IORLHNAL ARASTIRMA ORIGINAL RESEARCH I

Vilda PURUTGUOGLU;?
Saygin KARAGULLE?

aDepartment of Statistics,
Middle East Technical University,
Ankara

Gelis Tarihi/Received: 27.04.2010
Kabul Tarihi/Accepted: 25.10.2010

Yazisma Adresi/Correspondence:
Vilda PURUTCUOGLU

Middle East Technical University,

Department of Statistics, Ankara,

TURKIYE/TURKEY

vpurutcu @ metu.edu.tr

Copyright © 2011 by Tirkiye Klinikleri

Turkiye Klinikleri J Biostat 2011;3(1)

Stukel’s Extended Logistic Regression
Analysis with R

R ile Stukel’in
Genisletilmis Lojistik Regresyon Analizi

ABSTRACT Objective: For a logistic regression model, the degree to which predicted probabilities
agree with actual outcomes can be expressed as a classification table. Being crucial in model ade-
quacy checking, such tables may be slightly different when the same data are modeled with differ-
ent statistical packages. The underlying reason is that when classifying a set of binary data, if the
observations used to fit the model are also used to estimate the classification error, the resulting
error-count estimate is biased. In order to cope with this problem, SAS suggests an algorithm, whereas
the software is not publicly available. R is a free downloadable programme which is particularly de-
signed for statistical computation, including the logistic regression analysis. The purpose of this study
is to present a new function in R which carries out an extended logistic regression analysis of a bi-
nary data from the construction of its reduced-biased classification table, to the inference of its model
parameters by calling the Irm(.) function under the Design package where necessary. Material and
Methods: The performance of ext.logreg(.) is evaluated in terms of the accuracy of estimates and
computational cost. Results: From the results of two binary datasets, it is observed that ext.logreg(.)
via R estimates the model parameters and constructs the unbiased classification table as accurate as
SAS programme under PROC logistic function without losing the computational demand. Conclu-
sion: The free downloadable ext.logreg(.) function can be seen as an alternative computational tool
in the analysis of logistic regression when the validation of predicted probabilities is essential.

Key Words: Logistic regression analysis; validation of predicted probabilities;
unbiased classification table; R programme language

OZET Amag: Lojistik regresyon modellerinde tahmin edilen olasiliklarin gercek degerlerle ne derece
uyumlu olduklar: siniflandirma tablolusuyla ifade edilebilir. Model uyumlarinin kontrollerinde bu
tiir tablolar, aym veri farkl istatistiksel paket programlariyla modellendikleri zaman aralarinda gok
kiigiik farklara sahip olabilirler. Bahsedilen farkin sebebi ise, iki-diizeyli tek degiskenli bir veri
setinin siniflandirmasinda, eger modele uyarlanmak i¢in kullanilan goézlemler, siniflandirma
hatasini tahmin etmede de kullaniliyorsa, sonugta bulunan hata-hesaplama tahmini yanl olacaktir.
Bu problemi ¢ézmek igin, SAS bir algoritma 6nermektedir. Buna karsin bu programlama dili
herkesin kullanimina agik degildir. R, lojistik regresyon analizini de kapsayan, 6zellikle istatistiksel
hesaplamalara yonelik olarak tasarlanmus, ticretsiz indirilebilen bir programdir. Bu ¢aliymanin amaci
R’da kisaltilmig-yanh siniflandirma tablosundan, gerekli durumlarda “Design” paketi i¢inde bulunan
Irm(.) fonksiyonunu ¢agirarak, model parametrelerinin tahminine kadar iki-diizeyli tek degiskenli
bir verinin genisletilmis lojistik regresyon analizini yapan yeni bir fonksiyon sunmaktir. Gereg ve
Yontemler: ext.logreg(.)’in performasi, tahminlerin dogrulugu ve hesaplama maliyeti agisindan
degerlendirilmektedir. Bulgular: iki ayri iki-diizeyli tek degiskenli veri setinden elde edilen
cevaplara gore, R ile olan ext.logreg(.)’in model parametrelerini tahmin etmede ve yansiz
siniflandirma tablosunu kurmada, hesaplama zamaninda bir kayip olmaksizin SAS programindaki
PROC logistic fonksiyonu kadar dogru yaptigi gézlenmektedir. Sonug: Ucretsiz indirilebilen
ext.]logreg(.) fonksiyonu, tahmin edilen olasiliklarin dogrulanmasinin gerekli oldugu lojistik
regresyon analizinde, alternatif bir hesaplama araci olarak goriilebilir.

Anahtar Kelimeler: Lojistik regresyon analizi; tahmin edilen olasiliklarin dogrulanmasi;
yansiz siniflandirma tablosu; R programlama dili
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n certain analysis where the outcomes of in-

terest are binary such as the longitudinal study

of the cardiovascular disease which categorizes
women into two classes with respect to their
menopause periods and their risk levels 2 or the
study about the relationship between coronary dis-
ease mortality and its possible risk factors,>* the re-
searchers may encounter with computational
problems in inference of the model parameters
whose calculations are done via the ordinary least
square method under certain assumptions or the
maximum likelihood method. In order to handle
such binary response variables, the logistic regres-
sion technique has been developed. Today this
technique is widely applicable for advanced com-
putational tools>® and statistical package pro-
grammes such as the SAS programme language.” In
this article, we present an R function, called ext.lo-
greg(.), which enables us to implement a complete
logistic regression analysis with binary data by con-
structing an unbiased classification table as the
novelty, and calling the Irm(.) function within the
“Design” R package (compatible any R versions >
2.0.0) where necessary. The R software is a well-
known free downloadable programme language
which is particularly user friendly for statistical
analyses. In the following section, we present the
construction of the logistic regression in R. In Sec-
tion 3, the details of the ext.logreg(.) function are
given, and in Section 4, we implement it in the two
real datasets. Finally we conclude our outputs in
Section 5.

I LOGISTIC REGRESSION MODEL WITH R

In a simple logistic regression where we deal with
merely one predictor variable, the relationship be-
tween the binary outcome and continuous predic-
tor variable disables us to use the ordinary least
squares method in inference of the model parame-
ters. The reason is that the sigmoidal shape of the
response function causes a nonlinear relation under
binary response variable (Figure 1). Indeed, even
the response function is chosen as linear, the esti-
mation becomes problematic when the error terms
are non-normal and their variances are not con-
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FIGURE 1: Possible relationship between a binary response variable and a
continuous predictor variable whose total sample size is 7.

stant.® So in such regression models, the underly-
ing nonlinear relation between the predictor and
the response, which is called the logistic response
function, can be described as follows.

By —x = SPD)

ST oo 1)
I+ exp(X/f)

where X; and Y; denote the th predictor and re-
sponse, respectively, and 3 shows the regression co-
efficient. Equation 1 can be linearized by the logit
transformation of the probability r;, denoted by

7T

- X.p

n =logit(z;)=1In
1 i

Indeed, apart from the logit transformation,
the mean response function 7; can be also lin-
earized by the probit and the complementary log-
log response function. Although both expressions
have the same shape as the logistic response func-
tion, they are computationally problematic when
we have more than one predictor variable.® Hereby
we prefer logit, rather than its alternatives, as the
linear transformation of 7; in our calculation.

In a logistic regression model, the parameters
can be approximately estimated by different itera-
tive techniques. But typically the Newton-Rap-
shon, general optimization, and Iterated Weighted
Least Squares (IWLS) method are chosen for the in-
ference.” Both SAS and R choose the Newton-
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Raphson approach for parameter estimation in such
models.

On the other hand if the categorical data ana-
lyzed by the logistic regression have more than two
levels in any explanatory variables, the calculation
can be implemented by mainly two different ap-
proaches. The first approach considers that the pre-
dictor variables do not have ordered categories,
hereby, the reference class for the levels of variable
is chosen by the researcher. This assumption is used
in the generalized logit model. Whereas the second
approach accepts that the variable possesses in-
creasing or decreasing ordered levels such as upper,
middle, and lower classes. Thereby the calculation
can be done via the cumulative logit model by
choosing the lowest or the highest level as the ref-
erence class. In the analysis via SAS and R pro-
grammes, the generalized logit model is
implemented by default to assign this class in esti-
mation.

I EVALUATIONS OF THE LOGISTIC
REGRESSION MODEL WITH R

Once the logistic model is constructed, its effec-
tiveness can be evaluated by means of four com-
mon criteria, namely overall model evaluation,
statistical test of individual predictors, goodness of
fit test, and validations of predicted probabilities’
whose details are presented below.

OVERALL MODEL EVALUATION

If we need to compare two models such as,
logit(z,) = f3,, as the baseline and

logit(z,)= B, + B, X, +--+ 5, X, as the full
model under the k number of predictor variables,
we use the overall model evaluation approach to
assess any improvement in the fitted model over
the baseline. Statistically, the improvement is likely
to be true provided that the calculated p-value of
the test statistic under the model of interest is less
than the chosen significance level. Accordingly to
evaluate the alternative models, we can compare
them by the likelihood ratio, score, or Wald test.
Among these three criteria, the last two ones are
statistically equivalent to the first criterion. Al-
though some programme languages such as SAS are
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capable of performing all tests, the likelihood ratio
is more popular than others due to its computa-
tional simplicity. Because the assessment of both
Wald and score tests require to perform vector-
matrix operations which cause complexity in the
derivation.!” Moreover, although all the three tests
serve for the same purpose, they may find differ-
ent models. Under such conditions, the likelihood
ratio and score tests outperform Wald’s results.’
Due to its underlying advantages, R uses merely the
likelihood ratio statistics for the evaluation of mod-
els.

STATISTICAL TEST OF INDIVIDUAL PREDICTORS

The significance of the likelihood ratio test implies
that at least one regression coefficient is statistically
important. If we observe such significance under
the likelihood result, the significances of individual
model coefficients can be conducted by the Wald
test. In the interpretation of the Wald result, if the
calculated p-value for a regression coefficient is less
than the chosen significance level ¢, we can con-
clude the necessity of the corresponding regression
coefficient in the final model.”

GOODNESS OF FIT TEST

A goodness of fit test can be carried out to assess
the fit of a logistic model against actual outcomes.
In such validation, one inferential test and two de-
scriptive measures are performed by SAS. As the
inferential test, the Hosmer-Lemeshow test is con-
ducted.” In this method, if the calculated p-value is
greater than the chosen significance level «, it is
considered that the model fits to the data well. As
the alternative approach for this test, the Cox and
Snell R?, and Nagelkerke R? can be also used for the
model descriptive measures.” Among these tech-
niques, the correlation of determination R’ can be
easily interpreted in an ordinary least square re-
gression model in the sense that it shows how
much of the variation in the dependent variable
can be explained by the chosen independent vari-
ables. Whereas this explanation is not valid for a
logistic regression model, resulting in the compu-
tation of other highlighted R’ values in place of this
classical R’ calculation.” R programme computes
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the Nagelkerke R? for the goodness of fit test in lo-
gistic models.

VALIDATIONS OF PREDICTED PROBABILITIES

The calculation of the predicted probabilities of an
event from its logit provides the opportunity to val-
idate the results. In order to check whether there
exists an association of high probabilities with
events and association of low probabilities with
non-events, five different measures, namely
Kendall’s Tau, Goodman-Kruskal Gamma, Somer’s
D, c-statistics, and classification table, are provided
by SAS and R programmes.”

Kendall's Tau Measure

This statistic has a range from -1 to 1 where the
value 1 indicates the perfect agreement, whereas,
the values closer to -1 imply the perfect disagree-
ment. The main drawback of this measure is that it
provides no adjustment when there are too many
ties. In logistic regression, if the two observations
coming from the same predicted value indicate dif-
ferent outcomes, these observed outcomes are
called tied pair. When the data have many ties,
Kendall’s Tau cannot reach -1 or 1.!!

Goodman-Kruskal Gamma Measure

Similar to the Kendall’s Tau measure, the gamma
statistic lies from -1 to 1 where the values closer to
1 show the perfect agreement and the values closer
to -1 represent the perfect disagreement. Moreover
like the Kendall’s Tau, the Goodman-Kruskal
Gamma measure does not penalize ties.

Somer’s D Measure

Somer’s D considers the relation between the ob-
servation and the predicted value as a regression
model in such a way that one variable presents the
dependent variable (y= outcome) and others are
taken as the independent variables (x= estimated
probability). Then it adjusts the ties in the depend-
ent variable. The range of Somer’s D lies between
-1 and 1, where the value 1 and -1 refer to the per-
fect agreement and the perfect disagreement, re-
spectively. On the other hand there are two
asymmetric forms of the Somer’s D statistic,
namely D,, and D,,. The former implies that y
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stands for the dependent variable and x is the in-
dependent variable, whereas, the latter accepts the
reverse relation between y and x. Thereby only D,
indicates the required degree of association. Both
SAS and R compute ny, but SAS, additionally, can
convert D, into D,.”

c-Statistic

The c-statistic represents the proportion of all pos-
sible pairs of subjects (one with event and one with
none-event) in such a way that the model assigns
higher probability for subjects with event. Differ-
ent from other methods, the c-statistic ranges from
0.5 to 1. The values close to 0.5 present that the fit-
ted model assigns the subjects randomly into the
outcome categories, whereas, the values close to 1
imply that for each possible pair with different ob-
served outcomes, the fitted model assigns a higher
probability to subject with event in that pair. The
c-statistic is believed to be an effective tool for the
comparison of distinct logistic models fitted to the
same data. In other words, the one with the high-
est c-statistic value can be taken as the best fitted
model among alternatives.”

Classification Table

In this table, the observed values for the outcome
variable and the predicted values obtained from the
fitted model are cross-classified. The classification
of predicted probabilities into the outcome cate-
gories is based on a chosen cutoff value, which can
be specified by the researcher. There are four major
statistics which can be produced in a classification
table. These are the sensitivity which denotes the
proportion of correctly classified events, the speci-
ficity which shows the proportion of correctly clas-
sified non-events, the false positive which
represents the proportion of observations misclas-
sified as events over all of those classified as events,
and the false negative which displays the propor-
tion of observations misclassified as non-events
over all of those classified as non-events.

I ext.logreg(.) FUNCTION

For the construction of a logistic model, we develop
an R function which combines the best alternative

Turkiye Klinikleri J Biostat 2011;3(1)
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choices in the analysis of logistic data by calling the
Irm(.) function in “Design” package with our new
computation in the validation of the predicted
probabilities. Accordingly our function uses the
logit transformation as the linear transformation of
and implements the Newton-Raphson method for
the parameter estimation. In the analysis, it per-
forms the likelihood ratio test for overall model
evaluation and carries out the Wald test to detect
whether individual regression coefficients are sta-
tistically significant. Moreover it uses the general-
ized logit model to represent reference classes in
estimation. Finally it calculates the measures of as-
sociations to validate predicted probabilities. As a
novelty, we construct the classification table which
has not previously calculated in the R programme.
In classification table, if the same observations are
taken for both constructing model and predicting
probabilities, the resulting table can be biased. A
suggested plan'? to unravel the biasness can be
listed as follows:

i) Remove the observation from the data dur-
ing the classification.

ii) Fit a logistic model using the remaining ob-
servations.

iii) Obtain the fitted probability of the re-
moved observation using the newly fitted logistic
model.

Among all the statistical packages, SAS is the
only programme which can construct such unbi-
ased classification tables.” Thereby the main ad-
vantage of our function ext.logreg(.) is that it can
also construct these unbiased classification tables
in R. More details about inputs, outputs, and codes
of the ext.logreg(.) function can be found in the
Appendix.

I IMPLEMENTATION

In order to assess the performance of the ext.lo-
greg(.) function, we use two datasets in R (version
2.11.1). The first data, which include 98 observa-
tions, describe an epidemic outbreak of a disease
that is spread by mosquitoes.? Accordingly the risk
factors, i.e. predictors, of this data are the “age” (de-

Turkiye Klinikleri J Biostat 2011;3(1)
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APPENDIX I: R Code of the ext.logreg() Function.

ext.logreg = function( formula, data, cutoff = 0.5) {

if(cutoff < 0 || cutoff > 1)
{
cat("Error: Cutoff value must be between 0 and 1\n")
end
}
cutoff = log(cutoff/(1-cutoff))
obs0.pred0 = 0
obs1.pred0 =0
obs0.pred1 =0
obs1.pred1 =0
data = model.frame (formula , data = data)
y  =model.response (data)
n  =nrow (data)
for (iin 1:n) {
data.wo.ith.obs. = data[-i, ]
temp.model = Irm (formula, data = data.wo.ith.obs.)

fitted.value = predict (temp.model, data[i, ])

if (fitted.value < cutoff & y[i] == 0)
{ obs0.pred0 = obs0.pred0 + 1}
else if(fitted.value < cutoff & y[i] == 1)
{obs1.pred0 = obs1.pred0 + 1}
else ff(fitted.value >= cutoff & y[i] == 0)
{obs0.pred1 = obs0.pred1 + 1}
else
{obs1.pred1 = obs1.pred1 + 1}
}

Sensitivity = ( (obs1.pred1 / (obs1.pred1 + obs1.pred0) ) * 100)
specificity = ( (obs0.pred0 / (obs0.pred0 + obs0.pred1) ) * 100)
false.positive = ( (obs0.pred1/ (obs0.pred1 + obs1.pred1) ) * 100)
false.negative = ( (obs1.pred0/ (obs1.pred0 + obs0.pred0) ) * 100)

overall.correct = ( ( (obs0.pred0 + obs1.pred1)/n)* 100)

table1 = matrix( c(obs1.pred1, obs1.pred0, obs0.pred1, obs0.pred0),
byrow =T, ncol = 2, dimnames = list("Observed"= c("1","0"),
Predicted = c("1",'0"))

table2 = matrix( c(Sensitivity, specificity, false.positive, false.negative, overall.correct),
byrow =T, ncol = 5, dimnames = list( c("") , c("|Sensitivity(%)|","|Specificity(%)|",

"|False positive(%)|","|False negative(%)|", "|Overall correct(%)|") ) )
model = Irm(formula, data = data)

print(model)

cat("The Observed and the Predicted Frequencies \n")

print(table1)

print(table2)

cat("\n")

}

noted by AGE), the “socioeconomic status” (de-
noted by, D,, i= 1, 2 as the dummy variables), which
is divided by three levels (lower, middle, and
upper), and the “city sector” (denoted by CS),
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APPENDIX II: The ext.logreg() Function.

Description

The function, named as “ext.logreg”, provides a logistic regression analysis and a re-
duced-bias classification table for a given dataset. The function “ext.logreg” calls the “Irm”
function under the “Design” R package (compatible any R versions 2.0.0) in order to ob-

tain a fitted logistic model.

Usage

ext.logreg (formula, data, cutoff)

Arguments
formula  statistical linear model of the form y ~ x1 +x2 + ...
where y : specified name of outcome variable in data file.
x1 : specified name of the first predictor variable in data file.

x2 : specified name of the second predictor variable in data file.

for a model with interaction between any two predictors, say &,

y~x1+x2+x1*x2+ ...

data name of the dataset
cutoff required cutoff value (optional) whose default is 0.5
Examples

extlogreg (A ~ B + C + D + E, dataset1, 0.6)
extlogreg (Y ~ X1 + X2 + X1 * X2, dataset2, 0.4)

ext.logreg (Lung Cancer ~ Smoking Status, data=dataset3)

Outputs
* Table of frequencies for the categories of outcome variables
* Statistics: Number of observations used in the fit,
Maximum absolute value of the first derivative of the log likelihood function,
Model likelihood ratio and associated degrees of freedom, and the p-value,
c-statistic,
Somer’s Dy,
Goodman-Kruskal gamma,
Kendall's Tau,
Nagelkerke R?,
Brier score.
* The fitted model:
Estimated regression coefficients with corresponding standard errors, Wald test values, and
p-values
* Table of observed and predicted frequencies with the specified cutoff
* Sensitivity (%)
* Specificity (%)
* False positive (%)

* False negative (%)

* Overall correct (%)

which is classified into two groups. When creating
the dummy structure for the “socioeconomic sta-
tus” variable, the available data choose the “upper
socioeconomic class” as the reference level. Hereby
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the indicator of this level is taken as 0. Then in D,
column, the middle socioeconomic class values are
assigned to 1 and the remainings are equated to 0,
whereas in D, column, the lower socioeconomic
class values are set to 1 and others are presented by
0. Finally the corresponding outcomes are given as
the “disease status”, categorized by presence (1) and
absence (0) of the illness. The analysis of the data
has been already performed in SAS (version 8 and
version 9.2) via PROC logistic function. Hereby we
analyze the same data by the ext.logreg(.) function
in R. As the inputs of ext.logreg(.), we define three
arguments: 1) The logistic model is chosen for the
fitted model, ii) the name of dataset on which the
analysis is given, and iii) the cutoff value of the
classification table is specified.

In the computation we set the cutoff to 0.4 and
fit the following logistic model

ext.logreg (DS~AGE+D1+D2+CS, dataset, 0.4)

where (~) denotes the regression. The term on the
right hand side of (~) shows the list of predictors
and one on the left hand side presents the response.
The fitted model and cutoff points are chosen as the
same arguments of SAS in order to get comparable
outputs and the results from both SAS and R pro-
gramme are tabulated (Table 1). The outcome val-
ues indicate that ext.logreg(.) can construct the
unbiased classification table and give the same sta-
tistics.

As the second implementation of our function
to evaluate its performance in large datasets, we use
the remedial reading recommendation data which
have 189 observations.” In this dataset, the predic-
tor variables are given as the “gender” (denoted by
G), coded 1 for boys and 0 for girls, and the “read-
ing score” (denoted by RS). On the other hand the
outcome of interest is presented as the “recom-
mendation for remedial reading class” (denoted by
RRC), 1 coded for the recommendation and 0 for
the non-recommendation. Similar to the analysis
of the first data, initially we set the cutoff to 0.4 and
then equate it to 0.1 to check its sensitivity and
specificity. From the results of both programmes
with distinct choices of cutoff points for the same

Turkiye Klinikleri J Biostat 2011;3(1)
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TABLE 1: Logistic regression analysis of the data about
epidemic outbreak of a disease that is spread by
mosquitoes in SAS (version 9.2) and R (version 2.11.1)
via ext.logreg(.)

Analysis of Maximum Likelihood Estimates-SAS

Parameter Estimate Standard Error p-value
Intercept -2.3127 0.6426 0.0003
AGE 0.0297 0.0135 0.0276
D1 0.4088 0.5990 0.4950
D2 -0.3051 0.6041 0.6135
CS 1.5746 0.5016 0.0017
Analysis of Maximum Likelihood Estimates-R
Parameter Estimate Standard Error p-value
Intercept -2.31293 0.64259 0.0003
AGE 0.02975 0.01350 0.0276
D1 0.40879 0.59900 0.4950
D2 -0.30525 0.60413 0.6135
Ccs 1.57475 0.50162 0.0017
Testing the Global Null Hypothesis: =0
Likelihood Degree of p
Ratio Statistic Freedom value
SAS 21.2635 4 0.0003
R 21.26 4 0.0003

Association of Predicted Probabilities and Observed Responses
Goodman-Kruskal

Kendall's Tau  Gamma Somers’D  c-statistics
SAS 0.242 0.556 0.554 0.777
R 0.242 0.556 0.554 0.777
Classification Table with Cutoff: 0.4
Correct Incorrect
Cutoff Event Non- Event Event  Non-Event
SAS 0.4 14 5l 16 17
R 0.4 14 51 16 17
Percentages
False False

Correct  Sensitivity ~Specificity ~Positive  Negative
SAS 663 452 76.1 533 250
R 66.32653  45.16129 76.1194  53.33333 25

logistic model, it is seen that ext.logreg(.) is suc-
cessful in constructing the classification table under
both small and large datasets (Table 2).

Turkiye Klinikleri J Biostat 2011;3(1)

TABLE 2: Logistic regression analysis of the data about
the remedial reading recommendation in SAS (version
9.2) and R (version 2.11.1) via ext.logreg(.)

Analysis of Maximum Likelihood Estimates-SAS

Parameter Estimate Standard Error p-value
Intercept 0.5361 0.8109 0.5085
G 0.6475 0.3248 0.0462
RS -0.0262 0.0122 0.0324
Analysis of Maximum Likelihood Estimates-R
Parameter Estimate Standard Error p-value
Intercept 0.53616 0.81088 0.5085
G 0.64749 0.32484 0.0462
RS -0.02617 0.01223 0.0324

Testing the Global Null Hypothesis: =0
Likelihood Ratio Statistic =~ Degree of Freedom  p-value
SAS 10.0334 2 0.0066
R 10.03 2 0.0066

Association of Predicted Probabilities and Observed Responses
Goodman-Kruskal
Kendall's Tau  Gamma Somers’D  c-statistics
SAS 0.118 0.276 0.273 0.636
R 0.118 0.276 0.273 0.636

Classification Table with Cutoff 0.4
Correct Incorrect

Cutoff Event  Non-Event Event Non-Event
SAS 0.4 18 98 32 41
R 0.4 18 98 32 41

Percentages for Cutoff 0.4
False False
Correct Sensitivity Specificity  Positive Negative
SAS 61.4 305 75.4 64.0 295

R 61.37566 30.50847  75.38461 64.0  29.49640
Classification Table with Cutoff 0.1
Correct Incorrect

Cutoff Event Non-Event Event Non-Event
SAS 0.1 59 2 128 0
R 0.1 59 2 128 0

Percentages for Cutoff 0.1

False False
Correct Sensitivity Specificity Positive Negative
SAS 323 100.0 1.5 68.4 0.0
R 32.27513 100 1.53846  68.44919 0
55
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Finally we compare the computational de-
mand of ext.logreg(.) and the SAS calculation in
terms of the real and CPU (central processing unit)

STUKEL’S EXTENDED LOGISTIC REGRESSION ANALYSIS WITH R

TABLE 3: The real and CPU time used in R
(version 2.11.1) and SAS (version 9.2) for the analysis of
two datasets.

times (Table 3).
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