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Supplementary material 1
Statistical Methods to Handle the Methodological Challenges
In this tutorial, we focus on four methodological challenges that are commonly encountered when analysing trial-based economic evaluation data: (i) missing data, (ii) correlated costs and effects, (ii) baseline imbalances, and (iv) skewness of costs and/or effects. Below, the statistical methods to handle them are detailed described. For a more detailed description, we refer elsewhere[1].
Multiple imputation
In this tutorial, we illustrate how multiple imputation by chained equations (MICE) can be implemented to impute missing cost and effect data under a Missing At Random, (MAR) mechanism which is recommended to use in the context of trial-based economic evaluations[2]. MICE is an iterative process that produces a number of datasets with completely imputed values predicted by a pre-specified model[3]. Within the MICE framework, it is recommended to use Predictive Mean Matching (PMM) to impute missing values, as this approach uses the observed distribution of the data, and thereby, avoids imputing impossible values (e.g., negative costs)[2–4]. With PMM, a case with one or more missing values is matched with a number of cases with complete data (i.e., donor observations)[5,6]. The characteristics used to match an observation with missing values with donor observations are the variables specified in the imputation model. Subsequently, a value is randomly drawn from the donor observations that have an observed value for that variable[5]. The MICE algorithm then uses this random value to fill in missing data in an iterative process until the pre-specified imputation model converges[3]. The default number of donor observations in many statistical software packages is 5[6]. The choice of 5 completed donors instead of less (e.g., 1) avoids reselecting the same donor repeatedly and decreasing variability in the imputed values. A higher number of potential donors (e.g., 10), however, may increase the likelihood of bad matches[6,7].
After imputing multiple datasets, the cost-effectiveness analysis model is fitted on each imputed dataset. The statistics of interest (e.g., difference in costs and effects) obtained from fitting the analysis model in each imputed dataset are pooled using Rubin’s rules[8]. In this way, estimations account for both within-imputation variance (i.e., uncertainty about the results from one imputed dataset) and between-imputation variance (i.e., uncertainty due to the missing information), thereby incorporating sampling as well as imputation uncertainty, respectively[4,8]. Let  be the column vector of all parameters of interest, and  the number of imputed datasets. According to Rubin’s rules, the pooled point estimate of a parameter of interest () is computed by averaging the point estimates obtained from each imputed dataset i ( divided by the number of imputed datasets M[4,9]. 
										(1)
The within-imputation variance of a parameter of interest is the average of the parameter’s variance estimates, i.e. squared standard errors[4,10], in each imputed dataset i:
										(2)
The between-imputation variance of a parameter of interest is obtained as follows[10]:
										(3)
The total variance is estimated based on the within- and between-imputation variance[10].  
										(4)
The pooled SE () is calculated by taking the square root of the total variance (T). 
										(5)
After which the is used to estimate the upper and the lower bound of a 95% confidence interval (95% CI) using the formula below.
								(6)
Please note that this interval is based on the assumption that the sampling distribution of the statistic  is approximately normal[11]. 
The within- and between-variance can also be used to estimate the proportion of variance in the pooled regression coefficient due to missingness (i.e., the fraction of missing information, FMI = B/(W+B)). FMI values can range between 0 and 1. An FMI close to 1 indicates a high variability in iimputed values, meaning that the imputation model specification (i.e., observed data) does not provide sufficient information to validly predict missing observations[4,12]. The M needed for the MI procedure to be valid can be calculated by estimating the loss of efficiency (Loss of efficiency = FMI/M). The loss of efficiency refers to the degree of statistical efficiency (i.e., accuracy and CI width) that we are willing to trade-off when using a limited number of imputations compared to a situation with an infinite number of imputations and thus maximal efficiency[4,12]. M is increased until a generally agreed upon maximum loss of efficiency of 5% is reached[4]. Choosing M based on the proportion of missing data is not recommended, as this only reflects the amount of information that has been lost due to missingness and does not consider the information retained by observed data[12].   
Another important aspect to consider when imputing missing data is that the missing data mechanism may be different between treatment groups. For example, intervention group participants may have dropped-out due to adverse effects or an absence of effects of the intervention under study, whereas this mechanism – by definition – cannot have influenced drop-out among control group participants. Therefore, it is recommended to perform the MI procedure stratified for treatment group[2]. 
Non-parametric bootstrapping
Non-parametric bootstrapping is one of the most frequently used statistical method to handle simultaneously skewness and correlation between costs and effects[1]. When using non-parametric bootstrapping, a random sample of size n is drawn from the observed data with replacement, where n is the size of the study population. This process is replicated a large number of times (e.g., 5000 times) to obtain a sampling distribution of the statistic of interest that approximates a normal distribution. From the sampling distribution, SEs and 95% CIs can then be estimated[13]. In this tutorial, we chose to apply non-parametric bootstrapping to each imputed dataset, after which SEs are pooled using Rubin’s rules[11]. Then, we estimate a symmetric 95%CI as shown in formula 6. Since the bootstrapped sampling distribution of the statistics of interest is assumed to be approximately normal, we judged this to be a satisfactory approach. 
Seemingly unrelated regressions 
Seemingly unrelated regressions (SUR) includes two regression equations that are modelled simultaneously (i.e., one for total costs and one for effects), while correcting for their possible correlation through correlated error terms[14,15]. The SUR model also allows for the specification of different confounders for costs and effects, as shown in the equations below[16].  
							(7)
 
[bookmark: _Hlk101977443]where Costsi and Effectsi are the observed outcomes for participant i in the study. Costsi are calculated as the sum of the costs measured at the different time points. Effectsi are generally expressed as QALYs.  and  represent the models’ intercept. and represent the regression coefficients of the independent variable ‘treatment group’ (Tr), which can be interpreted as the estimated mean difference in costs ( and effects (, between treatment groups.  represents the regression coefficient for confounders Xi and Zi for costs and effects, respectively.  and  represent the correlated error terms for costs and effects i.e., the difference between the observed outcomes and the sample mean. SUR implies the following distribution for the error terms of the two equations, making them correlated but independent of the covariates in the model:
							(8)
where  and are the variances for costs and effects, respectively and  is the covariance between costs and effects[16].
Regression-based adjustment
Regression-based adjustment using either a frequentist or Bayesian approach, propensity score adjustment, and matching were identified as appropriate methods for handling baseline imbalances[1]. Of them, regression-based adjustment is easiest to combine with SUR. Moreover, as SUR consists of two separate regression models  (i.e. equation 7 above), the estimated  and  can be adjusted for different sets of confounding variables simultaneously[17–19]. 
Relatively little guidance exists on whether  and should be adjusted for their baseline values in trial-based economic evaluations[20]. Manca et al. recommend differences in QALYs to be adjusted for baseline utility values, because baseline utility values are highly correlated with follow-up utility values[18].  is typically not corrected for baseline costs in trial-based economic evaluations[17]. Based on a methodological study, van Asselt et al. suggest to also adjust total for baseline costs. because such imbalances, if present, can compromise the precision of cost estimates[18]. In this tutorial, the  and  are therefore adjusted for their respective baseline values.
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