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Materials and Methods 25 

Statistical procedure and R programming. Data analysis and graphics were performed in 26 

R version 3.3.3 [1, 2]. Survival and developmental data were analyzed with Accelerated 27 

failure-time models (ATF) using the survival package because we have censoring and age-28 

specific hazard [3, 4]. These failure-time data was fitted to a model with Student t error 29 

structure and interaction between the fixed factors (GLY concentration and source colony) 30 

using the survreg function of the survival package. Post-hoc pairwise comparisons for each 31 

colony or among baselines were performed with the log-rank test using the survdiff 32 

function of the same package. Weighing data were analyzed with generalized linear models 33 

(GLM) to compare among in vitro groups using glm function. Meanwhile, weighing data 34 

from different rearing contexts were analyzed with generalized least square models (GLS) 35 

for modeling variance using gls function and varFunc objects of the nlme package [5]. In 36 

both cases, data were fitted to a model with Gaussian error structure and interaction 37 

between the fixed factors (source colony and treatment, ie. GLY concentration or rearing 38 

context). Changes in mean pH of contaminated food were analyzed with generalized linear 39 

mixed models (GLMM) with time and replicate as random factors while data was fitted to a 40 

model with Gaussian error structure. GLMM has been used to model variance due to 41 

repeated measurements using the lme function of nlme package [5]. Post-hoc pairwise 42 

comparisons for all combinations in weighing data and pH data were performed with Tukey 43 

test using the glht function of the multcomp package [6]. The selection of the most 44 

parsimonious model for ATF, GLM, GLS and GLMM was carried out assessing the 45 

relative importance of each factor with a stepwise subtraction method using anova function 46 

(approach with hypothesis testing based on comparing nested models) [7, 8]. Because of 47 

head diameter reached non-normality errors with different distributions, we performed a 48 

Kruskal-Wallis test (kruskal.test function) for comparison among treatments (factor 49 

resulting from the combination of source colonies with GLY concentration or rearing 50 

context). Post-hoc pairwise comparisons for all combinations of morphometric data were 51 

performed with Nemenyi test using the posthoc.kruskal.nemenyi.test function of the 52 

PMCMR package [9]. Genetic data were analyzed with Mann-Whitney U test (wilcox.test 53 

function) for comparison between contexts for each gene. Besides, hierarchical cluster 54 

analysis (pvclust function) was performed with the pvclust package to classify the genetic 55 



responsiveness [10]. For all tests, we report the statistic with its degrees of freedom and p-56 

value when the minimal adequate model was contrasted with the null model. The alpha 57 

level was set at 0.05 and p-value corrected for multiple post hoc comparisons with 58 

Bonferroni procedure (p-value’ = p-value*k, k = number of comparisons). 59 
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