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Abstract 

Clustered data arise when data are sampled from clusters of individuals randomized 

to different interventions in a cluster randomised trial (CRT) or from groups of 

individuals in a population such as primary sampling units in a multistage clustered 

survey. Examples include: trials to compare different approaches for managing the 

wellbeing of elderly people clustered by general practices in the community; surveys 

on family planning or access to clean water where respondents are geographically 

clustered; and cost effectiveness studies conducted alongside CRTs.1-3  

Although individual randomised trials and simple random sampling are statistically 

more efficient, CRTs and complex survey designs are pragmatic, and sometimes 

necessary alternatives in the presence of logistical, financial, or ethical constraints, or 

a risk of intervention contamination across different arms in a clinical trial. However, 

the dependence of data from the same cluster violates the critical independence 

assumption on which most standard statistical methods rely. Such dependence must 

be accounted for appropriately to enable valid inference.  

In this thesis of published work, I draw upon seven publications to highlight the 

challenges in analysing clustered data, demonstrate the application of a variety of 

appropriate statistical methods, and show my contribution to developing statistical 

methodologies for clustered data. They are (i and ii) the analysis of a large CRT, (iii) 

estimation of intraclass correlation coefficients, [i-iii use data from the same CRT in 

geriatric research in the UK], (iv) the cost effectiveness analysis (CEA) of a CRT of a 

non-clinical intervention to reduce caesarean rate, and (v to vii) three pieces of 

methodological work to improve and extend current methods and models for analysing 

clustered data. 
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1 Introduction  

Statistical data analysis is integral to any quantitative research including public health, 

healthcare, and medical research. Statistical methods commonly used in such research 

rely on an assumption that the data are independent. However, the way in which data 

are collected for research sometimes violates this important assumption and renders 

these statistical methods inappropriate for making valid inferences.  

Public health and medical researchers are often interested in the effects of different 

interventions on the health and well-being of people in a population. Randomised 

controlled trials (RCTs), where interventions are compared by randomly assigning 

them to individuals, are widely recognised as the gold standard for generating unbiased 

evidence on the efficacy or effectiveness of the interventions (therapeutic or not). In 

practice, there are sometimes obstacles that make individual randomisation 

logistically, financially, or ethically infeasible or unacceptable. A common alternative, 

with early adoptions since the 1970s, to the RCT overcomes such obstacles by 

randomising clusters or groups of individuals. This alternative is known as the cluster 

randomised trial (CRT) design.  

Health policy makers and government administrators may be interested in certain 

characteristics of a population for healthcare provision or planning.  Sample surveys 

are often conducted for such purpose. For example, in a health survey on fertility 

researchers might like to know the proportion of women using modern contraceptive 

methods as a means of birth control. The target respondents could be women of 

reproductive age in the whole country. While simple random sampling is statistically 

most efficient, it tends to be prohibitive in terms of time and cost in reaching all those 

selected who may reside in remote corners of the country. Instead, large-scale surveys 

are typically conducted by multistage cluster sampling (MCS).  

In both cases (CRTs and MCS surveys) observations taken from individuals belonging 

to the same cluster in a CRT or sampled from the same primary sampling unit (PSU) 

in a survey tend to be more similar than those from other clusters or PSUs. This is 

primarily due to their exposures to common social, economic, geographical, 

environmental, and cultural factors found in the same grouping units to which they 

belong. Observations taken from individuals in the same cluster are typically 
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dependent. The design and analysis of both study designs are more complex due to the 

violation of the independence assumption that underpins most conventional statistical 

methods and hypothesis testing used in public health and medical research. 

Data dependence also arises in studies where multiple observations are taken on the 

same individual (such as in dental research), longitudinal studies when repeated 

measurements are provided by the same individuals over time, family studies, social 

or geographical network linked to an index case (in a study of Ebola in West Africa, 

for example). Such dependencies occur due to persistent characteristics within 

individuals such as genetic makeup, eating habits, and physical activities among other 

factors. While some of the statistical approaches that I used or developed in the 

publications included in this thesis are also applicable to data from longitudinal 

studies, the primary focus here is on methods for data where correlations exist between 

observations from different individuals belonging to the same cluster.  

In Chapter 2 I briefly describe the history of clinical trials, the key characteristics of 

CRT, and the statistical issues that beset the analysis of data collected from this study 

design as well as the pros and cons of several statistical techniques for analysing such 

data. Chapter 3 provides a summary of the seven publications which sought to address 

a variety of challenges presented by cluster randomisation in clinical trials as well as 

clustering by survey design more generally. I conclude in the final chapter with a 

summary of the contribution by these papers to the analysis of dependent data in public 

health and healthcare research.  
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2 Background  

2.1 Brief history of clinical trials  

The first trial designed to compare the effects of different interventions on the health 

status of human subjects on record dates back to biblical times. In the “Book of 

Daniel”, King Nebuchadnezzar believed a diet of only meat and wine offers perpetual 

health benefit.4 When Daniel of Judah, who was taken hostage from the king’s 

conquered lands, and his friends dissented and insisted instead on a diet of legumes 

and water, they were allowed their vegetarian diet for 10 days after which they were 

compared on their ‘countenances’ against those who took the king’s diet. Upon the 

end of the 10-day trial, the countenances of those on the vegetarian diet “appeared 

fairer and fatter in flesh” than those on the king’s diet. Almost three centuries later, 

Grimes (1995) rightly and humorously criticized Daniel’s trial for selection and 

ascertainment biases as well as confounding by ‘divine intervention’.5,6   

Towards the middle of the 18th century the first documented parallel-arm trial was 

conducted on the British naval ship Salisbury. Sailors on board were afflicted with a 

common sickness among seafarers – scurvy. By arranging 12 ill sailors with similar 

symptoms into groups of 2 with each group given a different dietary treatment, the 2 

men who were given oranges and lemons got back to their feet after only 6 days while 

the others remained ‘weak in the knees’.4  

However, the 1948 British’s Medical Research Council Trial of Streptomycin for 

Pulmonary Tuberculosis designed by an advisory committee, whose members 

included Sir Austin Bradford Hill, is widely recognized as the first RCT and referred 

to as the “1948 watershed”.7-9 Although the trial was neither double-blinded or placebo 

controlled, it was the first time when the ‘clinical’ and ‘statistical’ reasoning for 

random allocation came together that led to patients being randomised to different 

treatment groups, rather than using alternation that was commonly used at the time, as 

a means to minimize allocation bias.7 It has been argued by some that further 

developments in the RCT design since the 1948 trial are simply refinements to Hill’s 

proposal.4  
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2.2 Cluster randomised trial (CRT): what is it and why use it?  

The RCT is the recognized gold standard design for generating evidence to inform 

evidence-based medical and public health practises and decision making.10 In a RCT 

individuals from a population of interest are randomised to receive one of two or more 

interventions (therapeutic or non-therapeutic treatments) being investigated. In reality 

it is not always feasible or practical to conduct a RCT by randomizing people 

individually. Ethical considerations, subject acceptability and adherence, costs, 

intervention contamination, administrative and logistical issues, conflict in war zones 

and humanitarian crises, and interventions designed to be delivered at group or cluster 

level are some of the key challenges that sometimes render RCT impractical or 

unachievable.  

When individual randomization is either infeasible or unacceptable, a commonly 

adopted alternative design is the CRT. For example, it will be infeasible to randomize 

individuals in a community-based smoking cessation trial where the intervention 

targets whole communities such as using billboards for the dissemination of public 

health information. Even if the information is given individually such as randomising 

households within a community to receive different interventional materials, 

contamination bias may occur when neighbours receiving different materials confer 

with each other. The CRT design has gained popularity in recent decades for trials that 

randomise general practices (GPs), wards, hospitals, schools, worksites, communities 

as well as other social units to different interventions.11-14  

Alternatives to the standard CRT design for comparing multiple interventions (and 

their interactions) in the same trial, that improve efficiency, or reduce potential biases, 

have been proposed.15 These include the factorial design (where effects of multiple 

interventions and their interactions can be evaluated), stratified design (clusters are 

randomised separately within each stratum defined by some measure, such as practice 

size),  matched-pairs (clusters are paired and randomised to one of the two 

interventions), and crossover (where the randomly assigned interventions switch after, 

typically, a washout period) designs. Other alternatives include stepped-wedge, 

network-randomised, and “pseudo-cluster” randomised trials.16  
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2.3 Standard statistical methods for group comparisons  

Let us consider a simple experimental trial designed to compare the effects of two 

interventions on a population of interest with kt clusters in treatment arm t (t = 1 for 

treatment and 0 for control) with cluster j in arm t of size mjt and outcome Yijt for 

individual i in arm t, i = 1,…,mjt, and j = 1,…,kt.  

The primary goal of the trial is to compare the means of the outcome of Y in the two 

arms. In this simple comparison of two group means, statistical methods such as the 

two-sample t-test as well as linear regression are often used for making inference on 

the intervention effects.   

2.3.1 Standard two-sample t-test  

In a standard two-sample t-test, the focus lies in testing the null hypothesis of no 

difference between the two groups with H0: µ1 = µ0  against an alternative hypothesis 

of H1: µ1 ≠ µ0 where µ t is the population mean in arm t. The population means are 

estimated by the sample means ��� and ��� respectively. They are simple averages over 

all members in the clusters randomised to the respective treatment groups, 

�
��

∑ ∑ ��	

���
��

��	�  where �
 = ∑ ∑ 1���
��

��	�  (the number of observations in arm t). 

The test statistic, t, is estimated as follows:  

� = �������
��������� � �

 �! �
 �"

      [1] 

where #�$ and #�$ are the sample variances with #%&&'()$ = *����+���!*����+���
*��!���$+   and #
$ =

∑ ∑ ,�-������.�

����
���
��

��	� . The p-value is obtained by referring the resultant t-statistic to the 

t-distribution with (M1+M0-2) degrees of freedom. Where the assumption of equal 

variances in the two arms of the standard t-test is in question, the Welch’s (or unequal 

variances) t-test can be adopted instead.  

The p-value derived from the standard two-sample t-test is generally too low for 

analysing data from CRTs as it does not account for clustering. This is due to the 

downwardly biased standard error that failed to account for clustering and the wrong 
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degrees of freedom used for deriving the p-value when there are fewer independent 

pieces of information than the total number of observations.  

The inflation in the magnitude of the test statistic increases with both the intraclass (or 

intracluster) correlation coefficient (ICC), often denoted by ρ, and the average cluster 

size, m.13 A formal definition of the ICC is given in 2.4.3. In the presence of clustering 

the inflation, ignoring the issues of degrees of freedom, is given by the square root of 

the variance inflation factor, VIF (see page 114 of Donner and Klar),13 where  

/01 = ∑ /01
�
�  where /01
 = ∑ ���
�� 21 + *4	
 − 1+67��	�    [2] 

For constant cluster sizes, /01 =  1 + *4 − 1+6. The VIF is also known as the design 

effect (DE). Where cluster sizes vary, Eldridge et al. (2006) shows several alternative 

formulae, including that given by [2], for calculating the DE. They suggest that the 

effect of adjustment for variable cluster sizes on sample size is negligible when the 

coefficient of variation (standard deviation of the cluster sizes divided by mean cluster 

size) is less than 0.23.17  

Analysis using a simple two-sample t test also gives no scope for adjusting for any 

baseline covariates or confounders in case of any baseline imbalance or desire to 

control for confounders.   

2.3.2 Linear models  

If data were not clustered, we could assume a simple linear model with an outcome 

variable Yijt with variable Xt for treatment assignment as follows:  

��	
 = 9� + 9�:
 + ;�	
      [3] 

where the residuals ;�	
’s are independently and identically distributed (i.i.d.) random 

variables assumed to follow a Normal distribution with mean 0 and variance <$, with 

i, j, and t as previously defined. The primary interest lies in the regression coefficient, 

9�, representing the treatment effect. Baseline covariates and other confounders can 

be included in the model for adjusted analysis. Estimation of 9� can be performed 

either by the method of least squares or maximum likelihood estimation. Both methods 
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yield the same results when the residuals are assumed to follow the Normal 

distribution.  

Where the outcome is assumed to follow a non-Normal distribution, generalised linear 

models (GLMs) can be used instead for distributions that are part of the exponential 

family such as Poisson and binomial. The GLMs differ from the normal linear models 

in that the expectation of the outcome Y (E[Y] = µ) is transformed by a link function 

g() in the model =*>+ = ?9 where ? is the design matrix of dimension (N × p) and 9 

the parameter vector of length p, and N is the total number of observations.  

Issues with fitting linear models or GLMs to clustered data will be discussed in 2.4.2.  

 

2.4 Key features and challenges in the analysis of CRTs 

2.4.1 Clustered data from CRTs  

Data dependence due to clustering arises when values from observations in a cluster 

are more similar than those in other clusters. In research, such dependence is often a 

consequence of the study design. CRTs and clustered surveys are examples of such 

designs.  

For example, in a study designed to compare two approaches to assess the health status 

of elderly people living in the community in the UK, eligible patients from the same 

participating general practices were randomly assigned to one of the two arms under 

investigation. Patients registered at the same general practice are generally residents 

from the same local geographical area in the UK. The size of a catchment area may 

vary substantially between urban and rural settings. Individuals registered at the same 

practice are often exposed to similar (and levels of) environmental factors such as air 

pollution and water quality, public services such as (lack of) access to public facilities 

and roads. They may also share other similar factors such as age (in the case of English 

seaside towns with high proportion of retirees), income, among other social-economic 

factors. 
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2.4.2 Challenges in analysis of clustered data from CRTs  

The primary challenge dependence in the clustered data from CRTs as well as from 

cluster surveys presents is the violation of the fundamental independence assumption 

on which many statistical methods rely. This assumption requires that the underlying 

data are i.i.d. and underpins many statistical methods and hypothesis testing used in 

public health and medical research for making valid inferences.  

Clustering in itself may not be an issue when the unit of randomisation matches the 

unit of inference (or analysis).18 For example, in a trial of GP’s adherence to guidelines 

for referral where general practices are randomised to receiving or not receiving the 

guidelines, an appropriate outcome measure could be the proportion of correct 

(following the clinical guidelines) referrals by each general practice. This is done by 

pooling the information from all patients in a practice into a single practice-level 

summary statistic for analysis. The intended level of delivery of an intervention may 

also affect the choice of the analytical method. For example, an analysis of cluster-

level summary measures may be appropriate for an intervention that is designed to be 

delivered at that level. 

However, when inference is intended to be made at the individual level or when 

research interest focuses on individual level responses to an cluster-level intervention 

such as in a study that randomised whole general practices to different assessment 

strategies to ascertain the health status of elderly people,1 the study goal was to 

evaluate the strategies in relation to individual level outcomes in mortality, hospital 

and institutional admissions.  

In the analysis of clustered data from CRTs or clustered surveys, applying 

conventional statistical methods such as the standard t-test, linear models, or GLMs 

violates the i.i.d. assumption. This results in downwardly biased SEs leading to overly 

narrow CIs and type I error (the probability of rejecting the null hypothesis when the 

null is true) inflation. The effective power to detect a true difference between 

interventions is also reduced due to the reduction of the effective sample size.14,19,20 

Statistical methods that are appropriate for modelling clustered data arising from 

CRTs or by survey designs will be discussed in Section 2.5. 
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2.4.3 Intraclass correlation coefficient (ICC)  

In a study with clustering, the power depends on the ICC, denoted by ρ. It can be 

defined as the correlation between any pair of observations randomly drawn from 

cluster j with 6	 = @AB*��	, ��D	+ �BEF,��	.BEF,��D	.G  for any individuals i ≠ i’ while 

@AB,��	, ��D	D. = 0, assuming independence between clusters, for any j ≠ j’. The 

subscript j for ρ is often dropped by assuming constant correlation across clusters 

unless the correlations vary due to some cluster characteristics, e.g., clinical practice 

variations in a CRT, and one wishes to model such dependence.21  

There are several different ways to estimate the ICC. Among the regression-based 

methods often used for analysing data from CRTs are marginal models using general 

estimating equations (GEE)22 and multilevel (or mixed-effects) models (MLMs) using 

maximum likelihood23. ICCs are estimated somewhat as a by-product for the former 

method as its focus is on the regression part of the model with clustering treated as a 

‘nuisance’ due to the study design.  

In the MLMs for CRT the total variance is decomposed into two components attributed 

to the differences between- and within-clusters. Here the ICC is defined as the 

proportion of the total variance due to between-cluster variation. Note that the ICCs 

estimated by MLMs are by construction always non-negative (range from 0 to 1) while 

there is no such constraint with GEE models. Although the ICCs are generally positive 

in the context of CRTs. More details of their estimation are given in sections 2.5.5 and 

2.5.6.  

 

2.5 Some appropriate methods for analysing CRT studies  

2.5.1 Summary measures  

One of the simplest approaches to analysing clustered data is to apply standard 

statistical methods for independent data, such as the standard t-test, to cluster level 

summary statistics, such as the mean, provided it is reasonable to assume 

independence between clusters. While this is a valid approach to the analysis of 
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clustered data, with dependence among observations within clusters effectively 

removed by the aggregation, there are several shortcomings.   

Firstly, when a standard statistical method is applied on the cluster-level summary 

measures, no consideration is given to the levels of precision with which each of the 

cluster summaries is estimated if cluster sizes vary. Although a weighted version of 

the same methods such as a weighted t-test could be performed to take precision into 

account instead, the aggregation reduces the sample size for hypothesis testing thus 

results in lower power in general. Furthermore, this approach also does not allow 

adjustment for baseline imbalance in individual level covariates or confounders, or 

when treatment effects vary according to age and gender, for example.24  

2.5.2 Adjusted two-sample t-test  

One of the key features of the ICC is its use for modifying SEs to account for 

clustering. In a variant of the standard two-sample t-test proposed by Donner and Klar 

(2000),13 the ICC is used to adjust the SE of the t-test that accounts for clustering as 

follows. The two 1’s inside the bracket in the denominator of Equation [1] are replaced 

by VIFt (from [2]) for the corresponding treatment arm t.  

The test proceeds the same way as the standard two sample t-test except that the test 

statistic is now based on K-2 degrees of freedom where K is the total number of clusters 

in the whole sample instead. Note that K-2 can be substantially smaller than M1+M2-

2 when clustering was ignored (see 2.3.1). When 6I = 0 suggesting there is no 

clustering, VIFt becomes 1 and the adjusted t-test reduces to the standard t-test on K-

2 degrees of freedom for comparing two independent means. 

While the adjusted t-test accounts for clustering, this approach remains limited to the 

comparison between two groups only. In presence of any baseline imbalance in 

covariates that are associated with the outcome of interest, skewed outcome, complex 

variances, and more than two intervention groups for comparison, more flexible 

alternatives are required.  
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2.5.3 Robust standard errors 

To correct the SE in the presence of clustering, one could simply multiply the SE by 

the square root of the design effect (DE) calculated using an ICC estimate as discussed 

earlier.13,25 A modified Wald test could be performed for hypothesis testing using the 

modified SE. An alternative is the robust SE or the square root of the so-called 

‘sandwich’ variance estimator as described in more detail below. One of its advantages 

is that the ICC, which is a critical component of the DE, does not need to be estimated 

separately before the analysis. Furthermore, the within-cluster dependence does not 

have to be specified in any way as we shall see below. The application of robust SE in 

GEE protects the user from misspecification of the within-cluster correlation model.26 

GEE models for clustered data will be discussed later. 

The sandwich variance estimator has a long history in econometrics and survey 

sampling, and was independently developed by Huber and White.27,28 According to 

Rogers (1993) Huber’s original proposal was to produce consistent SEs in the presence 

of heteroscedasticity, clustered sampling, or when the data are weighted, but not 

specifically for clustered data.29  The procedure is extended for clustered data by 

recognizing the dependence of observations within clusters while observations 

between clusters are independent.29-31 I will begin by explaining the estimation of the 

general robust Ses followed by the extension to accommodate clustered data.  

The robust (or sandwich) variance estimator is given by   

/J,9K. = /L*E ∑ M� ′M�O�� +/L     [4] 

where the subscript R denotes robust, E is a finite-sample adjustment factor, /L =
−0*9+ where 0*9+ = −*P$QRS P9$⁄ +�� (the conventional estimator of variance), and  

M� (a row vector of dimension (1xp)) is the contribution from the ith observation (with 

a total of N) to the scores PQRS P9⁄ . That is, M� = UPQRS� P9⁄ VWWX . Several formulae 

for E exist but all converge to 1 as N → ∞. Here the N observations are assumed to be 

independent. The square root of the diagonal terms in /J,9K. are the Ses for the 

corresponding parameters. 
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The proposal given by [4] is a very general one which assumes no knowledge or 

expectation of the underlying structure of the data. In cases where such knowledge 

exists, such as the within-cluster dependence in CRTs, the estimator in [4] can be 

extended to accommodate clustered data.30 Assuming the case of a CRT where 

individual observations within clusters, such as general practices, are not independent. 

The individual observations are divided into K independent groups. The clustered 

robust variance estimator is given by  

/[,9K. = /L,∑ ∑ M	
′M	
��	��
� ./L     [5] 

where the subscript \ denoted ‘clustered’ robust, M	
  ,= ∑ M�	

���
�� . is the contribution 

of the jth cluster in arm t to PQRS P9⁄ , and mjt the size of cluster j in arm t. Clusters are 

treated as independent “super-observations” in [5]. The correlated individual-level 

scores are summed within each cluster before the independent cluster-level totals are 

multiplied together before the next step in the estimation. Note that the application of 

robust Ses alone does not affect parameter estimates from, for example, an ordinary 

regression or GLM.  

I demonstrate the use of robust Ses to adjust for clustering in the analysis of a CRT 

reported in two of my publications in Chapter 3.1,32  

2.5.4 Two-Stage Bootstrap (TSB) 

Bootstrap is a common non-parametric re-sampling technique for estimating the 

uncertainty around a point estimate of a statistic of interest while making minimal 

assumptions. It serves as an alternative to statistical methods that rely on normality 

when the assumption is questionable and transformation of the original data is 

problematic. For example, patient-level cost at an intensive care unit in a CEA is a 

good example. The primary interest of the health economists is mean cost (whose 

product with the number of observations yield total cost) while the underlying 

distribution of this variable is typically highly right-skewed. Transformation of costs 

by log transformation, for example, is undesirable as the exponential of the averaged 

log-cost does not provide the arithmetic mean cost. The issue of a highly skewed 

response provides further challenge to the analysts when coupled with the complex 

trial design of CRT whose data are increasingly used for CEAs.  
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In a standard bootstrap B repeated samples of the same size are randomly drawn with 

replacement from the observed sample. The statistic of interest such as the mean is 

calculated from each of the B re-samples denoted as ]L ∗̂  for b=1…B. The bootstrap 

estimates, ]L ∗̂’s, provides the empirical sampling distribution of the statistic of interest 

for inference. Davison and Hinkley (1997) proposed an extension to the standard 

bootstrap that recognizes clustering by resampling clusters and then individuals within 

the selected clusters. This is referred to as a two-stage bootstrap. While this procedure 

has been implemented in several health economic studies,33,34 researchers from 

previous studies did not follow Davison and Hinkley’s original suggestion to correct 

the overestimation of the variance due to resampling at the second stage, unless the 

number of clusters and individuals within each cluster are both large, by a shrinkage 

correction.35 It was suggested that the within-cluster variance is likely to be double-

counted at the second stage resampling because the estimation of the cluster means 

resampled at the first stage would have incorporated both within- and between-cluster 

variability.  

Due partly to the understood software preference in the health economics community, 

I have implemented Davison and Hinkley’s proposal including the correction for 

double-counting the within-cluster variance as default in a user-supplied Stata 

command, tsb.36 This command is the focus of one of my publications discussed in 

Chapter 3. In the paper, the use of this command is exemplified with a case study of a 

CEA using real data from a CRT and the performance of the resultant bootstrap CIs is 

explored using data from a published simulation study that I co-authored previously.37  

One of the key limitations of this approach is that it does not allow for any adjustment 

for covariates or confounders. The next two methods both allow for such adjustments.  

2.5.5 Generalized estimating equations (GEE; or marginal-effects models) 

The GEE models were proposed by Liang and Zeger as an extension to the GLMs for 

correlated but, not specifically, clustered data.22 For clustered data, they work by 

assuming a ‘working’ correlation matrix, in recognition of the challenge in specifying 

the ‘correct’ correlation structure,38 that describes the correlation structure among 

observations within a cluster. In this approach, clustering is treated as a ‘nuisance’ 

while the parameters in the regression model are the focus of the modelling exercise.  
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GEE models are fitted by taking advantage of the less stringent requirement of the 

quasi-likelihood (QL) methods.39 Unlike likelihood-based estimation, QL requires 

only the specification of the relationship between the marginal expectation of the 

responses and a set of covariates through the regression model and that between the 

first two moments of the distribution, i.e. mean and variance, without specifying the 

full parametric distribution.38 

Let �	
 be the response vector (��	
, … ���	
+′ for cluster j in arm t with a*�	
+ = >	
,  

=*>	
+ = ?	
9 = bc� where >	
 is the vector of marginal expectations (averaged over 

the observations with the same covariates), g() the link function, ?	
 the (mjt×p) design 

matrix with parameter vector 9, and the linear predictor b	
. The GEE for correlated 

data are given by:  

d*9, e+ = ∑  ∑ f	
′��	� /	
��,�	
 − >	
.�
� = 0    [6] 

where f	
 = P>	
 P9⁄ . It is sometimes known as the quasi-score equations due to the 

use of QL. The working variance-covariance matrix for cluster j is given by:  

/	
 = gh	

�/$]	
*e+h	


�/$
     [7] 

where g is a scale parameter to allow for dispersion, Ajt is a (mjt×mjt) diagonal matrix 

with the variance function /*>�	
+ as the ith diagonal element, and ]	
*e+ the working 

correlation matrix with parameter vector α. 

Setting initial values for ]	
*e+ and g  to be the identity matrix and 1 respectively, 9 

is estimated by solving [6]. 9K  is then used to estimate the fitted values, >̂	
, and, in 

turn, the residuals, �	
 − >̂	
. The latter are then used to estimate the parameters Ajt, α, 

and g, and Vjt using [7]. These steps are iterated until convergence.  

For the analysis of CRTs, the exchangeable correlation structure, that is, ]	
*e+ = 1 if 

i = i’ or 6  if i ≠ i’ for any two individuals, i and i’, in cluster j of arm t is often specified 

by assuming a common correlation 6 across all clusters where 6 is the ICC.26 

In GEE models, parameters are consistent even if the assumption of the ‘working’ 

correlation is incorrect provided that there are sufficient clusters (as few as 8 clusters 

per arm may suffice in general circumstances as demonstrated in 37). Hardin and Hilbe 

(p58) wrote “we gain efficiency in the estimation of the regression parameters by 
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choosing to formally include a hypothesized structure to the within-panel 

correlation”.26 Statistical efficiency can be gained by assuming a working correlation 

structure that resembles the ‘correct’ correlation structure,40 especially when 

individual-level covariates (as opposed to cluster-level ones that do not vary within 

clusters) are included in the model.41 Users of GEE models can be further protected 

from such misspecification with the application of robust SEs (see 2.5.3) since they 

are robust to any form of within-cluster correlation.   

I demonstrate the application of GEE models with robust SEs to adjust for clustering 

in two of my publications on the analysis of a CRT in Chapter 3.1,32  

The GEE models handle correlated data from CRTs with nice statistical properties 

such as consistent parameter estimates even if the correlation structure is incorrectly 

specified. However, when cluster-level heterogeneity of the intervention effect is itself 

of research interest or when individual-level variances and correlations differ across 

treatment arms, insight into these important characteristics will be lost with GEE 

models as they are not modelled explicitly. The next approach provides an alternative 

to address these challenges.  

2.5.6 Multilevel models (MLMs; or mixed-effects or cluster-specified models)  

In MLMs, the correlations between individuals in the same cluster, and, hence, the 

within-cluster correlations are assumed to be induced by cluster members sharing a 

common cluster-level random effect (RE), ujt, for any cluster j in arm t. This extra 

level of variation is modelled explicitly in the MLM by assuming a hierarchical data 

structure with individuals (at level 1) nested within clusters (level 2) while 

incorporating ujt into the linear model as defined in section 2.3.2. Due to the presence 

of both fixed and random effects in the model, MLMs are often referred to as mixed-

effects models.  

A simple two-level MLM for normally distributed response yijt is given by:  

��	
 = 9� + 9�:
 + M	
 + ;�	
    [7] 

where the parameters 9� and 9� are the intercept and the treatment effect, :
 the 

treatment term with :
=1 for treatment and 0 for control, ujt the cluster-level random 

effect in arm t with ujt ~ k*0, <l$+ and individual-level random effect εijt with εijt ~ 
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k*0, <m$+. ujt and εijt are assumed to be independent. Baseline covariates or 

confounders can be included in the model. Given this model specification, the 

observations are known to be conditionally independent on the cluster-specific RE, ujt; 

that is, yijt is i.i.d. conditional on ujt.  

Under this model specification the total outcome variance is decomposed into two 

components. Variation attributable to the differences between clusters is referred to as 

the between-cluster variance, <l$, while those due to differences within clusters as 

within-cluster variance, <m$. The ICC is defined as the proportion of total variance due 

to between-cluster variance, <l$ *<l$⁄ + <m$+. It ranges from 0 when there is no variation 

in the cluster means to 1 when observations within clusters are identical, i.e., no 

within-cluster variations. 

For normally distributed responses, MLMs can be estimated by maximum likelihood 

(ML) or residual ML (REML).23,42 For non-normally distributed response, MLMs had 

not been widely implemented because fitting a MLM with discrete outcome is 

mathematically challenging. Parameter estimation involves solving an analytically 

intractable log-likelihood function that is the product of a discrete (for response) and 

a continuous (for cluster-level RE) distribution.  

The likelihood for the mjt observations in a cluster is, with subscripts j and t omitted 

for simplicity’s sake, given by: 

S*n; 9, σl$ + = q ∏ ℎ*��|M; 9+u*M; σl$ +��� vM   [8] 

where the integral is over a normal distribution of the RE. Equation [8] can be 

generalized for models including multiple REs by replacing σl$  with Σ. In [8], h() is 

the response distribution conditional on the RE, u, and f() is the distribution function 

for u. f() is replaced by a multivariate version of the distribution when more than one 

RE exist in the model, e.g., a random intercept and a random slope.2 When h() is 

normal, the integral is tractable and parameters can be estimated by ML. When the 

response is discrete, such as binary, there may be no closed form solution for [8]. 

Conjugate distributions such as Poisson distribution for y|u and gamma for u in 

negative binomial models have traditionally been used to make the calculations 

tractable while numerical integration such as adaptive quadrature methods43 and 
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Bayesian Markov chain Monte Carlo methods44 have also been proposed. As another 

alternative I developed an approach known as simulated maximum likelihood for 

performing Monte-Carlo integration whose results are comparable and faster than 

those by numerical integration, such as GLLAMM in Stata,45 and without the need to 

specific any prior distribution as in a Bayesian approach.2 

In health economics, analysts use MLMs for modelling the bivariate correlations 

between individual-level costs and effects and the clustering effect simultaneously in 

CEAs using data from CRTs.37 In the next chapter I will show how the MLM can be 

adapted to accommodate complex variance-covariance structures that may occur in 

CEAs3 and how they were used in a CEA that demonstrates the cost-effectiveness of 

an audit and feedback intervention targeting health professionals in a hospital-based 

CRT aiming at reducing caesarean delivery rates in Quebec.46 

It is worth noting that for continuous outcomes with an identity link, GEE and MLM 

methods are mathematically equivalent (see proof on page 97 of Hardin and Hilbe).26 
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3 The analysis of CRTs and methodological development of 

appropriate methods for clustered data in public health and 

healthcare research  

3.1 Introduction  

The seven publications covered in this thesis include not only examples of the 

application of appropriate methods in the analysis of CRTs1,32,46,47 but also 

methodological development as well as a statistical programme in Stata for handling 

different aspects of the complexity attributed to clustering.2,3,36   

3.2 Summary of the publications  

The seven publications included in this thesis can be found in Appendix I (and V for 

unabridged version). Appendix II lists all my academic publications. Table 1 shows 

details of the seven publications, which are briefly described next.  
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Table 1. Study designs and data sources  

Authors Title of publication Data source Study design 

Smeeth, 

Fletcher, 

Ng, et al. 

(2002) 

Reduced hearing, ownership, and use of 

hearing aids in elderly people in the UK--the 

MRC Trial of the Assessment and 

Management of Older People in the 

Community: a cross-sectional survey. The 

Lancet  

MRC Trial of the Assessment 

and Management of Older 

People in the Community 

• General practices randomised to one of 4 intervention 

combinations from a 2x2 factorial design, stratified by Jarman 

score and standardised mortality ratio.  

• Primary comparison of methods of:  

(i) assessment: universal versus targeted   

(ii) management: multidisciplinary geriatric assessment team 

versus primary care team Smeeth, 

Ng (2002)  

Intraclass correlation coefficients for cluster 

randomized trials in primary care: data from 

the MRC Trial of the Assessment and 

Management of Older People in the 

Community. Controlled clinical trials  

Fletcher, 

Price, Ng, 

et al 

(2004) 

Population-based multidimensional 

assessment of older people in UK general 

practice: a cluster-randomised factorial trial. 

The Lancet 

Ng et al. 

(2006)  

Estimation in generalised linear mixed 

models with binary outcomes by simulated 

maximum likelihood. Statistical Modelling 

• USAsmall simulated data  

• Bangladesh fertility survey  

• USAsmall: simulated following same structure as a multistage 

clustered survey of prenatal health care in a developing country 

• BANG: 1988 Bangladesh fertility survey of contraceptive by a 

two-stage cluster sample design 

Ng et al. 

(2013)  

Two-stage nonparametric bootstrap 

sampling with shrinkage correction for 

clustered data. Stata Journal  

Psychological interventions for 

postnatal depression-

randomized controlled trial and 

economic evaluation (PoNDER) 

General practices randomized to one of two experimental 

psychological approaches [person-centred approach (PCA) or 

cognitive-behavioural approach (CBA)] or usual care (control arm), 

stratified by number of expected births per year. 

Ng et al. 

(2016)  

Multilevel models for cost-effectiveness 

analyses that use cluster randomised trial 

data: An approach to model choice. 

Statistical Methods in Medical Research  

Secondary Prevention of Heart 

disEase in geneRal practicE 

trial  (SPHERE) 

General practices randomized to intervention (practices and 

patients had access to tailored care plans) or control (patients 

received usual care). 

Johri, Ng, 

et al. 

(2017) 

A cluster-randomized trial to reduce 

caesarean delivery rates in Quebec: cost-

effectiveness analysis. BMC Medicine 

The Quality of Care, Obstetrics 

Risk Management, and Mode of 

Delivery study (QUARISMA) 

Hospitals were stratified by level of care and assigned to either the 

intervention or control group (1:1 allocation ratio)  
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3.2.1 The MRC trial of the assessment and management of older people in the 

community  

In 1990 the UK Department of Health introduced a contract of service for GPs 

requiring them to offer an annual assessment to patients aged 75 or over. Some argued 

that it was introduced prematurely48 upon inconclusive evidence of the benefit from 

underpowered studies of heterogeneous outcomes in disparate healthcare settings,49-52 

and that some of the earlier studies were flawed due to the use of individual 

randomization that risked contamination and dilution of the intervention effects.48 

Furthermore, the contract specified only the broad areas of assessment without any 

guidance on its details. While different methods for the assessment and targeted 

screening had been proposed,53 none had been evaluated in an adequately powered 

randomised trial with a rigorously defined assessment protocol.  

The MRC trial was the largest and most comprehensive study designed to evaluate a 

package of multidimensional assessment and management of elderly people with 

clearly defined outcomes and assessment protocol in the context of the 1990 

contract.54,55 It was a CRT with a 2x2 factorial design randomising 106 general 

practices (33,000 patients) between 4 intervention combinations. The main 

comparison groups were two assessment (universal versus targeted) and two 

subsequent clinical management (multidisciplinary geriatric team (GM) versus usual 

primary care team (PC)) methods. Primary outcomes were mortality, hospital and 

institutional admissions (nursing or residential home or long stay psychogeriatric 

hospital), and quality of life.   

In this study I took charge of the analysis of one of the main outcomes (institutional 

admissions),1 the hearing data for an add-on study,32 and the estimation and reporting 

of a large collection of ICCs.47 I will briefly describe these three papers in turn.  

(i) Fletcher, Price, Ng et al. (2004)1 

This Lancet paper reported results of the analysis of the four main trial outcomes. It 

was decided at the planning stage of the trial that robust standard errors should be used 

to account for clustering induced by the cluster-randomised study design.54 As 

discussed in section 2.4.2 failure to account for clustering in CRTs often results in 
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underestimated standard errors and overestimated test statistics, leading to overly 

small p-values with type I errors inflated above the nominal level.  

I implemented the planned statistical analysis by fitting a Poisson regression model 

for institutional admissions. In this case, robust standard errors were used to account 

for clustering at practice level and t-tests with K-L degrees of freedom were used to 

test the significance of regression parameters in the model, where K is total number of 

PSUs (practices in this case) and L the number of strata (see sections 2.5.2 and 

2.5.3).56,57  

Overall, the trial did not demonstrate any benefits in the health and quality of life 

outcomes for people aged 75 or over. The trial led to the withdrawal of a policy for 

preventative home visits for elderly people in England.55  

(ii) Smeeth, Fletcher, Ng et al. (2002)32  

The aim of this add-on study, reported in the Lancet, was to establish the prevalence 

of reduced hearing in elderly people in the community and levels of ownership of 

hearing aids and use in people with poor hearing. I analysed the data on self-reported 

hearing difficulties, results of the whispered voice test, and the use of hearing aid in 

the baseline assessment from the trial.  

In the presence of clustering induced by the trial design, conventional CIs would have 

been too narrow as they would have been constructed with underestimated standard 

errors and the wrong degrees of freedom (see section 2.5.2 for a discussion on degrees 

of freedom used for an adjusted t-test). I did the analysis using Stata’s survey data 

suite which uses robust standard errors with adjusted degrees of freedom for any test 

statistics. The customary degrees of freedom attributed to a test statistic is d = K-L 

(the number of PSUs minus the number of strata).57 Total sample size is usually much 

larger than the number of PSUs. Hence, the t-value, with d degrees of freedom, used 

for constructing the CIs would generally be larger resulting in a wider and more 

conservative interval.   

In this study high level of prevalence of elderly people with self-reported difficulties 

in everyday hearing was found with 42% (95% CI 40% to 43%) of participants 
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reporting at least a little difficulty in hearing. The prevalence of hearing difficulty rose 

sharply with age.  

(iii) Smeeth and Ng (2002)47 

This paper was motivated by the repeated calls for the publication of ICCs from CRTs 

to inform the design and planning of future CRTs in the early 2000s.11-13,19,25,58-64 This 

was the first paper that presented the ICCs of a wide range of variables for older people 

in the community at the level of general practice.47  The variables included social 

variables (such as whether someone has central heating), daily activities and 

consumptions of alcohol and smoking, as well as self-reported morbidity and 

functioning. 

I used data from the brief assessment from all 106 participating practices and data 

from the detailed assessment from the 53 practices in the universal arm in which all 

participants were offered a detailed assessment. Detailed assessment data from the 

targeted arm were not a representative sample and were not included. I followed the 

methods by Donner and Klar, which had been used in studies for maternal and child 

health and adolescent smoking, to obtain ICCs by one-way analysis of variance.13,65-

67 In this approach the ICC is similarly defined as in section 2.5.6 as the proportion of 

total variance due to between-cluster variance, <l$ *<l$⁄ + <m$+. I also presented the 

precision, using the formula by Donner and Koval,68 and the variance components 

(between- and within-cluster variances) of the ICCs as recommended in a framework 

proposed by Campbell et al.69 

A wide range of ICC values were reported from very small (<0.01) to around 0.05. 

These estimates were comparable to those reported in the literature with similar study 

design. In community interventional trials where communities were at regional or 

district level the ICCs were typically <0.01 but their magnitude rose with decreasing 

cluster size. This is because the within-cluster variation is typically lower with small 

clusters (such as households) leading to relative larger between-cluster variation. 

Hence, the ICC tends to be higher for smaller cluster units and vice versa. For example, 

they were generally <0.05 where communities were defined at postcode level and 

increased up to 0.3 where community was defined at household level.70  
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In this study the highest ICC values were observed for some of the social variables, 

such as whether someone had central heating (0.053) or ‘difficulty making ends meet’ 

(0.049). Socioeconomic differences in areas served by different practices may explain 

the large between-practice variation and higher ICCs. 

This publication, together with others that report ICCs, has helped improve the quality 

of CRTs by allowing adequately powered CRTs and clustered surveys that yield more 

reliable effect estimates of healthcare intervention in similar settings.  

 

3.2.2 The quality of care, obstetrics risk management, and mode of delivery 

(QUARISMA) trial  

The rapid increase in caesarean sections (CSs) worldwide despite its associated short- 

and long-term risks and increased costs has raised concern.71 The QUARISMA trial, 

a CRT designed to assess whether a non-clinical audit and feedback intervention 

targeting healthcare professionals would reduce CS rates compared to usual care in 

Quebec, reported in the New England Journal of Medicine found a statistically 

significant but clinically small reduction in CSs with no adverse effects.72  An 

economic evaluation was needed to answer the critical question of whether the 

programme should be scaled up across the province.  

(iv) Johri, Ng et at. (2017)46  

In July 2015 Prof Mira Johri (Chair of the trial Economic Evaluation Committee) 

contacted me to enquire about the Stata user-supplied command, tsb,36 I wrote for 

performing a two-stage bootstrap algorithm that can be used for performing CEA 

using data from CRT. See Ng et al. (2013) discussed below. I provided Prof Johri with 

statistical advice for handling the complexity of the cost-effectiveness (CE) data and 

was subsequently invited to join the trial economic evaluation committee and 

performed the CEA reported in this paper. In the CEA the intervention was assessed 

following a difference-in-differences (DID) approach with a focus on the uncertainty 

in the incremental costs and effects due to the intervention.73 



24 

 

This CEA shares some of the same challenges discussed in sections 2.4 and 2.5.6, such 

as correlated outcomes (individual-level costs and effects) and dependent data within 

clusters due to clustering. I modelled the clustered bivariate outcomes jointly by a 

Bayesian bivariate multilevel linear model (see section 2.5.6 for a discussion of MLM) 

that accommodates correlations between individual- and hospital-level costs and 

effects while accounting for the clustering by a hospital-level random effect and is 

robust to skewed cost data.  

Result from the fully adjusted model demonstrated that the intervention was 

“dominant” in CE terms because the bulk of the joint posterior distribution fell within 

the quadrant of the cost-effectiveness plane in which the intervention was both 

effective in reducing CSs and less costly than usual care.74,75 In a pre-planed subgroup 

analysis of low risk women, the posterior probability of reduced costs alone being 

99.98% and reduced CSs and costs 99.79%.  

The evidence provided by this economic evaluation was instrumental to the funding 

approval by the Quebec Ministry of Health and Social Services for scaling up the 

intervention across all 66 hospitals in the province. The findings have also been used 

to disseminate the QUARISMA programme in other provinces across Canada. See the 

testimony by the Medical Director of Salus Global's amproOB (Multidisciplinary 

Approach to Obstetrical Risk Prevention) program, Dr. Guy-Paul Gagné, in Quebec 

in Appendix III. This was also the only economic evaluation that met the quality 

assessment criteria for inclusion in the first World Health Organization’s guidelines 

on interventions to reduce unnecessary caesarean sections published in 2018.76  

 

3.3 Methodological development of appropriate methods for analysing CRTs  

The next 3 papers demonstrate my contribution to the methodological development in 

the analysis of clustered data including those from CRTs.  

(v) Ng et al. (2006)2  

Multilevel (or mixed) models with discrete outcome are challenging to fit (see 2.5.6), 

as there may be no tractable solution to the likelihood function which is the product of 
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a discrete (outcome) distribution and a continuous (cluster-level random effect) 

distribution. Quasi-likelihood methods approximate the discrete multilevel likelihood 

(see, for example, Equation [8] in 2.5.6) by a Gaussian multilevel likelihood using a 

linearisation (Taylor series expansion) of the multilevel nonlinear (such as logit) 

model to a multilevel linear model.77-79 However, these methods yield downwardly 

biased (towards zero) parameter estimates, particularly when the data are sparse (few 

individual-level units per cluster),80 and do not produce any estimate of the log-

likelihood for comparing nested models. This paper evaluated several simulation-

based approaches to bias correction in two-level MLMs with binary outcome. A 

secondary aim was to use simulated and real data examples to compare and contrast 

the best simulated-based bias correction method with some alternatives implemented 

in statistical software.  

Among the simulated-based methods, a bootstrap bias correction proposed by Kuk 

was implemented in MLwiN and the Robbins-Monro stochastic approximation was 

potentially more efficient.81,82 Another contender by Monte-Carlo integration known 

as Simulated Maximum Likelihood (SML) yielded comparable mean squared errors 

while providing standard errors of the bias-corrected parameter estimates and an 

estimate of the log-likelihood at the maximum; thus, allowing hypothesis testing of 

parameter estimates between nested models. To optimize the search routine for 

implementing SML in Matlab I supplied it with the analytical form of the first 

derivative vQ vx⁄ , where x ∈ *9, Σ+ and 9 and Σ are the fixed and random parameters 

respectively, which I manually derived (see Appendix A in Ng et al.2).  While all three 

simulation-based methods were shown to reduce bias and gave similar mean squared 

errors in the simulation study, the first two did not yield SEs of the biased-corrected 

parameter estimates.  

Using simulated and real data examples, SML was compared with second-order 

Laplace approximation (implemented in HLM) and numerical integration using 

quadrature methods (in Stata’s GLLAMM and SAS’s proc NLMIXED).83-85 With 

sparse data the second-order Laplace method yielded markedly lower parameter 

estimates than SML and quadrature methods. SML required shorter computing times 

than numerical integration for models with multiple REs.  
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In all SML performed well against other simulation-based methods for bias reduction 

and readily provided standard errors of the bias-corrected parameter estimates and an 

estimate of the log-likelihood at the maximum. Furthermore, it could be extended to 

handle other link functions, non-normal REs, and higher-level models. This work is 

referenced in the Stata multilevel mixed-effects refence manual.86  

(vi) Ng et al. (2013)36 

It was reported that up to 95% of previously published CEAs conducted alongside 

CRTs failed to account for the complexity of the data from such trials such as 

clustering, bivariate correlation between costs and effects, and skewness in costs.87 In 

an extensive simulation study that I conducted and reported in a co-authored paper 

(not included in this thesis), we found a method known as two-stage nonparametric 

bootstrap (TSB) resampling procedure proposed by Davidson and Hinkley performed 

favourably even with few clusters, imbalanced cluster sizes as well as skewed costs 

(Section 2.5.4).37  

However, this method was not widely adopted in practice in the community because 

of its requirement of equal cluster sizes and a lack of readily available software 

implementation. Although an application of TSB had previously been implemented in 

R,34 the authors did not incorporate a ‘shrinkage’ correction35 that was found to be 

critical in maintaining accurate confidence interval coverage in the simulation study 

reported in Gomes et al.37 Davidson and Hinkley noted that unless the number of 

clusters and individuals per cluster are both large TSB may overestimate the variance. 

Resampling at the second stage is likely to double count the within-cluster variance 

because the cluster means estimated from stage 1 already incorporated both within-

and between-cluster variability.35,88    

I implemented the TSB algorithm in a new Stata command, tsb, described in this Stata 

Journal paper.36  tsb was written as a Stata ado-file, that serves as a wrapper function 

that invokes a number of functions written using the fast Stata programming language 

Mata to perform the TSB procedure on a user-supplied statistic for clustered data. 

Although tsb was written for CEA in mind, it is applicable to other analyses of 

clustered data generally. As part of this command suite, I also wrote another command, 
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tsbceprob, that is more specific for CEA that calculates cost-effective probabilities for 

the interventions being investigated.  

I tested tsb using data from two scenarios in the extensive simulation study reported 

in Gomes et al.37 They included a challenging scenario with few (three) clusters per 

arm, imbalanced cluster sizes, and skewed costs. The results indicated that the CIs 

constructed by TSB with shrinkage correction gave the most accurate CI coverage.  

My intention of making the TSB procedure available through Stata, which is popular 

among health economists, was to contribute to the improvement in the quality of CEAs 

alongside CRTs and to help turn research findings into practice. This is evidenced by 

the 21 citations tracked by Web of Science as of 24 September 2021 suggesting the 

tsb or tsbceprob command may have been considered or used in 21 studies or more. 

This work is  referenced in the Stata base reference manual.89 

(vii) Ng et al. (2016)3 

MLMs provide a flexible modelling framework for CEA of CRTs.37 They 

accommodate bivariate correlations between costs and effects at individual and cluster 

levels, alternative distributions for skewed costs as well as imbalanced cluster sizes 

(Section 2.5.6). MLMs also allow complex variance-covariance structures that may 

arise in some CRTs. For example, individual-level costs may have variances, and 

correlations with effects, that differ between treatment arms or across clusters due to 

variations in budget constraints, efficiency, clinical practice, or case-mix.90 However, 

there was little guidance to model choice among contender MLMs.  

In this work I considered a range of Bayesian MLMs (fitted by MCMC in WinBUGS) 

that assumed increasingly skewed cost distributions in the exponential family 

(Normal, Gamma, and Inverse Gaussian – variances of the latter two are proportional 

to increasing power of their means, >$ and >z, respectively; effects were assumed to 

be Normally distributed) and with complex variance-covariance structures. I began 

with a base model with constant variances and correlations across clusters. This was 

relaxed by allowing individual-level variances to differ first by treatment then by 

cluster, followed by individual-level correlations to differ in the same ways, and, 

finally, cluster-level variances and correlations to differ by treatment. The complexity 
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in the variance-covariance structure was built up cumulatively. Normal distribution 

was assumed for effects throughout.  

An example dataset from the SPHERE study91 was used to demonstrate an approach 

for choosing appropriate MLMs. The aim of the CRT was to assess the effectiveness 

of a secondary prevention strategy for patients with coronary heart disease. Forty-eight 

general practices were randomised to intervention (tailored care plans) or control 

(usual care). The two endpoints were health service costs and health-related quality of 

life. The primary statistics of interest are the incremental net benefit (INB) estimated 

by the MLMs.  

The approach to model choice was based on four criteria: data characterisation (visual 

inspection and descriptive statistics), literature informed model pre-specification, 

diagnostic plots, and model assessment by the Deviance Information Criterion 

(DIC)92.  

Given the same variance-covariance specification, normal plots of deviance residuals 

differentiated MLMs with different cost distributions while indicating Inverse 

Gaussian for skewed costs in our example data. However, these plots showed little 

variations between the MLMs with different variance-covariance structures given the 

same cost distribution. The DIC differentiated models with different cost distributions 

as well as different variance-covariance structures. It showed that the best fitting 

model was the Inverse Gaussian MLM with individual-level variances and 

correlations that differed by cluster.  It is worth noting though that all model yields 

similar INB estimates with largely overlapping credible intervals that include the null 

value of zero suggesting no net benefit of the intervention.  

This work provided a potential framework to aid model choice of MLMs for CEA of 

CRTs. However, the results presented were based on one example dataset and may not 

be generalisable for all CEAs of CRTs.  
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4 Conclusions  

The pragmatic nature of CRT and clustered surveys has made them the designs of 

choice when individual randomisation or simple random sampling is infeasible or 

undesirable. However, the data dependency induced by these designs invalidates most 

standard statistical methods and requires methods that handle such dependency 

appropriately for valid inference.  

Through the seven publications presented in this thesis I have demonstrated the key 

challenges involved in the analysis of clustered data arising from CRTs or clustered 

surveys. The papers served as exemplars to those tasked with the analysis of clustered 

data including CEA of CRTs, e.g., the application of robust standard errors to account 

for clustering and constructing confidence intervals for CRTs, estimation of ICCs for 

sample size calculation for future studies, and MLMs for CEA of CRTs.1,32,46,47 The 

last of these demonstrated the cost-effectiveness of a non-clinical audit programme to 

reduce unnecessary caesarean sections (CSs) which led to its scale-up across all 

obstetric hospitals in Quebec. It was the only CEA included in the first WHO’s 

guidelines on interventions to reduce unnecessary CSs. The papers also contributed to 

the development of statistical methodology for analysing clustered binary outcomes, 

the software implementation of a two-stage bootstrap algorithm for clustered data as 

well as the development of MLMs, with a guidance of model choice, that handle 

bivariate correlations, skewed costs and complex variance-covariance structures.2,3,36  

Looking beyond this thesis, the amount of clustered health data arisen from CRTs is 

set to rise partly due to the increasing availability of nationally representative 

electronic health databases93 around the world and the advent of pragmatic CRTs that 

use routinely collected electronic records.94-98 While this has the potential to reduce 

the cost and effort in the management and data collection of CRTs, it is important that 

researchers and analysts are aware of the issues associated with clustered data and be 

knowledgeable of some of the appropriate methods as I have illustrated in this thesis. 

Recent advances in missing data methodology have already expanded the applicability 

of some of the modelling techniques presented in these papers99 and should continue 

to do so for more challenging missing data mechanisms.100  
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A cluster-randomized trial to reduce
caesarean delivery rates in Quebec: cost-
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Abstract

Background: Widespread increases in caesarean section (CS) rates have sparked concerns about risks to mothers
and infants and rising healthcare costs. A multicentre, two-arm, cluster-randomized trial in Quebec, Canada assessed
whether an audit and feedback intervention targeting health professionals would reduce CS rates for pregnant
women compared to usual care, and concluded that it reduced CS rates without adverse effects on maternal or
neonatal health. The effect was statistically significant but clinically small. We assessed cost-effectiveness to inform
scale-up decisions.

Methods: A prospective economic evaluation was undertaken using individual patient data from the Quality of
Care, Obstetrics Risk Management, and Mode of Delivery (QUARISMA) trial (April 2008 to October 2011). Analyses
took a healthcare payer perspective. The time horizon captured hospital-based costs and clinical events for mothers
and neonates from labour onset to 3 months postpartum. Resource use was identified and measured from patient
charts and valued using standardized government sources. We estimated the changes in CS rates and costs for the
intervention group (versus controls) between the baseline and post-intervention periods. We examined
heterogeneity between clinical subgroups of high-risk versus low-risk pregnancies and estimated the joint
uncertainty in cost-effectiveness over 20,000 trial simulations. We decomposed costs to identify drivers of change.

Results: The intervention group experienced per-patient reductions of 0.005 CS (95% confidence interval (CI): −0.
015 to 0.004, P = 0.09) and $180 (95% CI: −$277 to − $83, P < 0.001). Women with low-risk pregnancies experienced
statistically significant reductions in CS rates and costs; changes for the high-risk subgroup were not significant. The
intervention was “dominant” (effective in reducing CS and less costly than usual care) in 86.08% of simulations. It
reduced costs in 99.99% of simulations. Cost reductions were driven by lower rates of neonatal complications in the
intervention group (−$190, 95% CI: −$255 to − $125, P < 0.001). Given 88,000 annual provincial births, a similar
intervention could save $15.8 million (range: $7.3 to $24.4 million) in Quebec annually.

Conclusions: From a healthcare payer perspective, a multifaceted intervention involving audits and feedback
resulted in a small reduction in caesarean deliveries and important cost savings. Cost reductions are consistent with
improved quality of care in intervention group hospitals.
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Background
The use of caesarean sections has increased to unprece-
dented levels worldwide; 18.6% of global and 32.3% of
North American births now occur by caesarean section
[1]. With the exception of the African region, where cae-
sarean section rates remain low, substantial increases in
caesarean deliveries have been documented in all global
regions [1]. Caesarean sections are important in reducing
maternal and perinatal mortality and morbidity when
medically justified; however, non-medically necessary cae-
sareans have no documented benefit [2]. In many jurisdic-
tions, caesarean section rates in excess of recommended
thresholds have sparked concerns about potential risks
to mothers and infants and escalating healthcare costs
[1, 3, 4]. Evidence concerning effective approaches to re-
duce unnecessary caesareans is currently limited [3, 5].
The Quality of Care, Obstetrics Risk Management,

and Mode of Delivery (QUARISMA) study was a
cluster-randomized controlled trial conducted from
2008 to 2011 in 32 hospitals in Quebec, Canada [6]. The
trial assessed whether a multifaceted audit and feedback
intervention targeting health professionals involved in
labour, delivery, and postpartum care would reduce cae-
sarean section rates as compared to usual care for preg-
nant women [6]. The idea motivating the QUARISMA
trial was that an effective knowledge translation inter-
vention could improve adherence to clinical practice
guidelines and quality of care, thereby reducing unneces-
sary caesareans and optimizing resource use.
The main trial analysis found a statistically significant but

clinically small reduction in caesarean sections (adjusted
absolute risk difference of −1.8% (95% CI: −3.8 to −0.2,
P = 0.04) with no adverse effects on maternal or neonatal
health outcomes [6]. The reduction in caesareans was ob-
served among women with low-risk pregnancies but not
among women with high-risk pregnancies [6]. Although re-
sources required to deliver the intervention are modest, the
anticipated magnitude of clinical benefit is small, leaving
unanswered questions about whether the intervention
should be offered at scale. A cost-effectiveness analysis is
required to complete information from the trial and enable
decision makers to interpret results for policy and practice.
We conducted a cost-effectiveness analysis of the

QUARISMA trial using individual patient data. Our pri-
mary objective was to compare the impact on caesarean de-
livery rates and costs of a multifaceted audit and feedback
intervention targeting health professionals versus usual care
for pregnant women. Subgroup analyses examined cost-
effectiveness in high-risk versus low-risk pregnancies, the
clinical subgroups established a priori for the trial.

Methods
The QUARISMA trial was conducted in the province of
Quebec, Canada. In 2014, Quebec’s population was 8.2

million, and life expectancy at birth was 79 for males
and 83 for females [7]. Gross domestic product per
capita measured in US dollar purchasing power parity
was $36,216 in 2013 [8]. The QUARISMA economic
evaluation adopted the perspective of the publicly
funded healthcare system in Quebec. Analysis of effects
focused on the primary hypothesized trial outcome of
reduction in caesarean sections, while cost analysis ex-
amined direct costs to the public healthcare system. Cost
variables capture the full spectrum of resource use re-
lated to labour and delivery from hospital admission for
labour until 3 months postpartum. As delivery mode
(caesarean or vaginal) was the primary trial endpoint, a
short-term hospital stay is sufficient to capture all mean-
ingful differences in costs and clinical outcomes between
intervention and control arms. Costs and health out-
comes were discounted at an annual rate of 0% due to
the short (<1 year) period for results assessment [9, 10].
All participating hospital centres granted research eth-

ics approval for the trial.

Trial overview
Details of the QUARISMA trial have been reported [6].
Briefly, QUARISMA employed a cluster-randomized de-
sign with a 1:1 allocation ratio. Clusters were 32 public
hospitals in the province of Quebec, Canada. Hospitals
were stratified by level of care and assigned to either the
intervention or control group using computer-generated
blocked randomization within each stratum. Hospital
centres were eligible to participate if they had at least
300 deliveries in the year prior to study initiation, a cae-
sarean section rate of at least 17%, and no concurrent
program to reduce caesareans. Based on these criteria,
40 hospitals were eligible, 38 agreed to participate, and
32 were randomly selected for inclusion. All women
who gave birth at a participating hospital during the
study period and whose newborns met criteria related to
gestational age (≥24 weeks) and birth weight (≥500 g)
were included in the analysis.
The study comprised three phases: a 1-year pre-

intervention (baseline) period, a 1.5-year intervention
period, and a 1-year post-intervention period. The base-
line period involved onsite training and capacity building
to improve caesarean delivery and intrapartum care.
During the 1.5-year intervention period, hospital audit
committees implemented four 3-month audit cycles
using local data to assess the appropriateness of caesar-
ean delivery, engage in collective learning, provide feed-
back to clinicians, and implement best practices based
on the results. Analyses for the main trial and the eco-
nomic evaluation compared outcomes in the 1-year
baseline period (1 April 2008 to 31 March 2009) to those
in the 1-year post-intervention period (1 November 2010
to 31 October 2011). The QUARISMA trial captured
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more than 65% of all deliveries in Quebec province during
the study period [11]. No hospital or woman was lost to
follow-up.

Sample size
QUARISMA was designed and powered to detect differ-
ences between treatment groups in the primary clinical
endpoint (caesarean sections averted). Sample size cal-
culations were not designed to test cost-effectiveness
hypotheses.

Effects
We recorded clinical events from patient charts. Trained
data collectors extracted data concerning caesarean or
vaginal delivery as well as secondary outcomes including
major and minor maternal complications and major and
minor neonatal complications [6]. Trained research
nurses or medical archivists abstracted in-hospital data
from the medical records of mothers and newborns
3 months after delivery. Data collectors were aware of
randomization assignments but were not involved in out-
comes assessment. Given the nature of the clinical condi-
tion and the short time horizon, we did not include
preference-based measures of health-related quality of life.

Resource use and costs
We considered resource use and costs associated with
delivery and complications recorded in the QUARISMA
trial (Additional file 1: Section 3; Table S1) [6]. Medical
procedure costs (Additional file 1: Table S2 and Table
S3) were calculated as the sum of inpatient (hospital)
costs and physician fees. For all trial participants con-
tributing data to either the baseline or post-intervention
period, we used inpatient chart data to identify clinical
events generating resource use. To estimate inpatient
procedure costs, we applied unit costs from the 2013
Canadian Institute for Health Information (CIHI) Patient
Cost Estimator (PCE) for the jurisdiction of Quebec to
resource use categories [12]. Published annually by the
Canadian government, PCE costs represent the product
of the costs of a standard hospital stay in a specific juris-
diction multiplied by a resource intensity weight reflect-
ing resource use for a specific case mix and age group
[12]. The 2013 PCE release includes 2010–2011 financial
information [12], which corresponds to the QUARISMA
post-intervention period. PCE costs exclude physician
fees, which were taken from Canada’s National Physician
Database (NPD), 2011–2012 [13]. Total costs also in-
cluded resource requirements and costs associated with
delivery of the QUARISMA intervention (Additional file
1: Table S4), which were estimated directly from QUAR-
ISMA trial records. Protocol-driven costs were excluded
[9]. All costs are reported in 2013 Canadian dollars. In

2013, one US dollar was worth on average 1.03 Canadian
dollars [14].

Statistical analysis
Analyses for the QUARISMA economic evaluation were
based on the intention-to-treat principle and carried for-
ward strategies from the main trial analysis [6]. We
adopted a variant of the difference-in-differences ap-
proach to estimate the intervention effect while control-
ling for unobserved characteristics of individual patients
or program placement in hospitals that might lead to se-
lection bias [15]. Specifically, to assess intervention im-
pact, we studied changes in caesarean delivery rates and
costs in the two study groups between the 1-year base-
line period and the 1-year post-intervention period using
adjusted regression coefficients (with their 95% confi-
dence intervals) for the interaction between group
(intervention or control) and time period (post-interven-
tion or baseline) [6, 16].

Main analysis
We modelled costs and effects jointly using bivariate
multilevel linear models that explicitly recognize poten-
tial correlations between the bivariate outcomes (caesar-
ean sections and costs) at individual and cluster
(hospital) levels. In our models, individual patients (level 1)
were assumed to be nested within hospitals (level 2), and
correlations were estimated at both hierarchical levels. We
used cluster-level random effects to handle clustering of
observations within hospitals [17, 18]. The analysis in-
cluded all trial participants. Crude models studied the
intervention effect by estimating the interaction between
study group and time period. Adjusted models estimated
the same interaction term while including additional base-
line covariates (pregnancy risk, parity, current smoking,
birth weight, and hospital type) used in the QUARISMA
trial analysis [6]. Models were estimated by restricted un-
biased iterative generalized least-squares estimation imple-
mented in MLwiN (version 2.35) [19] within Stata 14.1
using the runmlwin [20] command.
We had intended to calculate the incremental cost-

effectiveness ratio (ICER) statistic as the ratio of add-
itional costs per additional caesarean sections averted.
However, interpretation is problematic when ICER esti-
mates are negative, as in this case where the intervention
reduces costs [21]. Incremental costs and effects are
therefore presented separately.

Uncertainty and heterogeneity of the cost-effectiveness
measures
We applied Bayesian Markov chain Monte Carlo
methods to the bivariate multilevel linear models used
in the main analysis to ascertain the joint uncertainty of
the estimands, incremental costs, and effects [22]. The

Johri et al. BMC Medicine  (2017) 15:96 Page 3 of 9



posterior distributions of the incremental costs and effects
were given by 20,000 iterations of the Markov chains after
a burn-in of 5000 iterations. We used cost-effectiveness
planes plotting the values of incremental costs and effects
stored in the Markov chains to present the joint uncer-
tainty of the estimands. To explore potential heterogeneity
in the results, we prospectively planned to repeat all ana-
lyses over patient risk subgroups [21].

Other analyses
We adapted the bivariate multilevel linear models from
the main analysis to consider two further issues. (1)
NPD estimates for physician billings are uncertain [13]
and can substantially influence total costs. We prospect-
ively planned sensitivity analyses using alternative phys-
ician fee estimates from the Quebec medical specialists
billing manual [23]. (2) To gain insight into cost drivers,
we decomposed total costs into costs associated with de-
livery, maternal complications, and neonatal complica-
tions. Costs were grouped into these three categories
because statistical power was insufficient to examine
cost differences on a per-complication basis. Analyses of
cost components were empirically motivated.
An independent team not involved in the main trial

analysis conducted the economic analysis. All reported P
values are two-sided. P values lower than 0.05 were con-
sidered statistically significant. Additional file 1: Section
2 expands on the statistical analysis; Tables S8 and S9
describe data clustering.

Results
Participants
All (100%) of the 105,351 women who delivered in the
baseline or post-intervention period were included in
the QUARISMA main trial analysis [6] and the eco-
nomic evaluation. Analysis of baseline hospital, cost, and
patient characteristics (Additional file 1: Table S5) re-
vealed no significant differences between study groups,
with the exception of maternal parity, which was included
as a covariate in the adjusted analyses.

Incremental costs and effects
Table 1 presents main analysis results concerning the incre-
mental change in effects and costs due to the QUARISMA
intervention. Analyses including all patients showed a small
non-significant reduction in caesareans in the intervention
group as compared to controls and an important reduction
in costs, yielding adjusted estimates (Table 1, Model 2) of a
per-patient reduction of 0.005 caesarean sections (95%
confidence interval (CI): –0.015 to 0.004, P = 0.09) and
$180 saved (95% CI: −$277 to − $83, P < 0.001). Patterns
differed by patient risk. Women with low-risk pregnancies
experienced larger, statistically significant reductions in
caesarean sections and costs. Women with high-risk

pregnancies experienced a small, non-significant increase in
caesarean sections and a non-significant reduction in costs.
Sensitivity analyses using alternative cost estimates pre-
dicted lower estimated savings but similar conclusions
(Additional file 1: Table S6).

Uncertainty of incremental costs and effects
Figures 1 and 2 present the joint uncertainties in cost
and effectiveness estimates from the Bayesian Markov
chain Monte Carlo analyses on the cost-effectiveness
plane. Analyses including all patients (Fig. 1) revealed
that the intervention reduced caesarean sections and
costs in 86.01% of the Monte Carlo iterations, and re-
duced costs in 99.99% of iterations. For women with
low-risk (high-risk) pregnancies (Fig. 2), the intervention
reduced caesarean sections in 99.81% (15.97%) of the it-
erations, reduced costs in 99.98% (90.36%), and reduced
both outcomes in 99.79% (15.24%). Sensitivity analyses
using alternative cost estimates generated similar results
(Additional file 1: Figure S1 and Figure S2).

Cost subcategories
Table 2 presents changes in per-patient costs by subcat-
egories of delivery costs, maternal complications, and
neonatal complications. Findings suggest that the inter-
vention to reduce caesarean sections resulted in im-
proved quality along the continuum of care. Adjusted
analyses including all patients revealed that the major
driver of cost reductions was management of neonatal
complications (−$190, 95% CI: −$255 to− $125, P < 0.001),
which were less frequent in the intervention group [6].
Reductions in management costs for neonatal cardiopul-
monary complications were especially important (−$150,
95% CI: −$197 to − $103, P < 0.001); costs for other neo-
natal complications were also reduced (−$41, 95% CI: −$80
to − $1, P < 0.047). Results using alternative cost assump-
tions were similar (Additional file 1: Table S7).

Discussion
The QUARISMA trial found that an intervention involv-
ing clinical audits, feedback, and implementation of best
practices resulted in a statistically significant but small
reduction in caesarean sections without adverse effects
on maternal or neonatal outcomes [6]. In this economic
evaluation conducted alongside the main trial, the ana-
lysis including all trial participants found that the inter-
vention also conferred significant average cost savings of
$180 (95% CI: $83–277) per patient, equivalent to 3.0%
(95% CI: 1.4–4.5%) of mean per-patient total costs.
Patterns differed by patient risk. Women with low-risk
pregnancies experienced statistically significant reduc-
tions in caesarean sections and costs, while women with
high-risk pregnancies did not experience significant
changes in either outcome.
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Sensitivity analyses exploring uncertainty in cost-
effectiveness estimates over 20,000 trial simulations
demonstrated that QUARISMA was the “dominant”
intervention (effective in reducing caesarean sections
and less costly than usual care) 86.08% of the time. The
intervention reduced costs 99.99% of the time. Cost sav-
ings largely reflect the reduced costs of managing neo-
natal complications, which occurred less frequently in
the intervention group [6].
Our findings are important for clinicians and policy-

makers interested in the care of pregnant women and

neonates. The QUARISMA trial tested a multifaceted
strategy involving audits and feedback to enable groups
of health professionals to improve the quality of labour
and delivery care at participating hospitals. In addition
to achieving a statistically significant but clinically small
benefit in the primary outcome of reducing caesarean
sections, QUARISMA also demonstrated benefits for a
variety of secondary clinical endpoints consistent with
improvements in the standard of care implemented in
intervention group hospitals [6]. Secondary trial out-
comes revealing statistically significant improvements

Fig. 1 Incremental cost-effectiveness of the QUARISMA intervention versus routine care. Cost-effectiveness (CE) plane for the covariate-adjusted
cost-effectiveness analysis of the QUARISMA intervention versus routine care. Incremental cost-effectiveness results were based on 20,000 Markov
chain Monte Carlo iterations including all trial participants (N = 105,351). An ellipse containing 95% of the joint posterior distribution of incremental
costs and effects is used to represent uncertainty on the CE plane. The centre of the ellipse represents the point estimate of incremental effects and
costs, i.e. a per-patient reduction of 0.005 caesarean sections and $180 saved. Percentages represent the distribution of points by quadrant

Table 1 Impact of the QUARISMA intervention on caesarean sections and total direct medical costsa, b

Model 1: BMLM (crude) Model 2: BMLM (adjusted)

Coef. (ß) Std. Err. 95% CI P value Coef. (ß) Std. Err. 95% CI P value

All participantsc (N = 105,351 patients; 32 hospitals)c

Effects (CS) −0.009 0.005 (−0.019 to 0.002) 0.096 −0.005 0.005 (−0.015 to 0.004) 0.288

Costs ($) −185 50 (−283 to −86) <0.001 −180 49 (−277 to −83) <0.001

Low-risk subgroupd (N = 49,281 patients; 32 hospitals)

Effects (CS) −0.013 0.005 (−0.023 to −0.003) 0.013 −0.014 0.005 (−0.024 to −0.004) 0.005

Costs ($) −210 63 (−334 to −87) 0.001 −226 62 (−348 to −105) <0.001

High-risk subgroupd (N = 56,070 patients; 32 hospitals)

Effects (CS) 0.009 0.008 (−0.007 to 0.024) 0.291 0.008 0.008 (−0.008 to 0.024) 0.307

Costs ($) −102 76 (−250 to 47) 0.180 −97 75 (−243 to 49) 0.193

BMLM bivariate multilevel linear model, CS caesarean section
aAll costs given in 2013 Canadian dollars = (0.94 USD) [30]
bTotal costs calculated using CIHI National Physician Database 2011–2012 physician fees for the Province of Quebec [13]
cAdjusted models for all participants included the following covariates: parity, smoking, birth weight, hospital type, and women’s risk level
dAdjusted subgroup models included the following covariates: parity, smoking, birth weight, and hospital type
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included minor neonatal morbidity (i.e. cardiopulmonary
morbidity, moderate acidosis (pH ≥7 and <7.1), minor
trauma, and neonatal infection/sepsis) and major neo-
natal morbidity (i.e. major trauma, use of invasive mech-
anical ventilation, and intrapartum and neonatal deaths)
[6]. Economic evaluation offers a framework within
which complex changes can be synthesized to aid in
policymaking. Our findings (Table 1) suggest that if a
similar intervention were to be delivered at scale in the
Province of Quebec, for an annual provincial birth
cohort of approximately 88,000 [11] and a per-patient re-
duction in caesareans of 0.005 (95% CI: −0.015 to 0.004),
one could anticipate a reduction of roughly 440 (1320
to 0) caesarean sections. For the same annual birth cohort
of 88,000 [11] and a per-patient reduction in costs of $180
(95% CI: −$277 to − $83), this translates to a cost sav-
ings of $15.8 million (range: $7.3 to $24.4 million),
achieved without increasing maternal and neonatal
morbidity and mortality.
These results have important implications for the scien-

tific literatures evaluating audit and feedback approaches
for quality improvement and non-clinical interventions to
reduce caesarean sections. The audit and feedback strat-
egy is widely used to promote quality improvement. A re-
cent Cochrane systematic review found that audit and
feedback generally leads to small but potentially important

improvements in professional practice [24], which coheres
well with the QUARISMA trial finding that the interven-
tion conferred a modest reduction in caesarean sections
[6]. Intervention impact on healthcare costs is often an
outcome of central interest for quality improvement inter-
ventions. Yet, we found only one economic evaluation of
an audit and feedback intervention based on data from a
randomized trial, published by Fretheim and colleagues in
2006 [25]. This study is a well-conducted evaluation of a
small, individually randomized trial in Norway, which
found potential cost savings due to the intervention [25].
Analytic methods have advanced considerably in the in-
terim; notably, the Fretheim and colleagues study was not
based on individual patient data.
Important studies of non-clinical interventions to re-

duce unnecessary caesareans exist [5]; however, only one
has published an economic evaluation [26]. Hollinghurst
and colleagues conducted a cost-consequences analysis
of a small, individually randomized trial of 742 pregnant
women in the UK with a prior caesarean section [26], to
evaluate two computer-based decision aids to reduce re-
peat caesarean sections [27]. One decision aid reduced
repeat caesareans and was likely cost-neutral [27].
Ours is the first economic evaluation of a non-clinical

intervention to reduce caesarean section rates based on
a cluster-randomized trial. The QUARISMA trial was

Fig. 2 Incremental cost-effectiveness of the QUARISMA intervention versus routine care, by risk subgroups. Cost-effectiveness (CE) planes for the
covariate-adjusted cost-effectiveness analysis of the QUARISMA intervention versus routine care, by patient risk subgroups. Incremental cost-effectiveness
results were based on 20,000 Markov chain Monte Carlo iterations estimated separately for low risk (N= 49,281) and high-risk (N = 56,070) trial participants.
An ellipse containing 95% of the joint posterior distribution of incremental costs and effects is used to represent uncertainty on the CE plane. The centre
of the ellipse represents the point estimate of incremental effects and costs, i.e. a per-patient reduction of 0.014 caesarean sections and $226 saved for
the low-risk subgroup, and a per-patient increase of 0.008 caesarean sections and $75 expenditure for the high-risk subgroup. Percentages represent the
distribution of points by quadrant; figures may not sum to 100 due to rounding
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well designed and implemented and captured 65% of
provincial births occurring in the trial period, plausibly
representing the general population of pregnant women in
Quebec province. Prospective data collection improved
data completeness, accuracy, and coherence, while the use
of standardized government sources for costing enhanced
generalizability. The economic analysis was based on the
intention-to-treat principle; it used complete data from in-
dividual patients and appropriate statistical methods that
accounted for clustering and correlated outcomes to de-
rive methodologically robust estimates of between-group
differences in costs and effects.
Several limitations should be considered. (1) We

assigned unit costs using Canadian government estimates
computed annually through established methodologies.
Because physician payment mechanisms in Canada are
heterogeneous, physician cost estimates are less reliable
than those for inpatient costs [13]. We repeated all ana-
lyses using an alternative data source representing billable
fees per procedure, which provides a lower bound for
physician costs and conservatively estimates cost savings.
(2) The economic evaluation used a linear model to study
mean costs and effects. This enabled us to address the key
policymaking question of interest to decision makers,
which concerns the absolute change in effects per change
in costs conferred by the intervention. Linear regression

models may result in incorrect standard errors. While our
bivariate multilevel linear models account for clustering
and bivariate correlations at hospital and individual levels,
the use of Markov chain Monte Carlo methods to gener-
ate joint posterior distributions of incremental costs and
effects yielded sample means and estimates of uncertainty
robust to skewed costs [17, 28]. The main trial analysis ap-
propriately modelled caesarean sections as binary, and its
results, presented on the odds ratio scale, should be con-
sidered the definitive estimates of intervention impact [6].
(3) The central limit theorem, upon which valid inference
of sample means is based, may not hold with small sample
sizes [29]. Our dataset has 105,351 patients from 32
independent clusters with a median cluster size of 2644
patients (range: 638 to 9608). (4) Sample size calculations
for the QUARISMA trial were not designed to test cost-
effectiveness hypotheses. Methodological guidance suggests
that economic evaluation should focus on characterizing
differences between study group, rather than formal hy-
pothesis testing [21]. This trial had a large sample size, and
overall and stratified cost-effectiveness analyses were able
to detect a difference between study groups at a signifi-
cance level of 0.05, suggesting that the sample size was ad-
equate. (5) Our analysis was based on a health system
perspective. Patients and providers may have personal pref-
erences for caesarean sections, positive or negative, not

Table 2 Changes in per-patient costs due to the intervention, by clinical categorya, b

Cost component BMLM (crude) BMLM (adjusted)

Coef. (ß) ($) Std. Err. ($) 95% CI ($) P value Coef. (ß) ($) Std. Err. ($) 95% CI ($) P valuec

All participants (N = 105,351 patients; 32 hospitals)

Delivery (caesarean or vaginal)d −8.3 8.2 (−24.4 to 7.7) 0.310 −6.2 7.7 (−21.3 to 9.0) 0.424

Maternal complicationse 19.9 30.0 (−38.9 to 78.8) 0.507 16.3 29.9 (−42.3 to 74.8) 0.586

Neonatal complicationsf −196 33.8 (−262 to −130) <0.001 −190 33.3 (−255 to −125) <0.001

Low-risk group (N = 49,281 patients; 32 hospitals)

Delivery (caesarean or vaginal)d −17.2 9.4 (−35.7 to 1.3) 0.069 −22.0 9.0 (−39.5 to −4.5) 0.014

Maternal complicationse 22.0 38.4 (−53.2 to 97.2) 0.566 14.7 38.1 (−59.9 to 89.3) 0.700

Neonatal complicationsf −215 42.0 (−297 to −133) <0.001 −219 41.8 (−301 to −137) <0.001

High-risk group (N = 56,070 patients; 32 hospitals)

Delivery (caesarean or vaginal)d 17.6 12.2 (−6.3 to 41.6) 0.149 14.8 12.2 (−9.0 to 38.7) 0.223

Maternal complicationse 17.6 45.3 (−71.2 to 106) 0.698 14.2 45.1 (−74.3 to 103) 0.753

Neonatal complicationsf −136 51.2 (−237 to −36.0) 0.008 −126 50.0 (−224 to −27.6) 0.012

BMLM bivariate multilevel linear model, CI confidence interval
aModel coefficients (ß), standard errors, and 95% confidence intervals present costs given in 2013 Canadian dollars = (0.94 USD) [30]
bTotal costs calculated using CIHI National Physician Database 2011–2012 physician fees for the Province of Quebec [13]
cThe P value is the probability of observing a result at least as extreme as the z-statistic, for the null hypothesis that the difference in the rate changes in costs for
the intervention group from baseline to post-intervention versus the control group from baseline to post-intervention does not differ from zero
dDelivery costs include: caesarean delivery (primary or secondary, with or without induction, with or without uterine scar, pediatric or adult); vaginal delivery (with
or without anaesthetic, with or without intervention, assisted or unassisted, pediatric or adult)
eMaternal complication costs include: maternal death, hysterectomy, symptomatic uterine rupture, thromboembolic disease, internal organ injuries, perineal tear
(grades 3–4), puerperal infection/sepsis, postpartum hospital stay ≥7 days, admission to intensive care unit, readmission to hospital after postpartum discharge,
blood transfusion
fNeonatal complication costs include: intrapartum/neonatal death, Apgar score (<4; 4–7), major and minor acidosis (pH <7; pH 7–7.1), major and minor trauma,
intraventricular haemorrhage, seizure at less than 24 h, invasive and non-invasive mechanical ventilation, necrotizing enterocolitis, hypoxic-ischaemic encephalopathy,
cardiopulmonary morbidity, neonatal infection/sepsis, blood transfusion
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captured by this analysis. (6) The main trial analysis identi-
fied a possible random increase in complications in the
control group. Some proportion of the cost savings con-
ferred by the intervention might be attributable to random
variation; this cannot be ascertained from the trial data. (7)
Hospitals eligible for inclusion in this trial had a minimum
annual delivery volume of 300; intervention performance
in smaller hospitals is unknown, and this may affect the
scope for achieving benefits at scale. Returns from the
QUARISMA trial itself may range from $0.5 million to $5
million in the 1-year post-intervention period alone
(Additional file 1: Table S10). (8) This study was done
in a single jurisdiction; differences in health system
organization and financing may limit transferability of
results to other settings. A national budget impact
analysis is being conducted to translate these results
for all Canadian provinces. (9) The relatively short
trial time horizon does not elucidate how the inter-
vention impact may evolve over time.
A similar program could be beneficial in other regions

with similar or higher caesarean section rates [6]. Cost-
effectiveness results can be adapted to other jurisdictions
by adjusting for local baseline caesarean rates, health sys-
tem costs, and proportions of high- and low-risk patients.

Conclusions
From a healthcare payer perspective, a multifaceted
intervention involving audits and feedback resulted in a
small reduction in caesarean deliveries and an important
reduction in per-patient costs. These results were
achieved without increasing neonatal and maternal mor-
bidity and mortality.
In keeping with the theory of change for the QUAR-

ISMA intervention, which attempted to optimize med-
ical practice by reducing unnecessary caesareans, our
study found that women with low-risk pregnancies expe-
rienced statistically significant reductions in caesarean
sections and costs, while changes for the high-risk sub-
group were not significant. We also found evidence of
improved quality along the continuum of care. Cost re-
ductions were driven principally by lower rates of neo-
natal complications and corresponding lower use of
resources within the intervention group. These changes
are consistent with improvements in the quality of care
in intervention group hospitals.
Findings from our study provide critical new evidence

concerning a safe and possibly sustainable strategy to re-
duce unnecessary caesarean sections and shed new light
on the potential for audit and feedback interventions to
improve quality of care while controlling costs. Delivery
of the intervention at wider scale accompanied by fur-
ther research is required to assess whether the improve-
ments in clinical practice driving reductions in caesarean
sections and cost savings are sustainable over time.
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