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ISSUES IN ADJUSTING FOR COVARIATES
ARISING POSTRANDOMIZATION

IN CLINICAL TRIALS

JAMES ROCHON, PHD
The Biostatistics Center, The George Washington University, Rockville, Maryland

While there is broad consensus on analytic techniques for adjusting for covariates at
baseline, the situation for covariates arising postrandomization is considerably more
difficult. Examples include the level of patient “compliance” measured through pill counts
and other biochemical markers, the occurrence of missing data over patient follow-up,
and early withdrawal from medication. The “intention-to-treat” (ITT) principle requires
that all randomized patients be included in all analyses irrespective of their confounder
experience. This approach, however, seems at odds with good scientific method and is
a considerable source of friction with medical investigators. In this paper, we review the
interpretation of this analysis strategy and suggest that the statistical community has
been careless in its interpretation of these results. We outline a conservative strategy that
is consistent with ITT principles. Nevertheless, any analysis that adjusts for these covari-
ates must be considered speculative in nature and followed by a properly designed
confirmatory study. For this reason, we argue that these analyses are of greater relevance
early in a drug development program.
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INTRODUCTION ment difference to be estimated with greater
precision.

THERE ARE TWO important reasons for
While there is broad consensus on analytic

adjusting for covariates in randomized clini-
techniques for adjusting for covariates at

cal trials (RCTs). The first addresses the issue
baseline, the situation for covariates arising

of bias, that is, despite randomization, imbal-
postrandomization is considerably more dif-

ances may exist across the study arms with
ficult. Examples include the level of patient

respect to important prognostic factors. Any
“compliance” measured through pill counts

comparison of the treatment groups at the
and other biochemical markers, the amount

end of the study may be influenced by these
of concomitant medications and “rescue”

prevailing differences. Moreover, even if
therapies, the occurrence of missing data

there is no imbalance across the study arms,
over patient follow-up, loss to follow-up,

the covariate may account for variability in
cross-over to the alternative therapy and pre-

the primary outcome. This allows the treat-
mature withdrawal from medication, and the
incidence of side effects and adverse reac-
tions. In general, one must contend with the
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act dynamically with the primary endpoint of their covariate experience. Undesirable
behavior is simply attributed to the “policy”over the course of patient follow-up, and in-

deed may stand intermediate in the causal of treating patients with this medication. This
approach, however, seems at odds with goodpath from the treatment assignment to the

final outcome. For example, a disappointing scientific method, and is a considerable
source of friction with medical investigators.treatment effect may induce poor compli-

ance, which, in turn, further attenuates the Moreover, it can be misleading as, for exam-
ple, when an ineffective therapy leads to anresponse to treatment. In this case, the effect

of the intervention is mediated (at least par- increase in the amount of rescue medication,
which in itself ameliorates the patient’s con-tially) through compliance.

These factors may also fulfill the epidemi- dition. An analysis that fails to account for
the rescue medication would lead to an erro-ologic criteria for a “confounding” variable

(1). Miettenen and Cook (2) outlined two neous conclusion concerning the efficacy of
therapy.criteria:

One approach is to include these variables
as time-dependent covariates in a linear re-1. There must be a difference in the distribu-

tion of the confounder across the study gression model (3). There are, however, con-
ceptual and analytic difficulties with this ap-arms, and

2. It must be known a priori that the con- proach. If there is differential compliance
across the treatment groups, then compliancefounder is related to the outcome in the

control group. will be correlated with the treatment alloca-
tion and this can lead to multicollinearity
problems in the regression model. Given oneThe first criterion is easily verified through

an empirical examination of the data. The variable in the model, a test for the incremen-
tal effect of the other variable may fail tosecond condition is more tenuous—it may

be difficult to argue that the outcome in the reach statistical significance, leading to the
paradoxical result that neither variable is de-placebo group is affected by “compliance”

to an inert substance! On the other hand, the clared statistically “significant”! This ap-
proach also fails to account for complex in-use of concomitant medications and rescue

therapies by placebo patients can well be ex- teractions between the confounder and the
primary endpoint as they evolve over timepected to influence the progression of their

disease. (4). Do we include only the current value of
the covariate in the regression model orTo fix ideas, Figures 1 and 2 present the

results of a hypothetical study investigating should we include values from one or more
previous time points? Moreover, how do wea new medication against a placebo control

in the treatment of rheumatoid arthritis (RA). account for the reciprocal relationship be-
tween the two variables? The current levelThe primary outcome is the number of swol-

len joints, and Figure 1 indicates a small but of the covariate may be influenced by current
and past values of the primary endpoint.nonsignificant advantage in favor of the new

medication. In Figure 2, we see that compli- Methods to adjust for these variables have
been the focus of intense research over theance in the active medication was signifi-

cantly lower than in the control group. The past 10 years, and a recent issue of Statistics
in Medicine (Vol. 17, No. 3) was devotedevaluation of the new medication, therefore,

may have been undermined by poor compli- exclusively to this topic. These techniques
have considered differential compliance (5–ance, and this raises the possibility that if it

had been taken according to protocol, it may 9), missing values and informative censoring
(10,11,12), and the use of concomitant medi-indeed have been shown to be efficacious.

The “intention-to-treat” principle, of cations (13). Rochon (14,15) considered the
case in which the primary endpoint and thecourse, requires that all randomized pa-

tients be included in all analyses irrespective covariate are observed concurrently over pa-
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FIGURE 1. Mean (± s.e.) number of swollen joints, by treatment group over time, from
a hypothetical study investigating a new medication against a placebo control in rheuma-
toid arthritis. This figure suggests a small but nonsignificant advantage in favor of the

new medication

tient follow-up, for example, at the regularly side of any regression model. One regression
model was prescribed to relate the primaryscheduled follow-up visits. He adopted the

view that any variable observed postrandom- endpoint to important explanatory variables,
while a second model was proposed for theization should be considered an outcome to

the experiment and restricted to the left-hand covariate. A multivariate model was used to

FIGURE 2. Mean (± s.e.) compliance level, by treatment group over time. Compliance
appears to be significantly worse among patients randomized to the active medication.
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characterize the covariance structure be- preexisting at baseline. Any differences aris-
ing postrandomization can, therefore, be at-tween the two outcome variables as they

evolve over the time domain. Inference is tributed to differences induced by the treat-
ment procedures. Removing randomizedthen performed by imposing restrictions on

the covariate regression parameters to reflect patients from the analysis, even for the best
of intentions, runs the risk of tampering withthe behavior profile of interest, that is, we

might estimate the treatment difference con- this balance and introducing bias into the
treatment comparisons. For example, moreditionally on “perfect” compliance in the ac-

tive intervention. Otherwise, we might con- seriously ill patients may be withdrawn from
therapy earlier in one study arm than in an-sider compliance sufficient to maintain

bioavailability of the medication, or compli- other. Then, any difference between the study
arms may reflect the treatment assignment,ance equivalent to that in the control group.

Clearly, this approach is at variance with the differences with respect to initial disease se-
verity, or some combination of the two.intention-to-treat principle. As Rochon (14)

indicated, however, it is designed to yield
supplementary information and to provide

“Average” Response to Therapy
insight into the therapeutic mechanism of the
intervention. The goal of a RCT is to predict the response

for an “average” member of the target popu-In this paper, we review issues germane
to adjusting for covariates arising postran- lation treated with one therapy and compare

it to the response predicted for an “average”domization in clinical trials. For clarity of
exposition, “compliance” will be used as the member of the target population treated with

the other. In the case of Figure 2, it seemsexemplar of these covariates although clearly
the discussion can be framed in terms of any clear that an “average” member of the target

population treated with the active medicationof the other variables mentioned above. We
review the interpretation of an ITT analysis did exhibit poor compliance. Poor compli-

ance is evidently an inherent characteristicand outline a conservative strategy for ac-
counting for these variables. We consider the of the active intervention (at least as it is

currently formulated), so that any responsedifferent vested interests in the drug develop-
ment program, and provide guidelines for predicted for an “average” member of the

target population must reflect poor compli-when these analyses are appropriate.
ance. It makes little sense to estimate the
treatment difference for a hypothetical pa-

ARGUMENTS AGAINST ADJUSTING tient exhibiting perfect compliance. This is a
FOR COVARIATES ARISING sanitized patient who does not reflect typical

POSTRANDOMIZATION behavior in the target population.

Selection Bias
Logical Difficulties

A number of arguments are put forward by
statisticians and clinical trialists against ad- There are also logical difficulties in attempt-

ing to adjust for variates arising postrandom-justing for covariates arising postrandomiza-
tion in RCTs. In the parallel-group design, ization. Consider the following hypothetical

conversation between a clinician and a third-individuals are selected from a target popula-
tion and allocated using a random process to party payer (TPP).
two (or more) treatment groups. Randomiza-
tion is the sine qua non of RCT methodology. Clinician: “Mrs. Jones is a 55-year-old

woman with rheumatoid arthritis.In addition to guaranteeing independent ob-
servations, it carries the expectation of creat- We would like to initiate therapy

with a new pharmaceutical com-ing treatment groups equivalent with respect
to known and unknown confounding factors pound. We have conducted a
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Phase III clinical trial in middle- patients in the control group! Why
should we risk paying for a medi-aged patients with RA and the re-

sults are depicted in Figure 1.” cation when the odds of being
compliant are really quite poor?”TPP: “Why would you recommend this

compound? The results were quite
disappointing! There was no sig- This vignette illustrates a logical flaw in

adjusting for covariates arising postrandom-nificant difference between the
new therapy and the control. Why ization: It is impossible to inform a decision

to initiate therapy based on information thatshould we pay for a therapy that
is trivially better than standard will only become available after therapy has

begun! A decision to initiate therapy can onlytherapy?”
Clinician: “That’s true. However, you’ll no- be based on data available at the time when

the clinician declares his/her “intention totice in Figure 2 that there was a
significant difference in compli- treat” the patient. Consequently, one can only

adjust for differences prevailing at the pointance between the two study arms.
The efficacy of the new medica- of randomization, that is, according to base-

line covariates. We return to this point later.tion was probably undermined by
poor compliance. We performed a
subgroup analysis among compli-

THE CONFLICTING GOALS OF
ant patients. As shown in Figure

CLINICAL RESEARCH
3, a significant advantage was ob-
served in favor of the new medica- Misunderstandings have arisen from a failure

to appreciate the different constituents andtion among compliant patients.”
TPP: “That may be true. Yet, from Fig- conflicting goals in a drug development pro-

gram. For example, the pharmacologist whoure 2, we see that, on average, pa-
tients in the new therapy are much developed the compound likely comes from

a basic science background, and is mostless likely to be compliant than

FIGURE 3. Mean (± s.e.) number of swollen joints, by treatment group over time, from
a subgroup analysis restricted to “compliant” patients. This figure suggests a significant

advantage in favor of the new medication among compliant patients.
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interested in evaluating efficacy while main- The individual clinician is more interested
in Scenario 2, that is, there is the recognitiontaining rigid experimental control over extra-

neous influences. A treating physician, how- that efficacy in a clinical practice may be
undermined by poor compliance. The treat-ever, might be interested in evaluating

effectiveness in her clinical practice, while ing physician, however, is actually in a posi-
tion to implement remedial measures. Sheactively striving to overcome the effects of

poor compliance and adverse reactions in her can motivate (or cajole) her patients to focus
on the long-term benefits and persevere withpatients. The medical community and third-

party payers, however, are concerned with their medication despite its unpleasant after-
taste. Indeed, she can tailor her approach toevaluating effectiveness when applied to the

patient population as a whole, recognizing the characteristics of the individual patient.
Thus, a decision to initiate therapy in herthat efficacy may be undermined by poor

compliance and other factors arising postran- clinical practice will be tempered by effec-
tiveness “adjusting” for the characteristics ofdomization. These constituents clearly have

different vested interests, and it is impossible the patients in her practice.
Phase III studies and confirmatory clini-to satisfy all constituents with one analysis

strategy. The approach must be tailored to cal trials, however, are required to demon-
strate effectiveness in the patient populationthe perspective of the specific audience.

Thus, one might be interested in evaluat- as a whole, and these are of greatest interest
to the medical community. These studies ad-ing the primary outcome under three sce-

narios: dress the “use-effectiveness” of the therapy,
and are attempting (in an admittedly artificial
setting) to anticipate therapeutic effective-1. The conditional response, conditional on

“perfect” compliance, ness as it might be realized in a public health
setting. As demonstrated above, third-party2. The marginal response, “adjusted” for ob-

served compliance patterns, or, payers and the medical community must
have credible evidence that the intervention3. The marginal response ignoring compli-

ance altogether. will be effective despite poor compliance,
side effects, and early withdrawal. Scenario
3 has greatest clinical relevance here. AnyScenario 1 is of immediate interest to the

pharmacologist and we would argue that it analysis that adjusts for these covariates at
this stage of the drug development programis relevant in Phase II clinical trials. These

studies are performed early in a drug de- is purely speculative and must be verified by
a properly-designed follow-up trial.velopment program and are designed to dem-

onstrate pharmacologic activity in the pa- Note that Scenario 3 as stated above is
a misrepresentation of the inference that istient population. This is sometimes called

“method-effectiveness.” If it can be demon- actually being drawn and this, we believe,
is a significant source of misunderstandingstrated that efficacy was undermined by poor

compliance, then this would have a direct between the statistical and medical commu-
nities. Statisticians have been careless in por-bearing on a decision to continue the drug

development program. If poor compliance traying the intention-to-treat analysis as the
marginal response to therapy, that is, the out-can be traced to an unpleasant aftertaste of

the medication, for example, then this might come that we predict for a member selected
at random from the population irrespectivebe easily remedied in subsequent studies.

Clearly, any such covariate must be amenable of compliance postrandomization. It is really,
however, a conditional outcome—condition-to experimental control in that follow-up

study. It may be possible to redress the un- al on the assumption that compliance patterns
observed in this study are representative ofpleasant aftertaste of the medication, but it

may be ethically unacceptable to restrict ac- those forthcoming from this patient popula-
tion with this intervention. This analysis doescess to concomitant and rescue medications.
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not “ignore” compliance; it is conditional on “skepticism.” Thus, these results would be
considered exploratory and should be fol-specific patterns that are evidently realistic

for this medication. lowed by confirmatory studies.
Thus, our conversation with the third-

party payer might continue as follows.
A STRATEGY CONSISTENT WITH

INTENTION-TO-TREAT PRINCIPLES
Clinician: “Yes, on the whole, compliance

was worse in the active medica-The logical difficulties described above sug-
gest the following strategy for addressing co- tion. However, as shown in Figure

4, an additional analysis revealedvariates observed postrandomization in clini-
cal trials: that women were significantly more

compliant than men. When we re-
analyzed the number of swollen1. Because the covariate is observed postran-

domization, it more properly reflects a re- joints by gender, we found a sig-
nificant treatment × gender inter-sponse to the therapy received. Thus, as

discussed in Rochon (14,15), the covariate action. As shown in Figures 5 and
6, the active medication was sig-should be treated as an outcome variable

and restricted to the left-hand side of any nificantly more effective in
women and somewhat less effec-regression model,

2. Using standard regression techniques, de- tive in men.”
TPP: “Well, in that case, it might betermine which baseline covariates are re-

lated to this confounding variable. This worthwhile initiating therapy with
Mrs. Jones.”includes age, gender, initial disease sever-

ity, and so on. It also includes the treatment
assignment, and indeed a difference in the Of course, this strategy does not reveal

the exact mechanism by which the therapycovariate across the treatment groups
would be an interesting result in its own is more effective in women. It suggests, but

does not prove, that gender differences areright. It provides insight into the magni-
tude of the difference that was observed mediated through compliance; however,

there may be many other causal pathways.on the primary endpoint and helps prepare
for future studies, and To address this question completely, the com-

pliance level of any subject would need to3. For any subgroups identified under item
2, determine whether the overall treatment be determined prior to randomization (eg,

during a run-in period), whereupon it wouldeffect on the primary outcome is consistent
across these subgroups. be used as a stratification criterion in the

design and analysis of a confirmatory study.
A more fruitful approach, however, is to in-This is a traditional subgroup analysis in

randomized controlled trials. It can be tested vestigate the peculiarities of female physiol-
ogy that led to better compliance and a morethrough the treatment × subgroup interaction

in the analysis of the primary endpoint; other- efficacious result simultaneously with this
intervention.wise, one can evaluate the treatment effect

separately in each of the subgroups. Of
course, this analysis is susceptible to all of

DISCUSSION
the problems inherent in subgroup analyses.
There is limited power to detect a subgroup Because these covariates are observed post-

randomization, they must be considered aeffect and one must control the experiment-
wise error rate. Moreover, Yusef et al. (16) response to the treatment allocation. They

should be restricted to the left-hand sidedescribed the pitfalls inherent in subgroup
analyses, and warned that any subgroup of any regression model. A separate analysis

should be performed to determine whicheffect should be greeted with considerable
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FIGURE 4. Mean (± s.e.) compliance level, by gender over time. Women appear to be
significantly more compliant than men.

baseline variables, including the treatment simultaneously as described in Rochon (17).
Moreover, because these variables are ob-assignment, are related to this outcome vari-

able. This is an interesting analysis in its own served postrandomization, they interact dy-
namically with the primary outcome overright and provides insight into the therapeutic

mechanism of the disease. Alternatively, one patient follow-up. Much of the confusion
has arisen, in our view, from a failure bycan perform an analysis on the two outcomes

FIGURE 5. Mean (± s.e.) number of swollen joints, by treatment group over time, from
a subgroup analysis among female patients. The active medication appears significantly

more effective than the control in women.
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FIGURE 6. Mean (± s.e.) number of swollen joints, by treatment group over time, from
a subgroup analysis among male patients. The active medication appears marginally

less effective than the control in men.

the statistical community to communicate
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