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[Introduction] To estimate the prevalence ratios, using a log-binomial model with or without
continuous covariates. Prevalence ratios for individuals’ attitude towards smoking-ban legislation
associated with smoking status, estimated by using a log-binomial model were compared with odds
ratios estimated by logistic regression model. In the log-binomial modeling, maximum likelihood
method was used when there were no continuous covariates and COPY approach was used if the
model did not converge, for example due to the existence of continuous covariates. We examined the
association between individuals’ attitude towards smoking-ban legislation and smoking status in men
and women. Prevalence ratio and odds ratio estimation provided similar results for the association in
women since smoking was not common. In men however, the odds ratio estimates were markedly
larger than the prevalence ratios due to a higher prevalence of outcome. The log-binomial model did
not converge when age was included as a continuous covariate and COPY method was used to deal
with the situation. All analysis was performed by SAS. Prevalence ratio seemed to better measure the
association than odds ratio when prevalence is high. SAS programs were provided to calculate the
prevalence ratios with or without continuous covariates in the log-binomial regression analysis.
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PROC GENMOD_ DATA=O0RIGINAL;

ODS SELECT ParameterEstimates;

ODS OUTPUT ParameterEstimates=PARAO;

MODEL Y=X; X, -+ Xy/D=BIN LINK
=LOG INTERCEPT=—1 LRCI;

DATA PARA;

SET PARAO;

PR=EXP(ESTIMATE) ;

LPR=EXP(LOWERLRCI);

UPR=EXP(UPPERLRC});

KEEP PARAMETER PR LPR UPR;

PROC PRINT DATA=PARA;

RUN;
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DATA ONE;SET ORIGINAL; W=0.999;

DATA TWO:;SET ORIGINAL; Y=1—Y;W=0.001;

DATA THREE; SET ONE TWO;

PROC GENMOD DATA=THREE;

ODS SELECT ParameterEstimates;

ODS QUTPUT ParameterEstimates =PARAQ;

WEIGHT=W;

MODEL Y=X, X; -*- Xi/D=BIN LINK
=LOG INTERCEPT=-1 LRCI;

DATA PARA;

SET PARAO;

PR=EXP(ESTIMATE);

LPR=EXP(LOWERLRCI);

UPR=EXP(UPPERLRCI);

KEEP PARAMETER PR LPR UPR;

PROC PRINT DATA=PARA;

RUN;
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