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Objectives:
1.)
Discuss strategies for model selection;

2.)
Demonstrate model-checking to determine a systematic lack of fit;

3)
Demonstrate the use of residuals for model checking.

A.)
Will NOT discuss minutiae of formulaic development … the text does that adequately.

=============================================================================

(*)
The most common application that we will discuss is the comparison of two groups of binary responses with their data stratified by control variables.

=============================================================================

Model Selection:

Logistic Regression and ordinary regression have one technique in common:  The introduction of additional explanatory variables so as to increase possible effects and interactions rapidly.

Model selection has two competing goals:

1)
Complexity … fitting the data;

2)
Simplicity of interpretation … that is, smoothing rather than over-fitting the data.

Analyses:   Confirmatory vs. Exploratory

1)
Confirmatory … uses a restricted set of models, both with and without a particular effect that is under investigation

2)
Exploratory … searches for possible models, obtains clues about variable dependence, raises questions about further research

=============================================================================

First step:

Study the effect of each predictor variable upon the outcome, Y.

a)
if continuous, use graphing techniques including smoothing where possible;

b)
if discrete, build contingency tables, search for interactions

Guideline: (from the text, attributed to Peduzzi, 1996)

Let there be at least ten (10) outcomes of each type for each prediction.

Ex.   If y=1 for 30/1000 outcomes, there should be no more than 3 predictors

=============================================================================

Caution:  Multicollinearity

If among several predictors, there exist strong correlations amongst them in such a way as to make it seem that no ONE predictor is important when the other predictors are included – that’s multicollinearity.

Ex. Pg. 212

(*)
The small p-value (Pr> ChiSq) coupled with the lack of significance of the individual effects leads one to a conclusion of multi-collinearity

Note:

1.)
If two effects show a strong correlation, then for all practical purposes, either one is an equally good predictor, and it would be redundant to use both.

2.)
Yet, it would not be sensible to consider a model with an interaction term, but without the individual main effects that make up the interaction.

=============================================================================

Selection Procedures:
based upon a sensible p-value criterion (e.g. 0.05)

1.)
Forward … Add terms sequentially to the model until further additions would not improve the fit – select the term that would provide the greatest improvement in fit

2.)
Stepwise … follow the forward selection procedure, but at each step retest all terms added in the previous stages to see if they are still significant.

3.)
Backward … begin with the most complex model (the one with the most interaction terms) and sequentially remove terms so that the least damaging effects are removed from the model – stop the procedure when deletion of an effect weakens the model

Caution:

When dealing with qualitative predictors with more than two categories, consider the entire variable rather than use dummy variables

=============================================================================

Caution:

Statistical significance (p-value <> 0.nn) shouldn’t be the sole criteria for inclusion into a model … it is more sensible to use variables that are central to the PURPOSE of the study, even if they are not significant.

=============================================================================

Ex. Pg. 215

Predictors column, Deviance difference column

AIC (Akaike Information criteria) … look for the minimum value

AIC = -2 (max. log likelihood – number of parameters

=============================================================================

Causal Hypotheses:

Refer to pg. 217

=============================================================================

Def. of Pearson residuals and deviance residuals -- see pg. 220

Use:  Plots of residuals vs. explanatory variables or linear predictor variables often may detect a type of “lack of fit” otherwise overlooked.

This technique has limited use, but we are most familiar with it as two parallel lines above and below the data plots.

Grouping:

(*)
When data can be grouped into sets of observations with common predictor values, it is better to compute residuals for the grouped data rather than for individual

=============================================================================

Ex. P. 222

Review the graphical display comparing observed and fitted proportions and plotting both against explanatory variables.

=============================================================================

Note:

Standardized Pearson residuals show the number of sd’s higher or lower than the model predicts.

=============================================================================

Influence Diagnostics & Logistic Regression:

Def.:
dfbeta … for each model parameter, the change in the parameter estimate (divided by its standard error) when an observation is removed from the model

=============================================================================

Classification tables: … Cross-classify binary responses with prediction of y=0 or y=1

(*)
yhat=1 when pihat1 > pi0, yhat = 0 when pihat1 <= pi0 for some pi0

Limitations:

1.)
This model collapses continuous predictive values into binary ones;

2.)
The choice of (pi0 = 0.5 by convention) is arbitrary;

3.)
The model is highly sensitive to the relative counts of y=1 and y=0

=============================================================================

ROC (receiver operating characteristic) and c (concordance index):

Ex. Fig 6.3, page 229

ROC … plot of sensitivity as a function of (1-specificity); typically a concave graph, connecting (0,0) with (1,1);

The greater the area under the curve, the better the predictions … this area called the concordance index (“c”)

“c” estimates the probability that observations with larger y values also have larger pihat values

Ex. … “c” = 0.5 is in reality no better than random guessing

=============================================================================

Refer to powerpoint model.
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