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Relationship between approaches
We consider outcome data for individuals i, measured at times 1 and 2, where time 1 is
pre-randomization and 2 is post-treatment, so a full model would be:
yit =µ + βt + δg + γgt + η + ai + eit ,
ai ∼ N (0, τ 2 ),
eit ∼ N (0, σ 2 )

i = 1, . . . , I,

t = 1, 2

(1)

where η represents the effect of possible confounders to be included in the model. For
convenience we assume β1 = γ1g = 0.
Note that in the model (1), we allow different baseline means between the randomization
groups g = g(i), in the parameter δg . In a randomized study one would expect that δg = 0,
hence a model without δg would be worth considering too.
The usual approach to analysis of repeated measures with a baseline and one follow-up
measurement is to use the baseline as covariate [1]. This is a corollary of the basic
statistical principle that inference should be made in the conditional distribution given the
sufficient statistics for the ancillary parameters, which in this case is the individual-specific
values for each person (ai ). The baseline measurement yi1 is not the sufficient statistic for
this, but it is close and easier to handle.
The model is a 2-dimensional normal distribution of the measurements y1 and y2 :
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From standard statistical theory we know that under this model, the conditional
distribution of y2 given y1 is:
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Now in the model (1) we have the following values for the parameters µ1 , µ2 , σ12 , σ22 and ρ
in the 2-dimensional normal model outlined above:
µ 1 = µ + δg + η
µ2 = µ + δg + β2 + γg2 + η
2
σ1 = σ22 = τ 2 + σ 2
τ2
ρ= 2
σ + τ2
Using this in the formulae for the conditional distribution, gives the conditional
distribution of y2 given y1 in terms of the model parameters from (1) (well, we maintain ρ):


y2 |y1 ∼ N µ + δg + β2 + γg2 + η + ρ y1 − (µ + δg + η) , (σ 2 + τ 2 )(1 − ρ2 )



= N (1 − ρ)µ + β2 + (1 − ρ)δg + γg2 + ρy1 + (1 − ρ)η, (σ 2 + τ 2 )(1 − ρ2 )
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Hence, when fitting the conditional model to data generated by model (1):
• the term (1 − ρ)µ + β2 should show up as the intercept,
• the term (1 − ρ)δg + γg2 as the coefficient to the treatment indicator,
• ρ as the coefficient to the baseline measurement y1 ,
• the coefficients to the confounders should appear scaled by 1 − ρ. and
p
• the residual standard deviation should be (σ 2 + τ 2 )(1 − ρ2 ).
In any practical circumstances, when fitting the two different models (the random effects
model and the conditional model) we will find these relationships quite accurately.
Thus it seems that when conditioning on the first measurement yi1 , we are implicitly
assuming that δg = 0 if we interpret the coefficient to the treatment indicator as the
treatment effect.
If we want to allow for baseline imbalance, we must fit the random effects model with δg .
Fitting the random-effects model without δg will give a result for the treatment effect γg2
similar to the model conditioning on y1 .

Reporting effects
Usually the treatment effect is reported as the coefficient to the treatment indicator from
an analysis with y1 as covariate.
However very often researchers also wants to report the change in each randomization
group separately, and that is usually done by just computing the mean change in each
group with the corresponding empirical standard deviation. These are estimates from a
model for the changes, allowing for different variance in each group, hence certainly not
estimates from any model normally considered.
It could be argued that given that you want to report the within-group changes, it would
be more reasonable to fit the random effects model (with or without δ), and report the
quantities β2 + γg2 . Because of the obvious redundancy, these group-specific changes have a
difference corresponding to the claimed treatment effect, which would seem an obvious
advantage1 .
Thus the random effects model gives the possibility to model baseline imbalance and
sensibly report changes observed within groups; the model conditioning on the baseline
does not. So the conditional model (ANCOVA) was an excellent practical approach before
the advent of software for random effects models. Not so any more.
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Unless of course you subsribe to the notion that the amount of information obtained is proportional to
the number of different models fitted to a given dataset.

