



3a. Hosmer-Lemeshow test

* Indicates fit of Preliminary Final Model to data.

* Results P-value 0.09 > 0.05 _
Good model fit to the data.

Hosmer and Lemeshow Test

Step Chi-sguare cif Sig.
1 12,626 & 0592

Observed counts in data.
Contingency Table for Hosmer and Lemeshmrg,es/

cad cnrngag;nanncear&x disease cad cn%edw disease B
Qhserved Expected Qhserved Expected | Total .
Stepl 1 20 20712 2 1.288 22 ® EXpeCted/predICted CountS
z 18 18.269 2 1.631 20 by model.
3 22 15,644 0 2356 22 .
4 iy o e o s .| ' * The smaller the differences
5 15 16.019 4 2.981 19 between Observed vs
° o~ 5009 ° >0 2 Expected — Better model fit
12 14.27¢ 2 3724 18
= 17 15 260 3 4,740 20 tO data-
2 11 12 648 9 B.252 20
10 g 6277 5 & 723 13

Multiple Logistic Regression



3b. Classification table

* CAD & No CAD subjects observed vs
predicted/classified by Preliminary Final Model.

* % correctly classified > 70% is expected for good

/

[ ]
model fit.
* Result
esSultts
Classification Table®
Predicted /
Ccad coronary artery disease
Fercentage
Ohserved 0 no cad 1 cad Caorrect
Step 1 cad coronarny anery 0 no cad 157 a5 3
disease
1cad 34 3 1
Crverall Percentage H0.0

a Thet

ut walue is 500

Multiple Logistic Regression

* 80% of subjects are

correctly classified by
the model.

* Good model fit to the

data.




3c. Area under ROC curve (AUC)

* A measure of ability of the model to
discriminate CAD vs Non CAD

subjects.

ROC Curve |\ + x|
* AUC> 0.7 is acceptable fit. - T e
« e . . & sbp

* AUC = 0.5 no discrimination at all, & o

chal

not acceptable. g o v

[ cea |

° Steps % gender Value of State Variable:

- Analyze - Classify > ROC curve... >
Assign Test Variable: Predicted
probability (PRE_1), State Variable: cad,

Display
[ ROC Curve
[ with diagonal reference line

@Eﬂtandard error and confidence inter‘ualé

[] Coordinate points of the ROC Curve

Value of State Variable: 1.

[ Ok ][ Paste ][ Reset ][Eancel][ Help ]

— Under Display tick ROC Curve, With
diagonal reference line and Standard
Error and confidence interval.

Multiple Logistic Regression




3c. Area under ROC curve (AUC)

 Results

Area Under the Curwve
ROC Curve

Test Eesult Wariakle{s):PEE_1 Fredicted probakility 1.0
Asymptotic 95% Confidence /—/
Interval
Asymptotic 0.5
Area Stol. Error? Sig|.IJ Loweer Bound Upper Bound
732 (045 000 EE 821
The test result wariableds): PEE_1 Predicted probahility has at least ane > 06
tie|between the positive actual state group and the negative actual state =
group. Statistics may be biased. =
4. Under the nonparametric assumption =
b |Mull hypothesis: true area = 0.5 V0.4
* AUC=0.73>0.7.
* 95% CI: 0.64, 0.82.
* Lower limit slightly < 0.7, still : : : :
0.0 0.2 0.4 0.6 0.8 1.0
acceptable > 0.5. 1 - Specificity
[} Good model flt to the data. Diagonal segments are produced by ties.

Multiple Logistic Regression



3. Model fit assessment

* All 3 methods indicate good model fit of
Preliminary Final Model.

* Can conclude the model with dbp & gender > Final
Model.

Multiple Logistic Regression



2. Final Model interpretation & presentation

* The Final Model.

* P-values by Wald
Variahles in the Eguation . bl
] 45% C.|.for EXP(B) test per variable
B 5.E Wald df sig. Exp(B) | Lower | Upper by Enter method.
Step 13 dbp 050 015 | 11.444 1 00l [ 1051 1ozl | Lo81 e Take this adjusted
gender(l) BOE 291 4.250 1 0329 2.238 1.040 4.815 OR
Constant -5.120 1.317 | 21606 1 000 002 .
a. “ariable(s) entered on step 1 dbp, gender.
Omnibus Tests of Model Coefficients P-ValueS by LR test fOI‘
Chi-sgquare of Sig.
T o — ——— both dbp & gender by
Block 16.352 2 000 Enter method.
Moclel 16.352 2 000
Model if Term Remowed
Model L ChanEe in -2 — _
variahle likelihood Likelifbad of Ighzlljngtee P_'Values by _I—R pe':
Step T obp 5778 Tro%3 n — variable. Obtained with
step 2 dbp -93.747 12.289 1 000 Forward LR method.
gender -53.512 4.419 1 036

Multiple Logistic Regression



4. Final Model interpretation & presentation

* Associated factors of coronary artery disease.

1mmHg increase in DBP
increase odds of CAD
by 1.05 times, while
controlling for gender.

Factors b Adjusted OR (95% Cl) P-value®
Diastolic Blood Pressure 0.05 1.05(1.02, 1.08) <0.001
Gender Man vs Woman }8/ 2.24 (1.04, 4.82) 0.036
°LR test

Man has 2.24 times odds of
CAD as compared to woman,
while controlling for DBP.

To obtain for 10mmHg increase in DBP
OR = exp(c x b) = exp(10 x 0.05) = exp(0.5) = 1.65 times.

Multiple Logistic Regression
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