
AMERICAN JOURNAL OP EPIDEMIOLOGY 
Copyright O 1986 by The Johns Hopkins University School of Hygiene and Public Health 
All rights reserved 

Vol. 123, No. 3 
Printed in U.SA. 

THE ROLE OF MODEL SELECTION IN CAUSAL INFERENCE FROM 
NONEXPERIMENTAL DATA 

JAMES M. ROBINS1 AND SANDER GREENLANDz 

The article by Starr et al. (1) in this issue 
of the Journal provides a valuable starting 
point to examine the role of model selection 
when using multivariate models in causal 
inference. In their hscussion, Shrr et al. 
make two observations that taken together 
raise a central problem. They first note that 
"the complementary nature of the relation- 
ship between some explanatory variables 
can lead to compromised inferences if one 
or the other is innocently omitted from 
consideration." Epidemiologists should rec- 
ognize this as the familiar problem of con- 
founding. But Starr et al. go on to note that 
"the indiscriminate inclusion of any and a11 
variables that might just possibly be impor- 
tant" may also compromise inferences. 
They thus imply (and we agree) that infer- 
ences regarding an exposure effect may be 
compromised by the inclusion of too few or 
too many covariates in a rncdel. Faced with 
this dilemma, the authors adopt a back- 
ward-elimination model-selection strategy, 
allowing for ad hoc modifications such as 
forcing in certain main effects believed a 
priori to be nonzero. While we do not take 
issue with the need for some sort of model- 
selection strategy such as Stmr et al. and 
others (2) have employed, we feel that the 
descriptions and justifications offered for 
such strategies have been incomplete. We 
will argue that all modelling strategies con- 
tain implicit prior beliefs about nature. One 
can justify a modelling s t ra teg  only if the 
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prior beliefs implicit in the strategy reflect 
one's actual prior beliefs. As such, mcdel- 
ling strategies should be viewed as attempts 
to approximate a formal Bayesian analysis 
(in which one first quantifies one's prior 
bliefs using a subjective probability distri- 
bution, then uses the data to update this 
distribution by Bayes' rule (3)). Many of 
our observations echo more complete ar- 
guments found in the statistical literature 
(3,4). 

This paper will focus on the use of models 
for the control of multiple cova+&es when 
estimating exposure effects from nonexper- 
imental data. We will not consider other 
common uses of models, such as providing 
parsimonious summaries of complex data 
s e h  or testing theories of causal mechanism 
(as, for example, when an investigator ex- 
amines the fit of a multi-stage cancer 
model). 

For the sake of simplicity, we will ignore 
problems of misclassification and subject 
selection, and we will for the most part 
ignore the distinction between small-sam- 
ple (exact) and large-sample (asymptotic) 
properties, although our comments apply 
when such considerations are taken into 
account. All our references to means, vari- 
ances, standard errors, and confidence in- 
tervals will implicitly refer to the large- 
sample versions of these quantities. We will 
assume that each study subject is randomly 
sampled from a very large target population 
(or hypothetical superpopulation), and the 
sampling variability of estimates refers to 
hypothetical resampling of the target pop- 
ulation. (Note that if we assumed that each 
person's outcome was completely predeter- 
mined, then such a sampling model is nec- 
essary to give meaning to variances and 
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confidence internal8 from a nonewrimen- 
tal study.) Finally, we will -me that the 
primary goal in the analysis is the estima- 
tion of the effect of a specific ~tudy e x p  
sure on risk of a specific study disease in 
the tafget population. 

THE ROLE OF MODELS M CAUSAL 
INFERENCE 

Preliminary concepts 
Epidemiologists uually quanta effects 

in terms of either relative risks or regres- 
sion coefficients. h this &ion, we will 
quantify the effect of an exposure in s given 
e x p o d  population (or stratum thereof) in 
terms of the standardized morbidity ratio 
paramefer, or SMR (51, defined as the ratio 
of the number of cases that should be ex- 
pected over the study period (given that the 
popdation is e+) to tbe n m b r  that 
would ham been expected had the sume 
population been unexpad. 
In this paper, we will say an estimator of 

an effect measum is unbiased if one can 
obtain valid (large-sample) 85 per cent con- 
fidence intervals for the measure by h&ing 
the estimator plus or minus 1.96 atandard 
errors (this propetty has been termed uni- 
form asymptotic unbihedneas (6)). This 
definition corresponih cloaely to the intui- 
tive notions of unbiasedness u d  in epi- 
demiologic discussions of confounding (5- 
9). In repetitions of the study, biased esti- 
mators will systematically deviate from the 
true value of the effect measure, and there- 
fore cannot be used to construct valid con- 
fidence intervals. Tb (large-sample) mean 
value of this deviation we will call the biua 
of the estimator. We will call a covariate a 
"confoundern if estimator8 which are not 
adjusted for the covariate are biased. Fol- 
lowing common umge, we will say an esti- 
mator io 'confoundedn if it b not adjusted 
for a confounder. As an exampie, consider 
a cohort study of the effect of aabesb 
elrposure on lung cancer risk, and supjme 
the expased and unexposed groups were at 
start of follow-up similar in all respects 
except for smoking habits. If smoking were 

witively aeeociated with asbestos expo- 
sure, we would expect that, upon repeti- 
tions of the study, the crude risk ratio ee- 
timator would syetematically overestimate 
the true dndardized morbidity ratio pa- 
rameter, and 95 per cent confidence infer- 
vals based on the crude estimator would 
contain the true parameter leas than 95 per 
cent of the time. In other words, the crude 
risk ratio would be confounded by smoking. 

Finally, a statistical &I is a math- 
mah'wI ewrewion for o set uf w u m e d  m- 
strictions on the states of nuhm. 
For example, a linear (i.e., main-effech 
only) logistic model for the dependence of 
subwquent ferbility on, dibr[)mochlompm- 
pane expomre and parity implies the fol- 
lowing mtrictlow abut nature: 1) an ex- 
ponential dependence of the fertility & 
on dibromwhloropmpane and parity; 2) a 
constmt odds ratio across dibromochloro- 
propane for the amociation of any parity 
level (relative to zem parity) with s u b -  
quent fertility; and 3) a constant odds ratio 
acroas parity for the d a t i o n  of any 
dibrom~hloropmpane level. (relative to 
zero exposure) with subsequent fertiliQ. 

Why do we d d l s  to estimate e f f e ?  

By measuring more and more potential 
confounders, one can increase one's subjec- 
tive belief that there is little &dual con- 
founding by unmemmd covariates. But 
one then faces the analytic problem of es- 
timating effects while controlling for a large 
number of variables. It im here that one 
would naturally consider using multivariate 
models. 
To examine the analytic problem further, 

consider an unmatched whort study in 
which data on a dic hotornous exposure aud 
on 20 dichotomous covariates (believed to 
be potential mfounders) have been ob- 
tained on 1,000 study subjects. Suppose d h t  
after stMtiJying on d 20 covoriates no re- 
SW c o ~ $ d ; Z g  &ts by ~ ~ u r e d  
risk factors. For each poslsible combination 
of values for the 20 ctsvariatas, one can 
construct a (&ram-specific) 2 x 2 hble 
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of exposure level and disease wteome 
among stratum rnembts; there will  be 2'' 
(or h t  a million) such tables. For each 
stratum, there are two parameters that &- 
tennine the outcomes in that stratum: an 
effect parameter (which we have taken as 
the risk ratio) and a "nuisance" parameter 
(which we would take as the risk among the 
unexposed, i.e., the baseline risk). Thus 
there are a total of 2 X 2m unknown param- 
eters. 

Unfortunately, with the 1,Wl ratio of 
strata to subjects in this example, one 
should expect to find few (if any) strata 
that contained b t h  an exposed subject and 
an unexposed subject. Suppose (as would 
be likely) no stratum contained more than 
a few subjects, &d only a few strata con- 
tained both expsed and unexpad sub- 
jects. Because of the frequency of zero de- 
nominatom, without making any assump- 
tions one could learn very little about the 
effect of exposure in any stratum, or about 
tbe standardized morbidity ratio w e -  
ter. This reflects the fact that atratam level 
and exposure status are almost perfectly 
associated in the data; tbue the effects of 
exposure cannot be separated from the ef- 
fects of the emariatee, and one must seek 
" helpn from statistical models. 

In our example, all the pssible states of 
nature are described by all the pmsible 
combinations of values for the unknown 
risk ratios and the 2m baseline risks. Even 
if one makes no assumptions about nature, 
the resulting view may be termed a 
"mode1." This "model" of natme (incorpo- 
rating zero restrictions) is called the 'eat- 
urated model," for it is a model that is 
"saturated" with unknown parameters. , 

One m&l restricLion the investigator 
might make on nature would be to assume 
that the risk ratio is constant across strata, 
which we shall call "Model I"; in our ex- 
ample, this model has 280 + 1 unknown 
parametem. If Model I were in fact c o m  
any unbiased estimator of the constant risk 
ratio (e.g., the Mantel-Hae-1 risk ratio 
(2,101) would be an unbiased estimator of 
the true standardized morbidity ratio pa- 

rameter; it would a h  have u;selessly large 
variance, in that confidence limits con- 
structed from the estimator would be too 
wide to tell m anything inbmting abut 
the paramebr. Thus, assuming Model I 
would not solve our problem. 

Anotber way to view the problem wi th  
Model I is aa follows: one wanta to report 
an estimate of the exposure effect tbat is 
close on average (ie., in hypothetical repe- 
titions) to the true but unknown value. A 
comnlon measuw of closeness is the aver- 
age of the s q u a d  distance between an 
estimate and the true parameter-tbe 
mean-squared error. The mean-squared er- 
ror is equal to the variance of the estimator 
plus the square of the bias. Any unbiased 
estimator bawd on M d e l  I (i.e., stratifying 
on dl 20 covaria*) has too large a variance 
and thus too large a mean-& error to 
be useful. 
AB a re~ult of the problem with Mdel  I, 

one might entertain a new m d l ,  which we 
will call Model 11, in which not only is the 
risk ratio assumed to be con~tant over 
strata but covariates 5-20 are aasumed to 
have no predictive value for diseaae out- 
come upon controlling for exposure and 
covariates 1-4, i.e., only covariates 1-4 are 
considered independent risk factors. This 
model has 2' = 16 "nubnce" parameters 
and one parameter of interest, for a total 
of only 17 unknown parameters. If Model 
I1 is true of nature, the Mantel-Haenszel 
(and maximum-likelihood, etc.) estimator 
under Model II will be an unbiased esti- 
mator of the exposure effect, and will in 
general have much smaller variance than 
any estimator unbiased under Mcdel L This 
is because wing Model Il is equivalent to 
stratifying on covariates 1-4 only; thb 
leads to only 16 strata in the analysis, and 
with 1,000 subjects one could expect at bast 
a few of them to have many exposed and 
unexpsed subjects. We would i n f o d l y  
interpret the improvement in precision 
going from Model I to Model I1 aa follows: 
whatever m&l is used, each parameter 
specified frees up some of the information 
in the data for estimation of the remaining 
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parameters. In using Model I1 instead of 
Model I, only 2' nuisance parameters are 
left wpecified, and thus mare data infor- 
mation is left for estimation of the param- 
eter of inteteat. 

But what if one of covariates 5-20, say 
covariate 6, is in fact a risk factor and i8 
associated with exposure? Then in general 
an estimator based on Model I1 (i.e., con- 
trolling only covariates 1-4) will be a biased 
estimator of the exposure effect, as it will 
tw confounded by covariate 6. Nevertheless, 
the variance of a Model I1 estimator will 
still be lew than that of an estimator based 
on Model 1. Consequently, the mean- 
squared error of a Model I1 estimator could 
be either greater or Iess than that of a 
Mcdel I estimator, depending on the bias 
of the Model I1 eathator. For example, it 
would have a smaller mean-squared error if 
Model II is nearly but not quite correct 
(because ita biaa would then be amall), but 
it might have larger mean-squared error if 
Model I is nearly correct but Model I1 is 
grossly incorrect (because its biaa would 
then be large). 
The point of the above example ia this: 

the only legitimate justification for cbms- 
ing a particular model for analpis is that 
one believes the savings in variance af- 
forded by making the model mwnptiona 
about nature will offset the increase in bias 
that will result from those assumptions 
king incorrect. Since the true sate of na- 
ture is unknown, the magnitude of the bias 
cannot be Imown. Thus, one's choice is 
subjective and subject tO error. TI& choice 
will be most diff~cult when, aa in our ex- 
ample, one is confronted with "weak daW, 
that is, data such that no estimator blieved 
with near certainty ta h unbiased for the 
parameter of intereet has a variance small 
enough to allow con&rwtion of useful con- 
fidence intervale. With weak data, we can- 
not make accurate inferences about the pa- 
rameter of interest u n h  we incorporate 
into the analysis substantially correct as- 
sumptions about nature. (In the above ex- 
ample, had we been able to match jointly 
on most of the 20 covariam, we would have 

had sparse but not weak data Effect pa- 
rameters can often be efficiently and un- 
biaaedly estimated from sparse data, al- 
though special estimators need ta be ussd 
(10, 11)J 

INTERPRETATION OF MO DEL-SWIECMON 
STRATEGlES 

We have pointed out that an estimator 
of exposure effect based on a highly-satu- 
rated model (i-e., a model that includee 
terms for many or most covariate effecta 
and interactions) will have amall bias pro- 
vided that no confounding by unmeamred 
covariam remains, but may have large var- 
iance. On the other hand, a model with only 
a few covaria- and hhractions (i.e., a 
"reduced" model) is likely to be grimly 
inconsistent with the true a t a k  of nature 
(i-e., highly misspecified) and thus may 
yield a very b i d  (though leas variabIe) 
e8timabr of exposure effect. Thus, the 
mean-squared error of the -timator from 
either a saturated or d u d  model may be 
quite large, and one might whh to consider 
using instead an e~timator derived under a 
model-election strategy such as backward 
elimination (a shpwise re@on proce- 
dure). 
An estimator is a rule that, when applied 

to a data set, p d u m  an estimate of the 
parameter of inbmt. The backward-elim- 
ination estimator t given by the following 
de: litart with a highly-saturated model 
and eliminate terms one by one until only 
*signifkant" and "forced-in" term are left, 
then use the effect estimate from the re- 
sulting modeL The bac kward-elimination 
estimator ia in general a biased estimator 
(6), and will have a smaller mean-squared 
error than the tuturated and reduced r n d  
estimators only for certain states of nature 
(i.e., only at certain pointa in the parameter 
space of the saturated model). 

Since the choice of the best estimator 
depends on the unknown state of nature, 
one can only chmw among estimators 
based on one's beliefs h u t  what the true 
s a t e  of nature is. One can justify a model- 
selection strategy k d  on signScance 
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tests of coefficients (such as the backward- 
elimination strategy described by Starr et 
al. (1) and others (2)) only if one hlieves 
that 1) the covariates forced in the model 
have dose-response relationahips close to 
those implied by the mcdel, and 2) the 
coefficients of covariates subject to elimi- 
nation are probably near zero but may 
(with small subjective probability) be very 
different from zero. To %ee why this is so, 
note that if one believed with absolute cer- 
tainty that a particular covariate's coeffi- 
cient was zero, one should attribute the 
data evidence that the coefficient is non- 
zero to sampling variation and therefore set 
that coefficient to zero (no matter how 
small the p value found in a tast of that 
coefficient in the starting model), A teat of 
the coeficient is thus unnecessary, and the 
"reduced" model that mandatorily leaves 
the variable out will yield an effect eeti- 
mator with a mean-squared error lew than 
that of the backward-elimination estimator 
(provided the covariate'e coefficient ac- 
tually is zero). As an example, if S t a ~  et 
al. had data on city of birth, their decision 
not to allow thb covariak to enter m y  
model would presumably represent a near- 
certain prior blief that i t s  coefficient was 
close to zero. 

In practice, one should want to protect 
oneself from incurring a large mean- 
squared ermr if one's prior hliefs turn out 
tn be far from correct. Thus, if one's beliefs 
are badly contradicted by the data, one 
should be willing to give them up, and the 
a level chosen for the coefficient test should 
depend in part on the strength of one's 
beliefs. For example, with strong but not 
c e ~ a i n  belief that a particular mficient  
is near zero, a test with a 0.05 a Ievel migbt 
be appropriate. 

If one accepb the preceding arguments, 
one must recognize that zero often has no 
~pecial claim as the value to test again&. 
If, for example, Starr et al. had believed a 
priori that the most likely value of the 
coefficient for their wariate lagi was -0.2, 
it might make sense to test whether the 
coeficient for lagl was significantly differ- 

ent from -0.2 and set the coefficient to 
-0.2 if the test fails to reject. In the absence 
of prior beliefs, some investigators treat 
zero as the moot likely value (and thus test 
against it) b a d  on the principle of parsi- 
mony. Nevertheless, any parsimony prin- 
ciple is irmlevant for a coefficient that one 
believes a priori is nonzero. 
Even if one believed that the mo& likely 

value for a covariate's coeficient was eero, 
why should one use a decision rule that 
w s  the data estimate from an expanded 
model if the test rejecta zem, but othenvise 
uses one's prior best guess? If the estimated 
covariate coefficient was (aay) -0.3 with a 
standard error of 0.3, some value of this 
coefficient between -0.3 and zero might be 
one's revised k t  guess for the value of the 
ooeficient after seeing the data. As a first 
approximation, weighted averages of one's 
prior beliefs and data information would 
often seem preferable to us, although 
proper combination of prior information 
with data information involves more com- 
plex procedures (cf., Section 5.8 of refer- 
ence 3). 

If one ie sure a covariate has a nonzero 
coefficient, we suwct that strategies that 
force the covariak into the regremion do 
not go far enough. Consider, for example, 
Starr et a1.b situation: what if the parity 
estimate wars 0.0 with a mddence intewal 
of (- 1 -0, 1.0)? In such a case, forcing parity 
in would mult  in the same point estimate 
of the expoeure effect as leaving parity out. 
Again, it seems to us that (as a fmt ap- 
proximation) one would be better off set- 
ting the coefficient for parity to some num- 
ber (greater than 0.0) representing a 
w e d t e d  average of one's prior beliefs and 
the data information. 

Confidem inter& ond confounding 

Thus far we have only a d d r e d  the 
mean-squared error of point estimaurs of 
the e m u r e  effect. How should one assess 
their precisions? Even when there is no 
confounding by unmeasured covariates, 
confidence inhrvals (and p values) ob- 
tained after backward elimination am in- 



MODEL SELWXlON IN CAUSAL INFERENCE 

valid, in that there will be 8tates of nature 
(i.e., points in the parameter space of the 
saturated model) for which the intern& 
will fail to cover the effect pammekr of 
interest at the nominal coverage rate (6). 
The coverags can be much less than nomi- 
nal when the p m e r  to detect a nonzero 
coefficient is low. In typical data sets (such 
as Stan et al.'~), procedures based on sig- 
nificance testa of 0.05 lwel would be quite 
likely to set to zero some coefficients whose 
true value was large. 
Note that the use of significance tests in 

model selection when estimating causal pa- 
rameters goes against recommendatiom in 
the epidemiologic literature that one should 
not tetlt the association of a confounder 
with disease (2, 6, 7, 8). Robins and Mor- 
genstern (9) have interpreted these recorn- 
mendations to mean that the epidemiologic 
concept of confounding is intimately asso- 
ciated with the idea of valid confidence 
intervals. To obtain valid confidence inter- 
vals in the abaence of perfectly correct prior 
bliefs, one must uw a completely saturated 
model. But as we have noted, data contain- 
ing measurements on many potential con- 
founders will usually be weak, and will yield 
prohibitively wide saturated-model inter- 
vals. Thus, to obtain useful intemals from 
such data, one will usually end up ~ t t i n g  
some nonzero mfficienta to zero and hence 
introduce bias and sacrifice confidenae in- 
terval validity (i.e., confounding will be in- 
troduced). In general, as one allows the a 
level of the aignii~cance tests med in a 
backwardelimination procedure to in- 
cxeaae, the difference between the nominal 
and true coverage rates of one's "confidence 
internale" will decnme, but, unfortunately, 
with weak data the width of the intervals 
will usually increase. 

Although a confidence interval derived 
afbr variable selection will in general be 
invalid, it may mmetimes serve as a rough 
measure of our posterior uncertainty and 
could then be used to construct an informal 
subjective posterior distribution for the ef- 
fect parameter. W e  d i m  this in more 
detail below. 

FURTHER ANALYSIS OF 
MODEL-SELECTION STRATEGIES 

The arguments given above would ulti- 
mately lead one to do a formd Bayesian 
analysis in which one would wri* down 
one's joint subjective probability diatribu- 
tions for all the unknown parametem the 
data (mom preciwly, the likelihood func- 
tion of the saturated m&l) would then be 
used to update these prior distributions by 
Bayes' rule (3). The optimal p int  estimate 
for the exposure effect (in terms of mean- 
squared ermr) would simply be the mean 
of the po~terior distribution of the effect 
parameter. Unfortunately, formal multi- 
variate Bayesien analysis is nearly impos- 
sible to carry out due to the difficulties of 
eliciting multivariate prior distributions 
and computing posterior distni ions.  
Thus, in practice, one is led to employ 
informal approximations to a Bayesian 
analysis, auch as the one8 described above. 
Since evaluating the accuracy of m h  ap- 
praHimations would requirs actually carry- 
ing out the Hayeaim analysis, and aince 
such evaluations have not been done, wts 
and interval estimate8 resulting afkr vari- 
able selection do not possess a formal Baye- 
sian justification (just as they do not pos- 
seas their nominal frequentist interpreta- 
tion). Nevertheless, as we have shown 
above, one can do an anal* of their be- 
havior under hypothetical repetitions of the 
studs one can also attempt b infer the 
prior beliefs that underlie the d y s i s  
choices made by investigators. 

Three buckwd-elimination st&&# 

We have documented the set of prior 
beliefa that justify the we of the backward- 
elimination strategies used by Stmr e t  al. 
(I) and others (3, but we have acted a if 
these strategies lrepresent a well-defined 
unique method. In practice, however, we 
have obsemed at least t h  different back- 
ward-elimination strategies for estimating 
an exposure effect: 1) eliminate hrms until 
only eignificmt terms remain in the 
model-if the study e x p u e  is eliminated, 



infer the exposure hae no effect, otherwise 
use the eatimate of (and confidence interval 
for) the exposure effect from the find 
m&I; 2) eliminate terms until either only 
significant brms remain or the etudy ex- 
posure is next to remove, then use the final 
model estimate of (and confidence interval 
for) the exposure effect; and 3) eliminate 
hrms until only significant terms remain, 
except keep exposure in the model and use 
the final m&l estimate of (and confidence 
interval for) the exposure effect. The third 
method is the method that appears closest 
to that described by Starr et d.; unfortu- 
nately, this method can also be highly 
biased. 

Consider a study in 1930 (before the hy- 
pothesis that cigarette smoking c a u d  lung 
cancer was established as fact) in which 
match carrying was the study eqmure, 
cigarette smoking the potential confounder, 
and lung cancer the study diaease. Suppee 
a h  that the amount of data w a ~  limited. 
For most data realizations, match carrying 
and smoking would Be so correhted that, 
in a m&l including both, neither would be 
signirkant after adjusting for the other. 
This result appropriately refleds the kt 
that it would be impossible to debrmine 
from the data alone wbether the observed 
variation in lung cancer risk was due to 
smoking, to match carrying, or to both. 
Since the real eff- would be due to ~mok- 
ing, the p value for smoking effect would 
usually be smaller than that for matth 
carrying. Nevertheless, using the third 
backward-elimination metbod, emoking 
would usually be eliminated from the 
model, becauw smoking would usually be 
nonsignificant in the starting model. With 
the delekion of smoking, match carrying 
would become "highly significantn because 
it would be a proxy for smoking. Thua, the 
third method would be almost certain to 
determine that match carrying is an impor- 
tant risk factor with a narrow 'confidence 
interval." The only justification we can we 
for wing the third method is if one h a  
strong prior beliefs both that exposure has 
an effect, end that the effect of any corre- 
lated covariate is small. These are not the 

prior beliefs one would have in muet stud- 
ies. 

Backward-elimination methods 1 and 2 
do not fare quite as poorly in the preceding 
example. In most data realizatiow, method 
2 would result in both match carrying and 
smoking remaining in the model; occasion- 
ally, smoking would be eliminated and 
match carrying would appear to be a strong 
risk factor with a narrow "confidence inter- 
val." In most data realizations, method 1 
would show smoking to be a strong risk 
factor with a narrow confidence interval 
(which would be an iraapprop&te interpre- 
tation of the data unless one had strong 
prior beliefs that match carrying has no 
effect), although occasionally mateh carry- 
ing would appar  to be a strong risk kctor 
with a narrow c ~ ~ d e n c e  interval (which 
would also be an inappropriate interpreta- 
tion unless one had strong prior beliefa that 
smoking has no effect). Note #at method 
1 a h  encourw confusion of "lack of sta- 
tiatical signifimce" with *no effecLm 

We wish to emphasize that in absance of 
prior knowledge, a model that alway~ in- 
cluded both smoking and match carrying 
would be the only appropriate mlyrsis. Of 
course, given our prewnt knowledge of lung 
cancer biology, we know that we should 
never enter match carrying in the malysk 
since we are certain that ib coefficient is 
virtually zero. 

A4gorithm.s uersus practice: an informal 
Bayesian perspective 

A closer scrutiny of Stam et aLYs discus- 
sion indicates that, in drawing their fmal 
mnclll~iona, they would not rigidly adhere 
to any mechanical variable-selection strat- 
egy. Starr et al. note that both parity and 
the atudy exposure (dibromwhloropro- 
pane) are known a priori to be imprtant 
determinants of subeqwnt fertility. They 
consequently use the nonsignXcance of 
parity in the reduced model for plant A as 
evidence against the validity of that m&l, 
and the nonsignificance of dibromochloro- 
propane in a highly-saturated model as ev- 
idence against that model. We interpret 
their commenta as indicating that Starr et 
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d.'s implicit variable-selection strategy ia 
to choose a model that is consistent with 
the data and yields parameter wtimates 
consistent with their prior beliefs. Regard- 
less of whether our interpretation of their 
behavior k correct, this strategy has an 
informal Bayesian justification that we now 
illustrate. 

Emmpl~ .  Suppose that Starr et al.'s 
backward-elimination strategy re~ulted in 
a model in which dibromochlorop*opans 
significantly increased fertility with a %on- 
fidence intervaln for the expmure coeffi- 
cient of (0.2, 1.0). This m l t  is contrary to 
our prior beliefs (from animal and human 
studies) that exposure is supposed ta reduce 
fertility. In such a situation, it is likely that 
the "confidence interval" from Starr's sat- 
urated model would be much wider; in par- 
ticular, the lower limit derived from the 
saturated model would likely be less in con- 
flict with our prior beliefs, wen if the point 
estimate was unchanged. For concreteness, 
sup- that the saturahd-model intern1 
waa (-0.6, 1.8). One might in this case be 
inclined to choose the wturated-mdel in- 
terval ae one's estimate, rather than t b  
backward-elimination interval, pmciaely 
because of the sharp conflict of the latbr 
with one's prior belief, and despite the fact 
that om would have chosen the backward- 
elimination interval had it not so sharply 
conflicted with one's prior belief. The pen- 
alty incurred for this choice is a much wider 
interval. 

An informal Bayesian explanation for 
this penalty is as follows: If the expure 
estimate agrees with one's prior beliefs (as 
in the paper by Starr e t  a].), the variance 
of our posterior subjective distribution for 
exposure eCfect will be small, as the data 
have increased one's certainty about the 
size of the effed; this increased certainty is 
reflected by the narrow backward-elmina- 
tion inbmal reported by Starr et al. But if 
the expo~ure eetimate differs from one's 
prior expectation, as in our example, the 
standard error of one's posterior distribu- 
tion can be large, as one's uncertainty abwt 
the exposum effect may have been in- 
creased by the dmmpmcy; this incread 

uncertainty is reflected in the wide satu- 
rated-model interval. (In light of our prior 
beliefs concerning the DBCP effect, an in- 
terval whose upper and lower limits are 
wmewhat less than the corresponding up- 
per and lower limits of the saturated model 
intewal might be pwfemble to the satu- 
rated model inkrval as an approximation 
to our posterior uncertainty.) 

In talcing a Bayesian view, one must con- 
sider (in addition to the exposure estimate) 
the plausibility of the model: with respect 
to all the cwariates for which one has 
strong prior beliefs. Any conflicts &odd 
contribute to one's uncertainty regarding 
the correctness of one's data and prior be- 
lie& in the above example, this forces one 
back toward the wider intends of more 
saturated models. 

ADDITIONAL CONSIDERATIONS 

The goodness-of - fit criterion 

"Goodness-of-fit" is sometimes used as a 
justification for estimating exposure effects 
from a particular model (where "goodnese- 
of-fitA is some criterion-such as a like- 
l ibd-rat io  tes-that takes account of 
both the number of model parametera and 
ability of the model to reproduce the data). 
For example, in one backward-elimination 
method, the computer throws terms out of 
the model (i.e., 13ets coefficients of succes- 
sive covariates to zero) until throwing out 
any additional covariates would produce a 
"signficant" goodnms-of-fit test. The 
problem with the goodness-of- fit criterion 
is that, in general, with weak multivariate 
data: I) the number of "@ fittingn models 
will be large; 2) there can be large variation 
in the magnitude of the estimated exposure 
among the models with good fit; and 3) the 
intermodel variation in mirnakd e-ure 
effect can greatly ex& the model-specific 
standard e m m  for the exposure effect 
spewed out by the compukr. (An exampb 
of all three pointa would IH given by the 
smoking-match-carrying example &- 
c u d  earlier.) Thus, one must either 
c h m  among the numerous fitting" 
models, on tbe basis of one's subjective 
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beliefs, or us8 tbe estimate and standard 
emr fmm the saturated model when the 
uncertainty associated with the saturated 
model edimate ]nore closely repmenb 
one's subjective degree of uncertainty. 

Another problem with goodnm-of-fit 
tea is that they are insensitive to certain 
types of inconsistencies between modeb 
and data, and so they can indicate a good 
fit for certain mdels that are groasly in- 
consistent with the data. Thus, if one 
wishes to use a model consistent with the 
data, one ought to check for model ade- 
quacy by examining residuals, screening for 
outliers, and employing other similar *di- 
agnostic t s c h n i q ~ e s . ~  But even among the 
clam of modela consistent with the data, 
the intermodel variation in the estimated 
exposure effect may exceed the mdl - spe -  
cific "standard errors." 

Thus far, we have only considered the 
w of prior beliefa cofioeraing the strength 
of a covariate as an independent risk factor 
for disease (i.e., beliefs concerning the pop- 
ulation oovariate-disease asmiation con- 
ditional on exposure status and the levels 
of other covariates). Since the exposure- 
covariate msmiakion (in the muroe m u -  
lation) is a k  an important determinant of 
confounding in case-control studies, one 
might a h  wish to take account of prior 
beliefs concerning the population expure- 
cxwariate madation in mwe-contml anal- 
w s ;  thk would involve the modelling of 
the expsure-covariate aas&ations among 
the controls. Unlike relative-&& r e p d o n  
models (such as logistic modela), mntin- 
gem-table modeba (such as log-linear 
models) allow simultaneous modelling of 
both the expoaum-covariate and covariate- 
&maw aamciatiom. The previous lack of 
enthusiasm for modeliing the population 
expasure-cmariate associations may reflect 
the fact that our ptior hbf8  concemhg 
t h w  mamiations am usually h sharp 
than thaw concerning the diserrse-covar- 
iate associations. ( h n h a m  and Rubin 
(12) have propad modelling of the mar- 

ginal exposure-cowriate amiations in 
fdlow-up studim. Although their approach 
may be of practical value, the autbora' the- 
oretical jtlstification conflicts with the 
Bepian  and conditional frequent& 
points of view (6, 13); epidemiologists have 
alsa r a i d  theoretical objections to such 
modelling (5, 7, a).) 

In a randomized kial, it ia not necesmry 
to collect data on mvariates in order to 
obtain valid confidence intervals for the 
ovedl  treatment effect when, for example, 
we meamre the overall treatment effect by 
the ratio of the number of caaea expected 
had the entire study population been 
treated to the number e x p t d  had it re- 
mained untreated. If, however, data on a 
rhk factor are collecd and there is a 
chance treatment-factor association in the 
data, from a Bayegirul or conditional fre- 
quentist point of view one should comider 
the factor a confounder and adjust for it in 
the analysis (6). This point bas also been 
made in the epidemiologic libratwe (6, 7, 
8). (A conditional frequentist examines the 
crude estimator only over those hypotheti- 
cal repetitions of the trial in whicb the 
meaaured risk factors have exactly the 
=me mamiations with treatment and each 
other as was o k w d  thus, under this 
conditional view, the crude estjmator of 
effect will in general be biased if any meas- 
ured risk factor ia asmiah3 with treat- 
ment. It follow from our definition of a 
confounder that a measured risk factor as- 
miated with treatment ia a confoun&r 
(61.1 In other womb, although Bayeaians 
and conditional frequent& may find ran- 
domization useful in guarding agaht m- 
f d n g  by unmeasured covariaks, in 
brms of mntmlling confounding by me=- 
ured cwariates, it is irrelevant whether the 
data wee obtained from a notvandomized 
or randomid study (5-9,13). Gs a h ,  one 
might naively expect that the danger of 
illditxriminetely u8hg a ucanngdn method 
of backward elimination (such as methal3 
described above) to adjust for m e  
covariates wwld be as great with random- 
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i d  as with nonrandomized studies. Thh 
is not so, because setting a nonzero coefi- 
cient to zero will not lead to a ~ignificant 
bias in the estimate of the overall treatment 
effect unleas a strong treatment-covariate 
asmiation exists in the data, and, in a large 
trial, randomization makes it improbable 
that a strong treatment-covariak associa- 
tion exists. 

Even when data on a huge number of 
covmhtes are collected (so that by chance 
some wvariates are almost cerhin to be 
strongly assdated with exposure), ran- 
domization makes it highly probable that 
the set of risk factors whose cmfficients 
were incorrectly set to zero by the back- 
ward-elimination pmcdure will contain 
similar proportions of positive confounders 
and negative confounders. Furthermom, if 
only a moderate number of strong risk fac- 
tors are measured, it is highly improbable 
that the measured factors strongly d- 
ated with exposure will also l~ thow that 
are the strong risk factors. Thus, in most 
(but not all) large randomized trials, little 
bias in the estimator of the overall treat- 
ment effect should ensue from using back- 
ward-elimination techniques. 

RECOMMENDATIONS AND CAUTIONS 

In nonexperimental studies, one often 
collects data on many potential oonfoun- 
ders. Even in the absence of confounding 
by unmeaswd risk factors, the resulting 
data will be weak data (usbss the ample 
size is very large or matching was done on 
most of the confounders). As Starr et a!. 
note, one then hew the dilemma that both 
improper omkion  and indiscriminate in- 
clusion of variables in a model can lead to 
compromiwd inferences. To explore this 
hue further, we have dissected one family 
of variable selection strategies (backward- 
elimination methcds) to show that, from a 
frequentkt perspective, such atrakgies (in- 
cluding the one described by Stam et  al.) 
can d y  lead to highly bittised estimators 
and a h &  inevitably lead to invalid con- 
fidence intervals and p values. Neverthe- 
less, we must mmgnk that with weak data 
we have little choice but to incorporate 
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prior beliefs into the analysis (and thus 
intrcduce bias and confounding). We thus 
would operatiodize Starr et  al.'s recom- 
mendation for "considerable care and 
thought" by 1) writing down in advance our 
prior beliefs about the effects of candidate 
variables, 2) not employing a "canned" 
model selection strategy that implies prior 
beliefs in serious conflict with our actual 
prior belief@, and 3) not accepting results 
from a model that forces or estimates any 
p m & r  to have a value in aerious con- 
flict with strong prior beliefs (even if the 
model fits well). 

Unfortunately, following these recom- 
mendations will not result in foolproof in- 
ferenws. For example, suppose 1) the as- 
sumptions about nature implicit in one's 
model are sharp (for example, we 8elect a 
model with few parametem) and re&ct 
one's actual prior belieb, 2) the data are 
weak, 3) the parameter estimates given by 
the model are consistent with one's prior 
beliefs, but 4) the assumptions implicit in 
the m d e l  differ markedly from the true 
state of nature. Then our inferences ("con- 
fidence intervals") will spar sharp but 
can be quite wmng, euen if we m cureful to 
choose mode& that pmvide a gowl fit to the 
data (4). To quote David Freedman (14) 
paraphrasing Fredman et al. (15): "It ain't 
what you don't know that gets you into 
trouble, it's what you think you know that 
ain't so. Statistical modelling seems likely 
to increase the stock of things you think 
you know but ain't so." 
Nevertheless, studies are often used in 

making decisions (even if the decision is 
only whether to conduct further research 
on the exposure under study). If one must 
make a deciaion baaed in part on weah data, 
one must use one's (possibly incorrect) 
prior beliefs. A prior belief should reflect 
one's actual beliefs about a parameter, but, 
when one uses a 'canned" variable-selec- 
tion algorithm (such as found in typical 
stepwise mgmssion programs), one is in 
effect using sharp, arbitrary Upri~m" and so 
one is likely b get wrong inferences out of 
such programs (usually via the improper 
deletion of important confoundem (8)). 
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The above cautions lead us to recom- 
mend that one alwap perform semitiviQ 
analyses. That h, one should determine if 
moderate changes in one's prior beliefs or 
one's analytic proceduree (such as one's 
model-selection stratem) would lead to 
large c h m p  in one's inferences about the 
parameter of interest. With weak nonex- 
perimental data, strong dependencies of in- 
ferences on prior beliefs will usually be 
found. 

We have argued that our inability to 
estimate effecb accurably from nonexper. 
imental chh is not remlved by simply 
measuring more and more potential risk 
factors until eventually all important risk 
factors have been measured. If many atrong 
risk factors are a w i a t e d  with expoBure, 
one still needs to have nearly corm& prior 
beliefs concerning not only which of the 
potential risk factors are truly imporkut 
risk fackrs, but alm the magnitude of their 
e ff&. 

Viewed in this light, the central h u e  in 
the choice between indirect standardization 
(as employed by Stam et al. (1)) and 
modelling is whether one subjectively be- 
lievea that US population rates are appro- 
priate to we as prior information about the 
study cohort. But thie choice i~ really not 
one between stan-tion and model- 
ling, because (as Stan et al. seem to be 
aware) information ahut  US population 
rates can be incorporated into multivariate 
modelling methods for doing so are dis- 
c d  in detail by Bmlow et al. (16). As 
Stam et al. note in their closing paragraph, 
indirect standardization involves no as- 
sumptions about linearity of dose-response 
or the order of interactions between the 
covariates. Such assumptions are replad 
by the assumption that US population rates 
reflect what the study population would 
have experienced had it not been e*poaed. 
Star et al. fail to mention, however, that 
comparisons of different staadadized fer- 
tility ratios or standardized morbidity ra- 
tim obtained from indirect standardization 

may be invalid unless the inbractions of 
the erwsure effect with the cwariate ef- 
fecte k perfectly multiplicative, i.e., the 
covariate-specific fertility ratios must be 
conatant (16, sec. 5.1). Thus, valid me of 
indirect standardization is not entirely free 
of modelling assumptiona. ~everthel& we 
a g m  with Shrr et al. that, in the absence 
of a sound biologic basis for choosing a 
particular model, some form of standardi- 
zation should continue to be empIoyed as 
part of routine analysis. 
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