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A brief note regarding group matching in 
medical research 
Stephen Senn, Methodology and Statistics, Luxembourg Institute of Health 

Introduction 
In various types of medical research, study groups are compared regarding the effect on some outcome 
of some putative causal factor. Such groups can always have chance differences but since standard 
statistical methods make an allowance for chance differences, this is not a fundamental problem(1). Of 
greater concern is that apparent differences between the groups may reflect confounding: a systematic 
difference between the groups being compared as regards some covariate that may in turn be reflected 
in a difference in outcome(2). There is then a danger that a difference in outcome will be ascribed to the 
putative causal factor, when it really reflects confounding.  
 
One way of dealing with confounding is to match the groups so that they are comparable. This note 
discusses some of the issues. 
 
It does not cover designs in which matching is attempted on an individual basis, for example as in matched 
paired designs.  
 

 

Deliberate imbalance 
A useful way to consider the consequences of imbalance is to consider a type of design in which groups 
are deliberately imbalanced to see what the effects of adopting such a design are. Cut-off designs(3, 4) 
are a type of interventional study that have sometimes been proposed as an alternative to randomised 
clinical trials on grounds of ethics. It has been argued, for example, that it would be cruel and unjust to 
withhold a new treatment that might be effective from patients that were severely ill but that this might 
be acceptable for those who were less so. In such designs cut-offs are chosen to decide who gets what 
treatment. For example, those below a lower cut-off might get standard treatment, those above a higher 
cut-off might get the new treatment and those in-between the two cut-offs might be randomised to 
either. Such a situation is shown in Figure 1 for a cut-off design in hypertension(5). 
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Figure 1. A cut-off design in hypertension 

 

 
Obviously, in being prepared to compare treatments under such circumstances, something has to be done 
to take account of the disparity between control and experimental groups. As regards the middle 
randomised portion this is not a problem. To use data from the two groups in the extremes, however, 
who are not matched as regards baseline blood pressure, a model is necessary. A standard approach is to 
fit the baseline as a covariate(5-7). If, other things being equal, the relationship between baseline and 
outcome is linear, then this will deal with such an imbalance.  
 
 

Such a situation is shown in Figure 2, this time with asthma as the disease, and using the extreme form of 
a cut-off design known as a regression discontinuity design, for which where there is no randomised 
middle portion(5). 
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Figure 2 Analysis of covariance for a regression discontinuity design in asthma 

 

Here patients with a forced expiratory volume in one second (FEV1) less than 2130ml are given the new 
therapy and those above are given the standard. Parallel lines are fitted through the data using a 
technique known as analysis of covariance (ANCOVA) and the difference between these lines at any 
given value of the covariate, is taken to be the treatment effect. The argument is that if there were no 
treatment effect the lines would not only be parallel (which the technique used forces them to be) but 
be the same (apart from random differences). Here, predicted values for both lines have been measured 
at a baseline value of  2130ml  and the difference is calculated as2538 2203 335ml ml ml  . This, 
therefore, is the estimate of the treatment effect. 

Clearly, for this to work requires that the model fitted is reasonable. If it were the case that the 
relationship between baseline and outcome varied greatly over the range of the trial, then a simple 
linear model of the form used would not deal with the potential bias. A more complicated model might 
deal with it but the problem would be in knowing what this model was and in fitting the parameters 
adequately. 

Cut-off designs are very rarely used and a further reason is that even if the model that is necessary to 
use them holds, they are inefficient(3, 5). For a given number of patients recruited, a parallel group trial 
will always produce a lower variance. That is to say that a penalty is paid in variance for comparing 
unbalanced groups(5, 8, 9).  
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The reason why this is so can be understood by comparing Figure 2 to Figure 3. Here the groups are 
perfectly balanced. (This cannot be achieved in practice but can in a simulated example such as this one. 
Here I have simply adjusted everything so that the mean baseline value in each group is equal to the 
overall mean of 2188ml . ) In both cases the treatment effect is estimated by the difference in between 
the lines but getting the slope right to judge that difference is much more critical in Figure 2 than in 
Figure 3. 

 

Figure 3 Analogous situation to that represented in Figure 2 but with perfectly balanced groups 

This is reflected in the standard errors of the estimates. The result of fitting the ANCOVA model to the 
regression discontinuity and the perfectly balanced case are given in Table 1. Also shown in the table are 
the results if a straight forward two sample t-test is used and the baselines are ignored altogether. 

 Design 
 Regression discontinuity Balanced 
 Fitting baseline Not fitting baseline Fitting baseline Not fitting baseline 
Term Estimate SE Estimate SE Estimate SE Estimate SE 
Baseline     0.754   0.126       0.754 0.126   
Treatment 335.3ml 91.4ml -119.3ml 75.9ml 335.3ml 50.7ml 335.3ml 75.9ml 

Table 1 Summary of the four fits obtained by fitting two models to two designs 

It can be seen that for three of the four fits, a treatment estimate of 335.3ml of FEV1 is produced. The 
exception is the regression discontinuity design not fitting baseline. However, if the baseline is fitted for 
this design then exactly the same estimate is recovered as for the balanced trial. In other words, getting 
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the right estimate is model-dependent for the regression discontinuity design. In the balanced case it 
makes no difference to the estimate whether the baselines are fitted or not. The same is not true of the 
standard error, however. There is considerable value in fitting the baselines. As regards efficiency of the 
designs, the proper comparison is between the two models fitting the baseline. One way to understand 
this is in terms of the square of the ratio of the two standard errors, that is to say 

 
2

91.4
3.25

50.7
   
 

 . 

This implies that the balanced design has the efficiency of a regression discontinuity design with just 
over three times as many patients. In fact, theory suggests that given very large numbers the regression 
discontinuity design might do a little better than this. 

The theory is illustrated in Figure 4. Here it can be seen that the relative variance for a regression 

discontinuity design compared to a conventional randomised design is about 2.75 (actually,  2   ) 

assuming equal numbers in the two groups, which is to say that the cut is at the median. (In practice, 
things will be worse and, in fact, in our simulated example they were.) As the proportion randomised 
grows towards 1 it reaches the efficiency of a randomised trial. 

 

 

 

Figure 4 Efficiency of a cut-off design compared to a completely randomised design as a function of the proportion of patients 
randomised 
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The situation illustrated in Figure 4 is asymptotic(9). It assumes that a randomised trial will be perfectly 
balanced as regards the baseline factor and this will not be true in practice. (In the simulation I was able 
to fix it so that they were.) For this reason, and in particular to deal with many covariates, alternative 
allocation procedures are sometimes considered, trying to force a greater deal of balance than 
randomisation itself. One such procedure is minimisation(10, 11). It is known, however, that the 
expected loss due to imbalance in using randomisation is small (at most about equal to one subject per 
factor used in any model for analysis)(12) and that minimisation brings little in the way of benefit and 
some problems(13, 14). It will not be discussed here and instead it will be assumed that randomisation 
achieves (adequately) efficient balance. 

However, care must be exercised in using Figure 4. The efficiency is for a given number of patients 
recruited. It is not the efficiency in terms of patients screened. Suppose (rather unrealistically) that it 
were the case that ethics would forbid giving either the mildly ill the new treatment (for risk of a side-
effect) or the extremely ill the standard treatment (for risk of lack of efficacy). Figure 5 shows the 
situation when more patients cannot be recruited. This means that to refuse to use the patients who 
cannot be randomised is to decide to use a smaller pool of patients. In that case we lose information by 
using a randomised design rather than a cut-off design. 

 

 

 

Figure 5 Variance of a cut-off design compared to a randomised design as a function of the proportion of patients screened that 
are accepted for randomisation. Both designs share the same number of randomised patients but the cut-off design also uses 
those that would otherwise be rejected at screening. 
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Cut off designs are hardly ever used in the world of clinical research. (They have been occasionally used 
for assessing social interventions.) The reason so much time has been spent on discussing them here is 
that they enable some useful lessons that apply more generally to other types of study to be illustrated. 
These lessons are 1) That other things being equal balance brings efficiency 2) Balanced designs can be 
unbiased even if the balancing factors are not fitted in a model 3) There is value in fitting prognostic 
factors even if they are balanced (in fact if they have been deliberately balanced it is illogical not to fit 
them) 4) However, unbalanced designs require adequate models to produce unbiased estimates. 

Observational studies 
For interventional studies treatments are allocated and allocation can be arranged so as to match 
(approximately) the subjects in two groups. For observational studies such matching always involves the 
rejection of some subjects.  

Now consider another example, an observational study this time. Suppose we have a study in which we 
have collected 100 potential cases, 70 of whom are male and 30 of whom are female. At the same time, 
we have 100 potential controls and amongst these, however, we have 40 males and 60 females. The 
situation is then as in Table 2 

Sex Cases Controls Total 
Male            70            40           110 
Female            30            60             90 
Total          100          100           200 

Table 2 Distribution of potential cases and 
controls by sex 

 

If we wish to have groups of cases and controls that as groups are balanced, we shall have to reject 30 
male cases and 30 female controls to end up with the situation in Table 3 

 

 

Sex Cases Controls Total 
Male            40            40             80 
Female            30            30             60 
Total            70            70           140 

Table 3 Distribution of cases and controls matched by sex using 
potential subjects from Table 2 

 

If we compare Table 2 and Table 3 we can see that we have had to reject 60 potential subjects from the 
study in order to balance things. In fact, the balanced study would give less precise information than the 
unbalanced study we could have run by retaining all of the potential subjects. 

Given the circumstances, it would also be hard to argue that the analysis of Table 3 would somehow 
bring a more valid result than that of Table 2. If we regard sex as being an important prognostic factor, 
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then a stratified analysis would seem to be appropriate. Such an analysis compares cases and controls 
within each stratum before combining the results. It thus deals with any imbalance between groups due 
to sex. Randomly discarding 30 male cases and 30 female controls can hardly be regarded as a more 
valid way to deal with such an imbalance. 

What then is the value of balance? The answer is to be found in terms of subjects actually studied. 
Suppose that we have a budget that enables us to study 200 subjects in total but we have potentially a 
large pool of cases and also of controls that we can screen at little cost. In that case, compared to the 
position described by Table 2, we can choose to try and get a further 15 female cases and a further 15 
male controls. From the new total pool that we have we can then obtain the situation described in Table 
4 by rejecting 15 male cases and 15 female controls to get a table with the same marginal totals as Table 
2 but with balance within the strata. 

 

Sex Cases Controls Total 
Male            55            55           110 
Female            45            45             90 
Total          100          100           200 

Table 4 Distribution of cases and controls by sex by continuing to 
screen to achieve balance 

 

If Table 4 is compared to Table 2 it will provide superior information, the point being that for the same 
number of subjects studied, balanced designs are more efficient. Table 5 summarises the situation as 
regards the variance multipliers of the three designs. (The variance multipliers are those parts of the 
variance that depend only on the numbers studied and their distribution and so are appropriate for 
comparing designs.) These multipliers are calculated using two well-known formulae: First, that for a 
given within stratum contrast, the variance is approximately proportional to the sum of the reciprocals 
of the numbers on each arm. Second, that if within-stratum contrasts are optimally weighted, their 
weighted sum has a variance equal to the reciprocal of the sum of the reciprocal of the variances. 

Design Formula for variance multiplier Multiplier 
Table 2 

1 1 1 1
70 40 30 60

1

1 1   
       

  
0.022 

Table 3 

1 1 1 1
40 40 30 30

1 1 1

70 701 1
 

   
       

 
0.029 

Table 4 

1 1 1 1
55 55 45 45

1 1 1

100 1001 1
 

   
       

 
0.02 

Table 5 Variance multipliers for three 
designs 
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If Table 5 is studied it can be seen that the variance multiplier comparing the second to the first design 
has an increase of 0.07 whereas going to the third design brings a reduction of only 0.02. This underlines 
the point that balance is not the be all and end all of design and one should be careful in proposing to 
discard information in order to achieve it. 

Of course, if the three designs in Table 5 are compared it can be seen that the best is that corresponding 
to Table 4 and this suggests that if the cost of follow-up is much greater than the cost of screening it will 
be beneficial to continue to screen in order to be able to balance. One must, however, be extremely 
cautious. Some procedures in balancing by some obvious covariate may lead to imbalance by period of 
recruitment and this can itself be a source of bias. Researchers tend to make implicit assumptions that 
technical biases are negligible. They are usually so in randomised interventional studies but not 
necessarily so in observational studies. For a discussion of the problems that have arisen in genome 
wide association studies because of failure to control technical biases introduced by study designs see 
Lambert and Black(15). 

Conclusions 
The issue of matching in observational studies is tricky. It is clear that in order to match effectively one 
has to have some sort of a model in mind, both as regards which factors are potential confounders and 
their likely effects. For example, if the effect of age on outcome is linear then groups that have the same 
average age are balanced, whether or not the distribution is the same in each group. However, if the 
effect of age is quadratic they would need to have the same variances as well as the same means to be 
considered ‘balanced’. 

This also means, however, that as soon as one has an appropriate model, which is to say one that is 
approximately reasonable, balance per se is not so important: it is a matter of efficiency rather than 
validity, since the effects of confounders can be controlled by modelling. (Traditionally this was done 
using analysis of covariance. Nowadays the propensity score approach(16) is very fashionable, although 
in practice it has few advantages and some disadvantages compared to ANCOVA(17, 18).) Other things 
being equal studies that have a greater degree of balance will produce smaller variances.  

The qualification other things being equal, is crucial here. If an imbalanced study has a larger number of 
subjects than a balanced study, it may provide more precise estimates. Thus, when deciding whether to 
create a balanced study from a potentially imbalanced one, one has to consider carefully what is the 
appropriate index of cost. If it is subjects screened, this may be an inappropriate thing to do. If it is 
subjects followed up, this may be a reasonable thing to do if the pool of potential subjects is large.  

However, what is important, is to appreciate that careful consideration of goals and resources as well as 
potential sources of bias both as regards subjects and technical errors in advance of beginning any study 
are extremely important. 

 

June 2017 (Updated February 2020)  
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