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Introduction 

This text is technical appendix D2012 to Leroy O. Stone (Ed.), Key 
Demographics in Retirement Risk Management (Springer, 2012), available at 
http://www.springer.com/social+sciences/population+studies/book/978-94-
007-4043-3 .  (Below “Key Demographics  …” refers to this book.)  At 
http://www.retirementresearch.org , the reader will find detailed information 
about the uses of this book among the following groups: (a) researchers and 
graduate students studying links between population variables and retirement 
issues,  (b) educators teaching about patterns of preparedness to address 
retirements' challenges and aspects of related capabilities,  and (c) researchers 
in work groups that support the outreach activities of organizations engaged in 
population-segment targeting for marketing, service delivery or educational 
purposes (http://www.retirementresearch.org (click on “Who is this book 
for?”).   

 
This appendix supports Chapter 6 of “Key Demographics  …” by providing 

details about the goodness-of-fit testing procedures and their results.  Featured 
among the procedures is an approach that focuses on the degree of divergence 
between a cross-tabulation (observed versus expected) associated with the null 
hypothesis and another associated with the fitted model  -- a sort of 
demographic approach to goodness-of-fit testing. 

Goodness-of-fit testing strategy  

 
Since prediction modeling is often done in a context where some practical use of the 

results is envisaged, it is essential to briefly consider the results of the goodness-of-fit 
tests that have been conducted in the current modeling effort. We begin by reviewing 
the goodness-of-fit computations that are produced routinely in the output of SAS 
PROC LOGISTIC. Then will follow some specialized goodness-of-fit computations 
that we have devised for the case where the focus is upon the identification of key 
demographics.  

 
The important distinction between these two contexts is that in the former the 

question is how well the model works in predicting the outcomes for particular cases 
(respondents), whereas in the latter the focus is on how well the model performs in 
predicting the distribution of outcomes for selected population subgroups. The latter 
approach is consistent with our focus upon the study of populations, a demographic 
analysis. 



 

Results  

 
 
Tables D2012_1 and D2012_2 present the evidence concerning goodness of fit. The 

first page of Table D2012_1 provides the more traditional coefficients generated by 
SAS PROC LOGISTIC. These are shown under the heading “Association of predicted 
probabilities and observed responses”. While the measures are modest relative to their 
theoretical maxima, they are within the range one tends to see in journal articles where 
the researcher attempts to analyze inter-individual variations by way of a micro-data 
file.  

 
For example, while the maximum possible values of the measures called “Somers 

D” and “Gamma” are 1.0, in published studies of inter-individual variation that level is 
rarely approached closely. The values close to 0.35 shown in Table D2012_1 are 
within the range of published values for these two measures, in multivariate analysis of 
inter-individual variation. 

 
 

  



 
 
 
In passing to the second page of Table D2012_1 we arrive at the measures of 

goodness of fit that are focused upon distributional comparisons, which is typical of 
demographic analysis and appropriate where the focus of study is upon the 
identification of key population subgroups. 
  



 
 
The key summary measure for the distributional comparisons is the contingency 

coefficient that is shown on the second page of Table D2012_1. It is based upon the 
cross tabulation of the observed and predicted positions of respondents on the scale of 
retirement-related risk management activities.  

 
  



 
 
To illustrate the point of distributional comparison, let us jump ahead to Table 

D2012_2 for a moment. The first panel of numbers in the table is exactly the cross 
tabulation that is associated with the contingency coefficient of 0.12 that is in the first 
column of Table D2012_1. The first line in Table D2012_2 is for the subpopulation 
predicted to be at the bottom level of the scale, and the fourth line is that for the 
population predicted to be at the top of the scale.  

 
 

  



 

 
 
 
 

  



 

 
The model has good fit when the distributions of these two subpopulations over 

levels of the observed scale scores are greatly divergent. By comparing this 
distributional divergence between the first and fourth lines of Table D2012_2 with that 
between men and women (shown just below in the same table), we can see indications 
of strong distributional divergence between the populations predicted to be at the top 
and bottom levels of the scale. And the pattern of the divergence is meaningful as we 
will show below. 

 



The key results on the second page of Table D2012_1 are those for sub-sample B. 
The members of sub-sample A were used to estimate the parameters of the model, and 
the members of sub-sample B were excluded from this process. The two sub-samples 
are randomly drawn using the random number generation procedure built into SAS. 
Using the parameters estimated in sub-sample A, we predicted the scale scores of the 
members of sub-sample B, and the results are shown in the second line of contingency 
coefficients in Table D2012_1. 

 
The third set of contingency coefficients shown in Table D2012_1 are benchmark 

calculations designed to indicate what the coefficient is expected to be when the 
association is low. This will be called "the low-association benchmark". 

 
We raised two questions concerning the result of using the parameters estimated in 

sub-sample A to predict scale scores in sub-sample B. First, to what extent does the 
predictive accuracy in sub-sample B approach its expected maximum level? Second, 
how much better is that accuracy than that of the low-association benchmark? 

 
The coefficient of predictive efficiency shown in Table D2012_1 answers the first 

question. It compares the contingency coefficient achieved in sub-sample B with that 
of sub-sample A (keep in mind that the members of sub-sample A were used to 
estimate the parameters of the prediction model). The predictive accuracy achieved in 
sub-sample B is close to its expected maximum value in the Low and Middle income 
groups only. 

 
The coefficient of predictive effectiveness shown in Table D2012_1 answers the 

second question. It compares the contingency coefficient achieved in sub-sample B 
with that of the low-association benchmark. Among the income groups, the 
contingency coefficient achieved in sub-sample B is roughly twice as large as that of 
the low-association benchmark. While this difference is not very great, it should be 
noted that this traditional divergence between men and women is statistically 
significant. 

 
The meaning of these contingency coefficients is best grasped by looking at the 

underlying cross classifications of observed versus predicted scale values. It is these 
cross classifications that determine the levels of the contingency coefficients. The cross 
classifications for sub-sample B and for the low-association benchmark are shown in 
Table D2012_2. 

 
Consider, for example, the subpopulation that is at the bottom level of the predicted 

values. These are shown in the topmost row for each income group in Table D2012_2, 
and in this subpopulation we would expect the concentration of cases in the lower two 
quadrants of the scale score would be very much greater than is the case for the 
population as a whole, as well as in comparison with the subpopulation that is 
predicted to have high levels of the scale score. This latter sub-population is shown in 
the fourth row for each income group in Table D2012_2. 

 



The comparison of these two rows within each income group in Table D2012_2 
suggests that the model has achieved substantial predictive accuracy. The 
subpopulation predicted to be at the lowest level of the scale has a substantially greater 
concentration of cases at the bottom two quadrants than is the case for the 
subpopulation predicted to be at the highest level. 
 

Moving to the top level of the observed values on the scale (shown in the fourth 
column of table D2012_2), we see, as expected, that the subpopulation that is predicted 
to have high level on the scale has a much greater concentration at the topmost level of 
the observed scale values than is the case for the subpopulation predicted to have the 
lowest level of the scale.  

 
A similar but much less consistent pattern is shown when predicted Levels 2 and 3 

are compared within each income group. Those predicted to be at the higher level scale 
(Level 3) tend to have lower percentages in the first two quadrants of the observed 
distribution (the first two columns of the table). However, this pattern is limited to the 
middle and upper income groups. 

 
Thus while there is low accuracy in case-by-case prediction, when the model 

predicts a low level on the scale the observed distribution has a much greater than 
average concentration at the two lower levels of the scale. When the model predicts a 
high level of the scale, the observed distribution has a greater than average 
concentration at the two upper levels of scale. 

 
In short, in the context of the search for key demographics, the examination of 

goodness of fit of the model appropriately places a focus upon distributional 
divergence between subpopulations predicted to have high and low levels of the scale 
score. Looking at this distributional divergence as shown in Table D2012_2, it is 
reasonable to conclude that the prediction model has a tolerable level of accuracy and 
we can move on to the consideration of key demographics, based upon the results of 
having fitted this model. 
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