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ABSTRACT

This paper describes how to conduct a multiple logistic regression using SAS and SPSS. It gives
details on a) framing a research question, b) running all assumptions, c¢) running multiple logistic
regression model, d) interpretation, e) reporting results, and f) writing results in APA style for publication.

INTRODUCTION

This paper describes steps for framing a research question, developing null and alternative
hypotheses, and checking assumptions and conducting multiple logistic regressions in SAS and SPSS.
While developing research question the use of terms like ‘predict’ or ‘likelihood’ indicates regression
model is used. It is a good practice to list independent variables (predictors) first followed by dependent
variable (outcome) while framing a research question. Null hypothesis indicates the independent
variables do not predict the outcome whereas alternative hypothesis indicates that independent variables
predict outcome. To answer the research question, assumptions are checked, and if met, multiple logistic
regression is run. As outcome is dichotomous, we conducted binary logistic regression. If the outcome is
ordinal, use ordinal logistic regression, and if outcome categories are more than two then use multinomial
logistic regression technique.

Research Question: To what extent do cholesterol, weight status, and sex predict the likelihood of high
blood pressure levels?

Null Hypothesis (H,): Cholesterol, weight status, and sex do not predict the likelihood of high blood
pressure level.

Alternative Hypothesis (H,): Cholesterol, weight status, and sex do predict the likelihood of high blood
pressure level.
METHODS

Multiple logistic regression steps using SAS and SPSS are described below. Steps are conducted in SAS
‘On Demand for Academics’ and SPSS v30. Data is from SASHELP library, Heart dataset.

Assumptions
1) Dependent variable should be measured at the nominal level (dichotomous here)

2) Independent variables can be continuous, or categorical

3) Independence of observations and the dependent variable should have mutually exclusive
and exhaustive categories

4) No multicollinearity among independent variables (if two independent continuous variables)

5) Linear relationship between any continuous independent variables and the logit
transformation of the dependent variable. A continuous independent variable is “linear on the
log-odds scale” if the relationship between it and the natural log of the odds (also known as
the “logit”) of the dependent variable is linear.

6) No extreme outliers
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Assumption Testing in SAS

The first assumption fulfills as outcome variable High_BP is nominal variable with two categories.
Hence, we will use binary logistic regression. We have more than one predictor variable, so the second
assumption is met as we have two categorical independent variables i.e., Weight_status and Sex, and
one continuous independent variable Cholesterol (refer Table 1). The outcome is categorized as ‘1: Yes’
and ‘0: No’ and are mutually exclusive and exhaustive, used from SASHELP Heart dataset

If independent variable is categorical then cell frequency should be greater than 5. After running
the SAS code, we get that expected count of predictors Sex with High_BP >5 for all cells and
Weight_status with High_ BP >5 for all cells (see Figure 1 and Figure 2). Multicollinearity is checked when
we have two continuous independent variables using Pearsons’s correlation test not described in paper
as we do not have two independent continuous variables.

For assumption #6, visual inspection of histogram of Cholesterol indicates normal distribution and
box plot shows outliers (see Figure 3). The skewness for Cholesterol variable is 0.8 and kurtosis is 2.1,
which are in normal limits (see Figure 4). Outliers to be removed from data before proceeding to final
analysis.

The fifth assumption is linearity on the log-odds scale. This would mean that the natural log of the
odds of High_BP has a linear association with the independent variable, Cholesterol. Most of the time
solution is to categorize continuous types of variables so that we no longer must worry about the
assumption of linearity on the log-odds scale. Instead, we conducted the Box-Tidwell test where an
insignificant p-value would indicate the assumption is met. We created a Box-Tidwell variable named
BT_Chol by multiplying Cholesterol variable and with its log variable i.e., log (Cholesterol). Then run
logistic regression using Cholesterol and Box-Tidwell variable, including all other variables. The p-value is
0.45, hence assumption is met (see Figure 5).

As all our assumptions were met, we can proceed with multiple logistic regression. The variance
and model fit is explained in the output of multiple logistic regression is shown in Figure 6. Results
remain same for SAS and SPSS, hence we have reported towards end and are explained in APA style in
‘RESULT section Figure 7 for SAS results.

Table 1
SAS Variable Name Type Categories
High_BP Character 1: Yes 0: No
Sex Character Male, Female
Weight_Status Character Underweight, Normal, Overweight
Cholesterol Numeric Numeric




SAS CODE

*Run contents to understand the type of variable;
PROC CONTENTS DATA=BPdataset;

RUN;

*Run a chi-sq test for each categorical predictor with outcome to check for expected count assumption, if
expected counts >5 then assumption is met ;

PROC FREQ DATA=BPdataset;

TABLES SEX*HIGH_BP/CHISQ EXPECTED;

RUN;

PROC FREQ DATA= BPdataset;

TABLES WEIGHT_STATUS*HIGH_BP/CHISQ EXPECTED;
RUN;

*Run a distribution check for continuous predictors assumptions to see if it is normal and check for
outliers in box plot to check for assumption #6;

PROC UNIVARIATE DATA= BPdataset;
VAR CHOLESTEROL;

HISTOGRAM;

RUN;

PROC SGPLOT DATA= BPdataset;
VBOX CHOLESTEROL;
RUN;

*Run assumptions #5 check, linear relationship between continuous independent variables and the logit
transformation of the dependent variable;

*Create a Box-Tidwell variable;

DATA BPdataset;

SET BPdataset;
log_cholesterol=log(CHOLESTEROL);
BT_Chol= CHOLESTEROL* log_cholesterol;
RUN;



*Run regression using continuous variable and Box Tidwell variable and all variables for assumption
check;;

PROC LOGISTIC DATA= BPdataset;
Model High_BP= CHOLESTEROL BT_Chol SEX WEIGHT_STATUS;
RUN;

*All assumptions are met so we will proceed with multiple logistic regression analysis, you can use
descending function if your event is coded 1, as by default SAS predicts probability of 0. We used
event="1). The lackfit will run Hosmer-Lemeshow test and RSQ will produce r-squared values;

PROC LOGISTIC DATA= BPdataset;

CLASS SEX (REF="Female") WEIGHT_STATUS (REF="Normal");

MODEL HIGH_BP (event="1") = CHOLESTEROL SEX WEIGHT_STATUS/ lackfit rsq;
RUN;

Figure 1
Assumption Check for Categorical Predictor Sex using Chi-sq Test in SAS

Assumption Check: Categorical Predictor-Sex

Frequency Table of Sex by High_BP
Expected count Sty High_sF

Sex(Sex) o 1 Total

Female 1687 1186 2873
1250.4

Expected count, >5 % %7 ssas

2336

44.85

100.00

Statistics for Table of Sex by High_BP

Statistic DF value Prob P-value <0_05,

Chi-Square 1  13.0769 0.0003
Likelihood Ratio Chi-Square 1  13.0711 0.0003 Signiﬁcant
Continuity Adj. Chi-Square 1 12.8745  0.0003

Mantel-Haenszel Chi-Square 1 | 13.0744 0.0003

Phi Coefficient 0.0501

Contingency Coefficient 0.0500

Cramer's V 0.0501

Fisher's Exact Test
Cell (1,1) Frequency (F) 1687
Left-sided Pr <= F 0.9999
Right-sided Pr >= F 0.0002

Table Probability (P) <.0001
Two-sided Pr <= P 0.0003

The chi-sq test indicated all the expected counts are >5. Hence categorical variable assumption was met.




Figure 2
Assumption Check for Categorical Predictor Weight Status using Chi-sq Test in SAS

Assumption Check: Categorical Predictor-Weight Status

The FREQ Procedure

Frequency Table of Weight_Status by High_BP
Expected =
Percent High B
Row Pct Weight_Status(Weight_Status) o 1
1078 394

Expected count, >5 : 8312 | 6408

20.72 7.57
7323 26.77
36.69  17.40

1711 1839

2004.6 15454

32.88 35.34

4820 51.80

58.24 81.19

Underweight 149 32
10221  78.794

2.86 0.62

8232  17.68

5.07 1.41

2938 2265
56.47 43.53

Frequency Missing = 6

Statistics for Table of Weight_Status by High_BP

Statistic DF value | Prob P-Value <0_05’

Chi-Square 2  316.3229  <.0001
Likelihood Ratio Chi-Square 2 | 3297619  <.0001 Signiﬁcant
Mantel-Haenszel Chi-Square | 1 | 1220860 & <.0001

Phi Coefficient 0.2466

Contingency Coefficient 0.2394

Cramer's V 0.2466

Sample Size = 5203
Frequency Missing = 6

The chi-sq test indicated all the expected counts are >5. Hence categorical variable assumption was met.
There was significant difference between levels, so logistic regression is more likely to show significance.

Figure 3
Assumption Check for Continuous Predictor Cholesterol using Histogram and Box Plot in SAS
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Figure 4

Assumption Check for Continuous Predictor Cholesterol: Skewness and Kurtosis in SAS

Moments
N 5057 Sum Weights 5057
Mean 227.417441 Sum Observations 1150050
Std Deviation 44.9355238  Variance 2019.2013
Skewness 0.81634421 Kurtosis 2.10376843
Uncorrected SS 271750510 Corrected SS 102090818
Coeff Variation 19.7590491 Std Error Mean 0.63189269
Basic Statistical Measures
Location Variability
Mean 227.4174  Std Deviation 44.93552
Median 223.0000 Variance 2019
Mode 200.0000 Range 472.00000
Interquartile Range 59.00000
Tests for Location: Mu0=0
Test Statistic P Value
Student's t t 359.8988 Pr > [t] <.0001
Sign M 2528.5 Pr>=|M| <.0001
Signed Rank S 6394577 Pr >= |S] <.0001

Figure 5

Assumption Check for Linear Relationship Between Continuous Independent Variable Cholesterol
and the Logit Transformation of the Dependent Variable in SAS

Analysis of Maximum Likelihood Estimates

Parameter
Intercept
Cholesterol
BT_Chol
Sex Female
Weight_Status Normal

Weight_Status Overweight

Effect

Cholesterol
BT_Chol

Sex Female vs Male

Weight_Status Normal vs Underweight
Weight_Status Overweight vs Underweight

Standard Wald

DF Estimate Error Chi-Square Pr > ChiSq
1 3.1498 1.0772 8.5507 0.0035
1 -0.0290 0.0293 0.9768 0.3230
1 0.00339 0.00452 0.5629
1 0.0908 0.0298 9.2868 0.0023
1 0.1761 0.0784 5.0443 0.0247
1 -0.8120 0.0733 122.5998 =.0001

Odds Ratio Estimates

Point Estimate
0.971
1.003
1.199
0.631
0.235

95% Wald
Confidence Limits

0.917 1.029
0.995 1.012
1.067 1.348
0.420 0.950
0.158 0.350



Figure 6

R-square and Hosmer-Lemeshow Goodness-of-Fit Test in SAS

Model Fit Statistics
Criterion = Intercept Only | Intercept and Covariates
AIC 6921.068 6497.147
SC 6927.596
-2LogL 6919.068

Cox & Snell R-
square, and
Nagelkerke R-
square, it can be
reported as %

6529.784
6487.147

R-Square | 0.0820 Max-rescaled R-Square = 0.1099 «—

Hosmer and Lemeshow Goodness-of-Fit Test
Chi-Square =~ DF Pr> ChiSq

104694 8 0.2336 Hosmer-Lemeshow.

test indicates a
good fit

Figure 7
Multiple Logistic Regression Results in SAS

» Table of Contents

Type 3 Analysis of Effects

Wald
Effect DF Chi-Square Pr> ChiSq
Cholesterol 1 104.4364 <.0001
Sex 1 9.5447 0.0020
Weight_Status 2 237.1356 <.0001
ysis of Maxi Likelihood
Standard Wald
Parameter DF  Estimate Error = Chi-Square | Pr> ChiSq
Intercept 1 -2.3533 0.1676 197.0460 <.0001
Cholesterol 1 0.00699 = 0.000684 104.4364 <.0001
Sex Male 1 0.0919 0.0298 9.5447 0.0020
Weight_Status | Overweight 1 0.8132 0.0733 123.0786 <.0001
Weight_Status = Underweight 1 -0.6372 0.1349 223121 <.0001
Odds Ratidl Estimates
95% Wald
Effect Point Estimate = Confidence Limits
Cholesterol 1.007 1.006 1.008
Sex Male vs Female 1.202 1.070 1.351
Weight_Status Overweight vs Normal 2.689 2.346 3.082
Weight_Status Underweight vs Normaj 0.631 0.419 0.948

of i Pr and Observed Responses
Percent Concordant 66.2 Somers’'D 0.327
Percent Discordant 335 Gamma 0.328
Percent Tied 0.3 Tau-a 0.161
Pairs 6273498 ¢ 0.663
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Assumption Testing in SPSS

For categorical predictors run chi-sq test, we see expected counts >5 for Sex and Weight_status (see
Figure 8 and Figure 9)

1) Analyze —Descriptive Statistics — Crosstabs...
2) In“Column(s)” place the outcome variable and in “Row(s)” place the predictor
3) Click “Statistics” and check “Chi-Square”. Click Continue

4) Click “Cells” and check “Observed”, “Expected” and request Percentages for
“ROWS”

5) Click OK to run analysis

Figure 8
Assumption Check for Categorical Predictor using Chi-sq/Crosstab in SPSS
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Figure 9
Assumption Check for Categorical Predictor Sex and Weight_status in SPSS

Case Processing Summary

EAses Case Processing Summary
Valid Missing Total &
N Percent N Percent N Percent ke
Valid Missing Total
Sex * High 8P 5209 100.0% 0 0.0% 5209 100.0% W biicin N Periai N parcaini
Weight_Status * High_BP 5209 100.0% 0 0.0% 5209 100.0%
Sex * High_BP Crosstabulation
High_BP Weight_Status * High_BP Crosstabulation
0 1 Total High_BP
Sex Female Count B El 2873 0 1 Total
Expected Count §1622.6  1250. 2873.0 Weight_Status  Normal Couirit 1078 394 1472
% within Sex 8.7% 3% 100.0% Expected Count I 831.4 6540.6 I 1472.0
Male Count 08 2336 % within Weight_S 100.0%
Expected Count J§1319.4 1016.4 2336.0 Overweight  Count - 3550
% within Sex e 4o 100.0% Expected Count 2005.0 1545.0 3550.0
Total Count 2942 2267 5209 % within Weight_Status 48.2% 51.8% 100.0%
Expected Count  2942.0 2267.0 5209.0 Underweight Count 153 34 187
% within Sex 56.5% 43.5%  100.0% Expected Count 105.6 Bl.4 187.0
% wiithin Weight_Status 81.8% 18.2% 100.0%
Total Count 2942 2267 5209
Chi-Square Tests Expected Count 2942.0  2267.0 5209.0
Asymptaotic % within We’ﬂh( Status 56.5% 43.5% 100.0%
Significance Exact 5ig. (2~ Exact Sig. (1~
/ w (2-sided) sided) sided)
PEROTRT—,
Pearson Chi-Square | 13.077* 1 <.001 l Chi-Square Tests
Continulty Correction”  12.874 T < Asymptotic
Significance
Likelihood Ratio 13.071 1 <.001 i i (2-sided)
Fisher's Exact Test <.001 <.001 Pearson Chl~5quarz| 316.017° 2 <.001 |
N of Valid Cases 5209 L Ratio L A1) ’ 0T
a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is N of Valid Cases 5209
1016.65.
a. 0 cells (0.0%) have expected count less than 5. The
b. Computed only for a 2x2 table minimum expected count is 81.38.

For checking assumption, linear relationship with logit-odds, we transform variable. To assess this, use
the Box-Tidwell Test (see Figure 10).

Steps:
1) Transform —Compute Variable
2) In “Numeric Expression” type Ln(predictor)*predictor
3) In“Target Variable” name the new variable BT_predictor
Using Box-Tidwell variable run logistic regression (see Figure 11).
1) Analyze — Regression — Binary logistic
2) In “Dependent” place the outcome

3) In “Covariates” place the BT_predictor, the original predictor,
and all other variables in the model

4) Click OK to run analysis



Figure 10

Continuous Predictor Linearity with Logit-odds Assumption Check in SPSS

tics Fle Eat ‘iew Dat sform ons  Window  Help 'Y} Compute Variable
| e 1] -JEM SPSS Statistics Data Editor
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] 211 Nermal Pripare Data fer Modeling ¥ o~y 0 T Functions and Special Variables:
5 284 Normal 1 i 6 SCasenum
k >
W 225 Normal Rk e :D‘“e
o 221 Optimal [ Date and Time Wiz, 3 ‘:?::rll
0 1sngh [ Croate Ta Sees., Sysmis
m Normal 4 Replace Missing Values.., $Time
! i e Wb B et ! abs
m 292 Hih @ Random Mumber Generators o
L} 196 | Normal é Applymodel
30 152 Nomal Ovenweignt Wormal I Arsn
8 Filter by: pti
15 104 lerrwal | {indeueife . Bisrmal if,. [lopticnal case selection condition) e doclude Hes OpYn:
1 200/ Hgh Owermeigt  High
3 233/ Hgh Owermeigsl Hig® Py
e T e e e e I Y E B Reset Paste Cancel -
Figure 11
Run Logistic Regression for Box-Tidwell Variable in SPSS
000 Lagistic Regression .
. Classification Table?
Dependent; Categoricd Predicted
| WYY HOhBP  percemage
&) Smaking Block 1 of 1 Save.. Observed 0 1 Correct
j Cholesterol Step 1 High BP 0 1996 857 70.0
Jh Weight Satus Previous Next Optiors.. 1 1049 1155 524
Overall Percentage 62.3
4V Block 1 of 1 S —
f Predicted probebil.. a. The cut value is .500
| § Predicted provzbl el
‘ & wedied P . b‘lm 'Y Weight Status(Cat Boatstrap...
ORI Cholesterol Variables in the Equation
# Predicted probabil... 8T Chol )
§ Predicted probabl... uh> . - & L i S | Bl
Step 1% Sex(1) .186 .060 9.745 1 .002 1.204
Weight_Status 236.587 2 <.001
: Enter 3 =
Lot Weiht Status(l) 432 203 4.524 103 1540
Selection Variable: Weight Status(2) ~ 1.420 197  51.822 1 <001 4136
v Rile.. Cholesterol 029 029 984 2 1029
BT_Chol -.003 .005 .567 1 451 .997
Constant -3.859 1.089  12.560 < 021
? Reset Paste Cancel - a. Variable(s) entered on step 1: Sex, Weight_Status, Cholesterol, BT_Chol.
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Last assumption #6 check for continuous predictor (see Figure 12).
1. Analyze — Descriptive Statistics — Explore
2. In “Dependent List” place all continuous variables

3. Click OK to run analysis

Figure 12
Histogram and Boxplot of Cholesterol in SPSS
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Conducting Multiple Logistic Regression (see Figure 13)

1. Analyze — Regression — Binary Logistic

2. In “Dependent” place the outcome and in “Covariates” place all the predictors.
3. In“Save” check “Probabilities”
4

In “Options” check “Cl for exp(B),” and “Hosmer-Lemeshow goodness of fit”

IF USING CATEGORICAL PREDICTOR

5. In “Categorical” move predictor to “Categorical Covariates” and select a
reference category

6. “First” means the smaller number is the reference category
(If 1 = males and 0 = females; then females is reference group)

7. Click OK to run analysis

11



Figure 13
Multiple Logistic Regression Steps in SPSS
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& Weight_Status Breiiofs Nexk Options. .. | — n—
& BT_Chol i
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# Prediced probabil... | e style... -
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Selection Variable:
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2 Reset Paste cancel | (D ? Cancel . Continue
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Figure 14
Multiple Logistic Regression Model Fit in SPSS

Omnibus Tests of Model Coefficients

Chi-square df Sig.
Step 1 Step 432.725 4 <.001
Block 432.725 4 <.001
Model 432.725 4 <.001

Model Summary

-2 Log Cox & Snell R Nagelkerke R
Step likelihood Square Square
1l 6494.2452 .082 110

a. Estimation terminated at iteration number 4
because parameter estimates changed by less
than .001.
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Figure 15
Multiple Logistic Regression Results in SPSS

Classification Table?

Predicted
High_BP Percentage
Observed 0 4 Correct
Step 1 High_ BP 0 2005 848 70.3
1 1070 1134 51.5
Overall Percentage 62.1

a. The cut value is .500

Variables in the Equation
95% C.l.for EXP(B)
B S:E. Wald df Sig. Exp(B) Lower Upper
Step 1*  Sex(1) .188 .059 10.011 1 .002 1.207 1.074 1.356
Weight_Status 237.279 2 <.001
Weight_Status(1) .433 .203 4.560 1 .033 1.542 1.036 2.296
Weight_Status(2) 1.422 .197 52.064 1 <.001 4.146 2.818 6.102
Cholesterol .007 .001 105.341 1 <.001 1.007 1.006 1.008
Constant -3.062 .245 156.324 1 <.001 .047

a. Variable(s) entered on step 1: Sex, Weight_Status, Cholesterol.

*Note: SPSS result for weight status is different from SAS, as weight categories can be referenced either Indicator ‘first’ or ‘last’. If
you want to keep refence group specific recode the variable using Transform then recode into different variable and then use that
one, so that you can use Indicator function.

RESULT

The logistic regression results were significant, x%(4, 5209) =432.72, p = .001. The model explained
between 8.2% (Cox and Snell R?) and 11.0% (Nagelkerke R?) of the variance in High BP level. The
Hosmer-Lemeshow test indicated the model was a good fit at x*(8) = 10.57, p = .233 (see

Figure 6, Figure 14). Males are more likely to have high blood pressure level compared to females, Wald
(1)=10.01, p =.002, (OR 1.207, 95% CI[1.074, 1.356]) controlling for weight status, and cholesterol (see
Figure 7,Figure 15). Participants having higher cholesterol were more likely to have high BP level, Wald
(1) = 105.341, p <.0001, (OR=1.007, 95% CI [1.006, 1.008]), controlling for sex and weight status. Being
overweight had 2.68 times more odds of having high blood pressure when compared normal weight, p
<.0001, 95% CI [2.34, 3.08]) whereas underweight were less likely to have high BP when compared
normal weight, p <.0001, (OR=0.631, 95% CI [0.0419, 0.948])), refer to Figure 7.

CONCLUSION

It is essential to run assumption check before running logistic regression model. If assumptions are not
met there are techniques like data transformation, removing outliers, recoding variables, if cell size
smaller than combining the categories with justification and literature reference.
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