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Detailed data analysis procedure
Annex 1: Computation of understory plant diversity metrics
We used rao.diversity function of the “SYNCSA” package in R version 1.3.4 (Debastiani and Pillar, 2012), to compute Simpson diversity index (S), Simpsons dominance (D), functional diversity index (Q1) and functional redundancy (R), functional homogeneity, and functional uniqueness. The following formulas were used to compute these metrics:
Simpson diversity (Simpson, 1949):    [1], where N is the number of species, pi is the proportion of individuals to the i-th species in the community.
Simpson dominance (D) measures diversity by considering the relative abundance of each species (Ricotta and others, 2023b): D = 1 – S  [2]
Rao’s quadratic diversity (Q1) gauges the range of ecological functions represented in a community based on trait divergence between species. The functional redundancy refers to the number of species performing similar roles in an ecosystem (Rao, 1982): [3]; where N is the number of species, pi and pj are the proportion of individuals to the i and j-th species in the community, dij is pairwise dissimilarities between species i and j using Euclidean distance.
The functional redundancy (R) assesses the number of species performing similar roles in an ecosystem (De Bello and others, 2007): R = S – Q1 [4];
The functional uniqueness is the opposite of functional redundancy (Ricotta and others, 2023b): FU= D + Q1 [5];
The functional homogeneity expresses the mean similarity between two individuals chosen at random with replacement from sites (Ricotta and others, 2023b): FH= D + R [6].
Annex 2 Selection of explanatory variables
Many environmental variables were considered to determine their effect on the understory plant community during the spruce budworm outbreak. These variables encompassed various aspects of stand structure, tree mortality, soil nutrient components, tree defoliation, and the temporal factor of time since disturbance (Table S2). The detailed list of explanatory variables is as follows:
Specific tree basal area, global tree basal area and specific relative dominance at two scales (within a 3-meter radius and a 5-meter radius). Tree basal area is commonly used as a proxy for light availability in forest ecosystems; however, it also reflects overall resource competition, including water and nutrient use, and influences local temperature conditions (Comeau and others, 2006).
Specific tree mortality, global tree mortality and specific relative mortality at two scales. Tree mortality results in increased understory light availability, soil moisture and soil nutrient (Pec and others, 2015);
Organic and mineral soil nutrient components: NH4 (ammonium), NO3 (nitrate), P (phosphorus), K (potassium), Ca (calcium), Mg (magnesium), Mn (manganese), Al (aluminum), Fe (iron), Na (sodium), and CEC (cation exchange capacity);
Summer soil mean temperature (Mid-June to late August);
Tree defoliation (%) per species balsam fir defoliation, black spruce defoliation) that can lead to increased light availability (Chagnon et al. 2022), soil temperature and potentially enhance soil nutrient supply of understory plant (De Grandpré and others, 2022).
Time since the beginning of the study (2010), corresponding roughly to the beginning of the outbreak, before tree mortality (year).
To determine the most influential predictors of diversity indices within the understory plant community, we used the “randomforest” package in R (Liaw and Wiener, 2002) to perform a Random Forest analysis (Breiman and others, 1984; Breiman, 2003; Millard and Richardson, 2015) (Figure S1). This method involved modeling sub-samples of observations and variables, allowing us to identify key factors influencing diversity indices. Following the random forest analysis, the imcdiag function of the “mctest” package in R (Imdadullah and others, 2016) was used to assess multicollinearity diagnostics for each regressor. This included metrics such as Variance Inflation Factor (VIF) and Farrar F-test, guiding the selection of variables with VIF values below 10 and high influence importance in the random forest classification. This approach ensures a robust examination of the relationships between explanatory variables and the diversity of the understory plant community. The selected explanatory variables are time since disturbance (highly correlated to the defoliation severity of both balsam fir and black spruce), stand type before the outbreak (fir dominate, mixed, and spruce dominated), balsam fir relative abundance, black spruce relative abundance, white spruce relative abundance, yellow birch relative abundance, tree basal area during the outbreak, tree relative mortality, organic soil nitrate (NO3), organic soil cation exchange capacity (CEC), mineral soil iron (Fe), and soil temperature. 

Annex 3: Assessment of understory plant community's resilience change
To assess the resilience of the understory vegetation during the spruce budworm outbreak, we ran a univariate analysis with functional redundancy index (R) as response variable, and the selected explanatory variables and their 2- and 3-ways’ interactions. Model selection followed protocols for conducting and presenting regression-type analyses (Zuur and others, 2010; Zuur and Ieno, 2016; Stasinopoulos and others, 2017). We used Generalized Additive Model for Location, Scale, and Shapes (GAMLSS) to predict a functional redundancy index. GAMLSS is a modern distribution-based approach to regression analysis that expands the traditional approach to accommodate distribution parameters that are modeled as additive functions of predictor variables (Barber, 2018). The development of the model was carried out in three steps.  
The first step consisted in investigating which theoretical distribution came closest to the marginal distribution of the functional redundancy index. We used the fitDist () function of gamlss package (Rigby and Stasinopoulos, 2005) to find the best fit (based on the Akaike Information Criterion (AIC) of the different fitting attempts) among a list of distributions adapted to the response variable defined in the intervals [0,1) (inflated at zero) data available in the gamlss.dist package. Given the results, we focus on the distribution with the lowest AIC (Beta Inflated zero, Zero Inflated Beta, Beta with gamlssInf0to1 function). Since the gamlssInf0to1() function of gamlss.inf package (Enea and others, 2017) allows the fitting of the response variable with a mixed (i.e. continuous and discrete) distribution, which is continuous within the interval (0, 1) with additional point probabilities at 0 (Stasinopoulos and others, 2017), we chose this function to fit the model. 
The GAMLSS model considers that the distribution of the predicted variable follows a mixture of a beta distribution and Bernoulli distribution (Hussain and others, 2016). Each of three parameters of this distribution is assumed to be a function of the predicting variables:
 
 
  				[7]
 
where  is a zero inflated distribution of the response variable Y, defined on [0,1) including 0,  are the design matrices incorporating the linear additive terms in the model,  are the linear coefficient parameters and  represent smoothing functions for explanatory variables , for k = 1, 2, 3 and j = 1,…, Jk (Stasinopoulos and others, 2017). The vectors 𝛈1, 𝛈2 and 𝛈3 are the predictors of the distribution parameters μ, σ and ν respectively. The two first parameters (μ, σ) relate to the shape of the beta distribution (median and variance), while the third fitted parameter (i.e. ν in gamlss but ξ0 in gamlssInf0to1) is related to degree of mixture between the beta and the Bernoulli distributions.
The third step consisted in modelling the functional redundancy index as a function of the selected explanatory variables and their interactions. The conditions of validity of the model were assessed by plotting residuals against fitted values to assess homoscedasticity; making QQ plots and computing filliben correlation coefficients to verify normality, and using worm plots to visualize model fit to the data (Stasinopoulos and others, 2017). To evaluate the influence of the explanatory variables on functional redundancy index, we conducted model simplification with likelihood ratio tests (significance threshold: p < 0.05).
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