[bookmark: _Hlk164349818]ANNEX A1: Statistical analyses – Detailed material and methods
All statistical analyses were carried out using the R software version 4.3.1 (R Core Team, 2023) at a significance level of 95 %. Data are presented as mean ± sd (standard deviation) and fish individual was used as the statistical unit, except for mortality for which the tank was the statistical unit. Initially, interactions between the different fixed effects and random effects (tank, fish) were included in all models, where applicable. When an interaction was not significant or that some random effects presented a null variance, they were excluded from final models. For all linear models, graphical checks were conducted to verify the assumptions of normality of residuals, linearity, absence of outliers and homoscedasticity.
The growth was evaluated using a linear mixed model (LMM; lme4 package, Bates et al., 2014) with the sampling time (T1 vs. T2), the tagging status (tagged vs. non tagged) and the diet groups (control vs. innovative) as fixed effects while the fish ID was added as random effect. The LMM was followed by an estimated marginal means post-hoc test to test for differences between groups. In addition, linear models were used with the diet and the tagging status as fixed effects for SGR and PER. Because parametric test assumptions were not respected, the FCR was analysed using the Scheirer Ray Hare test with the tagging status and the diet as fixed effects. A Wilcoxon test was used to compare mortality rates between diets.
For the analysis of hematocrit and beta 2, a LMM was applied to analyse each parameter using the diet group (control vs. innovative) and the sampling time (T1 vs. T2) as fixed factors and the tank ID as a random factor. A linear model with time and diet as fixed factors was used to evaluate glucose, hemoglobin, RBCC, cortisol, lactate, HSP70, total proteins, albumin, pre-albumin, alpha 1, alpha 2, beta 1, gamma and immunoglobulin M. Cortisol, total proteins, albumin, gamma and pre-albumin values were log-transformed to respect conditions of application of linear models. Models were followed, when required, by estimated marginal means post-hoc tests with Benjamini-Hochberg correction for multiple comparison to test for differences between groups.
To compare the swimming activity between the two diet groups (control vs. innovative), we employed a generalized linear mixed modeling (GLMM) approach using the lme4 package. In this GLMM, swimming activity being strictly positive and continuous, a Gamma distribution family and a logarithmic link function were used. The individual fish was treated as a random factor in the model and diet and period of the day (day vs. night) as fixed factors. To assess the goodness of fit, we calculated Nakagawa's R2 for the mixed model using the performance package (Lüdecke et al., 2021). A visual inspection of the residuals indicated no violation of the statistical assumptions by the final model. Additionally, we conducted an analysis of frequency distribution using all swimming activity values recorded by tags (AU) during the experiment. Swimming activity values were grouped into slots of 10 (e.g., 0–10, 11–20, [...], 241-250, 251–255). To compare the overall distribution of values between the two diets, a Chi-squared test was used. Subsequently, pairwise comparisons using row-wise z-tests of two proportions with p-values adjusted by Bonferroni, were made to compare the proportion of values slot by slot between the two diets using the package rstatix (Kassambara, 2023).
In order to have a global overview of the diet effect on fish health and welfare (22 variables in total), a multivariate analysis was needed. For this type of analysis, a square matrix was required and analyses were therefore led on fish for which physiological analyses were performed and for which growth data at the individual level was also available. Only values at T2 were considered to investigate the long-tern effect of diets. Regarding mortality, the value per tank was attributed to each fish from the respective tank. For swimming speed, data was obtained on different fish individuals therefore the average swimming speed value per tank was attributed to each fish from the respective tank. After scaling data, a Principal Component Analysis (PCA) was performed using the library FactoMineR (Le et al., 2008). The relevant dimensions of the PCA were selected using the nFactors package (Raiche and Magis, 2022). Visualization of the PCA results was conducted using the factoextra library (Kassambara and Mundt, 2020). The principal component scores of the relevant axes were then extracted and Mann-Whitney-Wilcoxon tests were performed to assess the difference between the two diets for each component. Variables contributing the most to each PCA axis were identified. 
Among the 22 variables used for the PCA, nine were selected based on their contribution to the axis for which a statistical differentiation between diets was highlighted: total proteins, beta 1, beta 2, alpha 1, alpha 2, prealbumin, glucose, gamma, and lactate. On the basis of these selected nine parameters, a multicriteria decision analysis (MCDA) was designed using a non-structural fuzzy decision support system (Tam et al., 2002). This later corresponds to a decision-setting model used for ranking alternatives (or “decisions”, i.e. here diets) based on agreed-upon decision factors (i.e. here the nine parameters selected based on the PCA; similarly to the methodology used in Carbonara et al., 2020a). Diets were evaluated against each decision factor and pairwise comparisons were also led between decision factors (i.e. comparative judgement step). For the diet evaluation per decision factor, a score was attributed using the results from individual statistical analyses previously led at T2: 0 when the given diet was “less important” than the other diet (i.e. better welfare status for a given decision factor in fish fed the first diet), 1 in the reverse case (i.e. better welfare status for a given decision factor in fish fed the other diet), and 0.5 when there was no difference between diets. These scores are then used to fill in nine pairwise comparison matrices for each indicator. For the pairwise comparison between decision factors, score of decision factors was made based on the contribution to the PCA axis. Summing up the values in each row of the matrices, the decisions and decision factors were rearranged in descending order. Based on this prioritization, a semantic operator was assigned to each decision or decision factor by comparing it to the first. Each semantic operator was then assigned a semantic score within the range [0,1]. After establishing the priority order of the decisions, the normalized weights of the decision factors were calculated. By multiplying the decision weights by their corresponding decision factors' weights, three matrices were obtained: products, square products (^2), and complementary square matrices. These three matrices were necessary to compute the final priority vector of decisions (diets) using the Hamming (1950) distance. In addition, the same analysis was led under the hypothesis of equivalence of decision factors for ranking diets (“equal importance of criteria” hypothesis), in order to evaluate potential result differences between the two weighting hypotheses. The same scoring system as the diet scoring was used between pairwise decision factors, filling in all cells with 0.5. The MCDA was performed using a freeware Excel sheet (Tong, 2008).
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