Logistic Regression Examples in Arc and S-Plus

Example 1 – Dieldrin in Breast Milk of Mothers in Western Australia  (Arc)

These data come from a study conducted in Western Australia in 1979-80. Earlier research discovered surprisingly high pesticide levels in human breast milk. The research conducted in 1979-80 hoped to show that the levels had decreased as result of stricter governmental regulations on the use of pesticides on food crops. They did find decreases for several types of pesticides. Levels of the pesticide dieldrin, however had substantially increased. These data help to explain why.

For 45 donors, we have information on: mother's age in years; whether they lived in a new suburb (0 = no, 1 = yes); whether their house had been treated for termites within the past three years (0 = no , 1 = yes); and whether their breast milk contained above average (> .009 ppm) levels of the pesticide dieldrin. Termites are a common problem in W. Australia, and dieldrin is used to control them. By law new houses are pretreated for termites.
We begin by considering a logistic model using only information about whether a mother lives in a home treated for termites.

Data set = Pestmilk, Name of Fit = HT model

Binomial Regression

Kernel mean function = Logistic

Response      = HD

Terms         = (HT)

Trials        = Ones

Coefficient Estimates

Label      Estimate        Std. Error     Est/SE    p-value

Constant  -1.67398         0.629098       -2.661     0.0078

HT         1.84103         0.750731        2.452     0.0142

Scale factor:                  1.    

Number of cases:              43

Degrees of freedom:           41

Pearson X2:               42.997

Deviance:                 49.678

The log odds for a mother living in home not treated for termites (HT=0) is –1.67398, giving us an odds of exp(-1.67398) = .1877.   The log odds for a mother living in a home treated for termites (HT=1) is .166, giving us an odds of exp(.166) = 1.18.  It is standard to report the effect of HT in terms of odds ratios.

OR =  1.18/.1877= 6.28   or    OR = exp(1.84) = 6.28

Thus we conclude that a women living in a home treated for termites is 6.28 times more likely to have high dieldrin levels than a mother who does not.  A similar analysis could be performed using the new suburb indicator.

We now consider adding a second predictor, the new suburb indicator NS, to the model. 

Data set = Pestmilk, Name of Fit = B8

Binomial Regression

Kernel mean function = Logistic

Response      = HD

Terms         = (HT NS)

Trials        = Ones

Coefficient Estimates

Label      Estimate        Std. Error     Est/SE    p-value

Constant  -2.49855         0.850991       -2.936     0.0033

HT         2.27822         0.884585        2.575     0.0100

NS         1.81479         0.893129        2.032     0.0422

Scale factor:                  1.    

Number of cases:              43

Degrees of freedom:           40

Pearson X2:               37.588

Deviance:                 44.827

The OR’s associated with HT and NS are exp(2.278) = 9.757 and exp(1.815) = 6.141 respectively.  Both predictors are significant at the .05 level.  Finally we consider adding the mother’s age to the model.

Data set = Pestmilk, Name of Fit = B9

Binomial Regression

Kernel mean function = Logistic

Response      = HD

Terms         = (HT NS AGE)

Trials        = Ones

Coefficient Estimates

Label      Estimate        Std. Error     Est/SE    p-value

Constant  -8.97275         3.85324        -2.329     0.0199

HT         2.59697         0.968314        2.682     0.0073

NS         2.14069         0.930840        2.300     0.0215

AGE        0.208386        0.117226        1.778     0.0755

Scale factor:                  1.    

Number of cases:              43

Degrees of freedom:           39

Pearson X2:               37.144

Deviance:                 41.087

The age predictor is not significant at the .05 level.  We can compare two nested logistic models using a “General Chi-square” test, which is similar to the “General F-test” for OLS models.  In the example below we compare the model including Age to the model not containing Age.  

GNH2 – GAH2 = 44.827 – 41.087 = 3.74 ~ 21
Using the Arc probability calculator we have,

Chisq dist. with 1 df, value = 3.74, upper-tail probability = 0.0531244

Thus we fail to reject the NH and conclude that the mother’s age could be removed from the model.  We may choose to keep age in the model for subjective reasons. 

How do we interpret continuous predictors in terms of odds ratios?  We typically pick an incremental increase for the variable of interest and then compute the associated change in odds ratio.  For example, consider the effect of 5-year increase in age of the mother for the dieldrin study. The OR associated with a 5-year increase in age =  exp(5*.208) = 2.83.  For example, a mother who is 25 years old  is 2.83 times more likely to have high a dieldrin level in her breast milk than a 20 year old mother.

Caution:

When working with continuous predictors we have to assume that the effect of an incremental increase is the same for all base levels, i.e. for the age variable in the dieldrin study we would have to assume the effect going from 20 to 25 years old is the same as the effect from 30 to 35 years of age.  This may be reasonable for this situation, however for some situations this assumption is definitely questionable.  

Example 1 – Dieldrin in Breast Milk of Mothers in Western Australia  (S-Plus)

> attach(pestmilk)

> names(pestmilk)

[1] "age" "ns"  "ht"  "hd" 

> hd.log <- glm(hd~ht,family=binomial)

> summary(hd.log)

Call: glm(formula = hd ~ ht, family = binomial)

Deviance Residuals:

       Min         1Q     Median       3Q      Max 

 -1.249127 -0.9177273 -0.5863281 1.107343 1.921256

Coefficients:

                Value Std. Error   t value 

(Intercept) -1.673723  0.6233116 -2.685211

         ht  1.840777  0.7458884  2.467899

(Dispersion Parameter for Binomial family taken to be 1 )

Null Deviance: 56.76518 on 42 degrees of freedom

Residual Deviance: 49.67837 on 41 degrees of freedom

Number of Fisher Scoring Iterations: 3

> exp(1.841)

[1] 6.30283   # OR associated with living in home treated for termites
95% CI for OR Associated with HT

==================================================
> exp(1.841 - 1.96*.746)

[1] 1.460589

> exp(1.841 + 1.96*.746)

[1] 27.19845

Adding new suburb indicator to the model

> hd.log2 <- glm(hd~ht+ns,family=binomial)

> summary(hd.log2)

Call: glm(formula = hd ~ ht + ns, family = binomial)

Deviance Residuals:

       Min         1Q     Median       3Q      Max 

 -1.886424 -0.9946951 -0.3974919 1.272293 1.478083

Coefficients:

                Value Std. Error   t value 

(Intercept) -2.498549  0.8509911 -2.936045

         ht  2.278225  0.8845854  2.575472

         ns  1.814788  0.8931291  2.031944

(Dispersion Parameter for Binomial family taken to be 1 )

    Null Deviance: 56.76518 on 42 degrees of freedom

Residual Deviance: 44.82696 on 40 degrees of freedom

Number of Fisher Scoring Iterations: 4

Adding mother’s age to the model

> hd.log3 <- glm(hd~ht+ns+age,family=binomial)

> summary(hd.log3,corr=F)

Call: glm(formula = hd ~ ht + ns + age, family = binomial)

Deviance Residuals:

       Min         1Q     Median        3Q      Max 

 -1.771007 -0.8361668 -0.2630892 0.8220128 2.062345

Coefficients:

                 Value Std. Error   t value 

(Intercept) -8.9727497  3.8532397 -2.328625

         ht  2.5969714  0.9683143  2.681951

         ns  2.1406872  0.9308404  2.299736

        age  0.2083864  0.1172264  1.777640

(Dispersion Parameter for Binomial family taken to be 1 )

    Null Deviance: 56.76518 on 42 degrees of freedom

Residual Deviance: 41.08711 on 39 degrees of freedom

Number of Fisher Scoring Iterations: 4

Comparing nested models

> anova(hd.log3,hd.log2,test="Chi")

Analysis of Deviance Table

Response: hd

          Terms Resid. Df Resid. Dev Test Df Deviance    Pr(Chi) 

1 ht + ns + age        39   41.08711                            

2       ht + ns        40   44.82696 -age -1 -3.73985 0.05312921

Confidence intervals for OR’s (Example for house treated)

> summary(hd.log3,corr=F)

Call: glm(formula = hd ~ ht + ns + age, family = binomial)

Deviance Residuals:

       Min         1Q     Median        3Q      Max 

 -1.771007 -0.8361668 -0.2630892 0.8220128 2.062345

Coefficients:

                 Value Std. Error   t value 

(Intercept) -8.9727497  3.8532397 -2.328625

         ht  2.5969714  0.9683143  2.681951

         ns  2.1406872  0.9308404  2.299736

        age  0.2083864  0.1172264  1.777640

(Dispersion Parameter for Binomial family taken to be 1 )

    Null Deviance: 56.76518 on 42 degrees of freedom

Residual Deviance: 41.08711 on 39 degrees of freedom

Number of Fisher Scoring Iterations: 4

> exp(2.597)

[1] 13.42341

> htORlow <- exp(2.597 – 2*.968)

[1] 1.936728

> htORhi <- exp(2.597 + 2*.968)

[1] 84.18359

