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Abstract 

For cluster randomised trials (CRT) with a small number of clusters, the matched-pair (MP) 

design, where clusters are paired before randomising one to each trial arm, is often 

recommended to minimise imbalance on known prognostic factors, add face-validity to the 

study and increase efficiency, provided the analysis recognises the matching. Little evidence 

exists to guide decisions on when to use matching. We used simulation to compare the 

efficiency of the MP design with the stratified and simple designs, based on the mean 

confidence interval width of the estimated intervention effect. Matched and unmatched 

analyses were used for the MP design; a stratified analysis was used for the stratified design; 

and analyses without and with post-stratification adjustment for factors that would otherwise 

have been used for restricted allocation were used for the simple design. Results showed the 

MP design was generally the most efficient for CRTs with 10 or more pairs when the 

correlation between cluster-level outcomes within pairs (matching correlation) was moderate 

to strong (0.3 to 0.5). There was little gain in efficiency for the matched-pair or stratified 

designs compared to simple randomisation when the matching correlation was weak (0.05 to 

0.1). For trials with 4 pairs of clusters, the simple and stratified designs were more efficient 

than the MP design because greater degrees of freedom were available for the analysis, 

although an unmatched analysis of the MP design recovered precision for weak matching 

correlations. Practical guidance on choosing between the matched-pair, stratified and simple 

designs is provided. 
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1. INTRODUCTION  
Cluster randomised trials are studies in which clusters of individuals, such as general practices 

and communities, rather than individuals themselves, are allocated to the trial arms and 

outcomes are measured on the individuals within those clusters.1,2 These studies are 

characterised by the correlation between outcomes of individuals that belong to the same 

cluster, quantified by the intra-cluster correlation coefficient �𝜌𝜌𝑦𝑦�.1 

 

Three established methods for allocating clusters are simple randomisation, stratified 

randomisation and matched-pair randomisation.3-11 Simple randomisation (also referred to as 

complete randomisation) involves allocating clusters at random to each trial arm, without any 

form of restriction to balance baseline characteristics. Post-stratification adjustment for factors 

that would otherwise have been used to balance the allocation can be used when estimating the 

intervention effect under this design. The stratified and matched-pair designs are restricted 

allocation approaches. Under stratified randomisation, clusters are stratified on baseline 

characteristics and then randomly allocated to each arm within strata. Stratification can be 

based on cluster characteristics, such as summaries (i.e., means or proportions) of the outcome 

measure at baseline, socio-economic status, cluster size or geographic area.12 Less commonly, 

the matched-pair design is used to allocate clusters.13-16 This involves pairing the clusters on 

baseline characteristics and then randomly allocating one cluster from each pair to each trial 

arm; thus, the design can be considered a special case of a stratified design, with only two 

clusters in each stratum. 

 

The matched-pair design is intuitively attractive, especially when the number of clusters is 

small, to avoid imbalance on factors that are known to affect the outcome.17,18 Matching 

clusters on factors strongly associated with the outcome may also increase the efficiency and 

power of the study, provided the analysis recognises the pairing of clusters.2,3,17 Furthermore, 

balancing on factors that are not necessarily prognostic of the outcome but are considered 

important for logistical or political reasons may also help avoid criticism of the study and 

maintain “face validity”.1,17,19,20 However, the matched-pair design has unique design and 

analytical challenges (see Supplement 1).  Unless clusters are paired on factors that are strongly 

correlated with the outcome, the efficiency of a matched-pair study that recognises the 

matching of clusters in the analysis can be considerably reduced when the number of pairs is 

less than 10.17 This is because the degrees of freedom used to calculate the confidence interval 



 

 

 

 
4 

and p-value for the intervention effect is based on the number of pairs of clusters rather than 

the total number of clusters.1,21 The efficiency of the matched-pair design can be increased by 

ignoring the matching of clusters in the analysis.17,22  

 

Guidance on the use of the matched-pair design for cluster randomised trials remains unclear, 

particularly for trials with few clusters.17,20,22-31 The US National Institutes of Health 

Collaboratory review noted the lack of specific guidance to choose between the matched-pair, 

stratified and simple randomisation methods for cluster randomised trials and recommended a 

comprehensive simulation study to assess their relative efficiency.30 

 

This paper uses simulation to identify design scenarios where matched allocation is more 

efficient than the use of simple and stratified randomisation in cluster randomised trials with a 

normally distributed outcome, based on using cluster-level analysis methods to estimate the 

intervention effect. Section 2 describes the simulation model used to define the framework 

from which we generated datasets from studies that use simple, stratified or matched-pair 

allocation, in a manner that reflects the decision context in real cluster randomised trials. The 

results are summarised in Section 3 and a discussion of the findings, with guidance on when to 

use matching, is presented in Section 4.  

 

2. SIMULATION STUDY  

Design  
Simulation was used to quantify the relative gain in precision of the matched-pair design 

compared to the stratified and simple randomisation designs. The simulation model was used 

to define scenarios in which potential matched pairs of clusters exist (matched-pair design), 

with the stratified and simple randomisation designs embedded in the data structure, making it 

possible to assess the ramifications of choosing one design over the others. A normally 

distributed outcome variable 𝑌𝑌 was generated for cluster randomised controlled trials with two 

arms (𝑖𝑖 = 1,2). For simplicity, we specified 𝑝𝑝 strata, 𝑞𝑞 matched pairs of clusters within each 

stratum, an equal number of clusters in each trial arm (𝑝𝑝𝑞𝑞) and an equal number of participants 

sampled from each cluster (cluster size 𝑛𝑛). 

 

Individual-level datasets were generated using a random effects model (2.1) 

𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 𝜇𝜇 + 𝛽𝛽 + 𝑅𝑅𝑖𝑖 + 𝑇𝑇𝑖𝑖𝑖𝑖 + 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 + 𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖    (2.1) 
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where  𝑗𝑗 = 1, … , 𝑝𝑝 indexes the strata; 𝑘𝑘 = 1, … , 𝑞𝑞 indexes the cluster pairs within strata, and 

𝑙𝑙 = 1,2, … ,𝑛𝑛 indexes the individual participants within clusters. 𝜇𝜇 is the overall mean response 

in the control group and 𝛽𝛽 is the difference in mean response (or intervention effect) between 

the trial arms. 𝑅𝑅𝑖𝑖 is the random effect shared by all clusters within the 𝑗𝑗𝑡𝑡ℎ stratum, with variance 

𝜎𝜎𝑟𝑟2. 𝑇𝑇𝑖𝑖𝑖𝑖 is the additional random effect shared by clusters within the  𝑘𝑘𝑡𝑡ℎ matched pair in the 

𝑗𝑗𝑡𝑡ℎ stratum, with variance 𝜎𝜎𝑡𝑡2.  𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 and 𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 represent random effects for the cluster and 

individual participants, with variance 𝜎𝜎𝑐𝑐2 and 𝜎𝜎𝑒𝑒2, respectively. The random effects were drawn 

from independent normal distributions, where  

𝑅𝑅𝑖𝑖= stratum effect ~𝑁𝑁 (0,𝜎𝜎𝑟𝑟2) 

𝑇𝑇𝑖𝑖𝑖𝑖= matched-pair effect ~𝑁𝑁 (0,𝜎𝜎𝑡𝑡2) 

𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖= cluster effect ~𝑁𝑁 (0,𝜎𝜎𝑐𝑐2) 

𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 =  residual errors ~𝑁𝑁 (0,𝜎𝜎𝑒𝑒2) 
 

�𝑅𝑅𝑖𝑖 + 𝑇𝑇𝑖𝑖𝑖𝑖� is the random effect shared by clusters in the  𝑘𝑘𝑡𝑡ℎ matched pair of the 𝑗𝑗𝑡𝑡ℎ stratum, 

with variance 𝜎𝜎𝑠𝑠2 = 𝜎𝜎𝑟𝑟2 + 𝜎𝜎𝑡𝑡2. To simplify the model, 𝜇𝜇 and 𝛽𝛽 were set to zero, and the total 

variance of the outcome, 𝜎𝜎𝑇𝑇2 = 𝜎𝜎𝑟𝑟2 + 𝜎𝜎𝑡𝑡2 + 𝜎𝜎𝑐𝑐2 + 𝜎𝜎𝑒𝑒2 was set to 1 without any loss of generality. 

The mean of the outcome for each cluster (average over the 𝑛𝑛 individuals) is: 

𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖. = 𝜇𝜇 + 𝑅𝑅𝑖𝑖 + 𝑇𝑇𝑖𝑖𝑖𝑖 + 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 + 𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖. where 𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖. ~𝑁𝑁 �0, 𝜎𝜎𝑒𝑒
2

𝑛𝑛
�. 

 

For each generated dataset, categorical variables were specified to identify the matched-pair 

and the stratum that the clusters belong to. These variables will be referred to as the matching 

variable and the stratification variable, respectively. After each dataset was generated for the 

matched-pair design, the corresponding dataset for the stratified randomisation design was 

created by breaking the matches and then randomly allocating clusters within strata. The 

corresponding dataset for the simple randomisation design was created from the matched-pair 

design dataset by breaking both the matches and strata and then randomly allocating clusters. 

With this approach, outcome data were generated with the correct correlation structure for the 

matched-pair, stratified and simple randomisation designs, respectively. 

  

To generate the data, the chosen parameter values for the correlation between cluster mean 

outcomes within pairs (matching correlation, 𝜌𝜌𝑀𝑀), the correlation between cluster mean 

outcomes for clusters that are in different pairs within the same stratum (intra-stratum 
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correlation for the unmatched clusters  𝜌𝜌𝑈𝑈 = 𝑓𝑓𝜌𝜌𝑀𝑀, where 𝑓𝑓 is the proportion of the variation 

within strata that is not attributable to the pairing of clusters) and the intra-cluster correlation 

coefficient �𝜌𝜌𝑦𝑦� were used to determine the variance components (𝜎𝜎𝑠𝑠2,𝜎𝜎𝑐𝑐2,𝜎𝜎𝑒𝑒2) specified in the 

simulation (Model 2.1), using the following equations (derivations provided in Supplement 2): 

𝝈𝝈𝒆𝒆𝟐𝟐 = 𝟏𝟏 − 𝝆𝝆𝒚𝒚 

𝝈𝝈𝒄𝒄𝟐𝟐 = 𝝆𝝆𝒚𝒚 − 𝝆𝝆𝑴𝑴 �
𝟏𝟏 + (𝒏𝒏 − 𝟏𝟏)𝝆𝝆𝒚𝒚

𝒏𝒏 � 

𝝈𝝈𝒔𝒔𝟐𝟐 = 𝝆𝝆𝑴𝑴 �
𝟏𝟏+(𝒏𝒏−𝟏𝟏)𝝆𝝆𝒚𝒚

𝒏𝒏
�     (2.2) 

 

Given that 𝜎𝜎𝑠𝑠2 = 𝜎𝜎𝑟𝑟2 + 𝜎𝜎𝑡𝑡2  is the variance shared by clusters in the same pair, the variance 

shared by clusters within a stratum can expressed as 𝜎𝜎𝑟𝑟2 = 𝑓𝑓𝜎𝜎𝑠𝑠2 and the variance component 

specifically attributable to matching as 𝜎𝜎𝑡𝑡2 = (1 − 𝑓𝑓)𝜎𝜎𝑠𝑠2.  

 

Parameter values 
Parameter values for the total number of clusters and cluster sizes were chosen to reflect typical 

scenarios found in primary care and community health settings,10,21 and in community trials 

where even fewer clusters are recruited.25,32 Motivated by knowledge of these settings, we 

simulated data for cluster randomised trials with a small number (8 or 20) of large clusters (𝑛𝑛 

= 20, 50, 100) and for trials with a large number (40) of small clusters (𝑛𝑛 = 5, 20, 50).  

 

Table 1 presents six study design scenarios defined in combination by the total number of 

clusters and the number of strata, where the clusters could be allocated using the simple, 

stratified or matched-pair randomisation methods. For studies with 8 clusters, the simple 

randomisation design (4 clusters in each arm) and the stratified design with 2 strata were 

compared with the matched-pair design with 4 paired clusters (Scenario 1). For studies with 20 

clusters, the simple randomisation design (10 clusters per arm) and the stratified designs with 

2 strata (Scenario 2) and 5 strata (Scenario 3) were compared with the matched-pair design 

with 10 paired clusters. For studies with 40 clusters the simple randomisation design (20 

clusters per arm) and the stratified designs with 2, 5 and 10 strata (Scenarios 4, 5, and 6, 

respectively) were compared with the matched-pair design with 20 paired clusters.  
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For each of the six study design scenarios, we specified values of the intra-cluster correlation 

coefficient of the outcome (𝜌𝜌𝑦𝑦) that are typically reported for patient outcomes 

�𝜌𝜌𝑦𝑦 = 0.001, 0.01, 0.05� and process measures �𝜌𝜌𝑦𝑦 = 0.1, 0.3� in primary care and 

community health settings.33-38 There is little empirical evidence for the likely range of 

matching correlations.1,3,16,39 We specified values for the matching correlation considered to be 

indicative of weak (𝜌𝜌𝑀𝑀 = 0, 0.05, 0.1) or strong (𝜌𝜌𝑀𝑀 = 0.3, 0.5) matching.1,17,22 For each 

value of the matching correlation, we set the correlation between the unmatched cluster means 

within strata as 𝜌𝜌𝑈𝑈 = 𝑓𝑓𝜌𝜌𝑀𝑀, by specifying the values f = 1/3, 1/2, 2/3 or 1. As 𝑓𝑓 increases, clusters 

from different pairs within the same stratum become more alike and matched pair membership 

provides a decreasing amount of additional information beyond that already provided by 

stratum membership.  

 

Under Model (2.1), the values that 𝜌𝜌𝑦𝑦 and 𝜌𝜌𝑀𝑀 can take are constrained because the variance 

components (𝜎𝜎𝑠𝑠2,𝜎𝜎𝑐𝑐2,𝜎𝜎𝑒𝑒2) cannot be negative. For the variance components to be non-negative, 

𝜌𝜌𝑦𝑦 can only take values between 0 and 140 and 𝜌𝜌𝑀𝑀 can only take values between 0 and 
𝑛𝑛𝜌𝜌𝑦𝑦

1+(𝑛𝑛−1)𝜌𝜌𝑦𝑦
, the upper bound constrained by both the cluster size (𝑛𝑛) and the intra-cluster 

correlation coefficient �𝜌𝜌𝑦𝑦�. Table 2 shows the upper bound for 𝜌𝜌𝑀𝑀 for specific parameter 

values of 𝜌𝜌𝑦𝑦 and 𝑛𝑛. When the cluster sizes are imbalanced, 𝑛𝑛 in the upper bound is replaced 

with the smallest cluster size 𝑛𝑛min.  

 

Altogether, 1530 combinations of the simulation design parameters were originally specified. 

These consisted of 90 combinations (6 design scenarios by 3 cluster sizes by 5 intra-cluster 

correlations) when the matching correlation was zero and 1,440 combinations when the 

matching correlations were greater than zero (90 combinations as above by 4 non-zero 

matching correlations (𝜌𝜌𝑀𝑀) by 4 correlations between unmatched clusters within strata (𝜌𝜌𝑈𝑈)). 

Four hundred and thirty-two design parameter combinations were excluded because some 

values of the matching correlation could not be achieved for certain configurations of the intra-

cluster correlation coefficient and cluster size, leaving 1098 combinations. Two thousand 

replications for each combination of design parameter values were used, sufficient to estimate 

coverage of the nominal 95% confidence interval for the intervention effect with a 95% 

confidence interval of width less than ±1 percent. 
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Analysis methods 

For each simulated dataset we used cluster-level analyses, applying the t-test or linear 

regression, using the means of the outcomes in the clusters as the observations, to estimate the 

intervention effect. The method is easy to implement, provides unbiased estimates and 

reasonable efficiency even with small sample sizes,1,41 and has been shown to be robust to 

deviations from model assumptions.1 The 95 percent confidence interval for the estimated 

intervention effect was calculated using the t-distribution, based on the number of clusters.  

 

The matched-pair design with matched analysis (Pair/M – paired design, matched analysis) 

used the cluster-level paired t-test with degrees of freedom equal to the number of pairs minus 

one (df = 𝑝𝑝𝑞𝑞 − 1) and the simple randomised design (Simple) was analysed using the cluster-

level two-sample t-test with degrees of freedom equal to the number of clusters minus two 

(df = 2𝑝𝑝𝑞𝑞 − 2). The stratified design (Stratified) was analysed using the extension of the 

cluster-level two-sample t-test, where a separate estimate of the intervention effect is calculated 

for each stratum and the overall intervention effect is obtained by taking the average of the 

stratum-specific estimates.41 For the stratified design, the degrees of freedom was the total 

number of clusters (2𝑝𝑝𝑞𝑞) minus the number of study arm and stratum combinations (2𝑝𝑝).1,41 

 

The cluster-level two sample t-test was also applied to the matched-pair design (Pair/U – 

paired design, unmatched analysis) (df = 2𝑝𝑝𝑞𝑞 − 2) because it has been shown to provide 

nominal coverage and narrower confidence intervals than the cluster-level paired t-test when 

the number of clusters is small and the true matching correlation is weak (0.1 or less).22,25 

 

Finally, for the simple randomised trial design we also used post-stratification adjustment for 

stratum membership (Simple/PS). This method was investigated because it can potentially 

improve the efficiency of the simple randomisation design.1,19 The intervention effect was 

estimated using linear regression of the cluster-level means on trial arm status, with the 

stratification variable fitted as a categorical covariate. The number of degrees of freedom for 

calculating the 95% confidence interval was 2𝑝𝑝𝑞𝑞 − 𝑝𝑝 − 1. 

 

Unless otherwise stated, the analytical methods described as Pair/M, Stratified and Simple 

are implied when referring to the matched-pair, stratified and simple randomised designs, 
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respectively. Supplement 3 provides a summary of the study designs with the respective 

analytical methods and degrees of freedom. 

 

The bias and standardised bias (the bias expressed as a percentage of the empirical standard 

error) of the intervention effect estimate and the coverage of the 95% confidence interval were 

estimated to validate the simulation model and confirm that the analytical methods were 

unbiased. The randomisation methods were evaluated by comparing the precision of the 

estimated intervention effect, based on the mean width of the 95 percent confidence intervals. 

Relative efficiency, quantified as the ratio of the mean confidence interval width for each study 

design to the mean confidence interval width of the matched-pair design (using a matched-pair 

analysis), was reported. A ratio of one indicates that the study design provides the same mean 

confidence interval width (i.e., is as efficient) as the matched pair design, a ratio less than one 

indicates the study design is more efficient than the matched-pair design, and a ratio greater 

than one indicates the study design is less efficient than the matched pair design.  

 

4. RESULTS  
Bias and coverage 

Table 3 reports the standardised bias of the effect estimators and shows that the bias was never 

greater than 10 percent of the empirical standard error, and not large enough to impact on the 

coverage of the analytical methods.42 Consistent with this, the coverage was close to the 

nominal 95 percent level for all study designs and analysis methods, with the exception of the 

matched-pair design with the unmatched analysis (Pair/U) for which the coverage ranged 

between 0.955 and 0.996 across the different design parameter combinations when the 

matching correlation was 0.3 or 0.5 (Supplementary Table 1).  

 

Mean width of the confidence intervals and relative efficiency of the study designs 

Overall, the mean confidence interval width increased for all study designs as the intra-cluster 

correlation coefficient increased, and decreased with increasing number of clusters, sample 

cluster size and correlation of clusters within the stratum. The mean confidence interval width 

for the matched-pair design was consistent across the range of ratios of the correlation between 

unmatched clusters within strata to the correlation between the matched clusters. Although the 

actual width of the confidence intervals depended on the parameter values for the intra-cluster 

correlation and sample cluster size (Supplementary Table 2), the general patterns of the relative 
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efficiency between the designs were similar. Thus, for brevity, only the results for an intra-

cluster correlation coefficient of 0.3 and sample cluster size of 50 (available for all 

combinations of values for the other design parameters) are presented.  

 

Figure 1 shows the mean width of the confidence intervals for each study design with the 

respective analytical methods and Figure 2 shows the ratio of the mean confidence interval 

width of each study design to that of the matched-pair design with the matched analysis. For 

studies with 8 clusters (Scenario 1), the figures show that when the matching correlation was 

weak (𝜌𝜌𝑀𝑀 = 0.05, 0.1), the matched-pair design with the matched analysis (Pair/M) had the 

widest confidence intervals, followed by the stratified design (Stratified); the simple 

randomisation design (Simple) and the matched-pair design with the unmatched analysis 

(Pair/U) had similar mean confidence interval widths and were the most efficient study 

designs. The stratified design was generally more efficient than the matched-pair design when 

the matching correlation was 0.3, but the matched-pair design (Pair/M) was more efficient 

than the simple and stratified designs when the matching correlation was strong (𝜌𝜌𝑀𝑀 = 0.5) 

and the correlation between unmatched clusters from the same stratum was weak relative to 

the correlation between the matched clusters (𝑓𝑓 = 1 3 ⁄ ). 

 

The pattern for the relative efficiency between the designs was similar across studies with 20 

(Scenarios 2 and 3) or 40 (Scenarios 4, 5 and 6) clusters. There was little or no difference in 

efficiency between the matched-pair (Pair/M), stratified and simple designs when the 

matching correlation was weak (𝜌𝜌𝑀𝑀 = 0.05, 0.1). However, for stronger matching correlations 

(𝜌𝜌𝑀𝑀 = 0.3, 0.5), the difference in the mean confidence interval width across the study designs 

was marked. Generally, the matched-pair design (Pair/M) was more efficient than the other 

designs, except when the correlation between unmatched clusters in the same stratum was equal 

to the matching correlation (𝜌𝜌𝑈𝑈 = 𝜌𝜌𝑀𝑀). In this instance, the stratified design had slightly 

narrower confidence intervals than the matched-pair design (Pair/M), but the difference 

diminished as either the number of clusters increased, or number of strata increased for a fixed 

number of clusters.  

 

For all studies with 8, 20 or 40 clusters, the simple design with adjustment for the stratification 

variable in the analysis (Simple/PS) had similar study efficiency to the stratified design, when 

there were 2 strata (Scenario 1, 2 and 4), but the mean width of the confidence intervals 
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increased for this method compared to the stratified design as the number of strata increased 

relative to the number of clusters (𝑘𝑘 = 5, 10).  

 

5. DISCUSSION  
Our simulation design and approach to generating datasets from studies with matched-pair, 

stratified and simple randomisation designs reflects the decision context in real trials. The three 

allocation methods, used with appropriate analytical methods, were compared in the same 

simulation study for different combinations of design parameter values that were informed by 

published trials. To our knowledge no other study has addressed this issue as comprehensively.  

 

Table 4 summarises practical guidance on choosing between the allocation methods, based on 

the precision of the estimators in our simulation study and the existing literature. For cluster 

randomised trials with 10 or more pairs, there is little or no measurable gain in efficiency when 

a matched-pair or stratified design is adopted compared to simple randomisation when the 

correlation between cluster-level outcomes within pairs (the matching correlation) is 0.05 or 

0.1. The matched-pair design is most efficient for cluster randomised trials with at least 10 

clusters per arm when the matching correlation is stronger (0.3 and 0.5), except when the 

correlation between unmatched clusters within strata is as great as the correlation between 

matched clusters, in which case the stratified design has similar efficiency.  

 

For studies with fewer than 10 clusters per arm, simple randomisation is the most efficient 

design when the stratification factors are weakly correlated with the outcome. Our simulation 

study showed that the simple and stratified randomisation designs were more efficient than the 

matched-pair design when the number of clusters was less than 10 per arm, due to there being 

greater degrees of freedom available for estimation using the t-distribution,3 except when the 

matching correlation was 0.5. Similarly, because greater degrees of freedom were available for 

estimation, the simple design was more efficient than the stratified design when there were 

fewer than 10 clusters per arm, particularly when the matching correlation of the outcomes was 

weak, as has been found by others.3,22 When imbalance on weak risk factors for studies with 

fewer than 10 clusters in each arm is a concern, a stratified design may be a good compromise 

between a matched-pair design, which may lack efficiency, and a simple design.19 
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Our findings showed that an unmatched analysis of a matched-pair design with fewer than 10 

pairs of clusters when matching was weak (0.05 or 0.1) recovered precision of the estimates, 

supporting previous findings by Diehr et al.22 When the matched-pair design is used to maintain 

“face validity” or for social or logistical reasons, and the matching factors are not strongly 

correlated with the outcome, an unmatched analysis may provide a more efficient estimate of 

the intervention effect when there are few clusters. The decision to break the matches in the 

analysis needs to be stated a priori at the design stage of the study.22 

 

Post-stratification adjustment, where potential risk factors are adjusted for in the analysis for 

the simple design, is an alternative approach to the stratified design,1,19 when there are at least 

5 clusters per stratum and study arm combination. Post-stratification adjustment for too many 

cluster-level risk factors in the regression model relative to the number of clusters can, 

however, lead to significant loss in study efficiency. The reason for this is that when the number 

of clusters is fixed, the parameters in the model are estimated with greater imprecision as the 

number of cluster-level risk factors included in the model increases because there is less 

information in the data for estimation.  

 

Trials with fewer than four clusters per study arm should not be considered.22,43 Challenges of 

studies with few clusters include greater chance of imbalance on risk factors, lack of study 

power to detect realistic clinically important effect sizes19,22,26 and limited generalisability of 

results.22,43,44 Furthermore, analytical methods that rely on large sample asymptotic theory are 

not reliable when the number of clusters is small.43,45 

 

Caution is needed when generalising the results beyond the values of the design parameters set 

in the simulation. The findings may potentially be extrapolated to trials with more than two 

study arms, variable cluster sizes,46 and non-continuous outcomes, such as binary or count data, 

but need to be applied carefully when the cluster sizes are small, or the outcomes are highly 

sparse or skewed. Furthermore, the simulations specified an equal number of clusters across 

the stratum and study arm combinations, for both the matched-pair and stratified designs. In 

practice, this is not always the case, even for the matched-pair design.  

 

The simulation study examined two restricted allocation methods. Other forms of restricted 

randomisation such as minimisation, a dynamic (adaptive) random allocation method,12,47 and 

covariate-constrained randomisation31 may produce tighter balance on multiple risk factors 
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between study arms, but may also be prone to similar limitations as those for the stratified and 

matched-pair designs, particularly when there are few clusters.  

 

We have shown algebraically that the maximum matching correlation that can be achieved 

depends on the intra-cluster correlation coefficient of the outcome and sample cluster size 

(Table 2). For instance, when planning a study with an anticipated intra-cluster correlation 

coefficient of 0.001, effective matching can potentially capture up to 50 percent of the outcome 

variability between clusters when the sample cluster size is 1000, compared to only 9 percent 

when the sample cluster size is 100. To achieve effective matches, the between-cluster variance 

of summary measures needs to be large.21,26 Effective matches are difficult to achieve as the 

intra-cluster correlation coefficient approaches zero because most of the outcome variation is 

within clusters and there is relatively little variation between cluster means. But as the sample 

cluster size increases, closer matches can be achieved on cluster-level summary outcomes 

because the observed variability on these observations diminishes.41 In trials where the number 

of clusters available is limited, but entire communities are sampled, such as  large-scale public 

policy evaluation48 and community trials,1,32 effective matches may be achieved. 

 

Matching is intuitively appealing, but we have confirmed in this study that unless it is possible 

to create very strong matches it is less useful in practice than might be expected, especially for 

studies with small numbers of clusters. Furthermore, there is often little information on the 

potential strength of matching, and researchers may be overly optimistic about the effectiveness 

of their matching. The true strength of the correlation between the matching variables and the 

outcome of interest is seldom known.3,39 For matched or stratified designs to be effective, good 

prior knowledge of the strength of the correlation between potential stratification factors and 

the outcome variable is needed. There is also the need to consider the complex manner in which 

the between-cluster variation and the sample cluster size together impact on the variance in the 

observed cluster means. The rationale for using the matched-pair design and justification for 

selecting the factors used to balance the randomisation should be reported in trial protocols. 

Similar considerations apply for trials that use other restricted randomisation schemes. The 

matching correlation and the correlation between the stratification factors and the outcome 

should be reported with confidence intervals, both as measures of effectiveness of the 

randomisation strategy and to inform the design of future trials. 
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Table 1: Number of strata and clusters per stratum for the stratified design and number of 
paired clusters for the matched-pair design evaluated for each combination of design parameter 
values 
 

 
𝑛𝑛 is the number of individuals sampled per cluster 
 
  

Scenario Simple design Stratified design Matched-pair 
design  

Total number 
of clusters (2pq) 

 

Number of 
strata (p) 

 

Number of 
clusters per 
stratum (2q) 

Number of paired 
clusters (q)  

 
Small number of large clusters (𝒏𝒏 = 𝟐𝟐𝟐𝟐,𝟓𝟓𝟐𝟐,𝟏𝟏𝟐𝟐𝟐𝟐)  

1 8 2 4 4 
2 20 2 10 10 
3 20 5 4 10 

Large number of small clusters (𝒏𝒏 = 𝟓𝟓, 20, 50)  
4 40 2 20 20 
5 40 5 8 20 
6 40 10 4 20 
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Table 2: Maximum possible value of the matching correlation ( Mρ ) for given values of the 
intra-cluster correlation coefficient of the outcome ( yρ ) and the cluster size ( n ) 
 

 Cluster size ( n ) 

yρ  5 20 50 100 1000 
0.001 0.005 0.020 0.048 0.091 0.500 
0.005 0.025 0.091 0.201 0.334 0.834 
0.01 0.048 0.168 0.336 0.503 0.910 
0.05 0.208 0.513 0.725 0.840 0.981 
0.1 0.357 0.690 0.847 0.917 0.991 
0.3 0.682 0.896 0.955 0.977 0.998 
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Table 3: Summary of the standardised bias (as percentage of the empirical standard error) of the estimator for the matched-pair, stratified and simple 
designs with the respective analytical methods by the matching correlation and the six study design scenarios given in Table 1. Standardised bias is 
summarised across the parameter value combinations for the intra-cluster correlation, sample cluster size, and ratio of the correlation between 
unmatched clusters within strata to the correlation between matched clusters (N=1098 simulation design parameter combinations altogether) 
 
Matching correlation  0       0.05       0.1       0.3       0.5   
Study design Median Min Max   Median Min Max   Median Min Max   Median Min Max   Median Min Max 
Scenario 1: Number of clusters = 8 with 2 strata and 4 matched pairs (N=199)                         
  N= 15   N= 52  

 N= 48   N= 44   N= 40  

 Pair/M and Pair/U† -0.088 -3.837 3.606  0.029 -2.918 2.818  -0.209 -4.322 2.610  0.010 -2.141 2.332  -0.028 -3.578 3.700 

 Stratified -0.508 -2.037 3.051  0.327 -5.722 4.611  0.184 -5.430 4.586  0.604 -6.310 8.016  -0.086 -5.312 6.703 

 Simple 0.193 -3.653 4.614  -0.208 -4.988 4.160  0.151 -5.333 2.842  0.213 -5.884 3.478  -0.385 -5.791 4.520 

 Simple/PS 0.323 -3.235 5.425  0.066 -5.287 3.495  0.109 -4.603 3.034  -0.120 -5.789 4.470  -0.609 -4.100 6.326 
Scenario 2: Number of clusters = 20 with 2 strata and 10 matched pairs (N=199)                         

 Pair/M and Pair/U† 0.717 -1.056 2.104  0.074 -3.783 3.584  0.118 -2.279 2.365  -0.107 -2.067 2.276  0.273 -2.302 2.625 

 Stratified -0.877 -2.786 2.542  -0.295 -6.451 9.119  0.007 -7.115 5.400  0.900 -2.794 6.975  0.151 -4.120 6.579 

 Simple 0.946 -1.570 3.636  0.404 -4.516 3.830  0.583 -4.552 6.932  0.323 -7.271 7.201  -0.545 -5.100 4.993 

 Simple/PS 1.315 -2.134 3.691  0.439 -5.071 4.572  0.588 -5.262 7.379  0.340 -4.802 7.209  -0.653 -5.947 3.372 
Scenario 3: Number of clusters = 20 with 5 strata and 10 matched pairs (N=199)                         

 Pair/M and Pair/U† -0.259 -3.426 1.366  0.062 -2.180 2.050  0.118 -3.085 2.109  -0.057 -2.292 2.260  -0.289 -3.188 2.354 

 Stratified 0.778 -4.812 4.527  -0.127 -4.661 5.927  0.002 -4.392 6.046  -0.110 -3.804 4.714  -0.090 -4.579 4.867 

 Simple -0.245 -5.256 2.609  -1.120 -4.472 4.899  0.070 -5.336 5.901  -0.034 -4.155 4.397  0.202 -5.738 7.448 

 Simple/PS -0.969 -5.649 2.893  -0.495 -6.320 5.060  0.206 -6.109 5.134  -0.314 -3.838 5.159  0.796 -5.918 5.284 
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Matching correlation  0       0.05       0.1       0.3       0.5   
Study design Median Min Max   Median Min Max   Median Min Max   Median Min Max   Median Min Max 
Scenario 4: Number of clusters = 40 with 2 strata and 20 matched pairs (N=167)                         
  N= 15   N= 44  

 N= 44   N= 36   N= 28  
 Pair/M and Pair/U† -0.031 -5.961 4.159  -0.117 -2.666 3.533  -0.340 -3.756 5.932  -0.076 -3.265 3.769  0.305 -2.362 2.793 

 Stratified -0.122 -2.733 3.983  -0.170 -4.074 9.533  0.874 -6.368 4.600  0.353 -8.569 5.501  -0.546 -3.681 4.238 

 Simple -0.900 -4.829 4.339  0.436 -7.269 6.589  0.405 -5.997 3.736  0.689 -4.056 5.090  -1.001 -4.008 4.320 

 Simple/PS -0.586 -4.553 4.427  0.281 -7.630 6.578  0.204 -5.418 3.895  0.691 -5.404 4.672  -0.980 -4.247 3.784 
Scenario 5: Number of clusters = 40 with 5 strata and 20 matched pairs (N=167)                         

 Pair/M and Pair/U† -0.081 -2.730 4.294  -0.164 -3.236 3.577  0.183 -3.670 2.796  0.373 -4.219 5.422  0.478 -4.497 3.477 

 Stratified 0.482 -1.859 5.539  0.497 -4.096 3.412  -0.213 -4.156 3.994  -0.008 -2.917 4.320  -0.173 -3.101 4.471 

 Simple -0.137 -6.437 3.757  -0.682 -3.968 3.609  0.111 -4.184 3.288  0.745 -4.841 3.666  0.715 -3.813 4.009 

 Simple/PS 0.627 -6.407 4.178  -0.404 -4.236 3.955  -0.325 -4.588 3.909  0.908 -3.766 4.609  0.746 -3.984 4.631 
Scenario 6: Number of clusters = 40 with 10 strata and 20 matched pairs (N=167)                         

 Pair/M and Pair/U† 0.719 -2.699 2.734  0.021 -4.037 4.756  0.185 -4.351 4.906  0.074 -3.376 2.927  0.371 -2.111 2.715 

 Stratified 0.731 -3.746 5.999  0.259 -4.177 4.262  0.114 -5.409 3.261  0.059 -5.480 8.110  -0.357 -3.687 4.084 

 Simple -0.691 -4.572 3.897  -0.320 -5.205 5.249  0.062 -3.387 5.091  0.609 -3.475 4.745  0.821 -3.116 5.014 
  Simple/PS -0.643 -5.657 3.201   -0.501 -5.164 5.541   0.319 -4.970 4.153   1.188 -4.128 4.131   1.137 -3.772 5.620 

N = Number of design parameter combinations 
† Matched-pair design with the unmatched analysis (Pair/U) produced the same estimates for the intervention as the matched-pair analysis for this study design (Pair/M) 
Scenarios 1 to 3: Small number of large clusters  
Scenarios 4 to 6: Large number of small clusters  
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Table 4: Guidance for choosing between the matched-pair, stratified and simple 
randomised designs for cluster randomised trials  

Clusters per 
arm  

Weak matching correlations* 
(0.05, 0.1) 

Strong matching correlations* 
(0.3, 0.5) 

< 4 Not recommended 22,44 † 

4 to 9 
Simple 

Matched-pair with unmatched 
analysis‡ 

Stratified 

Simple without§ or with|| post-
stratification adjustment 

10 to 20 
Simple¶ 

 
 

Matched-pair 
Stratified** 

Simple with post-stratification 
adjustment|| 

 

* Refer to Supplement 1 for determining the strength of the matching correlation  
† Under powered to detect realistic effect sizes and not generalisable  
‡ Stated a priori at the design stage 
§ Simple design without adjustment when the matching correlation is 0.3  

|| When the number of clusters is large relative to the number of strata 
¶ No efficiency gains in using restricted randomisation compared to simple randomisation  

**Stratified design and matched-pair design are equally efficient when correlation between 

unmatched clusters within strata is as great as that between matched clusters   
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Figure 1: Mean width of the 95 percent confidence intervals (CI) of each study design 
with respective analytical methods* (y-axis) by the ratio of the correlation between 
unmatched clusters within strata to the correlation between matched clusters (f) §  (x-axis) 
when the intra-cluster correlation is 0.3 and the sample cluster size is 50. The rows in the 
figure correspond to the six study design scenarios presented in Table 1 and the columns 
correspond to different values of the matching correlations (denoted as MC in the figure). 
 

 

* See Methods section for the key to abbreviations for the study designs and respective analytical methods 
indicated by the different plot symbols given in the legend.  
 

Matched-pair design with unmatched analysis (Pair/U) was not evaluated when the matching correlation 
was 0.3 and 0.5 because coverage was greater than the nominal level. 
 
§  𝑓𝑓 = 𝜌𝜌𝑈𝑈

𝜌𝜌𝑀𝑀
  

 
Note: The values on the x-axis are jittered slightly for each study design to avoid overlapping plotted lines 
and the scale on the y-axis changes for the different number of clusters (that is, 8, 20 and 40).
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Figure 1 
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Figure 2: Relative efficiency* of each study design with respective analytical methods§ 
compared to the matched-pair design (y-axis) by the ratio of the correlation between unmatched 
clusters within strata to the correlation between matched clusters (f)† (x-axis) when the intra-
cluster correlation is 0.3 and the sample cluster size is 50. The rows in the figure correspond to 
the six study design scenarios presented in Table 1 and the columns correspond to different 
values of the matching correlations (denoted as MC in the figure). 
 
 
 
* Relative efficiency is the ratio of the mean confidence interval width of each study design with the respective 
analytical methods§ to the mean confidence interval width of the matched-pair design with the matched analysis. 
A ratio of one indicates that the study design provides the same mean confidence interval width (i.e., is as efficient) 
as the matched pair design, a ratio below one indicates the study design is more efficient than the matched-pair 
design, and a ratio above one indicates the study design is less efficient than the matched pair design. 
 
§ See Methods section for the key to abbreviations for the study designs and respective analytical methods 
indicated by the different plot symbols given in the legend.  
 

Matched-pair design with unmatched analysis (Pair/U) was not evaluated when the matching correlation was 0.3 
and 0.5 because coverage was greater than the nominal level 
 
† 𝑓𝑓 = 𝜌𝜌𝑈𝑈

𝜌𝜌𝑀𝑀
  

 
Note: The values on the x-axis are jittered slightly for each study design to avoid overlapping plotted line. 
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Figure 2 
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