Tabel 1: Comparing Death Rates for Three Smoking Groups in each of Three Data Bases from
Tables 1-3 in Cochran (1968)

Canadian Study UK Study US Study

No Cigarette Cigar &No Cigarette Cigar & Pipe No Cigarette Cigar & Pipe

Smoke Pipe Smoke Smoke
A Death Rates per 1,000 Person Years

20.2 20.5 355 113 141 20.7 13.5 13.5 17.4
B Average Age in Years

54.9 50.5 65.9 49.1 49.8 55.7 57.0 53.2 59.7
C Adjusted Death Rates Using K Subclasses
K=2 20.2 26.4 240 113 12.7 13.6 13.5 16.4 14.9
K=3 20.2 28.3 212 113 12.8 12.0 13.5 17.7 14.2
K=9-11 20.2 295 198 113 14.8 11.0 13.5 21.2 13.7

First, if the treatment groups do not adequately overlap on the confounding covariate age, the
investigator will see it immediately and be warned. Thus, if members of one treatment group have
ages outside the range of another group’s ages, it will be obvious, because one or more age-specific
subclasses will consist solely of members exposed to one treatment (or nearly so). In contrast, there is
nothing in the standard output of any regression modeling software that will display this critical fact.
The reason for this apparent omission is that such models predict an outcome (e.g., mortality) from
regressors (e.g., age and treatment indicators), and standard regression diagnostics do not include the
careful analysis of the joint distribution of the regressors (e.g., a comparison of the distributions of age
across treatment groups). When the overlap on age distributions across treatment groups is too limited,
the data base, no matter how large, cannot support causal conclusions about the differential effects of
the treatments. For an extreme example, if the data base consists of 70 year-old smokers and 40 year-
old nonsmokers, the comparison of 5-year survival rates among 70 year-old smokers and 40-year old
nonsmokers provides essentially no information about the effect of smoking versus nonsmoking for
either 70 year-olds or 40-year olds, or any other age group.

The second reason for preferring subclassification to models concerns more promising situations
like that in Table 1, where the treatment groups overlap enough on the confounding covariate so that a
comparison is possible. When estimating the treatment effect, subclassification does not rely on any
particular functional form (e.g., linearity) for the relationship between the outcome (mortality) and
covariate (age) within each treatment group, whereas models do rely on such assumptions. If the
treatment groups have similar distributions of the covariate, common assumptions like linearity are
usually harmless, but when the treatment groups have rather different covariate distributions, model-
based methods of adjustment are dependent on the specific form of the model (e.g., linearity, log-
linearity), and their answers are influenced by untrustworthy extrapolations. Simulations documenting
the fragility of linear regression methods appear in Rubin (1973) for the case of one covariate.

If standard models can be so dangerous, why are they so commonly used for such adjustments
when examining data bases for estimates of causal effects? One reason is the ease of automatic data
analysis using existing, pervasive software on plentiful, speedy hardware. Nevertheless, although
standard modeling software can automatically “handle” many regressor variables and produce results,
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