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In a recent commentary in this journal (I), Hernberg 
expressed an editor's stance against the use of statistical 
significance testing in deciding whether confounding is 
present in an epidemiologic study of an exposure-effect 
relationship or not. He concluded that the selection of 
confounders to be controlled in the analysis of the data 
should instead be made according to the following rule: 
"Formally one can compare the crude relative risk and 
the relative risk resulting after adjustment for the poten- 
tial confounder. A difference indicates confounding, and 
in that case one should use the adjusted risk estimate. If 
there is no or a negligible difference, confounding is not 
an issue and the crude estimate is to be preferred. Person- 
al judgment comes into play when what is 'negligible' is 
decided [p 3161". Both Hernberg's treatment of con- 
founding and the prescription chosen to identify the prob- 
lem invite an extended commentary for two main rea- 
sons. First, in causal inference the notion of confounding 
is more fundamental than any criterion of confounder 
control, despite the tacit assumption that the defining 
property of confounding is a difference between the crude 
and adjusted risk estimates resulting from the dissimilar- 
ities in the distribution of the covariate(s) between the 
exposed and unexposed groups. Second, the presence or 
absence of confounding depends on the parameter used 
to measure the effect of exposure on disease outcome. 
Because of their general interest, I would like to address 
both of these methodologic issues in some detail. 

The distinction between the concepts of corZfoundirzg 
and coizfourzder is essential, but often ignored or ob- 
scured in epidemiologic literature. The definitions of con- 
founding or confounder fall into two main classes. Ac- 
cording to the first, based on the formal concept of col- 
lapsibility, confounding is a failure of the estimate for an 
adjusted (eg, stratified) effect parameter to equal the 
estimate for an unadjusted (crude) parameter obtained 
when a covariate is ignored as stratification is collapsed. 

1 Thus confounding is equated with noncollapsibility (or 
change-in-parameter estimate). The second, cornparabil- 
ity-based definition views the effect of exposure as a 
comparison of the group's outcome when exposed with 
what the same group's outcome would have been if ex- 
posure had been absent. Consequently, the observed 
value of the outcome measure in the exposed group is 
compared with the expected value of the outcome meas- 
ure that would have been observed in the exposed group 
if it had, hypothetically, not been exposed. The unex- 
posed group's actual outcome is used as a proxy for the 
exposed group's unobserved value. When the two 
groups' experiences differ, the groups are noncompara- 
ble, and confounding is said to result. Whittermore (2), 
Yanagawa (3), Boivin & Wacholder (4), and Becher (5) 
have defined confounding using the statistical concept of 
collapsibility, while Miettinen & Cook (6), Rothman (7), 
Greenland & Robins (8) and Checkoway et a1 (9) have 
adopted the epidemiologic comparability definition. 
Some books present confounding in accordance with the 
comparability definition but then espouse the change-in- 
parameter-estimate criterion for deciding whether con- 
founding is a problem or not in the estimation of the 
strength of the exposure effect, for example, Kleinbaum 
et a1 (1 0) and Hernberg (1 1, see the preceding quotation 
from Hernberg's commentary). 

As explicated by Greenland et a1 (12), the collapsibil- 
ity approach requires that all the covariates assumed to 
be important predictors of the disease outcome be listed, 
and it specifies what is meant by their "control", before 
the problem of confounding can be defined. However, 
because residual confounding is always possible as a 
result of imperfect measurement of confounders with the 
use of imprecise covariates (see, eg, reference 13) or as a 
result of an unlimited number of undiscovered risk fac- 
tors, a collapsibility-based definition cannot unambigu- 
ously estimate an unconfounded value for the causal 

1 Finnish Institute of Occupational Health, Topeliuksenkatu 41 a A, FIN-002500 Helsinki, Finland. 

Reprint requests to: Dr M Nunninen, Finnish Institute of Occupational Health, Topeliuksenkatu 41 a A, FLN-002500 
Helsinki, Finland. 



Commentaries 

parameter. Moreover, the conditions for nonconfounding 
depend on the true (unknown) parametric form of the 
model that relates the disease outcome to exposure and is 
conditional on extraneous covmiates. A relevant statisti- 
cal point is that the collapsibility definition implicitly 
assumes the constancy (homogeneity) of effect measures 
across strata. This assumption, which is made by proce- 
dures such as the Mantel-Haenszel estimates of risk ra- 
tios and the logistic regression estimates of odds ratios, 
is frequently not tenable in epidemiologic applications 
and can therefore be regarded as a weakness of the defi- 
nition (14). Another cogent objection is that stratum- 
specific measures can themselves be confounded by fur- 
ther unknown risk factors (12) or by random imbalance 
caused by small sizes of the strata (8). 

In contrast, the comparability-based definition of con- 
founding does not suffer from such drawbacks because 
the definition makes no reference to confounders or their 
control and because, according to this view, noncon- 
founding is invariant across models underlying the effect 
measures. The problem of confounding stems from the 
nonidentifiability of the essential causal parameters of 
the assumed statistical model that determined the obser- 
vations. To put it another way, we are not able to esti- 
mate the effect because the observed outcomes can be 
predicted by different possibilities (parameter values) for 
exposure impact. But these parameters can be made iden- 
tifiable if we assume the exposed and unexposed groups 
are comparable (6) or exchangeable (8). In other words, 
the causal contrasts would be unbiasedly estimable even 
if the exposure states of the two groups had been ex- 
changed. For the derivation of the theory of epidemio- 
logic confounding based on the assumption of excharzge- 
ability, see reference 8. With this approach, we can de- 
duce that confounders must fulfill well-known necessary 
conditions, namely, that confounders (i) nust be predic- 
tive of disease risk (even among the unexposed), (ii) 
must be associated with exposure in the population under 
study, and (iii) must not be a link in the causal chain 
from exposure to outcome or a consequence of the out- 
come. (Compare with reference 6.) Sometimes these 
properties are taken as defining a confounder and not just 
being derived properties (15, 16). However, these three 
conditions cannot be considered to identify a confounder 
because they are not sufficient to make a covariate a 
confounder (8). Nevertheless, they can be used in prac- 
tice as operational criteria for screening out non- 
confounders, since any confounder must meet all three 
criteria. 

The comparability definition led Miettinen & Cook 
(6) inductively to conclude that the presence or absence 
of confounding should not be equated with the presence 
or absence of collapsibility and that the decision regard- 
ing the existence of confounding should not depend on 
the chosen parameter. Moreover, the degree of confound- 

ing - and hence the strength of an effect - cannot be 
directly measured from the observed data; it should al- 
ways be evaluated against background disease risk, 
knowledge of subject matter, logical argument, evidence 
from previous studies, and the particulars of the empiri- 
cal setting in which the study is being conducted. The 
dilemma posed by the conceptual identification of every 
important confounder is that, in addition to the factors 
brought forward by the study, one that, together with the 
included factors, constitutes a confounder may be omit- 
ted. There is a further problem in that, even if all the 
plausible confounders have suitably similar distributions 
between the compared groups, their joint effect may still 
cause bias. Criteria based singularly on associations with- 
in the data can also be misleading because the predictive- 
ness of the potential confounders of the outcome can be 
a result of effect modification rather than a result of 
confounding (17). Therefore, the decision of whether a 
covariate requires control is both judgmental and subject 
to error. 

However, the relative roles of prior information, as 
against data from the study population, involve subtleties 
that reach beyond the previous inductive examination of 
the problem (6). For example, given prior information 
that a covariate is a risk factor in a cohort study, infer- 
ences should be made conditional on appropriate mea- 
sures (ancillary statistics) of discrepancies between this 
prior knowledge and the observed data (18). Conversely, 
if a covariate in a case-referent study is known a priori to 
be unassociated with either the exposure or the disease in 
the source population, then the crude estimate does not 
require adjustment irrespective of associations observed 
in the data (19). Statisticians have previously failed to 
recognize that epidemiologists have implicitly condi- 
tioned their causal analyses of exposure-effect relations 
with such ancillary statistics. This failure has probably 
prevented a coherent statistical definition of the epidemi- 
ologic concept of confounding (20). 

Which definition of confounding should we adopt 
and which operational criteria for its detection should 
we select amid this conceptual discrepancy? The con- 
fusion can be explained by the use of statistical criteria 
for confounder control that are not coherent with the 
intuitive notions of confounding. Wichramaratne & Hol- 
ford (21) offer a resolution by suggesting that (i) non- 
collapsibility of the chosen measure of effect and (ii) 
noncomparability of the exposed and unexposed groups 
are distinct phenomena. Exacerbating the problem is 
the fact that the criteria for a covariate to be a con- 
founder according to the two definitions are not mathe- 
matically equivalent. However, Greenland et a1 (12) 
made the following important point: "If one elects to 
use a measure of effect for which comparability and 
collapsibility do not coincide, such as the incidence- 
odds ratio, then defining one of the two phenomena as 
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'confounding' will not automatically free one from the 
need to consider the other phenomenon when making 
inferences [p 10881." 

All these points raise the question of which effect 
measure is "coherent" or proper. Hernberg (1) brought 
up the change in the value of the relative risk parameter 
as the measure of confounding bias with which to decide 
whether a covariate needs to be controlled or not. The 
generic term "relative risk" is used synonymously with 
risk ratio, rate ratio, and odds ratio (22). The change-in- 
parameter-estimate criterion is problematic for two rea- 
sons. First, the criterion can be systematically mislead- 
ing. It can lead to unnecessary and even bias-producing 
control of the covariate when misclassification of expo- 
sure or disease is present (23). Second, it depends on the 
chosen measure of effect. Miettinen & Cook (6) showed 
how comparability did not insure odds ratio collapsibili- 
ty. They rejected the odds ratio parameter for its mathe- 
matical peculiarity - that its unconfounded crude value 
can fall outside the range of its stratum-specific values. 

As an illustration of the latter problem, consider the 
cohort data in table 1, stratified by "balanced" covariate 
C that has equal distribution among the exposed and 
unexposed subjects. This procedure implies no confound- 
ing according to the comparability criterion. In addition 
there is no confounding of the crude comparisons with 
any of the three scales of risk measurement: the crude 
incidence difference, incidence ratio, and incidence-odds 
ratio all show exactly how much the exposure raised the 
crude incidence proportion. [Note that in epidemiologic 
terms "risk" pertains to an individual and "incidence 
proportions" are effect measures in populations, which 
are interpretable as "average risks" (14)l. Instead, the 
control of C changes the value of the incidence-odds 
ratio, which means negative confounding under the col- 
lapsibility definition. (Compare reference 4.) In this ex- 
ample the stratum-specific incidence-odds ratios are up- 
ward-biased, yet the crude incidence-odds ratio unbias- 
edly contrasts the odds of disease in the exposed and 
unexposed cohorts because the proportion of subjects 
with C is 50%. The value of the incidence-proportion 

difference remains unchanged upon stratification. The 
situation is not quite so obvious for the incidence-pro- 
portion ratio, but the stratified estimate can be computed 
(24), and it equals the value of the pooled estimate (name- 
ly 2.3). This apparent anomaly has caused proponents of 
the collapsibility criterion for confounding to reject the 
incidence-odds ratio as a measure of exposure effect in 
favor of incidence-proportion difference and ratio meas- 
ures (6, 14). A correct measure with which to assess the 
existence of confounding in the spirit of comparability 
requires the observed number of exposed cases (0)  to be 
contrasted to the corresponding expected number (E), 
calculated on the assumption that the exposed subjects 
would incur the unexposed subjects' risk (6). In effect, 
the "Unexposed" columns of table 1 could be relabeled 
"Exposed cohort if not exposed". This application can be 
illustrated for the incidence-odds ratio by the data in 
table 1; we find from the "Pooled" column that 0 = 140 
and from the "Stratum 1" and "Stratum 2" columns E = 
(10/100)100 + (50/100)100 = 60. Thus the adjusted esti- 
mate of the "observed/expected" incidence-odds ratio is 
[O/(S - O]]/[E/(S - E)] = [140/(200 - 140)]/[60/(200 - 
60)] = 5.4, which is equal to the crude incidence-odds 
ratio estimate indicating no confounding. For a more- 
detailed criticism of the odds ratio as a measure of effect, 
see references 14 and 25. Greenland et a1 (12) provided 
an example of the reverse situation, in which the odds 
ratio was collapsible but there was extreme noncompara- 
bility (and, in their view, confounding) of causal com- 
parison among the groups. We can also note that the 
equality of stratum-specific odds ratios or risk ratios is 
not a sufficient guarantee for the pooled estimator to be 
unconfounded or consistent (26, 27). 

Robins & Morgenstern (28), and recently Greenland 
(29), have shown that the absence of confounding does 
not imply collapsibility of the person-time rate ratio (rel- 
ative hazard); that is, the crude rate ratio need not equal 
the common stratum-specific rate ratio even if the ex- 
posed and unexposed cohorts (or stationary populations) 
have the same distribution of all risk factors. An analo- 
gous result holds for rate differences. Greenland (29) 

Table 1. Hypothetical data stratified by a covariate (C)  that has the same distribution in exposed and unexposed cohorts, illustrating the 
inadequacy of odds-ratio collapsibility as a criterion for nonconfounding. 

Stratum 1:  C present Stratum 2: C absent Pooled (ignoring C) 

Exposed Unexposed Exposed Unexposed Exposed Unexposed 

Diseased 
Nondiseased 

Size of subcohort (S) 
Proportion with C 
Incidence proportion 
Incidence-proportion difference 
Incidence-proportion ratioa 
Incidence-odds ratio 

a The stratified estimate for the incidence-proportion ratio is 2.3. 
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explained that the reason for the "discrepancy between 
nonconfounding and collapsibility in rate comparisons 
arises when person-time is a post-exposure variable 
whose distribution can be altered by the effects of expo- 
sure and other risk factors [p 4981." However, no conflict 
would occur if incidence-proportion differences and ra- 
tios were used as the population measures of exposure 
effect on average risk and incidence-density rate com- 
parisons were used only in situations in which they ap- 
proximate survival-time (average hazard) comparisons. 

Regarding Hernberg's (1) chief point that ". . . con- 
founding is bound to time and place and cannot be gener- 
alized. Therefore statistical significance testing is not the 
way to scrutinize potential confounding [p 315]", not all 
statistician-epidemiologists see the matter as categorical- 
ly, even though the procedure has been strongly criti- 
cized for a long time. (See, for example, reference 30.) It 
is clear that the problems in selecting potential con- 
founding factors are primarily substantive and not statis- 
tical, although there are some statistical guidelines that 
may prove useful. In the absence of prior knowledge 
about confounding in the exposure-effect relationship, 
investigators frequently rely on the data at hand to guide 
them in their decision of whether to adjust for a covariate 
or not. The data-based criteria for confounders always 
pertains to the particular population sample experience 
yielding the exposure-effect relation of the study. If the 
use of significance testing of potential confounders is 
rejected solely because it is a sample-to-population in- 
ference criterion (in frequentist statistics), then one is 
logically compelled to reject all similar criteria that can 
be used for such a purpose. There are several other statis- 
tical testing strategies besides the significance-test-of- 
the-covariate criterion, including the equivalence-test- 
of-the-difference and collapsibility test criteria (3 1). The 
equivalence test is preferable to the significance test on 
logical grounds, because it tests whether the amount of 
confounding present is worth worrying about, rather than 
testing a certainly false null hypothesis of nonconfound- 
ing (32). The impact of various confounder selection 
criteria on effect estimation was investigated in simula- 
tion studies for both case-referent data (33) and cohort 
data (34). The change-in-parameter-estimate criterion 
(with a specified percentage of difference between the 
crude and adjusted estimate) tended to perform best for 
both case-referent and cohort studies, even though sig- 
nificance testing methods can perform acceptably if their 
significance levels are set much higher than conventional 
levels (to values of 0.20 or more). Thus using statistical 
significance tests of potential confounders can be de- 
fended in some cases, but, as recommended by Robins & 
Greenland (33 ,  if doing a frequentist test for confound- 
ing is insisted upon, such testing (i) should only be made 
in apreliminary style for deciding which of the strongest 
confounders to include in a multivariate adjustment and 

(ii) it should be reserved for situations in which there is 
little or no prior information about the investigated asso- 
ciations. In most cases, however, prior information exists 
that implies that the disease and the exposure are associ- 
ated conditional on the covariate, or else that they have 
no such association. In such cases a preliminary test can 
be seriously misleading (3 1). 

More advanced statistical methods that combine the 
favorable characteristics of stratification and multivari- 
ate modeling have been proposed for the multiconfound- 
er situation (36, 37). Although criticized for exaggerat- 
ing statistical significance (38), simulation findings (39) 
support the use of the multivariate confounder score and 
the propensity score analyses as valid methods for de- 
tecting and controlling confounders in most of the practi- 
cal situations encountered in epidemiologic research. 

Hernberg (1) also remarked that "The general rule is 
that confounders should be controlled, but that the non- 
confounders should be left without control to enhance 
the sensitivity of the study [p 3161". The control of cov- 
ariates, either by stratification or regression modeling, 
actually involves two goals (40). Primarily, bias (or sta- 
tistical inconsistency) should be prevented. Secondarily, 
imprecision should be avoided. Miettinen (41, p 229) 
specified, according to the comparability definition, that, 
if a covariate is only a determinant of the outcome and 
has no association with the exposure, its control, though 
irrelevant for validity, nevertheless reduces the residual 
variance of the outcome variate and thus enhances the 
statistical efficiency of the analysis (ie, improves the 
precision of the estimates of exposure effect). But, if a 
nonconfounder is merely a correlate of exposure, its con- 
trol reduces efficiency. However, proponents of the col- 
lapsibility approach maintain that ignoring a balanced 
covariate may have different implications for the validity 
and precision of both the estimates and the significance 
tests of exposure effect, depending on the scale of the 
outcome measurement (42). 

In conclusion, the problem of confounding is a cen- 
tral, yet highly complicated issue in epidemiology, as in 
all nonexperimental causal research. Any attempt to clar- 
ify "confounding" in simple conceptual or statistical 
terms is destined to omit some important aspect of the 
topic. I hope that the commentary by Hernberg and my 
rejoinder will stimulate further discussion on the correct 
use of statistics in epidemiologic studies among the 
readers of this journal. 
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