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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 (Ho): Cholesterol, weight status, and sex do not predict the likelihood of high blood
pressure level.
Alternative Hypothesis (Ha): 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
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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;



4

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

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

Figure 5
Assumption Check for Linear Relationship Between Continuous Independent Variable Cholesterol
and the Logit Transformation of the Dependent Variable in SAS
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Figure 6
R-square and Hosmer-Lemeshow Goodness-of-Fit Test in SAS

Figure 7
Multiple Logistic Regression Results in SAS
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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

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
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Figure 10
Continuous Predictor Linearity with Logit-odds Assumption Check in SPSS

Figure 11
Run Logistic Regression for Box-Tidwell Variable in SPSS
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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

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 “CI 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



12

Figure 13
Multiple Logistic Regression Steps in SPSS

Figure 14
Multiple Logistic Regression Model Fit in SPSS
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Figure 15
Multiple Logistic Regression Results in SPSS

*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, 𝝌𝟐(4, 5209) =432.72, p = .001. The model explained
between 8.2% (Cox and Snell 𝑹𝟐) and 11.0% (Nagelkerke 𝑹𝟐) of the variance in High BP level. The
Hosmer-Lemeshow test indicated the model was a good fit at 𝝌𝟐(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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