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The presence of missing data, particularly cost data, is significant and somewhat unusual. In clinical trials, while patients may not fully complete EQ-5D and ICECAP-A questionnaires, costs are typically sourced from patient records at each centre. However, some of the characteristics of the French healthcare system, such as patients’ autonomy in selecting healthcare providers and hospitals, contribute to the inherent challenge of missing data. The decentralized nature of data collection across diverse healthcare facilities, coupled with variations in data recording practices and the voluntary nature of data submission, contribute to the inherent weaknesses of the French hospital database (PMSI), impacting the accuracy and completeness of healthcare records. Thus, addressing this challenge requires effective strategies for data management. We employed a systematic step-by-step approach to determine the optimal method to conducting a cost-utility analysis given the characteristics of our database. 
1st stage: Exploration of Missing Data Mechanism
In this initial phase, we conducted a comprehensive investigation into the missing data mechanism. This involved using descriptive statistics and a linear logistic model, incorporating indicators for missing cost, EQ-5D and ICECAP-A data. This stage aimed to determine whether the probability of missing EQ-5D, ICECAP-A and cost observations was influenced by observed variables. We considered variables such as treatment allocation, age, gender, condition (Transplant, Dialysis or Severe renal failure (neither dialysis nor transplant)), EQ-5D and ICECAP-A at baseline, BMI, marital status, High blood pressure, diabetes, cardiovascular problems sleep apnoea syndrome centre, and postal code. To generate a missing data indicator, the Stata command missingtable summarize, gen(M) was employed, providing an overview of variables with missing data. Subsequently, a logistic regression was conducted to examine the relationship between missing and observed data. 

Table S1. Missing Data Pattern.
	
Time point
	Missing Data Pattern (Costs, EQ-5D, ICECAP-A)

	
	Complete cost, EQ-5D and ICECAP-A
	Complete cost, missing EQ-5D and ICECAP-A
	Missing cost, complete EQ-5D and ICECAP-A
	Missing cost, EQ-5D and ICECAP-A

	Baseline
	74%
N=406
	0%*
N=0
	26%
N=143
	0%*
N=0

	At 9 months
	65%
N=357
	8%
N=44
	22%
N=121
	4%**
N=22

	At 18 months
	65%
N=357
	9%
N=49
	20%
N=110
	6%
N=33

	* Patient with missing EQ-5D and ICECAP-A scores at baseline were excluded
** 1% (5 patients) had complete cost and EQ-5D data but lacked ICECAP-A data.



The logistic model showed the probability that a value may be missing in EQ-5D is related to with the patient's area of residence, baseline ICECAP-A score, diabetes status, marital status (postal code), and gender. Similarly, missing values in ICECAP-A were linked to the patient's area of residence, baseline EQ-5D score, diabetes status, marital status (postal code), and gender.  In contrast, missing cost data were primarily associated with age and baseline EQ-5D scores. These findings suggest that the missing data mechanism is not completely at random (MCAR), so complete-case analysis would give biased results. We assume from now on, that data may follow a MAR mechanism (that is the probability of missing depends only on values of observed outcome data and baseline covariates) but without ruling that data mechanism may also be missing not at random, MNAR (that is, missingness correlated with unobserved outcomes) by carrying out a sensitivity analysis.
2nd stage: Exploring multiple imputation method. 
In this stage, we assessed the optimal method for handling missing data under the MAR mechanism. We first considered two potential approaches: multiple imputation using linear regression (MI-LR) and predictive mean matching (MI-PMM). Multiple imputation (MI) was performed with both methods (m=5), and the observed data and imputations were examined across five datasets for costs and EQ-5D. Notably, MI-PMM demonstrated greater efficiency, as MI-LR produced negative values for costs. Based on these initial findings, we opted to proceed with the analysis using MI-PMM in the subsequent steps.
Figure S1. Multiple Imputation (m=5): Linear regression (MI-LR) and Predictive Mean Matching (MI-PMM)
[image: ]
30 imputations [1] (completed datasets) were generated under an imputation model replacing missing values with “plausible” substitutes, based on the distribution of the observed data. All variables without missing data were included in the imputation models for costs, ICECAP-A and EQ-5D, including treatment allocation, age, gender, condition (Transplant, Dialysis or Severe renal failure (neither dialysis nor transplant)), EQ-5D and ICECAP-A at baseline, BMI, marital status, High blood pressure, diabetes, cardiovascular problems sleep apnoea syndrome centre, and postal code.
MI-PMM is an ad hoc method of imputing missing values which combines the standard linear regression and the closest-neighbour imputation approaches [2]. For each missing value  (costs, ICECAP-A and EQ5D) with covariates , PMM identifies k individuals with the nearest value of observed   – It uses the linear predictions as a distance measure to form the set of the nearest neighbours (suitable “donor”) consisting of the complete value –, it then randomly draws an imputed value from this set. By drawing from the observed data, PMM preserves the distribution of the observed values in the missing part of the data, which makes it more robust than the fully parametric linear approach. We performed this step by multivariate imputation by chained equation (MICE), also known as fully conditional specification (FCS) [3]. Possible donors were set with 10 closest neighbours as suggested in Morris et al., [2]. Finally, the results obtained from the 100 completed-data analyses were combined into a single multiple-imputation result using Rubin’s rules [4]. Monte Carlo Errors (MCE) and the fraction of missing information (FMI) were calculated to indicate the stability of the model. FMI and MCE reflect the variability of MI results across repeated uses of the same imputation procedure and are useful for determining an adequate number of imputations to obtain stable MI results [5]
3rd stage: Choosing method for MAR mechanism and sensitivity analysis. 
In addition, we conducted the analysis with repeated measure mixed model and MI-LR. By comparing these three methods, we aimed to ensure the robustness and reliability of our chosen approach for handling missing data within the MAR mechanism.
Our findings strongly indicate that, especially when dealing with a substantial amount of missing data (particularly in cost outcomes), MI-PMM was the most efficient, yielding lower standard errors in computation. MI-PMM also showed a loss of efficiency of 0.24% in costs using M=30 and 0% in QALY. MCE were less than 10% of the standard errors (SE) in both costs and QALYs, indicating reasonable stability of the models. Consequently, based on these compelling results, we conducted our cost-utility analysis using MI-PMM and further explored the missing not at random (MNAR) mechanism through a sensitivity analysis, employing a selection model [6]. 

Table S2. Results of non-parametric bootstrap under MI and Repeated measure mixed model for cost-utility analysis. (€ Price 2022)
	 
	 
	ITT (n=549)
	PP (n=448)

	Coefficient
	 
	30 MI-PMM.
	30 MI-LR.
	RM-MM 
	30 MI- PMM.

	30 MI-LR. 

	RM-MM 

	 
Difference in cost mean (SD)
	e-TPE vs Control
	-747 (1,831)
	-364 (1,909)
	-712 (2,604)
	-877 
(2090)
	-412 (2,103)
	-923 (2,834)

	
	e-TPE+chat vs Control
	3,553 (2,400)
	3,875 (2,694)
	3,615 (3,092)
	2,353 (2,692)
	2,758 (2,989)
	2,424 (3,016)

	 
Difference in QALYs 
mean (SD)
 
	e-TPE vs Control
	0.02 (0.02)
	0.02 (0.02)
	0.01 (0.02)
	0.02 (0.02)
	0.02 (0.02)
	0.01 (0.02)

	
	e-TPE+chat vs Control
	0 (0.02)
	0 (0.02)
	0 (0.02)
	0.01 (0.02)
	0.01 (0.02)
	0 (0.02)

	
Difference in YFCs
mean (SD)

	e-TPE vs Control
	0 (0.01)
	0 (0.01)
	0 (0.01)
	0 (0.02)
	0 (0.02)
	0 (0.02)

	
	e-TPE+chat vs Control
	0 (0.01)
	0 (0.01)
	0 (0.01)
	0.01 (0.02)
	0.01 (0.02)
	0 (0.02)

	 
ICER
€/QALY
	e-TPE vs Control
	e-TPE dominant
	e-TPE dominant
	e-TPE dominant
	e-TPE dominant
	e-TPE
 dominant
	e-TPE dominant

	
	e-TPE+chat vs Control
	Control dominant
	Control dominant
	Control dominant
	235,317
	275,800
	Control dominant

	
ICER
€/YFC
	e-TPE vs Control
	e-TPE dominant
	e-TPE dominant
	e-TPE dominant
	e-TPE dominant
	e-TPE dominant
	e-TPE dominant

	
	e-TPE+chat vs Control
	Control dominant
	Control dominant
	Control dominant
	239,025
	276,903
	Control dominant

	ITT intention-to-treat analysis.
PP per protocol analysis (these models excluded patients who stated have never used the platform during the trial)
MI-PMM multiple imputation using predictive mean matching
MI-LR multiple imputations using linear regression
RM-MM Repeated measure mixed model
e-TPE online patients’ therapeutic education
e-TPE+chat online patients’ therapeutic education enhanced with social features
YFC years of full capability
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